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SYSTEMS AND METHODS FOR CORRECTING A HIGH-DEFINITION MAP
BASED ON DETECTION OF OBSTRUCTING OBJECTS

TECHNICAL FIELD
[0001] The present disclosure relates to systems and methods for correcting a high-
definition map in the presence of obstructions in the scene, and more particularly to, systems

and methods for updating a high-definition map based on detection of the obstructing objects.

BACKGROUND
[0002] Autonomous driving technology relies heavily on an accurate map. For example,
accuracy of a navigation map is critical to functions of autonomous driving vehicles, such as
positioning, ambience recognition, decision making and control. High-definition maps may
be obtained by aggregating images and information acquired by various sensors, detectors,
and other devices equipped on vehicles as they drive around. For example, a vehicle may be
equipped with multiple integrated sensors such as a Light Detection And Raging system
(LiDAR), a Global Positioning System (GPS) receiver, one or more Inertial Measurement
Unit (IMU) sensors, and one or more cameras, to capture features of the road on which the
vehicle is driving or the surrounding objects. Data captured may include, for example, center
line or border line coordinates of a lane, coordinates and images of an object, such as a
building, another vehicle, a landmark, a pedestrian, or a traffic sign.
[0003] In particular, a LIDAR measures distance to a target by illuminating the target with
pulsed laser light and measuring the reflected pulses with a sensor. Differences in laser
return times and wavelengths can then be used to construct digital three-dimensional (3-D)
representations of the target. The data captured by the LIDAR is known as point cloud data.
During the survey, various objects on the road may obstruct the view of the LiDAR. Since
the pulsed laser light is reflected by the obstructing objects before it reaches the road, the
captured point cloud data is distorted. A high-resolution map reconstructed using such
distorted point cloud data cannot accurately reflect the scene captured.
[0004] Embodiments of the disclosure address the above problems by systems and
methods for correcting a high-definition map based on segmentation of point cloud data and

compensation of the distortion caused by obstructing objects.
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SUMMARY
[0005] Embodiments of the disclosure provide a system for correcting a high-definition
map. The system may include a communication interface configured to receive point cloud
data of a scene captured by a LiDAR. The system may further include a storage configured
to store the point cloud data, and at least one processor. The at least one processor may be
configured to detect at least one obstructing object from the point cloud data, and position at
least one hole in the point cloud data caused by the at least one obstructing object. The at
least one processor is further configured to estimate non-obstructed point cloud data for the at
least one hole as if the scene was captured without the at least one obstructing object, and
correct the high-definition map by repairing the received point cloud data with the non-
obstructed point cloud data.
[0006] Embodiments of the disclosure also provide a method for correcting a high-
definition map. The method may include receiving, through a communication interface,
point cloud data of a scene captured by a LIDAR. The method may further include detecting,
by at least one processor, at least one obstructing object from the point cloud data, and
positioning, by the at least one processor, at least one hole in the point cloud data caused by
the at least one obstructing object. The method may also include estimating, by the at least
one processor, non-obstructed point cloud data for the at least one hole as if the scene was
captured without the at least one obstructing object, and correcting, by the at least one
processor, the high-definition map by repairing the received point cloud data with the non-
obstructed point cloud data.
[0007] Embodiments of the disclosure further provide a non-transitory computer-readable
medium having instructions stored thereon that, when executed by one or more processors,
causes the one or more processors to perform a method for correcting a high-definition map.
The method may include receiving point cloud data of a scene captured by a LIDAR. The
method may further include detecting at least one obstructing object from the point cloud data,
and positioning, by the at least one processor, at least one hole in the point cloud data caused
by the at least one obstructing object. The method may also include estimating non-
obstructed point cloud data for the at least one hole as if the scene was captured without the at
least one obstructing object, and correcting the high-definition map by repairing the received
point cloud data with the non-obstructed point cloud data.
[0008] Itis to be understood that both the foregoing general description and the following
detailed description are exemplary and explanatory only and are not restrictive of the

invention, as claimed.
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BRIEF DESCRIPTION OF THE DRAWINGS
[0009] FIG. 1 illustrates a schematic diagram of an exemplary vehicle equipped with
sensors, according to embodiments of the disclosure.
[0010] FIG. 2 illustrates a block diagram of an exemplary server for correcting a high-
definition map, according to embodiments of the disclosure.
[0011] FIG. 3 illustrates a flowchart of an exemplary method for correcting a high-
definition map, according to embodiments of the disclosure.
[0012] FIG. 4 illustrates an exemplary convolutional neural network (CNN) used to
segment point cloud data, according to embodiments of the disclosure.
[0013] FIG. 5illustrates an exemplary method to estimate non-obstructed point cloud data,

according to embodiments of the disclosure.

DETAILED DESCRIPTION
[0014] Reference will now be made in detail to the exemplary embodiments, examples of
which are illustrated in the accompanying drawings. Wherever possible, the same reference
numbers will be used throughout the drawings to refer to the same or like parts.
[0015] FIG. 1 illustrates a schematic diagram of an exemplary vehicle 100 having a
plurality of sensors 140 and 150, according to embodiments of the disclosure. Consistent
with some embodiments, vehicle 100 may be a survey vehicle configured for acquiring data
for constructing a high-definition map or 3-D city modeling. It is contemplated that vehicle
100 may be an electric vehicle, a fuel cell vehicle, a hybrid vehicle, or a conventional internal
combustion engine vehicle. Vehicle 100 may have a body 110 and at least one wheel 120.
Body 110 may be any body style, such as a sports vehicle, a coupe, a sedan, a pick-up truck, a
station wagon, a sports utility vehicle (SUV), a minivan, or a conversion van. In some
embodiments, vehicle 100 may include a pair of front wheels and a pair of rear wheels, as
illustrated in FIG. 1. However, it is contemplated that vehicle 100 may have more or less
wheels or equivalent structures that enable vehicle 100 to move around. Vehicle 100 may be
configured to be all wheel drive (AWD), front wheel drive (FWR), or rear wheel drive
(RWD). In some embodiments, vehicle 100 may be configured to be operated by an operator
occupying the vehicle, remotely controlled, and/or autonomous.
[0016] As illustrated in FIG. 1, vehicle 100 may be equipped with a sensor 140 mounted to
body 110 via a mounting structure 130. Mounting structure 130 may be an electro-
mechanical device installed or otherwise attached to body 110 of vehicle 100. In some

embodiments, mounting structure 130 may use screws, adhesives, or another mounting

3



10

15

20

25

30

mechanism. Vehicle 100 may be additionally equipped with a sensor 150 inside or outside
body 110 using any suitable mounting mechanisms. It is contemplated that the manners in
which sensor 140 or 150 can be equipped on vehicle 100 are not limited by the example
shown in FIG. 1, and may be modified depending on the types of sensors 140 and 150 and/or
vehicle 100 to achieve desirable sensing performance.

[0017] In some embodiments, sensors 140 and 150 may be configured to capture data as
vehicle 100 travels along a trajectory. Consistent with the present disclosure, sensor 140 may
be a LIDAR configured to scan the surrounding and acquire point clouds. LIDAR measures
distance to a target by illuminating the target with pulsed laser light and measuring the
reflected pulses with a sensor. Differences in laser return times and wavelengths can then be
used to make digital 3-D representations of the target. The light used for LIDAR scan may be
ultraviolet, visible, or near infrared. Because a narrow laser beam can map physical features
with very high resolution, LIDAR is particularly suitable for high-definition map surveys. In
some embodiments, a LIDAR may capture a point cloud. Point cloud data may contain a set
of data points on the external surfaces of objects around it. A point cloud can be processed to
construct a 3-D model of the objects. As vehicle 100 travels along the trajectory, sensor 140
may continuously capture point cloud data. Each set of point cloud data captured at a certain
time point is known as a point cloud frame. The point cloud frames may be transmitted to a
server 160 in real-time (e.g., by streaming), or collectively after vehicle 100 completes the
entire trajectory.

[0018] As illustrated in FIG. 1, vehicle 100 may be additionally equipped with sensor 150,
which may include sensors used in a navigation unit, such as a GPS receiver and one or more
IMU sensors. A GPS is a global navigation satellite system that provides geolocation and
time information to a GPS receiver. An IMU is an electronic device that measures and
provides a vehicle’s specific force, angular rate, and sometimes the magnetic field
surrounding the vehicle, using various inertial sensors, such as accelerometers and
gyroscopes, sometimes also magnetometers. By combining the GPS receiver and the IMU
sensor, sensor 150 can provide real-time pose information of vehicle 100 as it travels,
including the positions and orientations (e.g., Euler angles) of vehicle 100 at each time point.
Consistent with the present disclosure, sensor 150 may take measurements of pose
information at the same time points where sensor 140 captures the point cloud frames.
Accordingly, the pose information may be associated with the respective point cloud frames.
In some embodiments, the combination of a point cloud frame and its associated pose

information may be used to position vehicle 100.
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[0019] Consistent with the present disclosure, sensors 140 and 150 may communicate with
server 160. In some embodiments, server 160 may be a local physical server, a cloud server
(as illustrated in FIG. 1), a virtual server, a distributed server, or any other suitable computing
device. Consistent with the present disclosure, server 160 may obtain data from sensors 140
and 150. Server 160 may communicate with sensors 140 and 150, and/or other components
of vehicle 100 via a network, such as a Wireless Local Area Network (WLAN), a Wide Area
Network (WAN), wireless networks such as radio waves, a cellular network, a satellite
communication network, and/or a local or short-range wireless network (e.g., Bluetooth ™).
Server 160 may store a high-definition map. In some embodiments, the high-definition map
may be originally constructed using point cloud data acquired by sensor 140.

[0020] Consistent with the present disclosure, server 160 may be also responsible for
correcting the high-definition map to remove any distortion in the captured point cloud data
caused by obstructing objects. In some embodiments, obstructing objects may include any
object that blocks the laser path of sensor 140 such that the laser light is reflected by the
object before it reaches the road. For example, an obstructing object may be a pedestrian, a
temporary booth, or a parked or moving vehicle such as a car, a motorcycle, or a bicycle, etc.
Server 160 may separate the point cloud data reflected by obstructing objects from the rest of
the point cloud data, estimate the correct point cloud data as if the obstructing objects did not
exist, and correct the high-definition map using the estimated point cloud data.

[0021] For example, FIG. 2 illustrates a block diagram of an exemplary server 160 for
correcting a high-definition map, according to embodiments of the disclosure. In some
embodiments, as shown in FIG. 2, server 160 may include a communication interface 202, a
processor 204, a memory 206, and a storage 208. In some embodiments, server 160 may
have different modules in a single device, such as an integrated circuit (IC) chip, or separate
devices with dedicated functions. In some embodiments, one or more components of server
160 may be located in a cloud, or may be alternatively in a single location (such as inside
vehicle 100 or a mobile device) or distributed locations. Components of server 160 may be
in an integrated device, or distributed at different locations but communicate with each other
through a network (not shown).

[0022] Communication interface 202 may send data to and receive data from components
such as sensors 140 and 150 via communication cables, a Wireless Local Area Network
(WLAN), a Wide Area Network (WAN), wireless networks such as radio waves, a cellular
network, and/or a local or short-range wireless network (e.g., Bluetooth™), or other

communication methods. In some embodiments, communication interface 202 can be an
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integrated services digital network (ISDN) card, cable modem, satellite modem, or a modem
to provide a data communication connection. As another example, communication interface
202 can be a local area network (LAN) card to provide a data communication connection to a
compatible LAN. Wireless links can also be implemented by communication interface 202.
In such an implementation, communication interface 202 can send and receive electrical,
electromagnetic or optical signals that carry digital data streams representing various types of
information via a network.

[0023] Consistent with some embodiments, communication interface 202 may receive data
such as point cloud data 203 captured by sensor 140. In some embodiments, communication
interface 202 may also receive pose information (not shown) captured by sensor 150. In
some embodiments, communication interface 202 may additionally receive a neural network
205 from training device 180. In some embodiments, training device 180 may have
structures similar to those of server 160, including, e.g., a processor, a memory, a storage
device, etc. In some embodiments, training device 180 may be part of server 160. Training
device 180 may be configured to train neural network 205 using sample data. Neural
network 205 may learn to perform a cognitive task during the training process. For example,
neural network 205 may be trained to detect obstructing objects based on the point cloud data
originally captured by a LIDAR. In some embodiments, neural network 205 may be trained
to perform a segmentation task, e.g., to separate the portion of point cloud data 203
associated with the obstructing objects from the rest of point cloud data 203. Consistent with
the disclosure, neural network 205 may be any suitable learning model, including but not
limited to, convolutional neural network (CNN). In some embodiments, training of neural
network 205 may determine one or more model parameters, such as weights, size, shape, and
structure of a convolutional kernel.

[0024] Communication interface 202 may further provide the received point cloud data
203 and neural network 205 to storage 208 for storage or to processor 204 for processing.
Communication interface 202 may also receive a corrected high-definition map created by
processor 204, and provide the corrected map to any local component in vehicle 100 or any
remote device via a network.

[0025] Processor 204 may include any appropriate type of general-purpose or special-
purpose microprocessor, digital signal processor, or microcontroller. Processor 204 may be
configured as a separate processor module dedicated to correcting the high-definition map.
Alternatively, processor 204 may be configured as a shared processor module for performing

other functions unrelated to generating and correcting high-definition map.

6



10

15

20

25

30

[0026] As shown in FIG. 2, processor 204 may include multiple modules, such as a point
cloud segmentation unit 210, a hole positioning unit 212, a non-obstructed point cloud
estimation unit 214, a map correction unit 216, and the like. These modules (and any
corresponding sub-modules or sub-units) can be hardware units (e.g., portions of an
integrated circuit) of processor 204 designed for use with other components or software units
implemented by processor 204 through executing at least part of a program. The program
may be stored on a computer-readable medium, and when executed by processor 204, it may
perform one or more functions. Although FIG. 2 shows units 210-216 all within one
processor 204, it is contemplated that these units may be distributed among multiple
processors located near or remotely with each other.

[0027] Point cloud segmentation unit 210 may be configured to segment received point
cloud data 203 to detect one or more obstructing objects. Obstructing object may be a
pedestrian, a vehicle, or another object that is in the laser path of sensor 140. In some
embodiments, point cloud segmentation unit 210 may be configured to project point cloud
data 203 to a two-dimensional (2-D) plane, and accordingly, obtain a 2-D projection image.
For example, the 2-D projection image may be an overlook view. In some embodiments, the
2-D projection image may include a number of pixels or super-pixels (including a group of
adjuvant pixels). Point cloud segmentation unit 210 may further extract various features from
the 2-D projection image. Each category of features may correspond to a channel. In some
embodiments, point cloud segmentation unit 210 may apply neural network 205 to the
extracted features to predicate the attributes of the pixel that indicate how likely the pixel
belongs to an obstructing object. For example, attributes may include the distance between
the pixel and the center of the obstructing object, the level of confidence, the likelihood of the
pixel being part of an obstructing object, and the height of the obstructing object.

[0028] Based on the attribute prediction results for the pixels, there may be segments of
pixels corresponding to an obstructing object. For example, each segment may include pixels
with attributes indicating the pixel as being part of the obstructing object, such as the
likelihood being larger than a threshold. In some embodiments, some segments that belong
to the same obstructing object may nevertheless be disconnected with each other, and certain
gaps may exist among the segments. In some embodiments, point cloud segmentation unit
210 may aggregate those segments by modifying the predication results of the pixels that
form the gap.

[0029] Point cloud generation unit 210 may then separate the point cloud data
corresponding to the obstructing objects from the remaining point cloud data. The remaining
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point cloud data therefore contain a plurality of holes cause by the obstructing objects. In
some embodiments, these holes may later be filled with estimated point cloud data to
compensate for the data distortion caused by the obstructing object.

[0030] In some embodiments, hole positioning unit 212 may be configured to position the
holes in point cloud data 203. In some embodiments, positioning a hole includes determining
a plane where the hole is located and a bounding box enclosing the obstructing object.
Although in this disclosure, positioning the holes is described, it is contemplated that
alternatively the obstructing objects may be positioned instead of the holes, and the achieved
functions may be equivalent.

[0031] Non-obstructed point cloud estimation unit 214 may estimate point cloud data for
filling the holes as if the LIDAR measurements were not blocked by the obstructing objects.
In some embodiments, based on the plane position of an obstructing object, laser path may be
simulated. The laser path may be then extended beyond the obstructing object to find the
point it touches the road. The point cloud data for that point may be estimated.

[0032] Map correction unit 216 may be configured to correct high-definition map using the
estimated point cloud data. In some embodiments, map correction unit 216 may “repair” the
holes with the estimated point cloud data. In some embodiments, the repair is limited within
the bounding box enclosing the obstructing object. Repair may include replacing, modifying,
re-positioning, or otherwise manipulating the data. In some embodiments, point cloud data
203 may include a plurality of point cloud frames captured as the LIDAR moves along a
trajectory. Map correction unit 216 may repair each point cloud frame with the
corresponding non-obstructed point cloud data, as described above, and aggregate the
repaired point cloud frames. Fusing the repaired point cloud data frames can yield a high-
definition map that better covers the areas of holes.

[0033] Memory 206 and storage 208 may include any appropriate type of mass storage
provided to store any type of information that processor 204 may need to operate. Memory
206 and storage 208 may be a volatile or non-volatile, magnetic, semiconductor, tape, optical,
removable, non-removable, or other type of storage device or tangible (i.e., non-transitory)
computer-readable medium including, but not limited to, a ROM, a flash memory, a dynamic
RAM, and a static RAM. Memory 206 and/or storage 208 may be configured to store one or
more computer programs that may be executed by processor 204 to perform map correction
functions disclosed herein. For example, memory 206 and/or storage 208 may be configured
to store program(s) that may be executed by processor 204 to correct a high-definition map
based on segmenting point cloud data captured by a LIDAR.
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[0034] Memory 206 and/or storage 208 may be further configured to store information and
data used by processor 204. For instance, memory 206 and/or storage 208 may be configured
to store the various types of data (e.g., point cloud data, pose information, etc.) captured by
sensors 140 and 150 and the high-definition map. Memory 206 and/or storage 208 may also
store intermediate data such as neural network 205, and the estimated point clouds, etc. The
various types of data may be stored permanently, removed periodically, or disregarded
immediately after each frame of data is processed.

[0035] FIG. 3 illustrates a flowchart of an exemplary method 300 for correcting a high-
definition map, according to embodiments of the disclosure. In some embodiments, method
300 may be implemented by a map correction system that includes, among other things,
server 160. However, method 300 is not limited to that exemplary embodiment. Method 300
may include steps S302-S320 as described below. It is to be appreciated that some of the
steps may be optional to perform the disclosure provided herein. Further, some of the steps
may be performed simultaneously, or in a different order than shown in FIG. 3.

[0036] Instep S302, point cloud data captured by sensor 140 may be received. In some
embodiments, vehicle 100 may be dispatched for a survey trip to capture data for
constructing a high-definition map. As vehicle 100 moves along the trajectory, sensor 140
may capture point cloud data of the surrounding scene. In some embodiments, the point
cloud data may consist of multiple frames, each frame being captured at a particular time
point when vehicle is at a particular position on the trajectory. Consistent with the present
disclosure, there may be other objects on the road that obstruct the laser path of the LIiDAR,
thus causing distortions in the acquired point cloud data.

[0037] Instep S304, server 160 may project the 3-D point cloud data received in step S304
onto a plane to create a 2-D projection image. In some embodiments, the projection is
vertically downward so that the obtained 2-D projection image is an overlook view.
Projecting the 3-D point cloud data into a 2-D image removes the depth information and
simplifies the segmentation process.

[0038] Steps S306-S312 collectively perform the segmentation of point cloud data to
separate the distorted data corresponding to obstructing objects from the remaining,
undistorted, point cloud data. In some embodiments, the segmentation may be based on a
machine learning model, such as a neural network. A neural network, also known as an
artificial neural network, is a computing model simulating a biological neural network to

complete a learning task. For example, the neural network is trained to learn which part of
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point cloud data was acquired from the laser light being reflected by the obstructing objects,
rather than the road.

[0039] FIG. 4 illustrates an exemplary CNN 400 used to segment point cloud data,
according to embodiments of the disclosure. In some embodiments, CNN 400 may include
an encoder 420 and a decoder 430. Each of encoder 420 and decoder 430 may include
multiple distinct layers (not shown). Examples of the different layers may include one or
more convolutional layers, non-linear operator layers (such as rectified linear units (ReLu)
functions, sigmoid functions, or hyperbolic tangent functions), pooling or subsampling layers,
fully connected layers, and/or final loss layers. Each layer may connect one upstream layer
and one downstream layer. The input may be considered as an input layer, and the output
may be considered as the final output layer.

[0040] To increase the performance and learning capabilities of CNN models, the number
of different layers can be selectively increased. The number of intermediate distinct layers
from the input layer to the output layer can become very large, thereby increasing the
complexity of the architecture of the CNN model. CNN models with a large number of
intermediate layers are referred to as deep CNN models. For example, some deep CNN
models may include more than 20 to 30 layers, and other deep CNN models may even
include more than a few hundred layers. Examples of deep CNN models include AlexNet,
VGGNet, GoogLeNet, ResNet, etc.

[0041] As used herein, a CNN model used by the disclosed segmentation method may
refer to any neural network model formulated, adapted, or modified based on a framework of
convolutional neural network. For example, a CNN model used for segmentation in
embodiments of the present disclosure may selectively include intermediate layers between
the input and output layers, such as one or more deconvolution layers, up-sampling or up-
pooling layers, pixel-wise predicting layers, and/or copy and crop operator layers.

[0042] Returning to FIG. 3, in step S306, server 160 may extract features from each pixel
of the 2-D projection image. Examples of features extracted may include the pixel value,
texture around the pixel, contrast with adjacent pixels, relative position of the pixel in the
image, etc. CNN 400 may receive extracted features 402 as input. In some embodiments,
the features may be arranged as a W*H*C matrix, where W is the pixel row numbers, H is
the pixel column numbers, and C is the channel feature number.

[0043] Instep S308, CNN 400 may be applied to the extracted features to predict pixel
attributes. For example, attributes may include the distance 404 between the pixel and the
center of the obstructing object, the level of confidence 406, the probability 408 indicating a
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likelihood of the pixel being part of an obstructing object, and the height of the obstructing
object 410.

[0044] Instep S310, server 160 may identify segments including pixels with attributes
indicating the pixel as being part of the obstructing object. In some embodiments, the
attributes may be compared to some predetermined threshold to determine if a pixel should
be classified as the obstructing object. For example, a pixel with probability 408 being 95%
may be classified as being part of the obstructing object, after comparing with a threshold of
90%. Alternatively or additionally, a pixel with distance 404 to the center of the obstructing
object being shorter than a threshold of 5 pixel widths may be labeled as being part of the
obstructing object.

[0045]  The pixel-by-pixel prediction may sometimes result in adjacent but disconnected
segments. For example, there may be a few sporadic non-obstructing-object pixels or a small
gap between two otherwise connected segments. In step S312, server 160 may aggregate
these segments by modifying the predication results of those pixels in the gap. For example,
the pixel-by-pixel prediction may find one segment corresponding to a pedestrian’s head, and
an adjacent segment corresponding to her trunk. However, pixels of the pedestrian’s neck
area may be initially predicted as not part of the obstructing object, because, e.g., certain
attributes of those pixels do not satisfy the criteria to classify them as corresponding to the
obstructing object. However, through aggregation, the head segment and the trunk segment
may be connected, by modifying the pixels between the segments as corresponding to the
obstructing object.

[0046] Because of the obstructing objects, holes are left in the point cloud data. In step
S314, server 160 may position the holes based on the detected obstructing objects. In some
embodiments, server 160 may first determine a bounding box for the obstructing object, i.e.,
boundary of the corresponding hole. Server 160 may further determine a first plane for the
point cloud just outside the bounding box. In the meantime, server 160 determines a second
plane of the point cloud data near the original (where sensor 140 is located) (the “reference
plane”), and determines an angle between the first and second planes. If the angle is smaller
than a threshold, server 160 sets the first plane as the object plane.

[0047] Instep S316, server 160 may estimate non-obstructed point cloud data for the holes
as if there was no obstructing object. FIG. 5 illustrates an exemplary method to estimate non-
obstructed point cloud data, according to embodiments of the disclosure. As shown in FIG.
5, a vehicle 500 may be between plane bl and plane b2. Laser light is emitted by a LIDAR at
origin O. When there is no obstructing object in the laser path, it will hit the road, and
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reflected by the road, e.g., at point A. Due to the existence of vehicle 500, the laser path may
hit point B in plane b1 and gets reflected by vehicle 500. Without vehicle 500, the laser path
OB would have been extended and eventually hit the road at point B’. Similarly, another
laser path may hit plane bl at point C, and once extended, it will hit the road at point C’.
Accordingly, the acquired point cloud data corresponding points C and B may be used to
estimate the non-obstructed point cloud data corresponding to points C’ and B’. In some
embodiments, each point within the object bounding box (between point 501 and point 502)
in plane b1 may find a corresponding point on the road. Accordingly, the acquired point data
from plane b1 may be assigned to or otherwise used to estimate the non-obstructed point
cloud data for the corresponding point on the road.

[0048] Instep S318, server 160 may use the estimated non-obstructed point cloud data to
repair the holes. For example, the corresponding non-obstructed point cloud data may be
used to fill in the holes, or otherwise to modify the data of the holes. In step S320, the repair
may be filtered by the object bounding box. For example, as shown in FIG. 5, the hole being
repaired is limited to a projection of the object bounding box (between point 501 and point
502) onto the road. Filtering the repair may reduce noise and improve the correction result.
[0049]  Another aspect of the disclosure is directed to a non-transitory computer-readable
medium storing instructions which, when executed, cause one or more processors to perform
the methods, as discussed above. The computer-readable medium may include volatile or
non-volatile, magnetic, semiconductor, tape, optical, removable, non-removable, or other
types of computer-readable medium or computer-readable storage devices. For example, the
computer-readable medium may be the storage device or the memory module having the
computer instructions stored thereon, as disclosed. In some embodiments, the computer-
readable medium may be a disc or a flash drive having the computer instructions stored
thereon.

[0050] It will be apparent to those skilled in the art that various modifications and
variations can be made to the disclosed system and related methods. Other embodiments will
be apparent to those skilled in the art from consideration of the specification and practice of
the disclosed system and related methods.

[0051] Itis intended that the specification and examples be considered as exemplary only,

with a true scope being indicated by the following claims and their equivalents.
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WHAT IS CLAIMED IS:

1. A system for correcting a high-definition map, comprising:
a communication interface configured to receive point cloud data of a scene captured by
a LIiDAR,;
a storage configured to store the point cloud data; and
at least one processor, configured to:
detect at least one obstructing object from the point cloud data;
position at least one hole in the point cloud data caused by the at least one obstructing
object;
estimate non-obstructed point cloud data for the at least one hole as if the scene was
captured without the at least one obstructing object; and
correct the high-definition map by repairing the received point cloud data with the

non-obstructed point cloud data.

2. The system of claim 1, wherein the storage is configured to store a neural network, and the
at least one processor is configured to detect the at least one obstructing object using the

neural network.

3. The system of claim 2, wherein the neural network is a convolutional neural network.

4. The system of claim 2, wherein the at least one processor is further configured to:

create a 2-D projection image based on the point cloud data, the 2-D projection image
including a plurality of pixels; and

determine a plurality of attributes associated with each pixel using the neural network,
the attributes indicative of a likelihood of the pixel being corresponding to the at least one

obstructing object.

5. The system of claim 4, wherein the at least one processor is further configured to:
identify segments from the 2-D projection image, each segment including pixels with
attributes indicating that the pixels correspond to one of the at least one obstructing object;
and
determine an aggregated area in the 2-D projection image, wherein the aggregated area

encloses all the identified segments.
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6. The system of claim 1, wherein to position at least one hole in the point cloud data, the at
least one processor is further configured to:
determine a plane in which each hole is located; and

determine a boundary for each hole.

7. The system of claim 6, wherein the at least one processor is further configured to estimate

the non-obstructed point cloud data based on the plane of the hole.

8. The system of claim 1, wherein the received point cloud data includes a plurality of point
cloud frames captured as the LIDAR moves along a trajectory, and the at least one processor
is configured to:

repair each point cloud frame with the corresponding non-obstructed point cloud data;
and

aggregate the repaired point cloud frames.

9. A method for correcting a high-definition map, comprising:

receiving, through a communication interface, point cloud data of a scene captured by a
LiDAR,;

detecting, by at least one processor, at least one obstructing object from the point cloud
data;

positioning, by the at least one processor, at least one hole in the point cloud data caused
by the at least one obstructing object;

estimating, by the at least one processor, non-obstructed point cloud data for the at least
one hole as if the scene was captured without the at least one obstructing object; and

correcting, by the at least one processor, the high-definition map by repairing the

received point cloud data with the non-obstructed point cloud data.

10. The method of claim 9, wherein the at least one obstructing object is detected using a

neural network.

11. The method of claim 10, wherein the neural network is a convolutional neural network.
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12. The method of claim 10, further comprising:

creating a 2-D projection image based on the point cloud data, the 2-D projection image
including a plurality of pixels; and

determining a plurality of attributes associated with each pixel using the neural network,
the attributes indicative of a likelihood of the pixel being corresponding to the at least one

obstructing object.

13. The method of claim 12, further comprising:

identifying segments from the 2-D projection image, each segment including pixels with
attributes indicating that the pixels correspond to one of the at least one obstructing object;
and

determining an aggregated area in the 2-D projection image, wherein the aggregated

area encloses all the identified segments.

14. The method of claim 9, wherein positioning at least one hole in the point cloud data
further comprises:

determining a plane in which each hole is located; and

determining a boundary for each hole.

15. The method of claim 14, wherein the non-obstructed point cloud data is estimated based

on the plane of the hole.

16. The method of claim 1, wherein the received point cloud data includes a plurality of point
cloud frames captured as the LIDAR moves along a trajectory, and wherein correcting the
high-definition map further comprises:

repairing each point cloud frame with the corresponding non-obstructed point cloud data;
and

aggregating the repaired point cloud frames.

17. A non-transitory computer-readable medium having a computer program stored thereon,
wherein the computer program, when executed by at least one processor, performs a method
for correcting a high-definition map, the method comprising:

receiving point cloud data of a scene captured by a LIiDAR;

detecting at least one obstructing object from the point cloud data;
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positioning at least one hole in the point cloud data caused by the at least one obstructing
object;

estimating non-obstructed point cloud data for the at least one hole as if the scene was
captured without the at least one obstructing object; and

correcting the high-definition map by repairing the received point cloud data with the
non-obstructed point cloud data.

18. The non-transitory computer-readable medium of claim 17, wherein the at least one
obstructing object is detected using a neural network, and the method further comprises:
creating a 2-D projection image based on the point cloud data, the 2-D projection image
including a plurality of pixels; and
determining a plurality of attributes associated with each pixel using the neural network,
the attributes indicative of a likelihood of the pixel being corresponding to the at least one

obstructing object.

19. The non-transitory computer-readable medium of claim 18, wherein the method further
comprises

identifying segments from the 2-D projection image, each patch including pixels with
attributes indicating that the pixels correspond to one of the at least one obstructing object;
and

determining an aggregated area in the 2-D projection image, wherein the aggregated

area encloses all the identified segments.

20. The non-transitory computer-readable medium of claim 17, wherein positioning at least
one hole in the point cloud data further comprises:

determining a plane in which each hole is located; and

determining a boundary for each hole,

wherein the non-obstructed point cloud data is estimated based on the plane of the hole.
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