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RECOGNITION OF VEHICLE PARTS BASED ON A
NEURAL NETWORK

Inventor: Qingpei Guo

BACKGROUND

Field
[0001] This disclosure is generally related to the technical field of artificial intelligence
and machine learning. More specifically, this disclosure is related to a method and system for

facilitating recognition of vehicle parts based on a neural network.

Related Art

[0002] In conventional vehicle damage assessment approaches, a vehicle insurance
company can send a professional (such as an insurance adjuster) to conduct a manual on-site
survey and determine a repair plan for a damaged vehicle. After the professional captures images
of the damaged vehicle, these “captured images” can be compared against similar images in a
library or database of images. The library can include images of damaged vehicle parts, which
were previously captured from other images of other damaged vehicles (“library images™). In a
conventional vehicle damage assessment approach, a system can determine the damage
assessment result of the damaged vehicle based on the comparison of the captured images with
the library images.

[0003] However, conducting a manual survey and determining a repair plan based on the
comparison of the captured images against library images can result in a long processing time,
and can incur a significant cost in manpower and training of professionals. Current approaches
can use image-based artificial intelligence and machine learning in vehicle damages assessment
approaches that may reduce both processing time and labor costs. For example, these approaches
can enable automatic identification of damaged parts and the degree of the damage based on
pictures of a vehicle taken by users at the site of an accident or other incident. In addition, the

on-site pictures of the vehicle can be used by computer-vision image identification technology
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with artificial intelligence to provide a repair solution. Therefore, by automating the survey and
damage assessment approaches, the labor costs incurred by a vehicle insurance company can be
reduced and the vehicle insurance claiming experience of a user can be improved.

[0004] While using the automated survey and damage assessment approach can result in
some benefits, some challenges still remain in providing accurate identification or recognition of

vehicle parts and the degree of damage of those parts.

SUMMARY

[0005] One embodiment facilitates a computer system for recognizing parts of a vehicle.
During operation, the system generates a convolution feature map of an image of the vehicle.
The system determines, based on the convolution feature map, one or more proposed regions,
wherein a respective proposed region corresponds to a target of a respective vehicle part. The
system determines a class and a bounding box of a first vehicle part corresponding to a first
proposed region based on a feature of the first proposed region. The system optimizes classes
and bounding boxes of the vehicle parts based on correlated features of the corresponding
proposed regions. The system generates a result which indicates a list including an insurance
claim item and corresponding damages based on the optimized classes and bounding boxes of the
vehicle parts.

[0006] In some embodiments, determining the one or more proposed regions is
performed by a fully convolutional network. Determining the one or more proposed regions
comprises: performing, for a plurality of convolutional mapping positions, a convolutional
operation for a respective convolutional mapping position with a sliding window in the
convolution feature map; obtaining a feature vector of the respective convolutional mapping
position; predicting whether the respective convolutional mapping position comprises a
foreground target with respect to a plurality of predetermined anchors based on the feature vector
of the respective convolutional mapping position; and predicting a border of a proposed region in
the respective convolutional mapping position that corresponds to each anchor.

[0007] In some embodiments, the correlated features of the corresponding proposed
regions include one or more of: a size of a respective proposed region; a position relationship
between the proposed regions; a distance between the proposed regions; and an intersection-over-
union ratio of the proposed regions.

[0008] In some embodiments, prior to optimizing the classes and the bounding boxes of
the vehicle parts based on the correlated features of the corresponding proposed regions: the
system obtains the classes and the bounding boxes of the vehicle parts corresponding to the

proposed regions; and the system extracts the correlated features of the proposed regions.
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[0009] In some embodiments, the system determines an energy function and a
corresponding probability function of the conditional random field. The system solves the
energy function while minimizing the probability function. The energy function comprises: a
data term which is based on a probability of each proposed region belonging to each class; and a
smoothing term which is based on the correlated features of the proposed regions.

[0010] In some embodiments, optimizing the classes and bounding boxes of the vehicle
parts is performed by a recurrent neural network. The system solves the energy function while
minimizing the probability function by performing multiple iterative operations through the
recurrent neural network to obtain an approximation of the probability function. An iterative
operation comprises updating the probability of each proposed region belonging to each class
based on a pre-trained compatibility matrix. The pre-trained compatibility matrix indicates a
probability of compatibility between the classes of the vehicle.

[0011] In some embodiments, parameters used to perform the method are jointly trained
from end to end based on training samples.

[0012] In some embodiments, the parameters which are jointly trained from end to end
are trained by the following operations. The system inputs the training samples into a
convolution module, wherein the training samples indicate corresponding classes and bounding
boxes. The system obtains a prediction result based on the classes and the bounding boxes
optimized by the conditional random field module, wherein the prediction result comprises
predicted classes and predicted bounding boxes of a plurality of target regions. The system
determines a prediction error for the target regions based on the prediction result and the
corresponding classes and bounding boxes indicated by the training samples. The system
determines a loss function based on the prediction error, wherein the loss function comprises a
cross term of the prediction error for the target regions. The system counter-propagates the
prediction error based on the loss function by counter-propagating the prediction error of a first
target region to a set of target regions correlated with the first target region.

[0013] One embodiment facilitates a computer system for recognizing parts of a vehicle.
The system comprises a convolution module, a region proposal module, a classification module,
a conditional random field module, and a reporting module. The convolution module is
configured to generate a convolution feature map of an image of the vehicle. The region
proposal module is configured to determine, based on the convolution feature map, one or more
proposed regions, wherein a respective proposed region corresponds to a target of a respective
vehicle part. The classification module is configured to determine a class and a bounding box of
a first vehicle part corresponding to a first proposed region based on a feature of the first

proposed region. The conditional random field module is configured to: optimize classes and
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bounding boxes of the vehicle parts based on correlated features of the corresponding proposed
regions; and output on a display screen the image with annotations indicating the optimized
classes and bounding boxes of the vehicle parts. The reporting module is configured to generate,
based on the image with annotations, a report which indicates a degree of damage to a respective

vehicle part.

BRIEF DESCRIPTION OF THE FIGURES

[0014] FIG. 1 illustrates an exemplary environment for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application.

[0015] FIG. 2 illustrates an exemplary structure or neural network system for facilitating
recognition of vehicle parts, in accordance with an embodiment of the present application.

[0016] FIG. 3 illustrates an exemplary structure of a region proposal module or network
for facilitating recognition of vehicle parts, in accordance with an embodiment of the present
application.

[0017] FIG. 4 illustrates a diagram of exemplary anchors in nine sizes, in accordance
with an embodiment of the present application.

[0018] FIG. 5 illustrates an exemplary method for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application.

[0019] FIG. 6A illustrates an exemplary method for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application.

[0020] FIG. 6B illustrates an exemplary method for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application.

[0021] FIG. 7 illustrates an exemplary computer system for facilitating recognition of
vehicle parts, in accordance with an embodiment of the present application.

[0022] FIG. 8 illustrates an exemplary apparatus for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application.

[0023] In the figures, like reference numerals refer to the same figure elements.

DETAILED DESCRIPTION
[0024] The following description is presented to enable any person skilled in the art to
make and use the embodiments, and is provided in the context of a particular application and its
requirements. Various modifications to the disclosed embodiments will be readily apparent to
those skilled in the art, and the general principles defined herein may be applied to other
embodiments and applications without departing from the spirit and scope of the present

disclosure. Thus, the embodiments described herein are not limited to the embodiments shown,
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but are to be accorded the widest scope consistent with the principles and features disclosed

herein.

Overview

[0025] The embodiments described herein address the challenges of accurately detecting
and identifying vehicle parts by training neural network to recognize vehicle parts and by using a
target detection algorithm with a conditional random field (CRF). This allows information flow
between various proposed target regions of a single vehicle image, which can result in a more
accurate classification of a plurality of parts in the single vehicle image.

[0026] As described above, sending a professional to capture on-site images of a
damaged vehicle and to determine a repair plan may involve subsequently comparing the
captured images with “library images.” The damage assessment result can be based on the
comparison of the captured images with the library images. However, conducting a manual
survey and determining a repair plan based on the comparison of the captured images against
library images can result in a long processing time, and can incur a significant cost in manpower
and training of professionals. Current approaches can use image-based artificial intelligence and
machine learning in vehicle damages assessment approaches that may reduce both processing
time and labor costs. For example, these approaches can enable automatic identification of
damaged parts and the degree of the damage based on pictures of the vehicle taken by users at the
site of an accident or other incident. In addition, the on-site pictures of the vehicle can be used
by computer-vision image identification technology with artificial intelligence to provide a repair
solution. Therefore, by automating the survey and damage assessment approaches, the labor
costs incurred by a vehicle insurance company can be reduced and the vehicle insurance claiming
experience of a user can be improved.

[0027] While using the automated survey and damage assessment approach can result in
some benefits, some challenges still remain in providing accurate identification or recognition of
vehicle parts and the degree of damage of those parts.

[0028] The embodiments described herein address these challenges by providing a
system which can be trained to recognize vehicle parts. The system can be a neural network
which is trained to recognize a plurality of vehicle parts based on a single vehicle image, such
that the system can perform simultaneous detection of multiple vehicle parts (i.e., targets). The
system can be trained by using a sample training set of labeled or annotated vehicle images,
including images of damaged vehicles and images of undamaged vehicles. The labels or
annotations can include both a class of a given part in a vehicle image and a bounding box region

where the given part is located.
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[0029] Once the system has been trained with the sample training set, the system may be
considered a “vehicle parts recognition model.” Using a target detection algorithm, the trained
neural network (or the vehicle parts recognition model) can also use a conditional random field
(CRF) to allow information flow between the proposed regions, which results in an improved and
more accurate classification of the plurality of vehicle parts. Thus, the system can jointly
determine the class of a given vehicle part in a proposed region by combining the correlations
between the various proposed regions, which results in optimizing the accuracy of the result of
recognizing the vehicle part.

[0030] The system can receive as input captured images of vehicles, e.g., images captured
onsite by a user on a mobile device with camera function at the scene of an accident, and output a
vehicle image with annotations indicating the classes and bounding boxes of multiple vehicle
parts in the vehicle image. An exemplary neural network for facilitating recognition of vehicle
parts is described below in relation to FIGs. 1 and 2.

[0031] Furthermore, based on the annotated image output by the system and based on
other annotated images of other vehicle parts, the system can generate a report which indicates a
degree of damage to a specific vehicle part, and, generally, a degree of damage to the vehicle.
This can result in an improved damage assessment approach which reduces the labor costs
incurred by a vehicle insurance company and also increases the efficiency of the user’s
experience in reporting the damages, e.g., in a claims report or subsequent to an accident.
Moreover, the embodiments described herein can provide an improved and more accurate
method of damage assessment by clearly labeling (annotating) the captured image with the class
and bounding boxes, where the annotations of the class and bounding boxes have been optimized
based on the trained neural network model. This can result in a more efficient and accurate
understanding of the degree of damages, which can result in an improved vehicle loss assessment
report.

[0032] The terms “region proposal” and “proposed region” are used interchangeably in
this disclosure, and refer to a potential region in which a target part may be detected and located
(i.e., recognized).

[0033] The terms “module,” “component,” “layer,” and “network layer” are used
interchangeably in this disclosure and refer to a structure or unit which is configured to perform

the methods described herein.

LEIY3 29 6

[0034] The terms “neural network,” “neural network system,” “parts recognition neural
network,” and “parts recognition neutral network model” are used interchangeably in this
disclosure and refer to a model which can be trained using sample images (e.g., supervised data,

labeled data, annotated data with class information and bounding boxes, etc).
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[0035] The terms “parts” and “vehicle parts” are used interchangeably in this disclosure
and refer to one or more parts of a vehicle.

[0036] The terms “class” or “parts class” are used interchangeably in this disclosure and
refer to a category or classification for a part of a vehicle, as determined by the neural network

system described herein.

Exemplary Environment and Structure for Facilitating Recognition of Vehicle Parts

[0037] FIG. 1 illustrates an exemplary environment for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application. Environment 100 can
include: a vehicle 120; a user 102 associated with a computing device 104; a server 106; a server
108; and a server 110 associated with a display 112 and a user 114 (not shown). Computing
device 104 and servers 106-108 can communicate with each other over a network 101. Server
108 can include a parts recognition neural network 160 (or a model 160), which can include a
parts target detection network 162 and a conditional random field (CRF) module 164). Parts
recognition neural network 160 is described below in relation to FIG. 2.

[0038] During operation, server 106 can send training data 126 to server 108 (as training
data 128). Training data 126 can include labeled or annotated vehicle images, including images
of damaged vehicles and images of undamaged vehicles. The labels or annotations can include
both a class of a given part in a vehicle image and a marked bounding box region in which the
given part is located. Server 108 can receive training data 128 and can train parts recognition
neural network 160 (function 129). Upon training model 160, server 108 can receive images
captured on site (such as a captured image 122) and automatically detect and recognize vehicle
parts, which, when combined with damage information, can be used to efficiently generate a
vehicle loss assessment report.

[0039] For example, computing device 104 can include a camera which can capture
images of, e.g., a vehicle 120 which is a damaged vehicle on-site after an accident. Using
computing device 104, user 102 can take a picture of vehicle 120, and user 102 (via computing
device 104) can send a captured image 122 (of vehicle 120) to server 108 as a captured image
124. Upon obtaining captured image 124, server 108 can convolve and process captured image
124, and can generate a convolution feature map (function 130). Server 108 can determine,
based on the convolution feature map, one or more proposed regions, where a proposed region
corresponds to a target of a vehicle part (function 132). Server 108 can determine and optimize
classes and bounding boxes for the vehicle parts (function 134). Subsequently, server 108 can
output on a display screen the image with annotations (e.g., annotated images 148 on display 112

associated with server 110). The image with annotations can indicate the optimized classes and
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bounding boxes of the vehicle parts (function 136). Server 108 can generate, based on the image
with annotations, a report which indicates a degree of damage to a respective vehicle part (e.g., a
vehicle loss assessment report) (function 138). The generated report can indicate a degree of
damage to the detected and identified vehicle parts, and can also provide a repair plan for the
damaged vehicle parts. The generated report can include, e.g., information about the detected
and identified parts and a repair plan for fixing those parts.

[0040] Server 108 can send an annotated image 140 and a report 142 back to computing
device 104 (as an annotated image 144 and a report 146), which can be used to display various
items and images on a display screen of computing device 104, e.g., based on specific application
scenarios.

[0041] In addition, server 110 can send a request 140 to server 108. Request 140 can be,
e.g.: arequest for all vehicle loss assessment reports generated within a predetermined period of
time; a request for a vehicle loss assessment report or a repair plan specific to a particular user,
time, or time interval; a request for information about parts relating to a particular vehicle or user
or captured image. Server 108 can receive request 140 as a request 142, and, subsequent to
performing functions 130-138 (as described above), server 108 can send annotated image 140
and report 142 back to server 110 (as an annotated image 148 and a report 150). Upon receiving
annotated image 148 and report 150, server 110 can display, on its display 112, annotated image
148 of previously captured image 122. Annotated image 148 can indicate the optimized classes
and bounding boxes of a plurality of vehicle parts of the vehicle in captured image 122. As
described above, computing device 104 can also display, on its respective display screen,
annotated image 144 and report 146.

[0042] Server 110 may also receive annotated image 148 and report 150 automatically,
e.g., at a predetermined time or time interval and/or without first sending request 140. A user
114 (not shown) associated with display 112 can view this information on display 112, and can
use the information to conduct further actions, e.g., based on the received information being
integrated into a damage assessment application or program (not shown) running on server 108
or 110.

[0043] FIG. 2 illustrates an exemplary structure or neural network system 200 for
facilitating recognition of vehicle parts, in accordance with an embodiment of the present
application. System 200 can include a convolution module 210, a region proposal module 220, a
classification module 240, and a conditional random field (CRF) module 250. Each module can
be a network layer or a component of the overall neural network system. During operation,

convolution module 210 can receive a vehicle image 202. Convolution module 210 can



10

15

20

25

30

35

WO 2020/047420 PCT/US2019/049082
9

convolve and process vehicle image 202, and generate a convolution feature map 230 of vehicle
image 202 (via a communication 212).

[0044] = Convolution module: Convolution module 210 can be a Convolutional Neural
Network (CNN), which is a network structure frequently adopted in image processing. A CNN
can include a plurality of convolution layers, which are used to convolve and process images. A
convolution core may be utilized to perform a series of operations with respect to each pixel in an
image. The convolution core can be based on a matrix (e.g., a pixel matrix of the image), and
can be a grid structure of a square shape (e.g., a 3x3 matrix or pixel region) where each grid can
have a weighted value. When performing a convolution calculation with respect to an image, the
convolution core can slide on the pixel matrix of the image. For each step of the slide, the
system can perform a multiplication and summation for each element in the convolution core and
the corresponding pixel value. This can result in a new feature value matrix, which can be used
to form the convolution feature map (e.g., convolution feature map 230), which can be
transmitted to a classification module 240 via communications 212 and 232.

[0045] The convolution calculation can also extract the abstract features from the pixel
matrix of the original image. Based on the design of the convolution core, these abstract features
may reflect the overall features of the image, e.g., the line shape, the distribution of color, any
patterns of shading, etc. As described above, convolution module 210 can include one or more
convolution layers, where each convolution layer can perform a convolution processing once
with respect to an image. After the convolution layers have successfully completed performing
their respective convolution processing operations, the system can obtain convolution feature
map 230 which corresponds to vehicle image 202.

[0046] In one example, convolution module 210 can include a plurality of convolution
layers, and can further include at least one Rectified Linear Unit (ReLU) activating layer between
the convolution layers or after certain convolution layers, for non-linear mapping of the output
result of the convolution layers. The result from the non-linear mapping may be input into the
next convolution layer to continue the convolution operation, or may be output as convolution
feature map 230.

[0047] In another example, convolution module 210 can include a plurality of
convolution layers, and can further include a pooling layer between the convolution layers, for a
pooling operation on the output result of the convolution layers. The result from the pooling
operation may be input into the next convolution layer to continue the convolution operation.

[0048] — Region proposal module: Region proposal module 220 can receive

convolution feature map 230 (via a communication 214). Region proposal module 220 can

determine, based on convolution feature map 230, one or more proposed regions, wherein a
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respective proposed region corresponds to a target of a respective vehicle part. That is, a
proposed region is the region where the target in the image could possibly appear. The proposed
region may also be referred to as the region of interest (ROI). The determination of the proposed
regions can provide a basis for the subsequent classification of the targets and the regression of
the bounding boxes. Exemplary proposed regions A, B, and C are indicated on convolution
feature map 230 (via a communication 222).

[0049] Region proposal module 220 can be a fully convolutional network, such as a
region Convolutional Neural Network (R-CNN) and a Fast R-CNN. In order to extract or
determine the proposed regions, the system can adopt a selective search method in both the R-
CNN model and the Fast R-CNN model. The advanced Faster R-CNN model can also be used
for generating or suggesting the proposed regions. As a fully convolutional network, region
proposal module 220 can effectively realize the suggestion and generation of the proposed
regions based on convolution feature map 230 as returned by a basic network (i.e., including the
convolution module 210) and through a full convolution. An exemplary region proposal module
is described below in relation to FIG. 3.

[0050] = Classification module: Classification module 240 can receive convolution

feature map 230 and the generated results from region proposal module 220 based on the
convolution feature map 230, e.g., as input to classification module 240 (via a communication
232). Classification module 240 can determine the class and the bounding box of a respective
vehicle part of the image, for each proposed region and based on a feature of the proposed region
itself.

[0051] Classification module 240 can be a fully connected layer, which carries out the
classification of the part class and bounding box regression based on the feature of the region for
each region input from the previous layer. Specifically, classification module 240 can include a
plurality of classifiers, where each classifier is trained to recognize the different classes of targets
in the proposed regions. In detecting vehicle parts in vehicle image 202, each classifier can be
trained to recognize vehicle parts of different classes, e.g., a bumper, a front door of the vehicle,
an engine hood, a headlight, rear lights, etc. Classification module 240 can also include a
regressor, which can be used for regressing the bounding box corresponding to the recognized
target in order to determine the smallest rectangular region surrounding the recognized target as
the bounding box.

[0052] Convolution module 210, region proposal module 220, and classification module
240 form the main network structure of the Faster R-CNN. Through this network structure, the

system may carry out a preliminary recognition for the input vehicle images (e.g., vehicle image
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202), which results in labeling the class of the part and the bounding box of the region where the
part is located.

[0053] As described herein, classification module 240 can determine the class and
bounding box of the vehicle part in a proposed region based on the feature of each proposed
region itself. In other words, each proposed region is separately considered and independently
processed. For example, given proposed region A as illustrated convolution feature map 230 in
FIG. 2, classification module 240 can extract the feature of proposed region A, and can determine
whether the target in proposed region A is a certain pre-trained part class based on the extracted
feature. Ifitis, the system can output the class label and bounding box of the target in region A
as the predicted result. While performing this determination (e.g., parts detection and
recognition) for proposed region A, the system considers only the feature of proposed region A,
and does not consider the other proposed regions. Thus, the system can output this preliminary
recognition result of the vehicle part through the Faster R-CNN network structure.

[0054] Furthermore, a positional relationship between the parts can determine the mutual
constraint relations between the classes for the parts. By adding a conditional random field
(CRF) module to the neural network of system 200, the system can rectify and optimize the
preliminary recognition result obtained by classification module 240, e.g., by capturing and
processing the associated features between the proposed regions, thereby further increasing the

accuracy of detecting the vehicle parts. The CRF module is described below in further detail.

Conditional Random Field (CRF) Module
[0055] Conditional random field (CRF) module 250 can receive both class and bounding

box 242 from classification module 240 and can extract correlated features 234 from convolution
feature map 230. Correlated features 234 include the associated relations of the plurality of
proposed regions from convolution feature map 230. This allows conditional random field
module 250 to establish a random field between the parts, which allows the information between
the various proposed regions to mutually flow. The class of a given proposed region may be
jointly determined based on the features of the surrounding proposed regions, which can result in
rectifying and optimizing the part class result of each proposed region.

[0056] Specifically, the conditional random field (CRF) can be a probability model of an
undirected graph, with the vertex representing a variable, and the edge between the vertexes
representing the dependent relationship between two variables. An overall normalization may be
carried out for all the variable features to obtain an overall optimization.

[0057] In the image processing field, the CRF may be used for semantic segmentation of

the images. An image may be considered as a set of pixels, and a segmentation of the image can
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be used to determine the class label to which each pixel belongs. The image may be mapped to
an undirected graph, with each vertex of the image model corresponding to one pixel. In
performing segmentation of the image, a hidden variable Xi may be defined as the classification
label of pixel 7, and its value range can the semantic label L= {/1, 12, [3...... }to be classified. Yi
may be defined as an observed value of each random variable Xi, which is the color value of each
pixel. An energy function E(x) and a corresponding probability function P of the CRF are
defined based on these terms.

[0058] The energy function of image segmentation can include a data term and a
smoothing term. The data term can be based on the probability of each pixel belonging to each
class, and the smoothing term can be based on the energy between the pixel pairs, e.g., the
difference of grey scale values and the spatial distance. The purpose of image semantic
segmentation of a conditional random field is to minimize the energy function E(x), which
corresponds to the maximization of posterior probability function P. The class label obtained for
each pixel at this point can correspond to the optimum segmentation result.

[0059] In the embodiments described herein, by applying CRF in image segmentation, a
system for detecting and recognizing vehicle parts can be optimized by using the conditional
random field (CRF) module or component. The essential concept is that when performing image
segmentation, the CRF component may obtain a more accurate pixel level segmentation (i.e.,
which pixel belongs to which class) by: capturing the positional relationship and correlation
between the pixels (represented by the presence of the smoothing term in the energy function);
and utilizing certain information around the pixel.

[0060] Part detection and image segmentation differ in that, for part segmentation the
system must determine which pixel belongs to which part, while for part detection the system
need only determine which region belongs to which part, without the need to know the class for
each pixel. Thus, by applying the method of image segmentation, the system can capture the
correlation between the detection boxes of the region proposals, and can also utilize the features
of the surrounding proposed regions, which can result in more accurately detecting and
determining the class of the parts in each of the proposed regions.

[0061] Thus, when using the CRF component to optimize detection of vehicle parts, the
CRF energy function is defined as described above, e.g., including a data term and smoothing
term, where the data term is based on the probability of each proposed region belonging to each
part class (e.g., from class and bounding box information 242), and where the smoothing term is
based on the correlated features between the various proposed regions (e.g., based on correlated

features 234). The system can determine the probability function of the conditional random field
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based on the energy function, and can obtain the probability of each proposed region of the
energy function belonging to each part class, when the probability function is minimized.

[0062] As an example, the CRF component can realize an update of the parts recognition
result output from the classification regression layer of the Faster R-CNN, for the pre-established
model, and by solving the above-noted probability function and energy function.

[0063] As another example, the CRF component can be realized through a recurrent
neural network (RNN), i.e., a CRF component as a RNN component. Thus, the CRF component
can become a learnable, trainable network component, which may be directly embedded into an
already known network model.

[0064] Specifically, in the CRF as RNN model, the energy function E(x) may be defined

as:

Equation (1)

\'". { o3 . . vy . .
¥51%4} {5 the data term which represents the probability of each region proposal xi

wherein

RO}
PRt

belonging to the corresponding part class, and wherein 1l @) is a smoothing term which
represents the correlated feature between the region proposals xi and xj. More specifically, the
smoothing term may be represented as the sum of a plurality of Gaussian functions.

[0065] In one example, the correlated features between the various region proposals can
include one or more of: the size of the proposed region; a positional relationship between the
various proposed regions; a distance between the various proposed regions; and an intersection-
over-union (IoU) ratio between the various proposed regions. The system can determine the
above noted smoothing term based on these correlated features.

[0066] Based on the above noted energy function of Equation (1), the probability

function of the conditional random field (CRF) may be determined as:

YOy A i ¢ Nl Y
X = pl) = Sewpl-Eixll .
b - VT Equation (2)

The minimization with respect to the energy function E(x) in Equation (1) can correspond to the
maximization of posterior probability function P(x), so as to obtain an optimum parts detection
result.

[0067] Because it can be difficult to directly calculate the probability function P(x), the
system can obtain an approximation of P(x) through a probability function Q(x), which can be
more convenient to calculate.

QXY = T QX Formula (3)
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Q(X) may be allowed to be an approximation of P(x) to the largest extent, through the iterative
computation method.

[0068] Due to the time sequence characteristics and memory characteristics of the
recurrent neural network (RNN), an iteration calculation process may be realized through the
network layer in the RNN. The iteration calculation can include multiple iteration operations.
Each iteration operation can include a message delivery, a filter weight output, a conversion of
class compatibility, an addition of a data term, and a normalization of the probability.

[0069] Specifically, under the circumstance when the CRF as RNN component is applied
in the vehicle parts recognition, in the step of converting the class compatibility, the system can
update the probability of each proposed region belonging to each class via a compatibility matrix.
The compatibility matrix may indicate the probability of the compatibility between various
vehicle part classes. For example, if part A is the door handle, and if the adjacent part is a vehicle
door, then the compatibility probability between the two corresponds to a higher value.

However, if part A is the door handle, and if the adjacent part is a bumper, then the compatibility
probability between the two corresponds instead to a low value. The compatibility probability
value in the compatibility matrix may be obtained through pre-training. That is, the positional
relationship and compatibility relationship between various parts in the same vehicle may be
learned through training with a large number of images with marked vehicle parts, and the
learned positional relationship may be represented by the compatibility probability value in the
compatibility matrix.

[0070] Thus, the system can perform a continuous iteration operation for approximation
of the probability function P(x), and can determine the probability of each proposed region
belonging to each corresponding part when the probability function P(x) is maximized. As a
result, the system can optimize the result of the parts detection and recognition.

[0071] In summary, in the embodiments described herein, the system can: establish a
conditional random field (via the CRF component) on the convolution feature map; extract the
correlated features between various proposed regions; allow the flow of energy and feature
information between different proposed regions; and jointly determine the part class of a certain
proposed region based on a plurality of proposed regions. Thus, this can result in optimizing the
result of detecting and recognizing vehicle parts based on a single proposed region independently

in the previous network layer, which in turn can improve the accuracy of parts recognition.

Region Proposal Module and Exemplary Anchors
[0072] FIG. 3 illustrates an exemplary structure of a region proposal module or network

300 for facilitating recognition of vehicle parts, in accordance with an embodiment of the present
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application. Region proposal module 300 can correspond to region proposal module 220 of FIG.
2. Region proposal module 300 can include a convolution processing module 320, a bounding
box classification module 330, and a bounding box prediction module 340. Convolution
processing module 320 can be configured to perform convolutional operator processing with
respect to each convolutional mapping position with a sliding window in the convolution feature
map output from the previous convolution layer. Convolution processing module 320 can further
be configured to obtain a feature vector of each convolution mapping position.

[0073] = Convolution processing module: In convolution processing module 320, a

small network (similar to the convolution core) can be used to perform slide scanning on the
convolution feature map output from the previous convolution layer (e.g., convolution feature
map 230). This sliding window 310 can be in full contact with a box of a certain size on the
feature map each time (similar to the convolution operator), and can then be mapped to a reduced
dimension (i.e., as the feature vector of the center position of this box).

[0074] Region proposal module 300 can use the concept of an “anchor.” As described
herein, the purpose of performing scanning by using the sliding window to slide over each
position is to determine whether a target is present in the receptive field corresponding to the
center of each sliding window. As the sizes and length / width ratios of the targets are different,
boxes of many different sizes may be required. The anchor can provide the size of a standard
box, and the system can obtain boxes of different sizes based on the multiplied times (sizes) and
the length / width ratios. One example can be seen in setting the size of the standard box as 16,
and using boxes of three multiplied times (8, 16 and 32) and based on three ratios (0.5, 1 and 2).
This can result in a total of nine anchors of different sizes (such as anchors 314), as described
below in relation to FIG. 4.

[0075] FIG. 4 illustrates a diagram of exemplary anchors 400 in nine sizes, in accordance
with an embodiment of the present application. Note that in order to clearly illustrate the anchors
of various sizes, the centers of the anchors depicted in FIG. 4 do not correspond to the same
position.

[0076] Each anchor (e.g., 412-416, 422-426, and 432-436) can correspond to a box of a
different size in the original image, while the sliding window for performing the convolution
calculation can act upon the convolution feature map. Each convolution mapping position
(depending on the times of the convolution processing and the size of the convolution core in
each processing) of the convolution feature map can correspond to a bigger region in the original
image. For example, an entire region 402 may act upon the pixel region of the original image
corresponding to one sliding window on the convolution feature map, and the anchors can be the

boxes of various sizes (e.g., 412-416, 422-426, and 432-436) marked with bounding boxes that
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adopt the position on the original image corresponding to the center point of the sliding window
(convolution core) as the center.

[0077] The system can perform processing with the sliding window by sliding across
each position to obtain the feature vector corresponding to each position. The system can input
the feature vector into bounding box classification module 330 and bounding box prediction
module 340 (via, respectively, communications 322 and 324).

[0078] — _Bounding box classification module: Returning to FIG. 3, bounding box

classification module 330 can be configured to predict whether each position constitutes or
includes a foreground target with respect to the various predetermined anchor points based on the
feature vector of each convolutional mapping position. Bounding box classification module 330
can output an objectness score of a certain anchor with respect to each convolutional mapping
position, where the objectness score can indicate the probability of the current anchor being the
foreground target with respect to a given convolutional mapping position. The objectness score
may be used for distinguishing whether the given convolutional mapping position is or is not the
target, rather than as a classification of the target itself.

[0079] — Bounding box prediction module: Bounding box prediction module 340 can

be configured to predict the border of the region in each position that corresponds to each anchor.
Bounding box prediction module 340 can output the regression borders of a plurality of proposed
regions of various sizes and length / width ratios at each given convolutional mapping position.
Therefore, in FIG. 4, given nine anchors of different sizes, for each position, bounding box
prediction module 340 can output nine regression borders.

[0080] By combining the results of both bounding box classification module 330 and
bounding box prediction module 340, region proposal module 300 of FIG. 3 (i.e., region proposal
module 220 of FIG. 2) can directly generate a plurality of proposed regions with the vehicle parts

as the potential targets based on convolution feature map 230.

End to End Joint Training
[0081] As described above in relation to FIG. 2, the neural network system for parts

detection and recognition is jointly formed by convolution module 210, region proposal module
220, and classification module 240, as well as conditional random field (CRF) module 250.
These modules can each be a network portion, such that the overall neural network system can
include a plurality of network portions. A network portion, e.g., the CRF module, can act as a
sub-network of the overall neural network system. Furthermore, a network portion may be

trained independently to determine the parameters for the model.
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[0082] The system can jointly train the multiple network portions in the neural network
system, e.g., by an end to end training with respect to the entire neural network system.
Specifically, the joint training from end to end may be carried out through the following method.
Training samples can be input into the entire neural network system. A training sample may be
an image containing the vehicle parts, where the vehicle parts may have labeled classes and
bounding boxes as the ground truth. Convolution module 210 can perform convolution
processing on the training sample to obtain the convolution feature map. Region proposal
module 220 can determine one or more proposed regions based on the convolution feature map.
For all the proposed regions, based on a feature of a respective proposed region, classification
module 240 can process the respective proposed region to determine a preliminary class and a
preliminary bounding box of a vehicle part corresponding to the respective proposed region.
Subsequently, conditional random field (CRF) module 250 can optimize the preliminary result
and output the prediction result of the entire network, where the prediction result includes the
predicted part classes and predicted bounding boxes of a plurality of target regions.

[0083] The system can determine the prediction error of the various target regions based
on the predicted result of the network and the ground truth of the training samples (e.g., the part
class label and the bounding box label). The system can determine the loss function based on the
prediction error. In one example, the loss function includes an intersection term of the prediction
error of a plurality of target regions. This corresponds to the prediction result of a certain
proposed region, which prediction result is determined based on the correlated features (after
establishing correlations between a plurality of proposed regions in the CRF module).

[0084] The system can counter-propagate the prediction error based on the loss function,
so as to adjust and determine the parameters of the network in the neural network system.
Because the loss function can include the intersection term of the prediction error of a plurality of
target regions, when a gradient counter-propagation of the error is carried out, the system can
counter-propagate the prediction error of a certain target region to the other target regions related
to this target region, thereby optimizing the network parameters relevant to the computing of the
correlated features of the proposed regions.

[0085] Thus, training the system in this manner can result in a deep learning neural
network system. This neural network system may simultaneously detect and recognize a
plurality of vehicle parts contained in the image, based on a single vehicle image. By using the
conditional random field (CRF) and by performing the detection of the parts based on the
correlated features between the various proposed regions, the system can take into account the
constraint positional relationship between the unique parts of the vehicle in the detection process,

which can result in a more accurate detection result.
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Exemplary Method for Facilitating Recognition of Vehicle Parts

[0086] FIG. 5 illustrates an exemplary method 500 for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application. During operation, the
system obtains an image of a vehicle (operation 502). The image can be captured by a user of a
mobile device with a camera, and the image can be of a damage vehicle at the site of an accident.
The system generates a convolution feature map of the image of the vehicle (operation 504). The
system determines, based on the convolution feature map, one or more proposed regions, wherein
a respective proposed region corresponds to a target of a respective vehicle part (operation 506).
The system determines a class and a bounding box of a first vehicle part corresponding to a first
proposed region based on a feature of the first proposed region (operation 508). The system
optimizes classes and bounding boxes of the vehicle parts based on correlated features of the
corresponding proposed regions (operation 510). The system generates a result which indicates a
list including an insurance claim item and corresponding damages based on the optimized classes
and bounding boxes of the vehicle parts (operation 512). The system can store the generated
result, and use the generated result to produce, e.g., reports. In some embodiments, the system
can output on a display screen the image with annotations indicating the optimized classes and
bounding boxes of the vehicle parts. The system can generate, based on the image with
annotations, a report which indicates a degree of damage to a respective vehicle part. Note that
the annotated image is not always necessary for generating the result.

[0087] FIG. 6A illustrates an exemplary method 600 for facilitating recognition of
vehicle parts, in accordance with an embodiment of the present application. During operation,
the system obtains a plurality of images of a vehicle, wherein a vehicle image comprises a
plurality of vehicle parts (operation 602). The system convolves and processes an image of the
vehicle (operation 604). The system generates a convolution feature map of the image of the
vehicle (operation 606).

[0088] The system performs, for a plurality of convolutional mapping positions, a
convolutional operation for a respective convolutional mapping position with a sliding window in
the convolution feature map (operation 608). The system obtains a feature vector of the
respective convolutional mapping position (operation 610). The system predicts whether the
respective convolutional mapping position comprises a foreground target with respect to a
plurality of predetermined anchors based on the feature vector of the respective convolutional
mapping position (operation 612). The system predicts a border of a proposed region in the

respective convolutional mapping position that corresponds to each anchor (operation 614).
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Operations 608 to 614 correspond to operation 506 of FIG. 5. The operation continues at Label
A of FIG. 6B.

[0089] FIG. 6B illustrates an exemplary method 620 for facilitating recognition of vehicle
parts, in accordance with an embodiment of the present application. The system obtains classes
and bounding boxes of the vehicle parts corresponding to the proposed regions (operation 622).
The system extracts correlated features of the proposed regions (operation 624). The system
optimizes the classes and the bounding boxes of the vehicle parts based on the correlated features
of the corresponding proposed regions (operation 626). The system generates a result which
indicates a list including an insurance claim item and corresponding damages based on the
optimized classes and bounding boxes of the vehicle parts (operation 628). In some
embodiments, the system can output on a display screen the image with annotations indicating
the optimized classes and bounding boxes of the vehicle parts. The system can generate, based
on the image with annotations, a report which indicates a degree of damage to a respective
vehicle part. As described above, the annotated image is not always necessary for generating the

result.

Exemplary Computer System and Apparatus

[0090] FIG. 7 illustrates an exemplary computer system 700 for facilitating recognition of
vehicle parts, in accordance with an embodiment of the present application. Computer system
700 includes a processor 702, a volatile memory 704, and a storage device 706. Volatile memory
704 can include, e.g., random access memory (RAM), that serves as a managed memory, and can
be used to store one or more memory pools. Storage device 706 can include persistent storage.
Furthermore, computer system 700 can be coupled to a display device 710, a keyboard 712, and a
pointing device 714. Storage device 706 can store an operating system 716, a content-processing
system 718, and data 732.

[0091] Content-processing system 718 can include instructions, which when executed by
computer system 700, can cause computer system 700 to perform methods and/or processes
described in this disclosure. Specifically, content-processing system 718 can include instructions
for receiving and transmitting data packets, including: data to be processed, annotated, classified,
and stored; an image; a class; indicators of a bounding box; and a report (communication module
720).

[0092] Content-processing system 718 can further include instructions for generating a
convolution feature map of an image of the vehicle (convolution module 722). Content-
processing system 718 can include instructions for determining, based on the convolution feature

map, one or more proposed regions, wherein a respective proposed region corresponds to a target
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of a respective vehicle part (region proposal module 724). Content-processing system 718 can
include instructions for determining a class and a bounding box of a first vehicle part
corresponding to a first proposed region based on a feature of the first proposed region
(classification module 726). Content-processing system 718 can include instructions for
optimizing classes and bounding boxes of the vehicle parts based on correlated features of the
corresponding proposed regions (conditional random field (CRF) module 728). Content-
processing system 718 can include instructions for generating a result which indicates a list
including an insurance claim item and corresponding damages based on the optimized classes
and bounding boxes of the vehicle (reporting module 730). Content-processing system 718 can
include instructions for outputting on a display screen the image with annotations indicating the
optimized classes and bounding boxes of the vehicle parts (via, e.g., an image display module,
not shown). Content-processing system 718 can include instructions for generating, based on the
image with annotations, a report which indicates a degree of damage to a respective vehicle part
(reporting module 730).

[0093] Data 732 can include any data that is required as input or generated as output by
the methods and/or processes described in this disclosure. Specifically, data 732 can store at
least: data; convolved or processed data; an image; a captured image; an image of a part or parts
of a vehicle; a predetermined class or classes; an annotated image; a report; a degree of damage
to a vehicle part; a convolution feature map; a proposed region; a class; a bounding box; a report;
a mapping position; a convolutional operation; a sliding window; a feature vector; a prediction; a
foreground target; an anchor; a border; a border of a proposed region; a size; a position
relationship; a distance; an intersection-over-union ratio; a correlated feature; an energy function;
a probability function; a data term; a smoothing term; a recurrent neural network; an iterative
operation; a compatibility matrix; a probability of compatibility between classes; a parameter; a
training sample; a prediction result; a prediction area; a loss function; a cross term; a model based
on a neural network; a result; and a list including an insurance claim item and corresponding
damages;.

[0094] FIG. 8 illustrates an exemplary apparatus 800 for facilitating recognition of
vehicle parts, in accordance with an embodiment of the present application. Apparatus 800 can
comprise a plurality of units or apparatuses which may communicate with one another via a
wired, wireless, quantum light, or electrical communication channel. Apparatus 800 may be
realized using one or more integrated circuits, and may include fewer or more units or
apparatuses than those shown in FIG. 8. Further, apparatus 800 may be integrated in a computer
system, or realized as a separate device(s) which is/are capable of communicating with other

computer systems and/or devices. Specifically, apparatus 800 can comprise units 802-812,
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which perform functions or operations similar to modules 720-730 of FIG. 7, including: a
communication unit 802; a convolution processing unit 804; a region generation unit 806; a
target detection unit 808; an optimization unit 810; and a report generation unit 814.

[0095] The data structures and code described in this detailed description are typically
stored on a computer-readable storage medium, which may be any device or medium that can
store code and/or data for use by a computer system. The computer-readable storage medium
includes, but is not limited to, volatile memory, non-volatile memory, magnetic and optical
storage devices such as disk drives, magnetic tape, CDs (compact discs), DVDs (digital versatile
discs or digital video discs), or other media capable of storing computer-readable media now
known or later developed.

[0096] The methods and processes described in the detailed description section can be
embodied as code and/or data, which can be stored in a computer-readable storage medium as
described above. When a computer system reads and executes the code and/or data stored on the
computer-readable storage medium, the computer system performs the methods and processes
embodied as data structures and code and stored within the computer-readable storage medium.

[0097] Furthermore, the methods and processes described above can be included in
hardware modules. For example, the hardware modules can include, but are not limited to,
application-specific integrated circuit (ASIC) chips, field-programmable gate arrays (FPGAs),
and other programmable-logic devices now known or later developed. When the hardware
modules are activated, the hardware modules perform the methods and processes included within
the hardware modules.

[0098] The foregoing embodiments described herein have been presented for purposes of
illustration and description only. They are not intended to be exhaustive or to limit the
embodiments described herein to the forms disclosed. Accordingly, many modifications and
variations will be apparent to practitioners skilled in the art. Additionally, the above disclosure is
not intended to limit the embodiments described herein. The scope of the embodiments

described herein is defined by the appended claims.
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What Is Claimed Is:
1. A computer-implemented method for recognizing parts of a vehicle, the method
comprising:

generating a convolution feature map of an image of the vehicle;

determining, based on the convolution feature map, one or more proposed regions,
wherein a respective proposed region corresponds to a target of a respective vehicle part;

determining a class and a bounding box of a first vehicle part corresponding to a first
proposed region based on a feature of the first proposed region;

optimizing classes and bounding boxes of the vehicle parts based on correlated features of
the corresponding proposed regions;

generating a result which indicates a list including an insurance claim item and

corresponding damages based on the optimized classes and bounding boxes of the vehicle parts.

2. The method of claim 1, wherein determining the one or more proposed regions is
performed by a fully convolutional network, and wherein determining the one or more proposed
regions comprises:

performing, for a plurality of convolutional mapping positions, a convolutional operation
for a respective convolutional mapping position with a sliding window in the convolution feature
map;

obtaining a feature vector of the respective convolutional mapping position;

predicting whether the respective convolutional mapping position comprises a foreground
target with respect to a plurality of predetermined anchors based on the feature vector of the
respective convolutional mapping position; and

predicting a border of a proposed region in the respective convolutional mapping position

that corresponds to each anchor.

3. The method of claim 1, wherein the correlated features of the corresponding
proposed regions include one or more of:

a size of a respective proposed region;

a position relationship between the proposed regions;

a distance between the proposed regions; and

an intersection-over-union ratio of the proposed regions.



10

15

20

25

30

35

WO 2020/047420 PCT/US2019/049082
23

4. The method of claim 1, wherein prior to optimizing the classes and the bounding
boxes of the vehicle parts based on the correlated features of the corresponding proposed regions,
the method further comprises:

obtaining the classes and the bounding boxes of the vehicle parts corresponding to the
proposed regions; and

extracting the correlated features of the proposed regions.

5. The method of claim 1, further comprising:
determining an energy function and a corresponding probability function of the
conditional random field; and
solving the energy function while minimizing the probability function,
wherein the energy function comprises:
a data term which is based on a probability of each proposed region belonging to
each class; and
a smoothing term which is based on the correlated features of the proposed

regions.

6. The method of claim 5, wherein optimizing the classes and bounding boxes of the
vehicle parts is performed by a recurrent neural network, wherein the method further comprises:

solving the energy function while minimizing the probability function by performing
multiple iterative operations through the recurrent neural network to obtain an approximation of
the probability function,

wherein an iterative operation comprises updating the probability of each proposed region
belonging to each class based on a pre-trained compatibility matrix, and

wherein the pre-trained compatibility matrix indicates a probability of compatibility

between the classes of the vehicle.

7. The method of claim 1, wherein parameters used to perform the method are jointly

trained from end to end based on training samples.

8. The method of claim 7, wherein the parameters which are jointly trained from end
to end are trained by:

inputting the training samples into a convolution module, wherein the training samples
indicate corresponding classes and bounding boxes;

obtaining a prediction result based on the classes and the bounding boxes optimized by
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the conditional random field module,

wherein the prediction result comprises predicted classes and predicted bounding boxes
of a plurality of target regions;

determining a prediction error for the target regions based on the prediction result and the
corresponding classes and bounding boxes indicated by the training samples;

determining a loss function based on the prediction error,

wherein the loss function comprises a cross term of the prediction error for the target
regions; and

counter-propagating the prediction error based on the loss function by counter-
propagating the prediction error of a first target region to a set of target regions correlated with

the first target region.

9. A non-transitory computer-readable storage medium storing instructions that
when executed by a computer cause the computer to perform a method, wherein the method
comprises:

generating a convolution feature map of an image of the vehicle;

determining, based on the convolution feature map, one or more proposed regions,
wherein a respective proposed region corresponds to a target of a respective vehicle part;

determining a class and a bounding box of a first vehicle part corresponding to a first
proposed region based on a feature of the first proposed region;

optimizing classes and bounding boxes of the vehicle parts based on correlated features of
the corresponding proposed regions;

generating a result which indicates a list including an insurance claim item and

corresponding damages based on the optimized classes and bounding boxes of the vehicle parts.

10. The storage medium of claim 9, wherein determining the one or more proposed
regions is performed by a fully convolutional network, and wherein determining the one or more
proposed regions comprises:

performing, for a plurality of convolutional mapping positions, a convolutional operation
for a respective convolutional mapping position with a sliding window in the convolution feature
map;

obtaining a feature vector of the respective convolutional mapping position;

predicting whether the respective convolutional mapping position comprises a foreground
target with respect to a plurality of predetermined anchors based on the feature vector of the

respective convolutional mapping position; and
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predicting a border of a proposed region in the respective convolutional mapping position

that corresponds to each anchor.

11. The storage medium of claim 9, wherein the correlated features of the
corresponding proposed regions include one or more of:

a size of a respective proposed region;

a position relationship between the proposed regions;

a distance between the proposed regions; and

an intersection-over-union ratio of the proposed regions.

12. The storage medium of claim 9, wherein prior to optimizing the classes and the
bounding boxes of the vehicle parts based on the correlated features of the corresponding
proposed regions, the method further comprises:

obtaining the classes and the bounding boxes of the vehicle parts corresponding to the
proposed regions; and

extracting the correlated features of the proposed regions.

13. The storage medium of claim 9, wherein the method further comprises:
determining an energy function and a corresponding probability function of the
conditional random field; and

solving the energy function while minimizing the probability function,
wherein the energy function comprises:

a data term which is based on a probability of each proposed region belonging to
each class; and

a smoothing term which is based on the correlated features of the proposed

regions.

14. The storage medium of claim 13, wherein optimizing the classes and bounding
boxes of the vehicle parts is performed by a recurrent neural network, and wherein the method
further comprises:

solving the energy function while minimizing the probability function by performing
multiple iterative operations through the recurrent neural network to obtain an approximation of
the probability function,

wherein an iterative operation comprises updating the probability of each proposed region

belonging to each class based on a pre-trained compatibility matrix, and
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wherein the pre-trained compatibility matrix indicates a probability of compatibility

between the classes of the vehicle.

15. The storage medium of claim 9, wherein parameters used to perform the method

are jointly trained from end to end based on training samples.

16. The storage medium of claim 15, wherein the parameters which are jointly trained
from end to end are trained by:

inputting the training samples into a convolution module, wherein the training samples
indicate corresponding classes and bounding boxes;

obtaining a prediction result based on the classes and the bounding boxes optimized by
the conditional random field module,

wherein the prediction result comprises predicted classes and predicted bounding boxes
of a plurality of target regions;

determining a prediction error for the target regions based on the prediction result and the
corresponding classes and bounding boxes indicated by the training samples;

determining a loss function based on the prediction error,

wherein the loss function comprises a cross term of the prediction error for the target
regions; and

counter-propagating the prediction error based on the loss function by counter-
propagating the prediction error of a first target region to a set of target regions correlated with

the first target region.

17. A computer system for recognizing parts of a vehicle, the system comprising:

a convolution module configured to generate a convolution feature map of an image of
the vehicle;

a region proposal module configured to determine, based on the convolution feature map,
one or more proposed regions, wherein a respective proposed region corresponds to a target of a
respective vehicle part;

a classification module configured to determine a class and a bounding box of a first
vehicle part corresponding to a first proposed region based on a feature of the first proposed
region;

a conditional random field module configured to optimize classes and bounding boxes of
the vehicle parts based on correlated features of the corresponding proposed regions; and

a reporting module configured to generate a result which indicates a list including an
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insurance claim item and corresponding damages based on the optimized classes and bounding

boxes of the vehicle parts.

18. The computer system of claim 17, wherein the region proposal module is a fully
convolutional network, comprising:

a convolution processing module configured to:

perform, for a plurality of convolutional mapping positions, a convolutional
operation for a respective convolutional mapping position with a sliding window in the
convolution feature map; and

obtain a feature vector of the respective convolutional mapping position;

a bounding box classification module configured to predict whether the respective
convolutional mapping position comprises a foreground target with respect to a plurality of
predetermined anchors based on the feature vector of the respective convolutional mapping
position; and

a bounding box prediction module configured to predict a border of a proposed region in

the respective convolutional mapping position that corresponds to each anchor.

19. The computer system of claim 17, wherein the conditional random field module is
further configured to, prior to optimizing the classes and bounding boxes of the vehicle parts
based on the correlated features of the corresponding proposed regions:

obtain the classes and bounding boxes of the vehicle parts corresponding to the proposed
regions; and

extract the correlated features of the proposed regions.

20. The computer system of claim 17, wherein the conditional random field module is
further configured to:
determine an energy function and a corresponding probability function of the conditional
random field; and
solve the energy function while minimizing the probability function,
wherein the energy function comprises:
a data term which is based on a probability of each proposed region belonging to
each class; and
a smoothing term which is based on the correlated features of the proposed

regions.



