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(57) Abstract: Embodiments of the present specification provide
a computer-executed method and apparatus for assessing vehicle
damage. According to this method, in a smart damage assessment
process, damage and components in a vehicle damage image are
first identified using a damage detection model and a component
model, respectively, and then the damage and component identi-
fication results are geometrically combined according to positions
to produce candidate items (component categories, damage cate-
gories), and corresponding features are further combined to pro-
duce a component-level damage feature for each of the candidate
items. Then, the candidate items of a single image or a plurality
of images are judged using a prediction model, and finally a smart
decision for the entire case is output.
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COMPUTER-EXECUTED METHOD AND APPARATUS FOR ASSESSING VEHICLE
DAMAGE

Cross-Reference to Related Applications

[0001] This international application is based upon and claims priority to Chinese Patent
Application No. 201811631844.0, filed on December 29, 2018, the entire content of which is
incorporated herein by reference.

Technical Field

[0002] The present specification relates to the field of machine learning, and particularly,
to a method and apparatus for smart vehicle damage assessment using machine learning.
Technical Background

[0003] In a conventional vehicle insurance claim settlement scenario, insurance companies
need to dispatch professional survey and damage assessment personnel to an accident site to
conduct an on-site survey and damage assessment, provide a vehicle repair scheme and a
compensation amount, take on-site photos, and file the damage assessment photos for a background
verifier to verify the damage and the compensation amount. As the survey and damage assessment
need to be conducted manually, the insurance companies need a large investment for labor costs
and specialized knowledge training costs. In terms of the experience of ordinary users, as the users
need to wait for a manual surveyor to take photos on site, a damage assessor to assess damage on
the repair site, and a damage verifier to conduct a background damage check during the claim
settlement process, the claim settlement cycle takes up to 1-3 days, the users’ waiting time is
relatively long, and the experience is poor.

[0004] For the industry pain point of huge labor costs mentioned in the background, some
people started to conceive of applying artificial intelligence and machine learning to vehicle
damage assessment scenarios, hoping that vehicle damage situations reflected in photos can be
automatically identified based on on-site damage photos photographed by general users and using

computer vision image identification technologies in the artificial intelligence field, and moreover,
1
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repair schemes can be automatically provided. In this way, there is no need to conduct manual
surveys, damage assessments, and damage verification, greatly reducing insurance company costs
and improving the vehicle insurance claim settlement experience of ordinary users.

[0005] However, the accuracy of the current smart damage assessment schemes in
determining vehicle damage needs to be further improved. Therefore, it is desirable to have an
improved scheme, which can further optimize vehicle damage detection results and improve
identification accuracy.

Summary of the Invention

[0006] Embodiments of the present specification provide a computer-executed method for
assessing vehicle damage, to efficiently determine a damaged vehicle component category and a
damage category thereof by fusing a vehicle component feature and a damage feature and
performing comprehensive determination using a prediction model.

[0007] According to a first aspect, a computer-executed method for assessing vehicle
damage is provided, including:

[0008] acquiring a to-be-identified vehicle damage image;

[0009] acquiring damage object detection information using a pre-trained damage
detection model, the damage object detection information including information of a plurality of
damage detection frames framing a plurality of damage objects in the vehicle damage image;

[0010] acquiring vehicle component information for the vehicle damage image using a pre-
trained component model, the vehicle component information including component object
detection information and component segmentation information, the component object detection
information including a detected first component;

[0011] generating a first comprehensive feature for the first component based on the
damage object detection information and the vehicle component information, the first

comprehensive feature including a component feature and a fused damage feature of the first
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component, the fused damage feature being obtained by fusing damage features of at least one
damage detection frame belonging to the first component among the plurality of damage detection
frames;

[0012] determining a plurality of candidate prediction results for the first component, each
of the candidate prediction results including a candidate component category and a candidate
damage category;

[0013] inputting the first comprehensive feature and the plurality of candidate prediction
results into a pre-trained first condition prediction model to obtain a first prediction result, the first
prediction result including, for each of the candidate prediction results, a probability that the
candidate damage category thereof is correct;

[0014] inputting the first comprehensive feature and the plurality of candidate prediction
results into a pre-trained second condition prediction model to obtain a second prediction result,
the second prediction result including, for each of the candidate prediction results, a probability
that the candidate component category thereof is correct; and

[0015] determining the component category of the first component and the corresponding
damage category thereof at least based on the first prediction result and the second prediction result.

[0016] In an embodiment, the damage detection model includes a plurality of damage
detection models, and accordingly, the damage detection information includes information of the
plurality of damage detection frames from the plurality of damage detection models.

[0017] According to an embodiment, the vehicle component information for the vehicle
damage image is acquired by:

[0018] acquiring the component object detection information for the vehicle damage image
using a component detection model, the component object detection information including at least
one component detection frame framing a corresponding component and a predicted component

category corresponding to each component detection frame; and
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[0019] acquiring a segmentation result for all components in the vehicle damage image
using a component segmentation model.

[0020] In an embodiment, the component model is implemented based on a convolutional
neural network; and accordingly, a feature associated with the first component in the vehicle
damage image can be acquired from a convolutional layer of the convolutional neural network for
use as the component feature of the first comprehensive feature.

[0021] In an embodiment, the fused damage feature is generated by:

[0022] determining at least one damage detection frame belonging to the first component
based on the damage object detection information and the component segmentation information;

[0023] acquiring the damage features of the at least one damage detection frame; and

[0024] performing a fusion operation on the damage features of the at least one damage
detection frame to obtain the fused damage feature.

[0025] Further, in an embodiment, the determining at least one damage detection frame
belonging to the first component includes:

[0026] determining a first region covered by the first component based on the component
segmentation information;

[0027] determining whether the plurality of damage detection frames fall within the first
region based on position information of the plurality of damage detection frames; and

[0028] determining a damage detection frame falling within the first region as the at least
one damage detection frame.

[0029] According to an embodiment, for a first damage detection frame included in the at
least one damage detection frame, a corresponding first damage feature thereof can be acquired
by: extracting an image convolutional feature associated with the first damage detection frame
from a convolutional layer of a convolutional neural network corresponding to the damage

detection model.



10

15

20

25

WO 2020/139743 PCT/US2019/067765

[0030] Further, in an embodiment, the damage object detection information further
includes a predicted damage category corresponding to each damage detection frame of the
plurality of damage detection frames; in such a case, acquiring a first damage feature corresponding
to the first damage detection frame further includes determining a first association feature based
on an association relationship between the first damage detection frame and other damage detection
frames of the plurality of damage detection frames for use as a portion of the first damage feature,
the association relationship at least including one or more of the following items: an association
relationship among damage detection frame positions, an association relationship among predicted
damage categories, or an association relationship among frame contents reflected by the image
convolutional feature.

[0031] According to an embodiment, the fusion operation may include one or more of: an
operation to obtain a maximum, an operation to obtain a minimum, an operation to obtain an
average, an operation to obtain a sum, or an operation to obtain a median.

[0032] In an embodiment, the component object detection information includes at least one
component detection frame framing a corresponding component and a predicted component
category corresponding to each component detection frame; on this basis, determining a plurality
of candidate prediction results for the first component includes:

[0033] acquiring a first predicted component category for the first component, and using
the first predicted component category as the candidate component category.

[0034] In an embodiment, the damage object detection information includes the predicted
damage category corresponding to each damage detection frame of the plurality of damage
detection frames; on this basis, determining a plurality of candidate prediction results for the first
component includes:

[0035] acquiring at least one predicted damage category corresponding to the at least one

damage detection frame; and
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[0036] using, as the candidate damage category, one of:

[0037] the damage category having the highest damage degree among the at least one
predicted damage category; or

[0038] the damage category accounting for the highest proportion among the at least one
predicted damage category.

[0039] In an embodiment, the first condition prediction model is trained based on at least
one first training sample, the first training sample including a first training image and first
annotation data, and the first annotation data at least including a first damage category tag for a
first damaged component in the first training image, where the first damage category tag is
generated based on manually annotated damage annotation data.

[0040] Further, in an embodiment, the first damage category tag is generated by:

[0041] acquiring the manually annotated damage annotation data, the damage annotation
data including a plurality of damage annotation frames annotated in the first training image and a
damage category tag annotated for each of the damage annotation frames;

[0042] acquiring component contour information for the first training image;

[0043] determining at least one damage annotation frame corresponding to the first
damaged component based on the component contour information; and

[0044] using the damage category tag having the highest damage degree among the damage
category tags corresponding to the at least one damage annotation frame as the first damage
category tag.

[0045] In an embodiment, the component contour information can be acquired based on
manually annotated contour annotation data; or the component contour information can be
acquired through the component segmentation model.

[0046] In an embodiment, the second condition prediction model is trained based on at

least one second training sample, the second training sample including a second training image and
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second annotation data, and the second annotation data at least including a second component
category tag manually annotated for a second damaged component in the second training image.

[0047] In an embodiment, the component category of the first component and the
corresponding damage category thereof are determined by:

[0048] acquiring, for each candidate prediction result, a first probability from the first
prediction result and corresponding to the candidate prediction result, and a second probability
from the second prediction result and corresponding to the candidate prediction result;

[0049] determining a comprehensive correctness probability for each candidate prediction
result based on the first probability and the second probability;

[0050] selecting at least one prediction result from the plurality of candidate prediction
results based on the comprehensive correctness probability; and

[0051] determining the component category of the first component and the corresponding
damage category based on the candidate component categories and the candidate damage
categories included in the at least one prediction result.

[0052] In an embodiment, a comprehensive correctness probability for each candidate
prediction result is determined by:

[0053] using the maximum of the first probability and the second probability as the
comprehensive correctness probability; or

[0054] using the sum of the first probability and the second probability as the
comprehensive correctness probability; or

[0055] using the product of the first probability and the second probability as the
comprehensive correctness probability.

[0056] In an embodiment, the method further includes: inputting the first comprehensive
feature and the plurality of candidate prediction results into a pre-trained third prediction model to

obtain a third prediction result, where the third prediction result includes, for each candidate



10

15

20

25

WO 2020/139743 PCT/US2019/067765

prediction result, a probability that the candidate damage category and the candidate component
category thereof are both correct.

[0057] In an embodiment, the third prediction model is trained based on at least one third
training sample, the third training sample including a third training image and third annotation
data, and the third annotation data including a third component category tag and a third damage
category tag that are manually annotated for a third damaged component in the third training image.

[0058] Accordingly, in an embodiment, the component category of the first component and
the corresponding damage category thereof can be determined based on the first prediction result,
the second prediction result, and the third prediction result.

[0059] In an embodiment, the component category of the first component and the
corresponding damage category thereof can be determined by:

[0060] acquiring, for each candidate prediction result, a first probability from the first
prediction result and corresponding to the candidate prediction result, a second probability from
the second prediction result and corresponding to the candidate prediction result, and a third
probability from the third prediction result and corresponding to the candidate prediction result;

[0061] determining a comprehensive correctness probability for each candidate prediction
result based on the first probability, the second probability, and the third probability;

[0062] selecting at least one prediction result from the plurality of candidate prediction
results based on the comprehensive correctness probability; and

[0063] determining the component category of the first component and the corresponding
damage category based on the candidate component categories and the candidate damage
categories included in the at least one prediction result.

[0064] In an embodiment, the method may further include determining a replacement or
repair scheme for the first component based on the component category of the first component and

the corresponding damage category thereof.
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[0065] According to a second aspect, a computer-executed method for assessing vehicle
damage is provided, including:

[0066] acquiring a first to-be-identified vehicle damage image and a second to-be-
identified vehicle damage image, the first vehicle damage image and the second vehicle damage
image belonging to the same damage assessment case;

[0067] acquiring first damage object detection information for the first vehicle damage
image and second damage object detection information for the second vehicle damage image using
a pre-trained damage detection model, the first damage object detection information including
information of a plurality of first damage detection frames framing a plurality of damage objects
in the first vehicle damage image, the second damage object detection information including
information of a plurality of second damage detection frames framing a plurality of damage objects
in the second vehicle damage image;

[0068] acquiring first vehicle component information for the first vehicle damage image
and second vehicle component information for the second vehicle damage image using a pre-
trained component model, the first vehicle component information including first component
object detection information and first component segmentation information, the second vehicle
component information including second component object detection information and second
component segmentation information;

[0069] determining a common first component from the first component object detection
information and the second component object detection information based on an association
between the first vehicle damage image and the second vehicle damage image;

[0070] generating a first comprehensive feature for the first component based on the first
damage object detection information, the second damage object detection information, the first
vehicle component information, and the second vehicle component information, the first

comprehensive feature including a fused component feature and a fused damage feature of the first
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component, where the fused component feature is obtained by fusing a first component feature and
a second component feature, the first component feature being generated based on the first vehicle
damage image, and the second component feature being generated based on the second vehicle
damage image, and the fused damage feature is obtained by fusing a first damage feature and a
second damage feature, the first damage feature being generated based on damage features of at
least one first damage detection frame belonging to the first component in the first vehicle damage
image, and the second damage feature being generated based on damage features of at least one
second damage detection frame belonging to the first component in the second vehicle damage
image;

[0071] determining a plurality of candidate prediction results for the first component, each
of the candidate prediction results including a candidate component category and a candidate
damage category;

[0072] inputting the first comprehensive feature and the plurality of candidate prediction
results into a pre-trained first condition prediction model to obtain a first prediction result, the first
prediction result including, for each of the candidate prediction results, a probability that the
candidate damage category thereof is correct;

[0073] inputting the first comprehensive feature and the plurality of candidate prediction
results into a pre-trained second condition prediction model to obtain a second prediction result,
the second prediction result including, for each of the candidate prediction results, a probability
that the candidate component category thereof is correct; and

[0074] determining the component category of the first component and the corresponding
damage category thereof at least based on the first prediction result and the second prediction result.

[0075] According to a third aspect, an apparatus for assessing vehicle damage is provided,

including:
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[0076] an image acquisition unit configured to acquire a to-be-identified vehicle damage
image;

[0077] a damage information acquisition unit configured to acquire damage object
detection information using a pre-trained damage detection model, the damage object detection
information including information of a plurality of damage detection frames framing a plurality of
damage objects in the vehicle damage image;

[0078] a component information acquisition unit configured to acquire vehicle component
information for the vehicle damage image using a pre-trained component model, the vehicle
component information including component object detection information and component
segmentation information, the component object detection information including a detected first
component;

[0079] a comprehensive feature generation unit configured to generate a first
comprehensive feature for the first component based on the damage object detection information
and the vehicle component information, the first comprehensive feature including a component
feature and a fused damage feature of the first component, the fused damage feature being obtained
by fusing damage features of at least one damage detection frame belonging to the first component
among the plurality of damage detection frames;

[0080] a candidate result determination unit configured to determine a plurality of
candidate prediction results for the first component, each of the candidate prediction results
including a candidate component category and a candidate damage category;

[0081] a first prediction unit configured to input the first comprehensive feature and the
plurality of candidate prediction results into a pre-trained first condition prediction model to obtain
a first prediction result, the first prediction result including, for each of the candidate prediction

results, a probability that the candidate damage category thereof is correct;
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[0082] a second prediction unit configured to input the first comprehensive feature and the
plurality of candidate prediction results into a pre-trained second condition prediction model to
obtain a second prediction result, the second prediction result including, for each of the candidate
prediction results, a probability that the candidate component category thereof is correct; and

[0083] a result determination unit configured to determine the component category of the
first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result.

[0084] According to a fourth aspect, an apparatus for assessing vehicle damage is provided,
including:

[0085] an image acquisition unit configured to acquire a first to-be-identified vehicle
damage image and a second to-be-identified vehicle damage image, the first vehicle damage image
and the second vehicle damage image belonging to the same damage assessment case;

[0086] a damage information acquisition unit configured to acquire first damage object
detection information for the first vehicle damage image and second damage object detection
information for the second vehicle damage image using a pre-trained damage detection model, the
first damage object detection information including information of a plurality of first damage
detection frames framing a plurality of damage objects in the first vehicle damage image, and the
second damage object detection information including information of a plurality of second damage
detection frames framing a plurality of damage objects in the second vehicle damage image;

[0087] a component information acquisition unit configured to acquire first vehicle
component information for the first vehicle damage image and second vehicle component
information for the second vehicle damage image using a pre-trained component model, the first
vehicle component information including first component object detection information and first
component segmentation information, and the second vehicle component information including

second component object detection information and second component segmentation information;
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[0088] a common component determination unit configured to determine a common first
component from the first component object detection information and the second component object
detection information based on an association between the first vehicle damage image and the
second vehicle damage image;

[0089] a comprehensive feature generation unit configured to generate a first
comprehensive feature for the first component based on the first damage object detection
information, the second damage object detection information, the first vehicle component
information, and the second vehicle component information, the first comprehensive feature
including a fused component feature and a fused damage feature of the first component, where the
fused component feature is obtained by fusing a first component feature and a second component
feature, the first component feature being generated based on the first vehicle damage image, and
the second component feature being generated based on the second vehicle damage image; and the
fused damage feature is obtained by fusing a first damage feature and a second damage feature, the
first damage feature being generated based on damage features of at least one first damage
detection frame belonging to the first component in the first vehicle damage image, and the second
damage feature being generated based on damage features of at least one second damage detection
frame belonging to the first component in the second vehicle damage image;

[0090] a candidate result determination unit configured to determine a plurality of
candidate prediction results for the first component, each of the candidate prediction results
including a candidate component category and a candidate damage category;

[0091] a first prediction unit configured to input the first comprehensive feature and the
plurality of candidate prediction results into a pre-trained first condition prediction model to obtain
a first prediction result, the first prediction result including, for each of the candidate prediction

results, a probability that the candidate damage category thereof is correct;
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[0092] a second prediction unit configured to input the first comprehensive feature and the
plurality of candidate prediction results into a pre-trained second condition prediction model to
obtain a second prediction result, the second prediction result including, for each of the candidate
prediction results, a probability that the candidate component category thereof is correct; and

[0093] a result determination unit configured to determine the component category of the
first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result.

[0094] According to a fifth aspect, a computer-readable storage medium storing a computer
program thereon is provided, where the computer program, when executed in a computer, causes
the computer to execute the method of the first aspect and the second aspect.

[0095] According to a sixth aspect, a computing device including a memory and a
processor is provided, where the memory stores executable codes, and the processor, when
executing the executable codes, implements the method of the first aspect and the second aspect.

[0096] According to the method and apparatus provided in the embodiments of the present
specification, in a process of smart damage assessment, a component feature and a damage feature
are fused to obtain a component-level damage feature after damage and a component are identified
using a damage detection model and a component model, respectively. Then, a component
category and a damage category are determined using a plurality of prediction models, including
at least two condition prediction models, based on the component-level damage feature, thereby
determining a vehicle damage situation, and achieving smart damage assessment.

Brief Description of the Drawings

[0097] To more clearly describe the technical solutions of the embodiments of the present

specification, the accompany drawings used in the description of the embodiments will be briefly

introduced below. Obviously, the accompanying drawings described below are merely some
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embodiments of the present invention. For those of ordinary skill in the art, other drawings may be
further obtained based on these drawings without creative efforts.

[0098] FIG. 1 shows a schematic diagram of an implementation scenario of an embodiment
disclosed in the present specification;

[0099] FIG. 2 shows a flowchart of a method for assessing vehicle damage according to an
embodiment;

[0100] FIG. 3 shows an example of a vehicle damage image;

[0101] FIG. 4A shows an example of damage object detection information obtained for the
vehicle damage image shown in FIG. 3;

[0102] FIG. 4B shows an example of component object detection information obtained for
the vehicle damage image shown in FIG. 3;

[0103] FIG. 4C shows an example of component segmentation information obtained for
the vehicle damage image shown in FIG. 3;

[0104] FIG. 4D shows an example of damage detection frames of a first component;

[0105] FIG. 5 shows a flowchart of acquiring a fused damage feature according to an
embodiment;

[0106] FIG. 6 shows a flowchart of generating damage annotation data according to an
embodiment;

[0107] FIG. 7A shows an example of an original image of a training image;

[0108] FIG. 7B shows annotation data obtained by manual annotation for the training
image of FIG. 7A;

[0109] FIG. 7C shows contour information of a damaged component acquired in an
example;

[0110] FIG. 7D shows damage annotation frames belonging to a first damaged component

in an example;
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[0111] FIG. 8 shows a flowchart of determining a component category and a damage
category based on a first prediction result and a second prediction result in an embodiment;

[0112] FIG. 9 shows annotation data of a training sample for training a third condition
prediction model according to an embodiment;

[0113] FIG. 10 shows a method for assessing vehicle damage according to an embodiment;

[0114] FIG. 11 shows a block diagram of an apparatus for assessing vehicle damage
according to an embodiment; and

[0115] FIG. 12 shows a block diagram of an apparatus for assessing vehicle damage
according to an embodiment.

Detailed Description

[0116] The solutions provided in the present specification will be described below in
conjunction with the accompanying drawings.

[0117] Smart vehicle damage assessment mainly relates to automatically identifying a
vehicle damage situation reflected in photos from on-site damage photos photographed by a
general user. In order to identify the vehicle damage situation in a vehicle image, a method
generally used in the industry is to obtain a similar image by comparison with a massive historical
database to determine a damaged component in the image and the degree of damage. However, the
accuracy in identifying damage in such a way is not ideal.

[0118] Based on the concepts and implementation framework of the present specification,
and considering that the vehicle damage situation generally needs to include vehicle component
information and damage degree information, i.e., which component is damaged, and what
type/degree of damage is suffered by the component, in multiple embodiments, a vehicle
component and vehicle damage are identified separately, and then the results are fused.

[0119] FIG. 1 is a schematic diagram of an implementation scenario of the methods

provided in the present specification, according to an embodiment. As shown in FIG. 1, after
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acquiring a vehicle damage image, the vehicle damage image is separately input into a damage
detection model and a component model, thereby obtaining damage detection information and
component information. The damage detection information includes an identified damage
detection frame, and the component information includes not only an identified component
detection frame, but also component contour segmentation information. A component-level
damage feature can be generated by combining the damage detection information and the
component information. The component-level damage feature includes a component feature of a
component, and a fused damage feature of all damage detection frames belonging to the
component. Thus, the above-mentioned component-level damage feature can be used for
characterizing overall features of the component and damage.

[0120] Then, the component-level damage feature is separately input into a plurality of
prediction models, to separately determine a component category and a damage category. More
specifically, the plurality of prediction models may include a first condition prediction model and
a second condition prediction model for use as condition prediction models. The first condition
prediction model is trained based on training data with manual damage annotations, and is focused
on predicting the damage category. More specifically, when inputting the above-mentioned
component-level damage feature and a two-element set of a candidate component category and a
candidate damage category into the first condition prediction model, the model can output a
probability that the damage category is correct under an assumption that the component category
is correct. The second condition prediction model is trained based on training data with manual
component annotations, and is focused on predicting the component category. More specifically,
when inputting the above-mentioned component-level damage feature and a two-element set of a
candidate component category and a candidate damage category into the second condition
prediction model, the model can output a probability that the component category is correct under

an assumption that the damage category is correct. Alternatively and/or additionally, a third
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prediction model may be further employed to give a probability that the component category and
the damage category in the two-element set are both correct.

[0121] Thus, prediction results from the plurality of prediction models can be combined to
determine prediction results of the component category and the damage category for the above-
mentioned component-level damage feature. Thus, vehicle damage situation information is
obtained. A specific implementation process of smart damage assessment is described below.

[0122] FIG. 2 shows a flowchart of a method for assessing vehicle damage according to an
embodiment. The method can be executed by any apparatus, device, platform, and device cluster
having computing and processing capabilities. As shown in FIG. 2, the method at least includes
the following steps.

[0123] Step 21: acquiring a to-be-identified vehicle damage image;

[0124] Step 22: acquiring damage object detection information using a pre-trained damage
detection model, the damage object detection information including information of a plurality of
damage detection frames framing a plurality of damage objects in the vehicle damage image;

[0125] Step 23: using a pre-trained component model to acquire vehicle component
information for the vehicle damage image, the vehicle component information including
component object detection information and component segmentation information, the component
object detection information including a detected first component;

[0126] Step 24: generating a first comprehensive feature for the first component based on
the damage object detection information and the vehicle component information, the first
comprehensive feature including a component feature and a fused damage feature belonging to the
first component, the fused damage feature being obtained by fusing damage features of at least one

damage detection frame of the first component among the plurality of damage detection frames;
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[0127] Step 25: determining a plurality of candidate prediction results for the first
component, each of the candidate prediction results including a candidate component category and
a candidate damage category;

[0128] Step 26: inputting the first comprehensive feature and the plurality of candidate
prediction results into a pre-trained first condition prediction model to obtain a first prediction
result, the first prediction result including, for each of the candidate prediction results, a probability
that the candidate damage category thereof is correct;

[0129] Step 27: inputting the first comprehensive feature and the plurality of candidate
prediction results into a pre-trained second condition prediction model to obtain a second
prediction result, the second prediction result including, for each of the candidate prediction results,
a probability that the candidate component category thereof is correct; and

[0130] Step 28: determining the component category of the first component and the
corresponding damage category thereof at least based on the first prediction result and the second
prediction result.

[0131] Execution approaches for the above steps are described below.

[0132] First, in step 21, a to-be-identified vehicle damage image is acquired. It can be
understood that the image may be an on-site vehicle damage photo photographed by a general user
and is an image to be processed by damage identification.

[0133] FIG. 3 shows an example of a vehicle damage image. The image is an unprocessed
on-site photo photographed by the general user.

[0134] Next, in step 22, damage object detection information is acquired using a pre-
trained damage detection model.

[0135] It can be understood that the damage detection model is a specific application of a
typical target detection model in the computer vision field. As is well known to those skilled in the

art, a target detection model is configured to identify specific target objects from an image and
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classify the target objects. Generally, a target detection model is obtained by training based on
annotated image samples, and after completing the training, a specific target object in an unknown
image can be detected and identified. Specifically, a target detection model will output a target
detection frame and a predicted category, where the target detection frame may be a smallest
rectangular frame framing the target object, and the predicted category is a category predicted for
the target object framed by the target detection frame.

[0136] Specifically, a damage detection model can be trained by annotating vehicle
damage as the target object. After completing the training, the damage detection model can detect
and identify a damage object in an unknown vehicle damage image. Specifically, the damage object
detection information output from the damage detection model includes damage detection frames
framing each damage object in the vehicle damage image, and a predicted damage category for
each damage detection frame.

[0137] FIG. 4A shows an example of damage object detection information obtained for the
vehicle damage image shown in FIG. 3. It can be seen that on the basis of FIG. 3, FIG. 4A includes
a series of rectangular frames, i.e., the damage detection frames output from a damage detection
model. Each damage detection frame frames an area of damage. The damage detection model
further outputs a predicted damage category corresponding to each damage detection frame. For
example, a numeral at the top left corner of each rectangular frame denotes a damage category. For
example, in FIG. 4A, the numeral 12 denotes a scratch damage category. There may also be other
numerals denoting other damage categories. For example, the numeral 10 denotes deformation, the
numeral 11 denotes tearing, and the numeral 13 denotes shattering (of a glass article), and the like.

[0138] In the present art, various kinds of target detection models have been presented
based on various network structures and various detection algorithms. For example, a one-stage
detection model can directly determine the category probability and position coordinates of a target

object from an image, i.e., directly identifying the target object. Typical examples of one-stage
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detection models include SSD models, Yolo models, and the like. A two-stage detection model
first generates a candidate region, also called a region of interest (ROI), in the image, and then
performs target identification and frame regression in the candidate region. Typical examples of
two-stage detection models include R-CNN models, Fast R-CNN models, Faster R-CNN models,
and the like. Other target detection models have also been presented.

[0139] The damage detection model in step 22 can be implemented using any of the
aforementioned target detection algorithms.

[0140] In an embodiment, in step 22, the to-be-identified vehicle damage image is input
into a plurality of damage detection models. The plurality of damage detection models use different
target detection algorithms for damage detection, and output detection results respectively, i.e.,
output identified damage detection frames and predicted damage categories respectively. For
example, in a specific example, 3 damage detection models may be employed. The 3 damage
detection models detect damage objects using an SSD model algorithm, a Yolo model algorithm,
and a Fast R-CNN model algorithm, respectively. Accordingly, the finally obtained damage
detection information includes information from damage detection frames of the 3 damage
detection models. For example, a series of damage detection frames shown in FIG. 4A may be
detection results from a plurality of damage detection models.

[0141] In another aspect, in step 23, vehicle component information for the vehicle damage
image is acquired using a pre-trained component model. The vehicle component information may
include component object detection information and component segmentation information or
contour information, with the component as the target detection object.

[0142] More specifically, in an embodiment, the component object detection information
for the vehicle damage image can be acquired using a pre-trained component detection model, the

component object detection information including component detection frames each framing a
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corresponding component and a predicted component category corresponding to each component
detection frame.

[0143] It can be understood that, similar to the damage detection model, the component
detection model is also a specific application of a target detection model, i.e., a detection model
with vehicle components as the target object. A component detection model can be trained by
annotating vehicle components as the target object. After completing the training, the component
detection model can detect and identify a component in an unknown vehicle damage image.
Specifically, the component object detection information output from the component detection
model includes component detection frames framing each component in the vehicle damage image,
and a predicted component category for each component detection frame.

[0144] FIG. 4B shows an example of component object detection information obtained for
the vehicle damage image shown in FIG. 3. It can be seen that on the basis of FIG. 3, FIG. 4B
includes some component detection frames. Each component detection frame frames a component.
The component detection model can further output a predicted damage category corresponding to
each component detection frame. For example, a numeral at the top left corner of each rectangular
frame denotes a component category. For example, in FIG. 4B, the numeral 101 denotes a right
front door, the numeral 102 denotes a right rear door, the numeral 103 denotes a door handle, and
the like.

[0145] It can be understood that the component detection model may also be implemented
using any target detection algorithm, e.g., an algorithm in an SSD model, a Yolo model, a R-CNN
model, a Fast R-CNN model, or a Faster R-CNN model.

[0146] In an embodiment, in step 23, a segmentation result for all components in the
vehicle damage image is acquired using a component segmentation model.

[0147] As is well known to those skilled in the art, an image segmentation model is

configured to segment or divide an image into regions that belong, or do not belong, to a specific
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target object, and its output can be expressed as a mask covering a specific target object region. A
component segmentation model is a specific application of an image segmentation model, and is
configured to divide a vehicle image into regions that belong, or do not belong, to a specific
component. Generally, a component segmentation model is trained based on annotation data from
vehicle component contours, and can segment components in an unknown vehicle image after
completing the training. For example, the segmentation result output from the component
segmentation model is displayed as a mask covering a specific component.

[0148] FIG. 4C shows an example of component segmentation information obtained for
the vehicle damage image shown in FIG. 3. It can be seen that on the basis of FIG. 3, FIG. 4C
covers a region of the right rear door with a mask, thereby achieving corresponding component
segmentation. It should be understood that, for simple and clear illustration, FIG. 4C shows merely
the mask covering the right rear door component, but does not show masks covering other
components. However, the component segmentation model can output segmentation information
or contour information of each component simultaneously.

[0149] In the present art, various target segmentation models have been presented based
on various network structures and various segmentation algorithms, such as segmentation models
based on a CRF (conditional random field), or Mask R-CNN models. The component segmentation
model can be implemented using any segmentation algorithm.

[0150] In an embodiment, the component detection model and component segmentation
model are implemented using two stand-alone models that output component object detection
information and component segmentation information, respectively.

[0151] In another embodiment, some neural network models can be configured to perform
component detection and segmentation simultaneously. For example, the Mask R-CNN model can
support three tasks, namely target detection, target classification, and target segmentation.

Therefore, in an embodiment, the Mask R-CNN model structure may be employed as the
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component model in step 22. In such a case, component detection and component segmentation
can be considered as two branches of the overall component model.

[0152] Thus, step 23 includes acquiring vehicle component information in a vehicle
damage image, the vehicle component information including component object detection
information and component segmentation information.

[0153] It should be understood that step 22 and step 23 may be executed in parallel or in
any sequential order, which is not limited here.

[0154] After acquiring damage object detection information in step 22 and acquiring
vehicle component information in step 23, a component-level damage feature is generated based
on fusion of the two pieces of information in step 24. The component-level damage feature is
collected using the component as a unit and is a comprehensive damage feature of the component.

[0155] For a given component, the component is referred to as a first component for
illustrative purpose, and a component-level damage feature (hereinafter referred to as a first
comprehensive feature) can be generated for the first component based on the damage object
detection information and the wvehicle component information. Specifically, the first
comprehensive feature includes a component feature and a fused damage feature of the first
component. The fused damage feature is obtained by fusing damage features of at least one damage
detection frame belonging to the first component among the plurality of damage detection frames
identified in step 22. In an embodiment, the first comprehensive feature is obtained by stitching
the component feature and the fused damage feature of the first component together.

[0156] Next, acquiring a component feature of the first component is described.

[0157] As is well known to those skilled in the art, in the step 23, the component model
needs to first perform feature extraction on the vehicle damage image to acquire the vehicle
component information. More specifically, in an embodiment, the component model employs a

model architecture based on a convolutional neural network (CNN), including R-CNN, Fast R-

24



10

15

20

WO 2020/139743 PCT/US2019/067765

CNN, Mask R-CNN, and the like. The convolutional neural network (CNN) includes a plurality of
convolutional layers, and is configured to perform convolution processing on a to-be-identified
image to obtain a convolutional feature map. The convolutional feature map reflects extracted
features of image content. Subsequent component classification, component frame regression, and
component segmentation in the component model are all performed based on the convolutional
features in the convolutional feature map.

[0158] Therefore, in an embodiment, an image convolutional feature associated with the
first component can be acquired from a convolutional layer of a convolutional neural network
corresponding to the component model for use as the component feature.

[0159] In an embodiment, a portion of the vehicle component information output from the
component model and associated with the first component may be further used as a part of the
component feature, e.g., the first component’s segmentation result feature, prediction result feature,
etc.

[0160] Next, acquiring a fused damage feature of the first component is described.

[0161] FIG. 5 shows a flowchart of acquiring a fused damage feature according to an
embodiment. It can be understood that these steps are all sub-steps of step 24 in FIG. 2. As shown
in FIG. 5, in order to acquire a fused damage feature of the first component, first, in step 51, at
least one damage detection frame belonging to the first component is determined based on damage
object detection information and component segmentation information.

[0162] As mentioned above, the damage object detection information is provided in step
22, including a plurality of damage detection frames identified for the vehicle damage image, and
the predicted damage category for each damage detection frame, as shown in FIG. 4A. The
component segmentation information is provided in step 23, including information of regional

division of the image, for example, presented as a mask covering a particular component, as shown
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in FIG. 4C. Based on the two pieces of information, at least one damage detection frame
corresponding to a damage object of the first component can be determined.

[0163] Specifically, segmentation information of the first component can be first extracted
from the component segmentation information, thereby determining a region covered by the first
component, which is referred to as a first region. A description will be provided below by taking
as an example using the component covered by the mask in FIG. 4C as the first component. In this
example, the region covered by the gray mask is the first region.

[0164] Then, whether each damage detection frame falls within the first region is
determined based on position information of the plurality of damage detection frames included in
the damage object detection information. Whether a damage detection frame falls within the first
region can be determined according to various specific criteria. For example, in one instance, if the
center of a damage detection frame is located in the first region, then the damage detection frame
is considered to fall within the first region; or, in another instance, if a preset proportion (e.g., 50%)
or more of the whole area of a damage detection frame falls within the first region, then the damage
detection frame is considered to fall within the first region.

[0165] Based on the aforementioned determination, a damage detection frame falling
within the first region is determined to be the at least one damage detection frame.

[0166] For example, for the first component covered by the mask in FIG. 4C, at least one
damage detection frame belonging to the first component can be determined from the plurality of
damage detection frames in FIG. 4A. FIG. 4D shows an example of damage detection frames
belonging to the first component, where the thick lines represent the frames falling within the mask
region and thus considered to be the damage detection frames belonging to the first component.

[0167] In this manner, in step 51, at least one damage detection frame belonging to the first

component is determined.
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[0168] Next, in step 52, damage features of the at least one damage detection frame are
acquired.

[0169] In an embodiment, the damage feature of a damage detection frame includes an
image convolutional feature corresponding to the damage detection frame. It can be understood
that the damage detection frame is obtained by a damage detection model, and the damage
detection model may be implemented by a convolutional neural network (CNN) architecture.
Specifically, the convolutional neural network (CNN) performs convolution processing on an
image through a convolutional layer, to obtain a convolutional feature map. The damage detection
model performs damage classification and damage detection frame regression based on the
convolutional feature map. The damage detection frames output from the damage detection model
may correspond to sub-regions in the convolutional feature map. The image convolutional feature
corresponding to each damage detection frame can be obtained by feature extraction of each sub-
region.

[0170] For illustrative purpose, any damage detection frame of the at least one damage
detection frame may be referred to as a first damage detection frame. Therefore, in an embodiment,
an image convolutional feature associated with the first damage detection frame can be extracted
from a convolutional layer of a convolutional neural network corresponding to the damage
detection model for use as a corresponding damage feature.

[0171] In an embodiment, the damage feature of the damage detection frame further
includes an association feature with other damage detection frames. Continuing to take any first
damage detection frame as an example, determining the damage feature of the first damage
detection frame further includes determining the association feature of the first damage detection
frame based on an association relationship between the first damage detection frame and other
damage detection frames, for use as a part of the damage feature of the first damage detection

frame. In various embodiments, the association relationship may include an association
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relationship among damage detection frame positions, an association relationship among predicted
damage categories, an association relationship among frame contents reflected by the image
convolutional feature, and the like.

[0172] In an embodiment, the association relationship includes an association relationship
among frame contents, i.e., an association relationship between image features within a frame. The
frame contents can be reflected by the image convolutional feature. In an embodiment, assuming
that the image convolutional feature corresponding to the first damage detection frame may be
denoted as a feature vector F1, and an image convolutional feature corresponding to another
damage detection frame (referred to as a second damage detection frame) is denoted as a feature
vector F2, then the association relationship among frame contents between the first damage
detection frame and the second damage detection frame may be expressed as an association
relationship between the feature vector F1 and the feature vector F2, e.g., the degree of similarity.

[0173] More specifically, in an example, a distance between the feature vector F1 and the
feature vector F2, e.g., a Euclidean distance, or a cosine distance, is determined for use as the
degree of similarity between the two feature vectors, and then as the association relationship among
frame contents between the first damage detection frame and the second damage detection frame.

[0174] In another example, a dot product of the feature vector F1 and the feature vector F2
is calculated for use as the association relationship among frame contents between the first damage
detection frame and the second damage detection frame.

[0175] In other examples, the association relationship among frame contents between the
two damage detection frames may be determined by other approaches.

[0176] Further, in an embodiment, the association relationship may also include an
association relationship among damage detection frame positions. A description will be provided
below, still taking the first damage detection frame and the second damage detection frame as an

example.
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[0177] It can be understood that, in the step 21, the damage detection frame information
output from the damage detection model includes the position parameters of each damage detection
frame. Generally, the position parameter of a damage detection frame often takes a form of
(x,y,w,h), where (x, y) denotes the center coordinates of the detection frame, w is the width of the
detection frame, and h is the height of the detection frame. A position association feature between
the first damage detection frame and any second damage detection frame can be determined based
on these position parameters.

[0178] According to various embodiments, the position association feature may include
one or more of the following items: a center distance, an intersection over union, an area ratio, an
inclusion relationship, or the like. The intersection over union (IoU) denotes the ratio of the area
of overlap to the area of a union of two damage detection frames. The inclusion relationship may
be the first damage detection frame including/excluding the second damage detection frame, or the
second damage detection frame including/excluding the first damage detection frame, or the like.

[0179] Further, according to an embodiment, the association relationship may also include
the association relationship among predicted damage categories. A description will be provided
still taking the first damage detection frame and the second damage detection frame as an example.

[0180] In an embodiment, the damage object detection information output from the damage
detection model in step 22 includes a predicted damage category for each damage detection frame.
Therefore, the predicted damage category of the first damage detection frame can be acquired and
denoted as a first category, and the predicted damage category of the second damage detection
frame can be acquired and denoted as a second category. For example, the first category
corresponds to scratching, the second category corresponds to deformation, and the like. In an
example, the damage category association relationship of the first category and the second category
can be determined based on a comparison of the first category and the second category, i.e.,

whether they are identical or different. In an embodiment, the damage detection model outputs not
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only a predicted damage category of each damage detection frame, but also a predicted confidence
level, e.g., a first confidence level corresponding to the first category, and a second confidence
level corresponding to the second category. In such a case, a predicted damage category association
feature for the first damage detection frame and the second damage detection frame may include
the similarity or difference between the first category and the second category, and the difference
between the first confidence level and the second confidence level.

[0181] A process of calculating various association features (one or more of a frame
content association feature, a position association feature, or a predicted category association
feature) is described above in combination with a certain other damage detection frame (the second
damage detection frame). It can be understood that the process may be applicable to calculating an
association feature of the first damage detection frame and any other damage detection frame. On
the basis of determining association features for the first damage detection frame and each of the
other damage detection frames, these association features can be stitched or combined, thereby
obtaining an overall association feature of the first damage detection frame and other damage
detection frames.

[0182] As mentioned above, a damage feature of the first damage detection frame is
acquired. The damage feature of the first damage detection frame includes the image convolutional
feature of the first damage detection frame, and may further include association features of the first
damage detection frame with the other damage detection frames. The feature acquisition is
performed on each damage detection frame belonging to the above-mentioned first component,
thus obtaining a damage feature for each of the at least one damage detection frame belonging to
the first component.

[0183] Next, in step 53, a fusion operation is performed on the damage features of the at

least one damage detection frame to obtain a fused damage feature. In various embodiments, the
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fusion operation may be an operation to obtain a maximum, a minimum, an average, a sum, a
median, or the like, or may be a combination of these operations.

[0184] A fused damage feature of the first component is acquired through the steps 51 to
53.

[0185] Thus, the component feature and the fused damage feature of the first component
are acquired, respectively. Based on this, the acquired component feature and fused damage feature
of the first component are stitched or combined, to obtain a component-level damage feature, i.e.,
a first comprehensive feature, of the first component.

[0186] In an example, the first comprehensive feature is denoted as V1, and may be
expressed as:

[0187] VI=(C1,S1)

[0188] where C1 denotes the component feature of the first component, and S1 denotes the
fused damage feature of the first component.

[0189] As mentioned above, feature extraction of the first component is implemented.

[0190] Next, referring back to FIG. 2, in step 25, a plurality of candidate prediction results
for the first component are determined. Each of the candidate prediction results includes a
candidate component category and a candidate damage category. In other words, each of the
candidate prediction results is a two-element set of a candidate component category and a candidate
damage category. The two-element set shows a possible combination of the component category
of the first component and the damage category of the overall damage to the component.

[0191] In an embodiment, each predefined component category is combined with each
predefined damage category, and all the two-element sets obtained by the combination are used as
the candidate prediction results. Such an approach may be referred to as a full permutation
approach. For example, in an embodiment, assuming that a vehicle is pre-divided into 100

components, and 20 damage categories are pre-defined, then each component category can be
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combined with each damage category to obtain 2000 two-element sets for use as the candidate
prediction results.

[0192] In general, two-element sets obtained by the full permutation approach are most
comprehensive, but they may be a large number of two-element sets and a heavy workload in
subsequent processing. Therefore, in an embodiment, only a part thereof is selected for use as the
candidate prediction results. For example, component categories and damage categories having
greater probabilities of being used as final prediction results can be selected based on information
associated with a predicted category among the damage object detection information and
component object detection information, for use as the candidate prediction results.

[0193] As mentioned above, in step 23, the component object detection information output
from the component model may further include a predicted component category for each
component. Therefore, a predicted component category for the first component can be acquired
from the component object detection information. The predicted component category is referred to
as a first predicted component category, and is used as the candidate component category.

[0194] In general, the component model will output the component category with the
highest confidence level as the predicted component category. However, in an embodiment, the
component model also simultaneously outputs the confidence levels or probabilities of a plurality
of component categories corresponding to the component. In such a case, the first predicted
component category may include one or more predicted component categories of high confidence
levels.

[0195] For example, as shown in FIG. 4B and FIG. 4C, using the component covered by
the mask as the first component as an example, as can be seen from FIG. 4B, the component model
identifies the category of the first component as 102: right rear door. Accordingly, “102: right rear

door” can be used as the candidate component category.

32



10

15

20

25

WO 2020/139743 PCT/US2019/067765

[0196] In an example, the component model further outputs the confidence level
corresponding to “102: right rear door” for the component as 55%, the confidence level
corresponding to “101: right front door” for the component as 40%, and the confidence level
corresponding to “105: left rear door” for the component as 5%. In such a case, the predicted
component categories “102: right rear door” and “101: right front door” having high confidence
levels (e.g., higher than a preset threshold, such as 35%) may both be used as candidate component
categories.

[0197] Similarly, the candidate damage category can be determined based on the damage
object detection information. Specifically, as mentioned above, the damage object detection
information output from the damage detection model may include a predicted damage category
corresponding to each damage detection frame. Thus, after determining at least one damage
detection frame belonging to the first component in step 51, at least one predicted damage category
corresponding to the at least one damage detection frame can be acquired to determine the
candidate damage category based on these predicted damage categories.

[0198] For example, in one instance, 6 damage detection frames are determined to belong
to the first component, and the predicted damage categories corresponding to the 6 damage
detection frames are: 12 (scratching), 12 (scratching), 11 (tearing), 10 (deformation), 12
(scratching), and 12 (scratching), respectively.

[0199] In an embodiment, the damage category accounting for the highest proportion of
the predicted damage categories is used as the candidate damage category. For example, in the
aforementioned example, 12 (scratching) accounts for the highest proportion and is used as the
candidate damage category.

[0200] In an embodiment, the category having the highest damage degree of the predicted
damage categories is used as the candidate damage category. It can be understood that a damage

degree can be preset for each damage category, and thus the predicted damage categories can be

33



10

15

20

25

WO 2020/139743 PCT/US2019/067765

sorted based on the damage degree to determine the category having the highest damage degree.
For example, in the aforementioned example, 11 (tearing) has the highest damage degree, and can
be used as the candidate damage category.

[0201] In another embodiment, each category of the at least one predicted damage category
is directly used as a candidate damage category. For example, for the aforementioned example, 3
candidate damage categories are directly acquired: 12 (scratching), 11 (tearing), and 10
(deformation).

[0202] Candidate component categories and candidate damage categories are acquired
respectively by the aforementioned approaches. The acquired candidate component categories and
the acquired candidate damage categories are combined to obtain a plurality of two-element sets
for use as the candidate prediction results.

[0203] In an example, assuming that the acquired candidate component categories include
“102: right rear door” and “101: right front door”, and the acquired candidate damage categories
include 12 (scratching), 11 (tearing), and 10 (deformation), then the following 6 two-element sets
can be obtained by combination:

[0204] (right rear door, scratching)

[0205] (right rear door, tearing)

[0206] (right rear door, deformation)

[0207] (right front door, scratching)

[0208] (right front door, tearing)

[0209] (right front door, deformation)

[0210] These two-element sets are used as the candidate prediction results.

[0211] As mentioned above, vehicle damage assessment finally needs to determine, from
the vehicle damage image, the components that have been damaged, and the categories or degrees

of damage to the components. It can be seen that each two-element set obtained above is a possible
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conjecture of the damage assessment result. Next, a prediction model needs to be used to determine
which conjecture has a higher probability of being correct based on the component-level damage
feature.

[0212] Thus, the component-level damage feature extracted for the first component in step
24 and the candidate prediction results determined in step 25 are then input into the prediction
model, so that the prediction model determines a correctness probability for each candidate
prediction result based on the component-level damage feature.

[0213] It should be understood that by training the prediction model based on annotation
data, the aforementioned prediction can be realized. If it is necessary to predict and determine the
correctness of both the component category and the damage category in a two-element set, then
annotation data annotating the two aspects are required. However, in existing model training
sample libraries, such annotation data is relatively rare. In another aspect, in order to train the
damage detection model, there are a large number of annotation samples annotating damages; and
in order to train the component model, there are also a large number of annotation samples
annotating components. Based on this, according to the embodiments of the present specification,
a condition prediction model can be trained based on such annotation samples to predict and
determine the correctness of some elements in the two-element sets.

[0214] As shown in FIG. 2, step 26 includes inputting the first comprehensive feature
corresponding to the first component and the candidate prediction results into a pre-trained first
condition prediction model to obtain a first prediction result, the first prediction result including,
for each of the candidate prediction results, a probability that the candidate damage category of the
candidate prediction result is correct; and step 27 includes inputting the first comprehensive feature
and the candidate prediction results into a pre-trained second condition prediction model to obtain
a second prediction result, the second prediction result including, for each of the candidate

prediction results, a probability that the candidate component category thereof is correct.
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[0215] It should be understood that the step 26 and step 27 may be executed in parallel or
in any sequential order, which is not limited here.

[0216] Training and use of the first condition prediction model and the second condition
prediction model will be described below separately.

[0217] As mentioned above, the first condition prediction model is configured to predict
the probability that a damage category in a two-element set of the candidate prediction results is
correct based on the component-level damage feature. Therefore, the first condition prediction
model is trained at least based on annotation samples with manual damage annotations. More
specifically, the training samples required for the first condition prediction model include training
images and damage annotation data for the training images. Because the first condition prediction
model needs to determine an overall damage category of a damaged component (i.e., the candidate
damage category in the two-element set), the required damage annotation data at least include
overall damage category tags for each damaged component in the training image.

[0218] However, in training a conventional damage detection model, each damage object
in the training image is manually annotated. Therefore, only by further processing conventional
annotation data can the desired damage annotation data be obtained.

[0219] FIG. 6 shows a flowchart of generating damage annotation data according to an
embodiment. A description will be provided below in combination with an example of a specific
training image.

[0220] FIG. 7A shows an example of an original image of a training image. The training
image can be distributed to an annotator for annotation.

[0221] Thus, manually annotated damage annotation data for a training image can be
acquired in step 61 of FIG. 6. The damage annotation data include a plurality of damage annotation
frames annotated in the training image and a damage category tag annotated for each of the damage

annotation frames.
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[0222] FIG. 7B shows annotation data obtained by manual annotation for the training
image of FIG. 7A. It can be seen that an annotator has framed regions of damage objects therein
using rectangular frames. These rectangular frames can be referred to as damage annotation frames.
In addition, for each damage object, the annotator has further annotated the category of the damage
object, e.g., 12 corresponds to scratching, and 10 corresponds to deformation. It can be understood
that the damage categories may be annotated by a variety of approaches, including not only
denoting different damage categories using different numerals as shown in FIG. 7B, but also
denoting different damage categories using, for example, annotation frames in different colors, and
the like. FIG. 7B is merely one example.

[0223] In addition, in step 62, contour information for a damaged component in the training
image is acquired.

[0224] In an embodiment, the contour information of the damaged component is generated
by an annotator through annotation. The annotator annotating the contour information may be the
same annotator annotating the damage frame, or may be a different annotator.

[0225] In an embodiment, the contour information of the damaged component is generated
by a component segmentation model. That is, the training image is input into a trained component
segmentation model, to obtain the contour information of the component based on the model’s
output results.

[0226] FIG. 7C shows contour information of a damaged component acquired in an
example. The contour information is obtained based on output of a component segmentation
model. As shown in FIG. 7C, the region of a component covered by a mask is used as its contour
information. The component is referred to as a first damaged component hereinafter, and is taken
as an example for description.

[0227] Next, in step 63, based on the contour information of the damaged component, for

each damage annotation frame obtained in step 61, which damaged component corresponds to the
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damage annotation frame is determined. In other words, for each damaged component, a damage
annotation frame corresponding to the damaged component is determined. For example, for the
first damaged component, at least one damage annotation frame corresponding to the component
is determined.

[0228] Specifically, the damage annotation frame corresponding to the first damaged
component can be determined based on the position information of the damage annotation frames
and the regional information of the region covered by the first damaged component. The process
is similar to the step 51 in FIG. 5. The description will not be repeated.

[0229] FIG. 7D shows damage annotation frames belonging to a first damaged component
in an example. It can be seen that, as determined in step 63, among the 8 damage annotation frames
annotated in FIG. 7B, 5 damage annotation frames correspond to the first damaged component.
The 5 damage annotation frames are shown by thick lines in FIG. 7D.

[0230] Next, in step 64, the damage category tag having the highest damage degree among
the damage category tags of the at least one damage annotation frame corresponding to the first
damaged component is used as the damage category tag of the first damaged component.

[0231] For example, as shown in FIG. 7D, 5 damage annotation frames correspond to the
first damaged component. The damage category tags corresponding to the 5 damage annotation
frames include category 12 denoting scratching, and category 10 denoting deformation. Based on
a predefined order of damage degrees, the damage degree of deformation is higher than that of
scratching, so category 10 (deformation) can be used as the overall damage category tag of the first
damaged component.

[0232] The above steps are also employed for other damaged components. Thus, based on
damage annotation frames and damage categories annotated by an annotator, an overall damage

category tag is generated for each damaged component for use as required damage annotation data.
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[0233] On the basis of the required damage annotation data generated for the training
image, the training image and corresponding damage annotation data constitute a complete training
sample and can be used for training a first condition prediction model.

[0234] In a process of training the first condition prediction model, the component-level
damage feature of each component in the training image is first acquired by feature extraction on
the training image. This process is similar to the step 21 to step 23, except that the input image is
the original training image. Similarly, the obtained component-level damage feature includes a
component feature of a damaged component in the training image and a fused damage feature of
the component.

[0235] Next, the component-level damage feature of a damaged component in the training
image is input into the first condition prediction model. The first condition prediction model
processes the input feature to provide a predicted value about the damage category of the
component. By comparing the predicted value to the overall damage category tag for the damaged
component in the damage annotation data, a prediction error is determined, and then model
parameters are adjusted by feeding back the error, thereby achieving model training.

[0236] As can be seen from the above process, the training data on which the first condition
prediction model is based mainly include annotation data on component-level overall damage, and
error in the training process is determined mainly based on the difference between a predicted
value for component-level damage and an annotated value, so it follows that processing in the
prediction process is also more focused on processing of fused damage features of component-
level damage features.

[0237] Referring back to FIG. 2, after completing training of the first condition prediction
model, the component-level damage feature, i.e., the first comprehensive feature, of the first
component is obtained by extraction from a to-be-identified image according to steps 22 to 24, and

then the first comprehensive feature and two-element sets of candidate prediction results are input
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into the first condition prediction model. The first condition prediction model processes the first
comprehensive feature, thereby obtaining an overall damage category prediction result for the first
component, including a predicted category and a predicted confidence level. Based on comparison
of the prediction result and the candidate damage category in each two-element set, a probability
that the candidate damage category is correct is obtained for each two-element set.

[0238] It should be noted that since the training data of the first condition prediction model
have no annotations of component categories, the first condition prediction model neither predicts
the component category, nor determines the correctness of the candidate component category in
the two-element set. In other words, a first prediction result output from the first condition
prediction model denotes, for each candidate prediction result, a probability that the candidate
damage category is correct if the candidate component category thereof is correct.

[0239] Training and use of a second condition prediction model will be described below.

[0240] As mentioned above, the second condition prediction model is configured to predict
the probability that the candidate component category in a two-element set of the candidate
prediction results is correct based on the component-level damage feature. Therefore, the second
condition prediction model is trained at least based on annotation samples with manual component
annotations. More specifically, the training samples required for the second condition prediction
model include a training image and annotation data, where the annotation data at least include
component category tags manually annotated for damaged components in the training image.

[0241] It can be understood that a large number of component annotation samples exist for
training the component model in step 23. These annotation samples can be used to train the second
condition prediction model.

[0242] In a process of training the second condition prediction model, feature extraction
on the training image is first performed. Unlike a conventional component model that only extracts

the component feature, the second condition prediction model needs to acquire the component-
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level damage feature of each component in the training image. This process is similar to the step
22 to step 24, except that the input image is the original training image. Similarly, the obtained
component-level damage feature includes a component feature of a damaged component in a
training image and a fused damage feature of the component.

[0243] Next, the component-level damage feature of a damaged component in the training
image is input into the second condition prediction model. The second condition prediction model
processes the input feature to give a predicted value about the component category of the
component. By comparing the predicted value to the annotated component category tag, a
prediction error is determined, and then model parameters are adjusted by feeding back the error,
thereby achieving model training.

[0244] Thus, after completing training of the second condition prediction model, the
component-level damage feature, i.e., the first comprehensive feature, of the first component is
obtained by extraction from a to-be-identified image according to steps 22 to 24, and then the first
comprehensive feature and two-element sets of candidate prediction results are input into the
second condition prediction model. The second condition prediction model processes the first
comprehensive feature, thereby obtaining a component category prediction result for the first
component, including the predicted category and the predicted confidence level. Based on
comparison of the prediction result and the candidate component category in each two-element set,
the probability that the candidate component category is correct is obtained for each two-element
set.

[0245] It should be noted that since the training data of the second condition prediction
model have no annotations of overall damage categories, the second condition prediction model
neither predicts the damage category, nor determines correctness of the candidate damage category

in the two-element set. In other words, a second prediction result output from the second condition
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prediction model denotes, for each candidate prediction result, the probability that the candidate
component category is correct if the candidate damage category thereof is correct.

[0246] Thus, steps 26 and 27 of FIG. 2 include inputting the first comprehensive feature
and the candidate prediction results into the first condition prediction model and the second
condition prediction model, respectively, to obtain the first prediction result and the second
prediction result. The first prediction result shows, in each of the two-element sets of the candidate
prediction results, a probability that the candidate damage category is correct, and the second
prediction result shows, in each of the two-element sets of the candidate prediction results, the
probability that the candidate component category is correct.

[0247] Next, step 28 includes determining the component category of the first component
and a corresponding damage category thereof at least based on the first prediction result and the
second prediction result.

[0248] FIG. 8 shows a flowchart of determining a component category and a damage
category based on a first prediction result and a second prediction result in an embodiment. It can
be understood that the steps in FIG. 8 are sub-steps of the step 28. As shown in FIG. 8, first, in step
81, for each candidate prediction result, a first probability corresponding to the candidate prediction
result is acquired from the first prediction result, and a second probability corresponding to the
candidate prediction result is acquired from the second prediction result.

[0249] As mentioned above, each candidate prediction result is presented as a two-element
set. In step 81, for each two-element set, a probability, i.e., the first probability, for the two-element
set is acquired from the first prediction result, the first probability denoting the probability that the
candidate damage category of the two-element set is correct; and a probability, i.e., the second
probability, for the two-element set is acquired from the second prediction result, the second
probability denoting the probability that the candidate component category of the two-element set

is correct.
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[0250] Next, in step 82, a comprehensive correctness probability of each candidate
prediction result, i.e., a comprehensive correctness probability of the whole two-element set, is
determined based on the first probability and the second probability.

[0251] In an example, the maximum of the first probability and the second probability is

5  used as the comprehensive correctness probability.

[0252] In another example, the sum of the first probability and the second probability is
used as the comprehensive correctness probability.

[0253] In still another example, considering that the first probability and the second
probability are conditional probabilities of individual elements of the two-element set being

10 correct, the product of the first probability and the second probability is used as the comprehensive
correctness probability.

[0254] The following Table 1 shows, for the 6 two-element sets created in the aforesaid
examples, examples of the first probabilities, second probabilities, and comprehensive correctness
probabilities thereof, where the comprehensive correctness probability is obtained by multiplying

15  the first probability by the second probability.

Table 1
Two-element set First Second Comprehensive
probability probability correctness
probability
(Right rear door, scratching) 60% 80% 48%
(Right rear door, tearing) 10% 80% 18%
(Right rear door, deformation) |30% 80% 24%
(Right front door, scratching)  [60% 20% 12%
(Right front door, tearing) 10% 20% 2%
(Right front door, deformation) |30% 20% 6%

[0255] It can be understood that the comprehensive correctness probability for a two-
element set can also be determined by other approaches, such as averaging, which are not

20  enumerated here.
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[0256] In step 83, at least one prediction result is selected from the plurality of candidate
prediction results based on the comprehensive correctness probabilities after determining the
comprehensive correctness probability for each candidate prediction result. In an embodiment, the
prediction result of the highest comprehensive correctness probability can be selected from the
plurality of candidate prediction results. In another embodiment, candidate prediction results
having comprehensive correctness probabilities reaching a certain predetermined threshold can be
selected. In still another embodiment, a predetermined number of candidate prediction results may
be further selected from the plurality of candidate prediction results in a descending order of the
comprehensive correctness probability.

[0257] Next, in step 84, the component category of the first component and the
corresponding damage category are determined based on the candidate component categories and
the candidate damage categories included in the at least one prediction result selected in step 83.

[0258] When only one candidate prediction result is selected in step 83, the candidate
component category in the two-element set of the prediction result is determined for use as the
component category of the first component, and the candidate damage category thereof is used as
an overall damage category of the first component.

[0259] In an embodiment, a plurality of two-element sets of the candidate prediction results
are selected in step 83. For the plurality of candidate two-element sets, if the candidate component
categories thereof are identical, then the identical candidate component category is used as the
component category of the first component in step 84. If the candidate component categories
thereof are different, then the candidate component category in the two-element set of the highest
second probability is used as the component category of the first component in step 84. In an
embodiment, if a plurality of candidate two-element sets are selected in step 83, then it means a
damage assessment result in which a component has multiple types of damage, and then candidate

damage categories in the plurality of two-element sets may all be selected for use as the overall
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damage categories of the first component. In another embodiment, the category of the highest
damage degree among the candidate damage categories included in the plurality of two-element
sets selected in step 83 is used as the overall damage category of the first component.

[0260] For example, the comprehensive correctness probabilities of the two-element sets
are shown in Table 1. In an example, the two-element set (right rear door, scratching) having the
highest comprehensive correctness probability is selected based on Table 1 in step 83.
Consequently, the candidate component category “right back door” of the selected two-element set
is used as the component category of the analyzed first component, and the candidate damage
category “scratching” of the two-element set is used as the overall damage category of the first
component in step 84. Thus, it is determined that the right rear door has scratching damage.

[0261] In another example, 2 two-element sets: (right rear door, scratching) and (right rear
door, deformation) having comprehensive correctness probabilities higher than a certain threshold
are selected in step 83. In step 84, the common candidate component category “right rear door” is
used as the component category of the first component, and both scratching and deformation are
used as the damage to the first component (the right rear door), i.e., it is determined that the right
rear door was scratched and deformed. Alternatively, “deformation”, having a higher damage
degree, can be determined as the damage category of the right rear door, because the replacement
or repair scheme for a component generally depends on the damage category having the highest
damage degree of the component.

[0262] As mentioned above, the component category of the first component and the
corresponding damage category thereof are determined based on the first prediction result and the
second prediction result through the specific steps in FIG. 8. However, it should be understood that
this is not the only execution approach, and step 28 can also be executed by other approaches. For
example, in one execution approach, the comprehensive correctness probability for each two-

element set is not directly calculated. The component category and the overall damage category of
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the first component are determined based on the remaining two-element sets after eliminating two-
element sets each having a first probability lower than a certain threshold, and eliminating two-
element sets each having a second probability lower than a certain threshold. On the basis of the
specific embodiments described above, it is also possible to execute step 28 by other execution
approaches.

[0263] Thus, in step 28, the component category of the first component and the
corresponding damage category thereof are determined based on the first prediction result and the
second prediction result. The above-mentioned first component is any component suspected of
being damaged in a to-be-identified vehicle damage image, and therefore, for each component
suspected of being damaged, the component category and the damage category of the component
suspected of being damaged can be determined by extracting its component-level damage feature
according to step 24 in FIG. 2, and by execution according to steps 25 to 28, thus determining
which component of a vehicle in the vehicle damage image is damaged, and what damage is
suffered by the component, and achieving smart damage assessment.

[0264] In the smart damage assessment process, the correctness of each of the two elements
in the two-element sets of the candidate prediction results is predicted and assessed separately
based on two condition prediction models, i.e., a first condition prediction model and a second
condition prediction model. The first condition prediction model and the second condition
prediction model can be trained based on existing annotation samples, to make better use of
existing annotation data.

[0265] On this basis, more comprehensive annotation data can be further acquired to train
a third prediction model. The third prediction model is configured to predict the probability that
the candidate component category and the candidate damage category in a two-element set of the

candidate prediction results are both correct, i.e., the probability that the whole two-element set is
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correct, based on the component-level damage feature. Training and use of the third prediction
model will be described below.

[0266] It can be understood that since the third prediction model is required to determine
the correctness of each of the candidate component category and the candidate damage category
of the candidate prediction results, the training samples required by the third prediction model
include not only component category annotation data, but also damage category annotation data.
Specifically, the training samples on which the third prediction model is based need to include a
training image and full annotation data. The full annotation data include component category tags
manually annotated for the damaged components in the training image, and overall damage
category tags manually annotated for the components.

[0267] FIG. 9 shows annotation data of a training sample for training a third condition
prediction model according to an embodiment. The annotation data of FIG. 9 are generated by
distributing the original training image shown in FIG. 7A to an annotator, and the annotator fully
annotating the damaged components. “Fully annotating” includes annotating the components and
annotating the damage. As shown in FIG. 9, having been annotated by an annotator, full annotation
data at least include annotation of the component categories and overall damage categories of
damaged components. The annotations also constitute annotation two-element sets (A, B), where
A denotes the component category, and B denotes the overall damage category of the component.
For example, (101,12) corresponds to (right front door, scratching), and (102,10) corresponds to
(right rear door, deformation). In order to distinguish between different components, the full
annotation data further need to contain annotation of the component contour. For example, in FIG.
9, thick lines are used to denote the contours of two damaged components.

[0268] The annotation sample thus constituted can be used for training a third prediction
model. In a process of training the third prediction model, feature extraction on the training image

is first performed. The process of feature extraction is similar to the step 21 to step 23, except that
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the input image is the original training image. Similarly, the obtained component-level damage
feature includes the component feature and the fused damage feature of each damaged component
in the training image.

[0269] Next, the component-level damage feature of a damaged component in the training
image is input into the third prediction model. The third prediction model processes the input
feature to give a first predicted value about the component category of the damaged component
and a second predicted value about the overall damage category of the damaged component. In
addition, an annotation two-element set corresponding to the damaged component is determined
based on the annotated contours of the components, where the annotation two-element set includes
a component category tag and a damage category tag. A prediction error is determined based on a
comparison of the first predicted value with the component category tag and a comparison of the
second predicted value with the damage category tag, and then model parameters are adjusted by
feeding back the error, thereby achieving model training.

[0270] Thus, after completing training of the third prediction model, in an embodiment, the
component-level damage feature, i.e., the first comprehensive feature, of the first component is
obtained according to steps 22 to 24 in FIG. 2 for a to-be-identified image. The method of FIG. 2
further includes inputting the first comprehensive feature and the two-element sets of the candidate
prediction results into the third prediction model. The third prediction model processes the first
comprehensive feature, thereby obtaining a component category prediction result and an overall
damage category prediction result of the first component. Each prediction result includes a
predicted category and a confidence level. The two prediction results are respectively compared
with the candidate component category and candidate damage category in each two-element set,
to obtain an overall probability that the two-element set is correct based on the comparison results.

In other words, the third prediction model outputs a third prediction result, including, for each two-
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element set of the candidate prediction results, a probability that the candidate damage category
and the candidate component category thereof are both correct.

[0271] In cases where the third prediction model is used as mentioned above, in step 28 of
FIG. 2, the component category of the first component and the corresponding damage category
thereof can be determined based on the first prediction result output from the first condition
prediction model, the second prediction result output from the second condition prediction model,
and the third prediction result output from the third prediction model.

[0272] In cases where the third prediction model is used, step 28 can still be executed by
an approach similar to the steps shown in FIG. 8, but the third prediction result is further introduced
on the basis of FIG. 8. Specifically, this process may include the following steps.

[0273] First, for each two-element set of the candidate prediction results, a first probability
corresponding to the candidate prediction result is acquired from the first prediction result, a second
probability corresponding to the candidate prediction result is acquired from the second prediction
result, and a third probability corresponding to the candidate prediction result is acquired from the
third prediction result. This is similar to step 81.

[0274] Next, a comprehensive correctness probability for each candidate prediction result
is determined based on the first probability, the second probability, and the third probability.

[0275] In an example, the comprehensive correctness probability can be determined
directly based on the first probability, the second probability, and the third probability. For
example, the minimum, maximum, sum, or average of the first probability, the second probability,
and the third probability may be used as the comprehensive correctness probability.

[0276] In another example, a first comprehensive correctness probability can be first
determined based on the first probability and the second probability with reference to the
embodiment of step 82 in FIG. 8, and then a final comprehensive correctness probability can be

determined based on the first comprehensive correctness probability and the third probability. For
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example, a product of the first probability and the second probability is used as the first
comprehensive correctness probability, and then an average of the first comprehensive correctness
probability and the third probability is used as the final comprehensive correctness probability.
[0277] The following Table 2 shows examples of first probabilities, second probabilities,
third probabilities, and comprehensive correctness probabilities for the 6 two-element sets created
in the above examples, where the comprehensive correctness probabilities are obtained by

averaging the product of the first probability and the second probability with the third probability.

Table 2
) . Comprehensive

Two-element set First g Seconq ) Third g correlgtness

probability |probability [probability probability
(Right rear door, scratching) 60% 80% 50% 49%
(Right rear door, tearing) 10% 80% 14% 16%
(Right rear door, deformation)  [30% 80% 20% 22%
(Right front door, scratching) 60% 20% 8% 10%
(Right front door, tearing) 10% 20% 4% 3%
(Right front door, deformation) [30% 20% 4% 5%

[0278] It can be understood that the comprehensive correctness probability of a two-
element set can be further determined based on the three probabilities mentioned above by other
approaches, which are not enumerated here.

[0279] Next, at least one prediction result is selected from a plurality of candidate
prediction results based on the comprehensive correctness probabilities; the component category
of the first component and the corresponding damage category are determined based on the
candidate component category and the candidate damage category included in the at least one
prediction result. The two steps can be executed by referring to the steps 83 and 84 of FIG. 8. The
description will not be repeated.

[0280] Thus, the component category and the overall damage category of each component

are determined based on the prediction results of the three prediction models.
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[0281] On the basis of determining the component category and the damage category of
each damaged component, in an embodiment, a component replacement or repair scheme can be
determined accordingly.

[0282] It can be understood that a mapping table can be preset as required for damage
assessment, where the mapping table records replacement or repair schemes for various types of
components with various categories of damage. For example, for a metal component, when the
damage category is scratching, the corresponding replacement or repair scheme is spray painting,
and when the damage category is deformation, the corresponding replacement or repair scheme is
sheet metal working;, for a glass component, when the damage category is scratching, the
corresponding replacement or repair scheme is glass replacement, and the like.

[0283] Thus, for the first component in the above example, assuming that it is determined
that the component category is the right rear door and the damage category is scratching, then first,
its type is determined to be, for example, a metal component based on the component category
“right rear door.” Next, based on the damage category “scratching”, the corresponding replacement
or repair scheme is determined to be: spray painting.

[0284] Thus, a replacement or repair scheme for each damaged component can be
determined, thereby more comprehensively implementing the damage assessment process.

[0285] In the above embodiments, a vehicle damage situation is determined based on one
to-be-identified vehicle damage image. The vehicle damage situation includes which components
have been damaged, and the categories of damage to the components. On this basis, smart damage
assessment can also be performed based on a plurality of vehicle damage images, thereby more
comprehensively and accurately determining vehicle damage information. It should be understood
that the plurality of vehicle damage images should be images belonging to the same vehicle damage
assessment case. For example, users often take photos for a given vehicle damage case from

different angles and/or different distances, to obtain a series of images. The series of images can
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be used as a plurality of vehicle damage images for the given case, to comprehensively determine
the vehicle damage situation.

[0286] In an embodiment, the method shown in FIG. 2 is executed respectively for each
vehicle damage image in a series of vehicle damage images, to obtain component category and
damage category prediction results for each component. Then, the prediction results from the
vehicle damage images are integrated, e.g., united, to obtain a damage assessment result for the
entire case.

[0287] In another embodiment, considering the association among the series of images,
features of the plurality of vehicle damage images are fused, and the fused feature is input into a
prediction model to obtain the prediction result, thereby determining the damage assessment result.
The method for assessing vehicle damage based on the concept of this embodiment will be
described below.

[0288] FIG. 10 shows a method for assessing vehicle damage according to an embodiment.
The method is used for smart damage assessment based on at least two vehicle damage images. As
shown in FIG. 10, the method at least includes the following steps.

[0289] First, in step 1001, a first to-be-identified vehicle damage image and a second to-
be-identified vehicle damage image are acquired. As mentioned above, the first vehicle damage
image and the second vehicle damage image belong to the same damage assessment case.

[0290] Next, in step 1002, first damage object detection information for the first vehicle
damage image and second damage object detection information for the second vehicle damage
image are acquired using a pre-trained damage detection model, the first damage object detection
information including information of a plurality of first damage detection frames framing a
plurality of damage objects in the first vehicle damage image, and the second damage object
detection information including information of a plurality of second damage detection frames

framing a plurality of damage objects in the second vehicle damage image.
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[0291] This step corresponds to executing step 22 as shown in FIG. 2 for the first vehicle
damage image and the second vehicle damage image respectively. The description of the specific
process will not be repeated.

[0292] In addition, in step 1003, first vehicle component information for the first vehicle
damage image and second vehicle component information for the second vehicle damage image
are quired using a pre-trained component model, the first vehicle component information including
first component object detection information and first component segmentation information, the
second vehicle component information including second component object detection information
and second component segmentation information, and both the first component object detection
information and the second component object detection information including a detected first
component.

[0293] This step corresponds to executing step 23 as shown in FIG. 2 for the first vehicle
damage image and the second vehicle damage image respectively, thereby obtaining the first
vehicle component information and the second vehicle component information, respectively. The
description of the specific process will not be repeated.

[0294] Next, in step 1004, a common first component is determined from the first
component object detection information and the second component object detection information
based on an association between the first vehicle damage image and the second vehicle damage
image.

[0295] There are some image matching models capable of implementing matching and
positioning of two images, i.e., determining the position of content shown in one image in another
image, or determining similar, common content in two images. Therefore, a common component,
hereinafter still referred to as the first component, can be determined from the first component

object detection information and the second component object detection information using such a
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matching model based on an association between the first vehicle damage image and the second
vehicle damage image.

[0296] Next, in step 1005, a first comprehensive feature for the first component is
generated based on the first damage object detection information, the second damage object
detection information, the first vehicle component information, and the second vehicle component
information, the first comprehensive feature including a fused component feature and a fused
damage feature of the first component, where the fused component feature is obtained by fusing a
first component feature and a second component feature, the first component feature is generated
based on the first vehicle damage image, and the second component feature is generated based on
the second vehicle damage image; the fused damage feature is obtained by fusing a first damage
feature and a second damage feature, the first damage feature is generated based on damage
features of at least one first damage detection frame belonging to the first component in the first
vehicle damage image, and the second damage feature is generated based on damage features of at
least one second damage detection frame belonging to the first component in the second vehicle
damage image.

[0297] In an embodiment, for the first component, step 24 of FIG. 2 can be executed
respectively based on the first vehicle damage image and the second vehicle damage image, to
obtain a comprehensive feature V1 based on the first vehicle damage image and a second
comprehensive feature V2 based on the second vehicle damage image respectively, where the
comprehensive feature V1 includes a component feature of the first component (referred to as the
first component feature) extracted based on the first vehicle damage image, and the fused damage
feature (referred as the first damage feature) generated based on the damage feature of the damage
detection frame belonging to the first component in the first vehicle damage image; and the
comprehensive feature V2 includes a component feature of the first component (referred to as the

second component feature) extracted based on the second vehicle damage image, and the fused
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damage feature (referred as the second damage feature) generated based on the damage feature of
the damage detection frame belonging to the first component in the second vehicle damage image.
Then, the two comprehensive features V1 and V2 can be further fused to obtain a final first
comprehensive feature.

[0298] Specifically, the first component feature and the second component feature are
fused to obtain the fused component feature; the first damage feature and the second damage
feature are fused to obtain the fused damage feature; and the fused component feature and the fused
damage feature together constitute the first comprehensive feature.

[0299] The features can be fused by a variety of fusion approaches, such as stitching,
averaging, or maximum pooling, which are not enumerated here.

[0300] It can be seen that, in step 1005, for the common first component included in the
two vehicle damage images, features extracted separately based on the two images are further fused
to obtain the first comprehensive feature of the first component. The first comprehensive feature
comprehensively reflects component features of the first component shown in the two images, and
damage features of the component.

[0301] Next, in step 1006, a plurality of candidate prediction results are determined for the
first component, each of the candidate prediction results including a candidate component category
and a candidate damage category. The execution approach of this step is similar to that of the step
25, the description of which will not be repeated.

[0302] Next, in step 1007, the first comprehensive feature and the plurality of candidate
prediction results are input into a pre-trained first condition prediction model to obtain a first
prediction result, the first prediction result including, for each of the candidate prediction results,
a probability that the candidate damage category thereof is correct.

[0303] And, in step 1008, the first comprehensive feature and the plurality of candidate

prediction results are input into a pre-trained second condition prediction model to obtain a second
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prediction result, the second prediction result including, for each of the candidate prediction results,
a probability that the candidate component category thereof is correct.

[0304] The description of step 26 and step 27 in FIG. 2 can be referred to for the training
and use of the first condition prediction model and the second condition prediction model, the
description of which will not be repeated.

[0305] Next, in step 1010, the component category of the first component and the
corresponding damage category thereof are determined at least based on the first prediction result
and the second prediction result.

[0306] This step can be executed by referring to the description of step 28.

[0307] As mentioned above, component-level damage features of a component in a
plurality of images are obtained by integrating the first vehicle damage image and the second
vehicle damage image, and the component category and the damage category of the component
are determined using a prediction model based on the component-level damage features.

[0308] Further, in an embodiment, the method of FIG. 10 further includes step 1009
(shown in a dashed block), in which the first comprehensive feature and the plurality of candidate
prediction results are input into a pre-trained third prediction model to obtain a third prediction
result, the third prediction result including, for each candidate prediction result, a probability that
the candidate damage category and the candidate component category thereof are both correct.

[0309] The above description may be referred to for the training and use of the third
prediction model, which will not be repeated.

[0310] In cases where the third prediction model is further used, accordingly, step 1010
includes determining the component category of the first component and the corresponding
damage category thereof based on the first prediction result, the second prediction result, and the

third prediction result.
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[0311] In the above description for step 28, multiple embodiments for determining the
component category and the damage category thereof based on the first prediction result, the
second prediction result, and the third prediction result have been described. These embodiments
can also be applied to the execution of step 1010.

[0312] In addition, in an embodiment, a decision tree model can be further established by
using the first condition prediction model, the second condition prediction model, and the third
prediction model as tree nodes, and the decision tree model is used to determine the component
category of the first component and the corresponding damage category thereof. In such a case, the
first condition prediction model, the second condition prediction model, and the third prediction
model are all used as weak classifiers that output preliminary classification results. By training the
decision tree model, the weights of the weak classifiers corresponding to the tree nodes are
determined, thereby outputting a final result based on the preliminary classification results.

[0313] In an embodiment, the decision tree model can be trained using a damage
assessment form of a damage assessment case as annotation data. It can be understood insurance
companies have large amounts of case data. These data generally include a series of vehicle damage
images for a given case and a manually assessed damage assessment form for these images, where
the damage assessment form may show which components of a vehicle have been damaged and
what damage has been caused to the components. Accordingly, the damage assessment form can
be used as the annotation data to obtain the decision tree model by training. A final vehicle damage
situation for the case can be determined using the trained decision tree model, based on the
prediction results of the prediction models.

[0314] As can be seen from referring back to the processes in FIG. 1 to FIG. 10, in the
smart damage assessment process, after damage is identified using a damage detection model and
a component is identified using a component model, a component feature and a damage feature are

fused to obtain a component-level damage feature. Then, a component category and a damage
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category are determined using a plurality of prediction models, including at least 2 condition
prediction models, based on the component-level damage feature, thereby determining the vehicle
damage situation and achieving smart damage assessment.

[0315] It can be understood that, in the process of training for smart decision making,
training data of various types may be employed, including: 1) a damage assessment form for an
entire case (combining correct component and damage categories for the entire case); 2) a damage
assessment form for a single image (combining correct component and damage categories for a
single image); 3) damage annotation; and 4) component annotation, where training data priorities
may be 1)>2)>3)>4). When there is ample high priority data, better results will be obtained by
training using the high priority data, and when there is not enough high priority data or the cost of
acquiring the high priority data is very high, training data of the next higher priority, in order, can
be acquired for training, for better overall decision-making results. If the annotation information
of 3) and 4) is not complete, the training target in this case is a conditional probability.

[0316] According to another embodiment, an apparatus for assessing vehicle damage is
further provided. FIG. 11 shows a block diagram of an apparatus for assessing vehicle damage
according to an embodiment. It can be understood that the apparatus can be deployed in any device,
platform, or cluster having computing and processing capabilities. As shown in FIG. 11, the
apparatus 1100 for assessing vehicle damage includes:

[0317] an image acquisition unit 1101 configured to acquire a to-be-identified vehicle
damage image;

[0318] a damage information acquisition unit 1102 configured to acquire damage object
detection information using a pre-trained damage detection model, the damage object detection
information including information of a plurality of damage detection frames framing a plurality of

damage objects in the vehicle damage image;
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[0319] a component information acquisition unit 1103 configured to acquire vehicle
component information for the vehicle damage image using a pre-trained component model, the
vehicle component information including component object detection information and component
segmentation information, the component object detection information including a detected first
component;

[0320] a comprehensive feature generation unit 1104 configured to generate a first
comprehensive feature for the first component based on the damage object detection information
and the vehicle component information, the first comprehensive feature including a component
feature and a fused damage feature of the first component, and the fused damage feature being
obtained by fusing damage features of at least one damage detection frame belonging to the first
component among the plurality of damage detection frames;

[0321] a candidate result determination unit 1105 configured to determine a plurality of
candidate prediction results for the first component, each of the candidate prediction results
including a candidate component category and a candidate damage category;

[0322] a first prediction unit 1106 configured to input the first comprehensive feature and
the plurality of candidate prediction results into a pre-trained first condition prediction model to
obtain a first prediction result, the first prediction result including, for each one of candidate
prediction results, a probability that the candidate damage category thereof is correct;

[0323] a second prediction unit 1107 configured to input the first comprehensive feature
and the plurality of candidate prediction results into a pre-trained second condition prediction
model to obtain a second prediction result, the second prediction result including, for each of the
candidate prediction results, a probability that the candidate component category thereof is correct;

and
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[0324] a result determination unit 1108 configured to determine the component category
of the first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result.

[0325] In an embodiment, the damage information acquisition unit 1102 acquires damage
detection information using a plurality of damage detection models; and accordingly, the damage
detection information includes information of the plurality of damage detection frames from the
plurality of damage detection models respectively.

[0326] According to an embodiment, the component information acquisition unit 1103
acquires vehicle component information for the vehicle damage image by:

[0327] acquiring the component object detection information for the vehicle damage image
using a component detection model, the component object detection information including at least
one component detection frame framing a corresponding component and a predicted component
category corresponding to each component detection frame; and

[0328] acquiring a segmentation result for all components in the vehicle damage image
using a component segmentation model.

[0329] In an embodiment, the component model is implemented based on a convolutional
neural network; accordingly, the comprehensive feature generation unit 1104 may acquire a feature
associated with the first component in the vehicle damage image from a convolutional layer of the
convolutional neural network for use as the component feature of the first comprehensive feature.

[0330] In an embodiment, the comprehensive feature generation unit 1104 generates the
fused damage feature by:

[0331] determining at least one damage detection frame belonging to the first component
based on the damage object detection information and the component segmentation information;

[0332] acquiring the damage features of the at least one damage detection frame; and
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[0333] performing a fusion operation on the damage features of the at least one damage
detection frame to obtain the fused damage feature.

[0334] Further, in an embodiment, the comprehensive feature generation unit 1104
determines at least one damage detection frame belonging to the first component by:

[0335] determining a first region covered by the first component based on the component
segmentation information;

[0336] determining whether the plurality of damage detection frames fall within the first
region based on position information of the plurality of damage detection frames; and

[0337] determining damage detection frames falling within the first region as the at least
one damage detection frame.

[0338] According to an embodiment, for a first damage detection frame included in the at
least one damage detection frame, the comprehensive feature generation unit 1104 can acquire a
corresponding first damage feature thereof by: extracting an image convolutional feature
associated with the first damage detection frame from a convolutional layer of a convolutional
neural network corresponding to the damage detection model.

[0339] Further, in an embodiment, the damage object detection information acquired by
the damage information acquisition unit 1102 further includes a predicted damage category
corresponding to each damage detection frame of the plurality of damage detection frames; in such
a case, the comprehensive feature generation unit 1104 acquiring a first damage feature
corresponding to the first damage detection frame further includes determining a first association
feature based on an association relationship between the first damage detection frame and other
damage detection frames of the plurality of damage detection frames, for use as a portion of the
first damage feature, the association relationship at least including one or more of the following

items: an association relationship among damage detection frame positions, an association
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relationship among predicted damage categories, or an association relationship among frame
contents reflected by the image convolutional feature.

[0340] According to an embodiment, the fusion operation performed by the comprehensive
feature generation unit 1104 may include one or more of the following items: an operation to obtain
a maximum, an operation to obtain a minimum, an operation to obtain an average, an operation to
obtain a sum, or an operation to obtain a median.

[0341] In an embodiment, the component information acquired by the component
information acquisition unit 1103 includes at least one component detection frame framing a
corresponding component and a predicted component category corresponding to each component
detection frame; on this basis, the candidate result determination unit 1105 can acquire a first
predicted component category for the first component, and use the first predicted component
category as the candidate component category.

[0342] In an embodiment, the damage object detection information acquired by the damage
information acquisition unit 1102 includes the predicted damage category corresponding to each
damage detection frame of the plurality of damage detection frames; on this basis, the candidate
result determination unit 1105 can acquire at least one predicted damage category corresponding
to the at least one damage detection frame. The candidate result determination unit 1105 may use
the following item as the candidate damage category:

[0343] the damage category having the highest damage degree among the at least one
predicted damage category; or

[0344] the damage category accounting for the highest proportion among the at least one
predicted damage category.

[0345] According to an implementation, the first condition prediction model used by the
first prediction unit 1106 is trained based on at least one first training sample, the first training

sample includes a first training image and first annotation data, and the first annotation data at least
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include a first damage category tag for a first damaged component in the first training image, where
the first damage category tag is generated based on manually annotated damage annotation data.

[0346] Further, in an embodiment, the first damage category tag is generated by:

[0347] acquiring the manually annotated damage annotation data, the damage annotation
data including a plurality of damage annotation frames annotated in the first training image and a
damage category tag annotated for each of the damage annotation frames;

[0348] acquiring component contour information for the first training image;

[0349] determining at least one damage annotation frame corresponding to the first
damaged component based on the component contour information; and

[0350] using the damage category tag having the highest damage degree among the damage
category tags of the at least one damage annotation frame as the first damage category tag.

[0351] Still further, the component contour information can be acquired based on manually
annotated contour annotation data, or through a component segmentation model.

[0352] According to an implementation, the second condition prediction model used by the
second prediction unit 1107 is trained based on at least one second training sample, the second
training sample includes a second training image and second annotation data, and the second
annotation data at least include a second component category tag manually annotated for a second
damaged component in the second training image.

[0353] In an embodiment, the result determination unit 1108 determines the component
category of the first component and the corresponding damage category thereof by:

[0354] acquiring, for each candidate prediction result, a first probability from the first
prediction result and corresponding to the candidate prediction result, and a second probability
from the second prediction result and corresponding to the candidate prediction result;

[0355] determining a comprehensive correctness probability for each candidate prediction

result based on the first probability and the second probability;
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[0356] selecting at least one prediction result from the plurality of candidate prediction
results based on the comprehensive correctness probability; and

[0357] determining the component category of the first component and the corresponding
damage category based on the candidate component categories and the candidate damage
categories included in the at least one prediction result.

[0358] Further, the candidate result determination unit 1105 can determine a
comprehensive correctness probability for each candidate prediction result by:

[0359] using the maximum of the first probability and the second probability as the
comprehensive correctness probability; or

[0360] using the sum of the first probability and the second probability as the
comprehensive correctness probability; or

[0361] using the product of the first probability and the second probability as the
comprehensive correctness probability.

[0362] In an embodiment, the apparatus 1100 further includes a third prediction unit (not
shown) configured to input the first comprehensive feature and the plurality of candidate prediction
results into a pre-trained third prediction model to obtain a third prediction result, where the third
prediction result includes, for each candidate prediction result, a probability that the candidate
damage category and the candidate component category thereof are both correct.

[0363] In an embodiment, the third prediction model is trained based on at least one third
training sample, the third training sample includes a third training image and third annotation data,
and the third annotation data includes a third component category tag and a third damage category
tag that are manually annotated for a third damaged component in the third training image.

[0364] Accordingly, in an embodiment, the result determination unit 1108 can determine
the component category of the first component and the corresponding damage category thereof

based on the first prediction result, the second prediction result, and the third prediction result.
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[0365] In an embodiment, the result determination unit 1108 can determine the component
category of the first component and the corresponding damage category thereof by:

[0366] acquiring, for each candidate prediction result, a first probability from the first
prediction result and corresponding to the candidate prediction result, a second probability from
the second prediction result and corresponding to the candidate prediction result, and a third
probability from the third prediction result and corresponding to the candidate prediction result;

[0367] determining a comprehensive correctness probability for each candidate prediction
result based on the first probability, the second probability, and the third probability;

[0368] selecting at least one prediction result from the plurality of candidate prediction
results based on the comprehensive correctness probability; and

[0369] determining the component category of the first component and the corresponding
damage category based on the candidate component categories and the candidate damage
categories included in the at least one prediction result.

[0370] In an embodiment, the apparatus may further include a replacement or repair
scheme determination unit (not shown) configured to determine a replacement or repair scheme
for the first component based on the component category of the first component and the
corresponding damage category thereof.

[0371] In another embodiment, an apparatus for assessing vehicle damage is further
provided to assess damage based on a plurality of vehicle damage images. FIG. 12 shows a block
diagram of an apparatus for assessing vehicle damage according to an embodiment. It can be
understood that the apparatus can be deployed in any device, platform, or cluster having computing
and processing capabilities. As shown in FIG. 12, the apparatus 1200 for assessing vehicle damage

includes:
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[0372] an image acquisition unit 1201 configured to acquire a first to-be-identified vehicle
damage image and a second to-be-identified vehicle damage image, the first vehicle damage image
and the second vehicle damage image belonging to the same damage assessment case;

[0373] a damage information acquisition unit 1202 configured to acquire first damage
object detection information for the first vehicle damage image and second damage object
detection information for the second vehicle damage image using a pre-trained damage detection
model, the first damage object detection information including information of a plurality of first
damage detection frames framing a plurality of damage objects in the first vehicle damage image,
and the second damage object detection information including information of a plurality of second
damage detection frames framing a plurality of damage objects in the second vehicle damage
image;

[0374] a component information acquisition unit 1203 configured to acquire first vehicle
component information for the first vehicle damage image and second vehicle component
information for the second vehicle damage image using a pre-trained component model, the first
vehicle component information including first component object detection information and first
component segmentation information, and the second vehicle component information including
second component object detection information and second component segmentation information;

[0375] a common component determination unit 1204 configured to determine a common
first component from the first component object detection information and the second component
object detection information based on an association between the first vehicle damage image and
the second vehicle damage image;

[0376] a comprehensive feature generation unit 1205 configured to generate a first
comprehensive feature for the first component based on the first damage object detection
information, the second damage object detection information, the first vehicle component

information, and the second vehicle component information, the first comprehensive feature
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including a fused component feature and a fused damage feature of the first component, where the
fused component feature is obtained by fusing a first component feature and a second component
feature, the first component feature is generated based on the first vehicle damage image, and the
second component feature is generated based on the second vehicle damage image; the fused
damage feature is obtained by fusing a first damage feature and a second damage feature, the first
damage feature is generated based on damage features of at least one first damage detection frame
belonging to the first component in the first vehicle damage image, and the second damage feature
is generated based on damage features of at least one second damage detection frame belonging to
the first component in the second vehicle damage image;

[0377] a candidate result determination unit 1206 configured to determine a plurality of
candidate prediction results for the first component, each of the candidate prediction results
including a candidate component category and a candidate damage category;

[0378] a first prediction unit 1207 configured to input the first comprehensive feature and
the plurality of candidate prediction results into a pre-trained first condition prediction model to
obtain a first prediction result, the first prediction result including, for each of the candidate
prediction results, a probability that the candidate damage category thereof is correct;

[0379] a second prediction unit 1208 configured to input the first comprehensive feature
and the plurality of candidate prediction results into a pre-trained second condition prediction
model to obtain a second prediction result, the second prediction result including, for each of the
candidate prediction results, a probability that the candidate component category thereof is correct;
and

[0380] a result determination unit 1210 configured to determine the component category
of the first component and the corresponding damage category thereof at least based on the first

prediction result and the second prediction result.
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[0381] In an embodiment, the apparatus 1200 further includes a third prediction unit 1209
(shown by a dashed line) configured to input the first comprehensive feature and the plurality of
candidate prediction results into a pre-trained third prediction model to obtain a third prediction
result, where the third prediction result includes, for each candidate prediction result, a probability
that the candidate damage category and the candidate component category thereof are both correct.

[0382] Accordingly, the result determination unit 1210 can be configured to determine the
component category of the first component and the corresponding damage category thereof based
on the first prediction result, the second prediction result, and the third prediction result.

[0383] A component category and an overall damage category of a vehicle are predicted
and determined by the apparatus based on a to-be-identified vehicle damage image, to implement
smart damage assessment.

[0384] According to another embodiment, a computer-readable storage medium is further
provided, storing a computer program thereon, where the computer program, when executed in a
computer, causes the computer to execute the method described in FIG. 2 and FIG. 10.

[0385] According to still another embodiment, a computing device is further provided,
including a memory and a processor, where the memory stores executable codes, and the processor,
when executing the executable codes, implements the method described in FIG. 2 and FIG. 10.

[0386] As will be appreciated by those skilled in the art, in one or more of the above
embodiments, the functions described in the present disclosure may be implemented using
hardware, software, firmware, or any combination thereof. When the functions are implemented
by software, the functions may be stored in a computer-readable medium or transmitted as one or
more instructions or codes on a computer-readable medium.

[0387] The above specific embodiments describe the objectives, technical solutions, and
beneficial effects of the present invention in detail. It should be understood that the descriptions

are merely specific embodiments of the present invention and are not intended to limit the scope
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of protection of the present invention. Any modifications, equivalent replacements, improvements,
or the like made on the basis of the technical solutions of the present invention should be included

within the scope of protection of the present invention.
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CLAIMS

1. A computer-executed method for assessing vehicle damage, comprising:

acquiring a to-be-identified vehicle damage image;

acquiring damage object detection information using a pre-trained damage detection model,
the damage object detection information comprising information of a plurality of damage detection
frames framing a plurality of damage objects in the vehicle damage image;

acquiring vehicle component information for the vehicle damage image using a pre-trained
component model, the vehicle component information comprising component object detection
information and component segmentation information, the component object detection information
comprising a detected first component;

generating a first comprehensive feature for the first component based on the damage object
detection information and the vehicle component information, the first comprehensive feature
comprising a component feature and a fused damage feature of the first component, the fused
damage feature being obtained by fusing damage features of at least one damage detection frame
belonging to the first component among the plurality of damage detection frames;

determining a plurality of candidate prediction results for the first component, each of the
candidate prediction results comprising a candidate component category and a candidate damage
category,

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained first condition prediction model to obtain a first prediction result, the first prediction
result comprising, for each of the candidate prediction results, a probability that the candidate
damage category thereof is correct;

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained second condition prediction model to obtain a second prediction result, the second
prediction result comprising, for each of the candidate prediction results, a probability that the

candidate component category thereof is correct; and
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determining the component category of the first component and the corresponding damage

category thereof at least based on the first prediction result and the second prediction result.

2. The method according to claim 1, wherein the damage detection model comprises a
plurality of damage detection models, and the damage detection information comprises
information of the plurality of damage detection frames from the plurality of damage detection

models.

3. The method according to claim 1, wherein acquiring vehicle component information for
the vehicle damage image using a pre-trained component model comprises:

acquiring the component object detection information for the vehicle damage image using a
component detection model, the component object detection information comprising at least one
component detection frame framing a corresponding component and a predicted component
category corresponding to each component detection frame; and

acquiring a segmentation result for all components in the vehicle damage image using a

component segmentation model.

4. The method according to claim 1, wherein the component model is implemented based on
a convolutional neural network; and

generating a first comprehensive feature for the first component based on the damage object
detection information and the vehicle component information comprises:

acquiring a feature associated with the first component in the vehicle damage image from a

convolutional layer of the convolutional neural network for use as the component feature.
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5. The method according to claim 1, wherein generating a first comprehensive feature for the
first component based on the damage object detection information and the vehicle component
information comprises:

determining the at least one damage detection frame belonging to the first component based
on the damage object detection information and the component segmentation information;

acquiring the damage features of the at least one damage detection frame; and

performing a fusion operation on the damage features of the at least one damage detection

frame to obtain the fused damage feature.

6. The method according to claim 5, wherein determining the at least one damage detection
frame belonging to the first component comprises:

determining a first region covered by the first component based on the component
segmentation information;

determining whether the plurality of damage detection frames fall within the first region based
on position information of the plurality of damage detection frames; and

determining a damage detection frame falling within the first region as the at least one damage

detection frame.

7. The method according to claim 5, wherein the at least one damage detection frame
comprises a first damage detection frame; and

acquiring the damage features of the at least one damage detection frame comprises acquiring
a first damage feature corresponding to the first damage detection frame, which comprises
extracting an image convolutional feature associated with the first damage detection frame from a
convolutional layer of a convolutional neural network corresponding to the damage detection

model.
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8. The method according to claim 7, wherein the damage object detection information
comprises a predicted damage category corresponding to each damage detection frame of the
plurality of damage detection frames; and

acquiring a first damage feature corresponding to the first damage detection frame further
comprises determining a first association feature based on an association relationship between the
first damage detection frame and other damage detection frames of the plurality of damage
detection frames for use as a portion of the first damage feature, the association relationship at least
comprising one or more of: an association relationship among damage detection frame positions,
an association relationship among predicted damage categories, or an association relationship

among frame contents reflected by the image convolutional feature.

9. The method according to claim 5, wherein the fusion operation comprises one or more of’
an operation to obtain a maximum, an operation to obtain a minimum, an operation to obtain an

average, an operation to obtain a sum, or an operation to obtain a median.

10. The method according to claim 1, wherein the component object detection information
comprises at least one component detection frame framing a corresponding component and a
predicted component category corresponding to each component detection frame; and

determining a plurality of candidate prediction results for the first component comprises:

acquiring a first predicted component category for the first component, and using the first

predicted component category as the candidate component category.

11. The method according to claim 1 or 10, wherein the damage object detection information
comprises a predicted damage category corresponding to each damage detection frame of the
plurality of damage detection frames; and

determining a plurality of candidate prediction results for the first component comprises:
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acquiring at least one predicted damage category corresponding to at least one damage
detection frame; and

using, as the candidate damage category, one of:

the damage category having the highest damage degree among the at least one predicted
damage category; or

the damage category accounting for the highest proportion among the at least one predicted

damage category.

12. The method according to claim 1, wherein the first condition prediction model is trained
based on at least one first training sample, the first training sample comprises a first training image
and first annotation data, and the first annotation data at least comprise a first damage category tag
for a first damaged component in the first training image, wherein the first damage category tag is

generated based on manually annotated damage annotation data.

13. The method according to claim 12, wherein the first damage category tag is generated by:

acquiring the manually annotated damage annotation data, the damage annotation data
comprising a plurality of damage annotation frames annotated in the first training image and a
damage category tag annotated for each of the damage annotation frames;

acquiring component contour information for the first training image;

determining at least one damage annotation frame corresponding to the first damaged
component based on the component contour information; and

using the damage category tag having the highest damage degree among the damage category

tags corresponding to the at least one damage annotation frame as the first damage category tag.

14. The method according to claim 13, wherein acquiring component contour information for

the first training image comprises:

74



10

15

20

25

WO 2020/139743 PCT/US2019/067765

acquiring the component contour information based on manually annotated contour
annotation data; or

acquiring the component contour information through a component segmentation model.

15. The method according to claim 1, wherein the second condition prediction model is
trained based on at least one second training sample, the second training sample comprises a second
training image and second annotation data, and the second annotation data at least comprises a
second component category tag manually annotated for a second damaged component in the

second training image.

16. The method according to claim 1, wherein determining the component category of the
first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result comprises:

acquiring, for each candidate prediction result, a first probability from the first prediction
result and corresponding to the candidate prediction result, and a second probability from the
second prediction result and corresponding to the candidate prediction result;

determining a comprehensive correctness probability for each candidate prediction result
based on the first probability and the second probability;

selecting at least one prediction result from the plurality of candidate prediction results based
on the comprehensive correctness probability; and

determining the component category of the first component and the corresponding damage
category thereof based on the candidate component categories and the candidate damage categories

comprised in the at least one prediction result.

17. The method according to claim 16, wherein determining a comprehensive correctness

probability for each candidate prediction result comprises:
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using the maximum of the first probability and the second probability as the comprehensive
correctness probability; or

using the sum of the first probability and the second probability as the comprehensive
correctness probability; or

using the product of the first probability and the second probability as the comprehensive

correctness probability.

18. The method according to claim 1, further comprising:

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained third prediction model to obtain a third prediction result, the third prediction result
comprising, for each of the candidate prediction results, a probability that the candidate damage

category and the candidate component category thereof are both correct.

19. The method according to claim 18, wherein the third prediction model is trained based on
at least one third training sample, the third training sample comprising a third training image and
third annotation data, and the third annotation data comprising a third component category tag and
a third damage category tag that are manually annotated for a third damaged component in the

third training image.

20. The method according to claim 18, wherein determining the component category of the
first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result comprises:

determining the component category of the first component and the corresponding damage
category thereof based on the first prediction result, the second prediction result, and the third

prediction result.
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21. The method according to claim 20, wherein determining the component category of the
first component and the corresponding damage category thereof based on the first prediction result,
the second prediction result, and the third prediction result comprises:

acquiring, for each candidate prediction result, a first probability from the first prediction
result and corresponding to the candidate prediction result, a second probability from the second
prediction result and corresponding to the candidate prediction result, and a third probability from
the third prediction result and corresponding to the candidate prediction result;

determining a comprehensive correctness probability for each candidate prediction result
based on the first probability, the second probability, and the third probability;

selecting at least one prediction result from the plurality of candidate prediction results based
on the comprehensive correctness probability; and

determining the component category of the first component and the corresponding damage
category based on the candidate component categories and the candidate damage categories

included in the at least one prediction result.

22. The method according to claim 1, further comprising:
determining a replacement or repair scheme for the first component based on the component

category of the first component and the corresponding damage category thereof.

23. A computer-executed method for assessing vehicle damage, comprising:

acquiring a first to-be-identified vehicle damage image and a second to-be-identified vehicle
damage image, the first vehicle damage image and the second vehicle damage image belonging to
the same damage assessment case;

acquiring first damage object detection information for the first vehicle damage image and
second damage object detection information for the second vehicle damage image using a pre-

trained damage detection model, the first damage object detection information comprising
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information of a plurality of first damage detection frames framing a plurality of damage objects
in the first vehicle damage image, and the second damage object detection information comprising
information of a plurality of second damage detection frames framing a plurality of damage objects
in the second vehicle damage image;

acquiring first vehicle component information for the first vehicle damage image and second
vehicle component information for the second vehicle damage image using a pre-trained
component model, the first vehicle component information comprising first component object
detection information and first component segmentation information, and the second vehicle
component information comprising second component object detection information and second
component segmentation information;

determining a common first component from the first component object detection information
and the second component object detection information based on an association between the first
vehicle damage image and the second vehicle damage image;

generating a first comprehensive feature for the first component based on the first damage
object detection information, the second damage object detection information, the first vehicle
component information, and the second vehicle component information, the first comprehensive
feature comprising a fused component feature and a fused damage feature of the first component,
wherein the fused component feature is obtained by fusing a first component feature and a second
component feature, the first component feature being generated based on the first vehicle damage
image, and the second component feature being generated based on the second vehicle damage
image; and the fused damage feature is obtained by fusing a first damage feature and a second
damage feature, the first damage feature being generated based on damage features of at least one
first damage detection frame belonging to the first component in the first vehicle damage image,
and the second damage feature being generated based on damage features of at least one second

damage detection frame belonging to the first component in the second vehicle damage image;
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determining a plurality of candidate prediction results for the first component, each of the
candidate prediction results comprising a candidate component category and a candidate damage
category,

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained first condition prediction model to obtain a first prediction result, the first prediction
result comprising, for each of the candidate prediction results, a probability that the candidate
damage category thereof is correct;

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained second condition prediction model to obtain a second prediction result, the second
prediction result comprising, for each of the candidate prediction results, a probability that the
candidate component category thereof is correct; and

determining the component category of the first component and the corresponding damage

category thereof at least based on the first prediction result and the second prediction result.

24. The method according to claim 23, further comprising:

inputting the first comprehensive feature and the plurality of candidate prediction results into
a pre-trained third prediction model to obtain a third prediction result, the third prediction result
comprising, for each of the candidate prediction results, a probability that the candidate damage

category and the candidate component category thereof are both correct.

25. The method according to claim 24, wherein determining the component category of the
first component and the corresponding damage category thereof at least based on the first
prediction result and the second prediction result comprises:

determining the component category of the first component and the corresponding damage
category thereof based on the first prediction result, the second prediction result, and the third

prediction result.
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26. The method according to claim 25, wherein determining the component category of the
first component and the corresponding damage category thereof based on the first prediction result,
the second prediction result, and the third prediction result comprises:

establishing a decision tree model by using the first condition prediction model, the second
condition prediction model, and the third prediction model as tree nodes, and determining the
component category of the first component and the corresponding damage category thereof using

the decision tree model.

27. The method according to claim 26, wherein the decision tree model is trained using a

damage assessment form of a damage assessment case as annotation data.

28. An apparatus for assessing vehicle damage, comprising:

an image acquisition unit configured to acquire a to-be-identified vehicle damage image;

a damage information acquisition unit configured to acquire damage object detection
information using a pre-trained damage detection model, the damage object detection information
comprising information of a plurality of damage detection frames framing a plurality of damage
objects in the vehicle damage image;

a component information acquisition unit configured to acquire vehicle component
information for the vehicle damage image using a pre-trained component model, the vehicle
component information comprising component object detection information and component
segmentation information, the component object detection information comprising a detected first
component;

a comprehensive feature generation unit configured to generate a first comprehensive feature
for the first component based on the damage object detection information and the vehicle

component information, the first comprehensive feature comprising a component feature and a
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fused damage feature of the first component, and the fused damage feature being obtained by fusing
damage features of at least one damage detection frame belonging to the first component among
the plurality of damage detection frames;

a candidate result determination unit configured to determine a plurality of candidate
prediction results for the first component, each of the candidate prediction results comprising a
candidate component category and a candidate damage category;

a first prediction unit configured to input the first comprehensive feature and the plurality of
candidate prediction results into a pre-trained first condition prediction model to obtain a first
prediction result, the first prediction result comprising, for each of the candidate prediction results,
a probability that the candidate damage category thereof is correct;

a second prediction unit configured to input the first comprehensive feature and the plurality
of candidate prediction results into a pre-trained second condition prediction model to obtain a
second prediction result, the second prediction result comprising, for each of the candidate
prediction results, a probability that the candidate component category thereof is correct; and

a result determination unit configured to determine the component category of the first
component and the corresponding damage category thereof at least based on the first prediction

result and the second prediction result.

29. The apparatus according to claim 28, further comprising:

a third prediction unit configured to input the first comprehensive feature and the plurality of
candidate prediction results into a pre-trained third prediction model to obtain a third prediction
result, the third prediction result comprising, for each of the candidate prediction results, a
probability that the candidate damage category and the candidate component category thereof are

both correct.
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30. The apparatus according to claim 29, wherein the result determination unit is configured
to determine the component category of the first component and the corresponding damage
category thereof based on the first prediction result, the second prediction result, and the third

prediction result.

31. An apparatus for assessing vehicle damage, comprising:

an image acquisition unit configured to acquire a first to-be-identified vehicle damage image
and a second to-be-identified vehicle damage image, the first vehicle damage image and the second
vehicle damage image belonging to the same damage assessment case;

a damage information acquisition unit configured to acquire first damage object detection
information for the first vehicle damage image and second damage object detection information
for the second vehicle damage image using a pre-trained damage detection model, the first damage
object detection information comprising information of a plurality of first damage detection frames
framing a plurality of damage objects in the first vehicle damage image, and the second damage
object detection information comprising information of a plurality of second damage detection
frames framing a plurality of damage objects in the second vehicle damage image;

a component information acquisition unit configured to acquire first vehicle component
information for the first vehicle damage image and second vehicle component information for the
second vehicle damage image using a pre-trained component model, the first vehicle component
information comprising first component object detection information and first component
segmentation information, and the second vehicle component information comprising second
component object detection information and second component segmentation information;

a common component determination unit configured to determine a common first component
from the first component object detection information and the second component object detection
information based on an association between the first vehicle damage image and the second vehicle

damage image;
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a comprehensive feature generation unit configured to generate a first comprehensive feature
for the first component based on the first damage object detection information, the second damage
object detection information, the first vehicle component information, and the second vehicle
component information, the first comprehensive feature comprising a fused component feature and
a fused damage feature of the first component, wherein the fused component feature is obtained by
fusing a first component feature and a second component feature, the first component feature is
generated based on the first vehicle damage image, and the second component feature is generated
based on the second vehicle damage image; and the fused damage feature is obtained by fusing a
first damage feature and a second damage feature, the first damage feature is generated based on
damage features of at least one first damage detection frame belonging to the first component in
the first vehicle damage image, and the second damage feature is generated based on damage
features of at least one second damage detection frame belonging to the first component in the
second vehicle damage image;

a candidate result determination unit configured to determine a plurality of candidate
prediction results for the first component, each of the candidate prediction results comprising a
candidate component category and a candidate damage category;

a first prediction unit configured to input the first comprehensive feature and the plurality of
candidate prediction results into a pre-trained first condition prediction model to obtain a first
prediction result, the first prediction result comprising, for each of the candidate prediction results,
a probability that the candidate damage category thereof is correct;

a second prediction unit configured to input the first comprehensive feature and the plurality
of candidate prediction results into a pre-trained second condition prediction model to obtain a
second prediction result, the second prediction result comprising, for each of the candidate

prediction results, a probability that the candidate component category thereof correct; and
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a result determination unit configured to determine the component category of the first
component and the corresponding damage category thereof at least based on the first prediction

result and the second prediction result.

32. The apparatus according to claim 31, further comprising:

a third prediction unit configured to input the first comprehensive feature and the plurality of
candidate prediction results into a pre-trained third prediction model to obtain a third prediction
result, the third prediction result comprising, for each of the candidate prediction results, a
probability that the candidate damage category and the candidate component category thereof are

both correct.

33. The apparatus according to claim 32, wherein the result determination unit is configured
to determine the component category of the first component and the corresponding damage
category thereof based on the first prediction result, the second prediction result, and the third

prediction result.

34. A computing device comprising a memory and a processor, wherein the memory stores

executable codes, and the processor, when executing the executable codes, implements the method

according to any one of claims 1-27.
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