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[DESCRIPTION]

[Title of Invention]

SYSTEM AND METHOD FOR PROCESSING INPUT POINT CLOUD
HAVING POINTS

[Technical Field]

[0001]

The present disclosure relates generally to simplifying of a point cloud, and in
particular, simplifying.the point cloud that is either organized or not or organized.
[Background Art]

[0002] ,

With the recent development of 3D sensing technologies, 3D point clouds
have become a practieal format to represent data points in many applications. A
sensing device measures a large number of points on an object’s surface, and the
point cloud represents the set of points that has been measured. A point cloud
typically includes a massive data set that defines a large number of data points in
some coordinate system. For example, a laser scan of a physical object will typically
produce a data set that contains millions of data points, each specified by a 3-tuple
using orthogonal coordinates that represent 3D space (e.g. X, Y, Z).

[0003]

The processing, analysis and reporting of such large point cloud data sets can
be difficult. In particular, it is often the case that the size of a point cloud data set
exceeds the design and performance capabilities of the systems that need to make
use of this data. Consequently, methods for reducing the size of point cloud data sets
are an important pre-processing step in order to reduce the volume of data to a level
suitable for consuming systems. The simplified or reduced point cloud data can then
be more efficiently processed. | '

[0004]
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There are a number of related art approaches for simplifying point cloud data.
However, these related art approaches either carry a significant risk of losing data,
such as key features of the objects and/or surfaces represented by the data (e.g.
sub-sampling decimation, uniform spatial clustering) or are complicated to
implement and therefore require more expense computationally, and require more
processing time. |
[0005]

Therefore, a need exists in the art for an improved way to detect and/or predict
machine failure from the large amounts of data.

[Summary of Invention]
[0006] |

Embodiments of present disclosure are directed to simplifying the point
cloud that is either organized or not or organized, by resampling the point cloud to
preserve a subset of key points. This approach reduces the number of points without
changing the locations of original points.

[0007]
The embodiments of the present disclosure are baSed on a realization the
point cloud does not need to be represented in a format suitable for all applications.
‘Specifically, the point cloud can be represented in a format tailored for a specific
application or for different applications, such that the point cloud can be
reformatted into different formats/representations. By reformatting the point cloud
into different formats/representations, the point cloud can be reformatted or pruned
to preserve only points necessary for specific applications. At least one goal is to
design application-dependent resampling strategies, preserving selected
information depending on specific underlying applications. For example, in the
task of contour detection in a point cloud, usually this requires careful and
intensive computation, such as calculating surface normal and classifying points.
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Instead of working with an entire point cloud, there is more efficiently in a
resample of a small subset of points that is sensitive to the required contour
information, makingr the subsequent computation much cheaper without losing
detection performance. Other eXamples may include a visualization and/or object
modeling application, contours and some texture of the speciﬁé objects (but not
others) can be preserved.

[0008]

We realized it is more efficient to store multiple versions of point cloud
pruned for specific purposes, than one version of point cloud suitable for all
purposes. This can be true even when different pruned point clouds share the same
points. For example, 100,000 points in an original point cloud can be turned into
60,000 points, or pruned into five different pruned point group of 5,000 points each.
Thus, by pruning the point cloud for different applications to produce different
pruned points, and exécuting a specific application with corresponding pruned
points, the pruning can preserve a subset of the application specific to the key
points. Other advantages can include reducing computational complexities and
time, and reduces overall cost to run the specific application, when compared to
trying to cbmputat}onally run an application using the entire point cloud.

[0009] _

The present disclosure discloses techniques of selecting a subset of points
“that are rooted in graph signal processing, which is a framework to the interaction
between signals and graph structure(s). We use a graph to capture the local
dependencies between points, representing a discrete version of the surface of an
object. At least one advantage of 'using a graph is to capture both local and global
structures of point clouds. Under the present disclosure framework, the 3D
codrdinates_ and other attributes associated with each point are graph signals
indexed by the nodes of the underlying graph. Thus, it becomes possible to
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formulate a resampling problem as sampling of graph signals. However, graph
sampling techniques usually selects samples in a deterministic approach, which
solve nonconvex optimization problems to obtain samples sequentially and require
- expensive computation. To. leveage the computational cost, the present disclosure
uses efficient randomized resampling strategies to choose a subset of key points
from the input point cloud. The main idea is to generate subsamples according to a
certain sampling distribution, which is both fast and noticeably useful to preserve
information in the original input point cloud.

[0010]

In other words, the present disclosure considers a feature-extraction based
resampling framework, that is, the resampled points preserve selected information
depending on the particular needs of a specific application. Then, based on a
general feature-extraction operator, it is possible to quantify the quality of
resampling by using a reconstruction error, and be able to derive the exact form.
The optimal sampling distribution can Be obtained by optimizing the expected
reconstruction error. The present disclosure provides for an optimal sampling
distribution that is guara_riteed to be shift and rotation invariant. Which provides the
feature extraction operator to be a graph filter and study the resampling strategies
based on all-pass, low-pass and high-pass graph filtering. In each case, it is
possible to derive the optimal sampling distribution and validate the performance
on both simulated and real data.

[0011]

~ Another way to explain this realization or to better understand how the
pruning can be accomplished, the present disclosure uses each node on the graph
by scoring each node according to the structure of the graph, based on thé value of
its neighboring nodes. A scoring function(s) can be selected based on the specific
application, such that each different application can have their own scoring
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functioh or a multitude of scoring functions. For example, for contour
determination, the scoring function can be an error in representation of the node as
a function of neighboring nodes. Another example can be different scoring
functions that can consider different attributes of the node. We realized that the
scoring can determine probabilities of the nodes, which can be used with "random"
resampling to handle the points with the same "Scores" values.

[0012]

Iﬁ solving for resampling or processing the input point cloud, at least one
system begins first by accessing the input point cloud. Wherein the input point
cloud includes points, and each point includes a set of attributes including two
dimensional (2D) and three dimensional (3D) coordinates and other attributes. The
next step is to construct a graph (i.e. composing of graph vertex and graph edges),
representing the input point cloud, based on each point in the input point cloud
representing a node in the graph,.and identify and connecting two neighboring
nodes in the graph to obtain a graph edge.

[0013]

Then, determine a graph filtering function based on the constructed graph,
i.e. determine a graph operatof as per a certain criteria to promote or maintain
certain information in the input point cloud. Wherein, a set of attributes from the
input point cloud can be also selected according to the specific application
requirement, e.g. maintain geometric information and/or texture structure.

[0014] ,

Followed by, filtering each point in the input point cloud by selecting a
subset of attributes for the points, and applying by the graph filtering function on
the selected subset of attributes, to determine at least one value for each point in
the input point cloud. Using the at least one value for each point in the input point
cloud, produce a probability for each point, based on the at least one value of the
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point compared to a total of all values of the points in the input point cloud, and a
predetermined number of points in an output point cloud. In other words, an
importance score can be calculated for each point in the point cloud using the
selected graph operator. Such that based on the importance scbres, a probability is
generated for each point.

[0015]
| Finally, sample the input point cloud using random evaluation of the
probabilities of each point, to obtain a subset of points in the input point cloud,
wherein the subset of points is the output point cloud. Which means that a subset of
points is determined based on the probability and an expected total number of
points can be outputted for further usage. For example, the output point cloud can
be stored in memory or outputted via an output interface in communication with
the processor. It is noted that the input point cloud when compared to the selected
output point cloud, i.e. the selected subset of key points from the system, can be
more efficiently processed later.
[0016]

For example, in one embodiment for large-scale visualization, it may be
easier for a viewer to catch important details in a point cloud of a city environment
when using a high-pass graph filtering based resampling. It is possible that for one
embodiment for large-scale visualization, we can use the proposed high-pass graph
filtering based resampling strategy to select a small subset of points to highlight the
contours of buildings and streets in a ufban scene.

[0017]

In another example, the present disclosure may have another embodiment
for robust shape modeling, such that it may be more efficient aﬁd accurate to
identify the object model parameters when using a proposed low-pass graph
filtering based resampling strategy to select a small subset of points. Wherein such
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modeling may involve finding the surfaces in a point cloud with noises or outliers
being present and the present disclosure can be used to solve the problem(s).
[0018]

According to an embodiment of the present disclosure, a system for
processing input point cloud having points, wherein each point includes a set of
attributes including two dimensional (2D) and three dimensional (3D) coordinates
and other attributes. The system including sensors sensing a scene, and in
communication with a computer readable memory to produce the input point cloud.
The system includes an output interface. A processor in communication with the
computer readable mcmory; wherein the processor is configured to access the input
point cloud, and constructv a graph representing the input point cloud, based on
“each point in the input point cloud representing a node in the graph, and identify
and connecting two heighboring nodes in the graph to obtain a graph edge.
Determine a graph filtering function based on the constructed graph. Filter each
point in the input point cloud by selecting a subset of attributes for the points and
applying by the graph filtering function on the selected subset of attributes, to
determine at least one value for each poiht in the input point cloud. Produce a
probability for each point, based on the at least one value of the point compared to
a total of all values of the points in the input point cloud, and a predetermined
number of points in an output point cloud. Sample the input point cloud using
random evaluation of the probabilities of each point, to obtain a subset of points in
‘the input point cloud, wherein the subset of points is the outpuf point cloud. Finally,
store the output point cloud in the computer readable memory or output the output
point cloud via th e output interface in communication with the processor, wherein
the output point cloud is used to assist in subsequent processing and assists in
management of the input cloud data.

[0019]
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According to another embodiment of the present disclosure, a method for
processing input point cloud having points, wherein each point includes a set of
attributes including two dimensional (2D) and three dimensional (3D) coordinates
and other attributes. The method including sensing a scene via sensors, the sensors
are in communication with a computer readable memory to produce the input point
cloud. Using a processor in communication with the computer readable memory,
wherein the processor is configured for accessing the input point cloud, and
constructing a graph representing the input point cloud, based on each point in the
input point cloud representing a node in the graph, and identify and connecting two
neighboring nodes in the graph to obtain a graph edge. Determining a graph
filtering function based on the constructed graph. Filtering each point in the input
point cloud by selecting a subset of attributes for the points and applying by the
graph filtering function on the selected subset of attributes, to determine at least
one value for each point in the input point cloud. Producing a probability for each
point, based on the at least one value of the point compared to a total of all values
- of the points in the input point cloud, and a predetermined number of points in an
output point cloud. Sampling the input point cloud using random evaluation of the
probabilities of each point, to obtain a subset of points in the input point cloud,
wherein the subset of points is the output point cloud. Finally, storing the output
point cloud in the computer readable memory or outputting the output point cloud
via the output interface in communication with the processor, wherein the output
point cloud is used to assist in subsequent processing and assists in management of
the input cloud data. |
[0020]

According to another embodiment of the present disclosure, a non-transitory
computer readable storage médium embodied thereon a program executable by a
computer for performing a method. The method for processing stored input point
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cloud having points, wherein each point includes a set of attributes including two
dimensional (2D) and three dimensional (3D) coordinates and other attributes. The
method including sensing a scene via sensors, the sensors are in communication
with the non-transitory computer readable storage medium to produce the input
point cloud. Constructing a graph representing the input point cloud, based on each
point in the input point cloud representing a node in the graph, and identify and
connecting two neighboring nodes in the graph to obtain a graph edge.
Determining a graph filtering function based on the constructed graph. Filtering
each point in the input point cloud by selecting a subset of attributes for the points
and applying by the graph filtering function on the selected subset of attributes, to
determine at least one value for each point in the input point cloud. Producing a
probability for each point, based on the at least one value of the point compared to
a total of all values of the points in the input point cloud, and a predetermined
number of points in an output point cloud. Sampling the input point cloud using
random evaluation of the probabilities of each point, to obtain a subset of points in
the input point cloud, wherein the subset of pdints is the output point cloud. Finally,
storing the output point cloud in the non-transitory computer readable storage .
medium or outputting the output point cloud via an output interface in
communication with the computer, wherein the output point cloud is used to assist
in subsequent prbcessing and assists in management of the input cloud data.

[0021]

The presently disclosed embodiments will be further explained with
reference to the attached drawings. The drawings shown are not necessarily to
scale, with emphasis instead generally being placed upon illustrating the principles
of the presently disclosed embodiments.

[Brief Description of the Drawings]
[0022]
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[Fig. 1]

FIG. 1 is a block diagram illustrating a system for resampling or processing
an input point cloud having points, according to an embodiment of the present
disclosure. |
[Fig. 2] |

FIG. 2 is a block diagram illustrating the system of FIG. 1A for resampling
or processing the input point cloud and resampling to produce an output point
cloud, according to an embodiment of the present disclosure.

[Fig. 3A]

FIG. 3A is a graph illustrating how the local variations.can be captured by a
graph operator, i.e. showing Point 2 is the convex combination of Points 1 and 3,
and the local variation of Point 2 is thus zero, accqrding to embodiments of the
present disclosure. |
[Fig. 3B]

FIG. 3B is a schematic illustrating how the local variations can be captured
by a graph operator, i.e. all the nodes are evenly spread on a circle and have the |
same amount of the innovation, which is represented as line extending from Point
4 to the dotted line, according to embodiments of the present disclosure. |
[Fig. 4]

FIG. 4 is a schematic illustrating how a pairwise difference based local
variation fails for an example with points on a cube, wherein only two faces are
shown, according to embodiments of the present disclosure.

[Fig. 5] |

FIG. 5 is a schematic illustrating how the proposed local variation
measurement outperforms pairwise difference based method, according to
embodiments of the present disclosure. |
[Fig. 6]
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FIG. 6 is a schematic illustrating that the high-pass graph filtering based
resampling detects both geometric contour and the texture edges, according to
embodiments of the present disclosure.

[Fig. 7]

FIG. 7 is a schematic illustrating that low-pass approximation represents the
main shape of a point cloud, according to embodiments of the present disclosure.
[Fig. 8]

FIG. 8 is a schematic illustrating the denoising performance by using a
proposed resampling method on an example point cloud, according to
embodiments of the present disclosure.

[Fig. 9]

FIG. 9 is a schematic illustrating the the visualization results of a proposed
high pass graph filter based resampling strategy to efficiently visualize large-scale
urban scenes, according to embodiments of the present disclosure.

[Fig. 10] |

FIG. 10 is a schematic illustrating the details of .Vis_ualization results of a
proposed high pass graph filter based resampling strategy to efficiently visualize |
large-scale urban scenes, according to embodiments of the present disclosure.

[Fig. 11]

FiG. 11 is a schematic illustrating the results of a prior art object fitting
approach on a point cloud for fitness ball, according to embodiments of the present
disclosure.

[Fig. 12]

FIG. 12 is a table that compares the object fitting results when using a
proposed low-pass filter based resampling, aécording to embodiments of the
present disclosure. '

[Fig. 13]
11
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FIG. 13A and FIG. 13B are graphs comparing the sami)ling result with
graph random walk without flooring (FIG. 13A) versus the graph random walk
with flooring (F‘IG. 13B) on one face of a cubic object, according to embodiments
of the present disclosure.

[Fig. 14]

FIG. 14A and FIG. 14B are graphs comparing the spectral response of &
-POLY (FIG. 14A) and £-CG (FIG. 14B) methods with different degrees that can
be integrated with the proposed low-pass graph filter based resampling, according
to embodiments of the present disclosure. |
[Fig. 15] |

FIG. 15 is a table that shows a flowchart of a proposed conditional
resampling, according to embodiments of the present disclosure.

[Fig. 16]
FIG. 16 is a table that shows a flowchart of a proposed reference-based
resampling, according to embodiments of the present disclosure.
[Fig. 17] |
- FIG. 17 is a block diagram of illustrating the method of FIG. 1.
[Description of Embodiments]
[0023]

While the above-identified drawings set forth presently disclosed
embodiments, other embodiments are also contemplated, as noted in the discussion. |
This disclosure presents illustrative embodiments by way of representation and not
limitation. Numerous other modifications and embodiments can be devised by
those skilled in the art which fall within the scope and spirit of the principles of the
presently disclosed embodiments. ' |
[0024]

The following description provides exemplary embodiments only, and is not
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intended to limit the scope, applicability, or configuration of the disclosure. Rather,
the following description of the exemplary embodiments will provide those skilled
in the art with an enabling description for implementing one or more exemplary
embodiments. Cbntemplated are various changes that may be made in the function
and arrangement of elements without departing from the spirit and scope of the
subject matter disclosed as set forth in the appended claims.

[0025]

| Specific details are given in the following description to provide a thorough
understanding of the embodiments. However, understood by one of ordinary skill
in the art can be that the embodiments may be practiced without these specific
details. For eXample, systems, processes, and other elements in the subject matter
disclosed may be shown as components in block diagram' form in order not to
obscure the embodiments in unnecessary detail. In other instances, Well-known
processes, structures, and techniques may be shown without unnecessary detail in
order to avoid obscuring the embodiments. Further, like reference numbers and
designations in the various drawings indicated like elements.

[0026]

Also, individual embodiments may be described as a process which is
depicted as a flowchart, a flow diagram, a data flow diagram, a structure diagram,
or a block diagram. Although a flowchart may describe the operations as a
sequential process, many of the operations can be performed in parallel or
concurrently. In addition, the order of the operations may be re-arranged. A
process may be terminated when its operations are completed, but may have
additional steps not discussed or included in a figure. Furthermore, not all
operations in any particularly described process may occur in all embodiments. A
process may correspond to a method, a function, a procedure, a subroutine, a
subprogram, etc. When a process corresponds to a function, the function’s
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termination can correspond to a return of the function to the calling function or the
~ main function.
[0027]

Furthermore, embodiments of the subject matter disclosed may be
implemented, at least in part, either manually or automatically. Manual or
automatic implementations may be executed, or at least assisted, through the use of
machines, hardware, software, firmware, middleware, micrpcode, hardware
description languages, or any combination thereof. When implemented in software,
firmware, middleware or microcode, the program code or code segments to
perform the necessary tasks niay be stored in a machine readable medium. A
processor(s) may perform the necessary tasks.

[0028]
Overview of Embodiments of the Present Disclosure

- FIG. 1 and FIG. 2 are block diagrams illustrating system 100 for resampling
or processing input point cloud having points, according to an embodiment of the
present disclosure. The system 100 includes a sensor 104 that geherates the input
point cloud data of a scene 105, object or some other data generated from the sensor
104. The sensor 104 can be a camera or video camera or some other device that
generates input point cloud data. A computer readable memory 112 can store and/or
provide the input point cloud data generated by the sensor 104. The sensor(s) 104
collect the input point cloud data of the scene 105 which can be optionally stored
in an external memory 106 or sent directly to an input interface/preprocessor 108,
and then sent to the processor 114. Upon being processed the data can either be
stored in memory 112 or outputted via the output interface 116. During processing,
the processor 114 may communication with the memory 112 for storing or
retrieving stored instructions or other data related to processing the input point
cloud data.
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[0029]

The embodiments of the present disclosure are based on a realization the
point cloud does not need to be represented in a format suitable for all applications
when considering processing the input point cloud. In fact, the point cloud can be
represented in a format tailored for a 'speciﬁc application or for different
applications, and is reformatted into different formats/representétions.
Reformatﬁng or resampling the input point cloud is done to preserve only points -
necessary for a specific application or for multiple applications. The preserved
points from the input point cloud is selected information specific to the needs of
the particular application. For example, for visualization and object modeling
applications, contours and some texture of some specific objects are preserved,
among other things. Specifically, we realized it is more efficient to store multiple
versions of point cloud reformatted or resampled for specific purposes, than one
version of point cloud suitable for all purposes. By resampling the point cloud for
different applications we essentially produce different groups of resampled points
or subgroups of the overall input point cloud, that are then executed for the specific
application with the corresponding resampled points. Because of this realization,
we observed reduced computational complexities and time, and reduced overall
cost to run the specific application, when compared to trying to computationally
run an application using the entire input point cloud.

[0030]

The selecting a subset of points is rooted in graph signal processing, which
is a framework to learn about the interaction between signals and graph structure(s).
We found that using a graph to capture the local dependencies between points, and
representing a discrete version of the surface of an object, the present disclosure is
able to deliver both local and global structures of poiht clouds. Under this
framework, the 3D coordinates and other attributes associated with each point are
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graph signals indexed by nodes of the underlying graph. Which we discovered
makes it possible to formulate a resampling problem as sampling of graph signals.
This feature-extraction based resampling framework, i.e. resampled points
preserving selected information per specific application, is based on a general
feature-extraction operator, which we quantified the quality of resampling using a
reconstruction error to derive the exact form. The optimal sampling distribution is
obtained by optimizing the expected reconstruction error. The proposed optimal
sampling distribution is guaranteed to be shift and rotation invariant. Wherein we
present the feature extraction operator as a graph filter and analyze the resampling
strategies based on all-pass, low-pass and high-pass graph filtering. In each éase,
we obtain the optimal sampling distribution and validate the performance on both
simulated and real data.

[0031]

The realization of resampling or pruning of the input point cloud can be
generally explained by using each node on the graph and scoring each node
according to a structure of the graph, based on a value of its neighboring nodes. We
realized that the scoring can determine probabilities of the nodes, which can be
used with "random" resampling to handle the points with the same "scores" values.
For example, for contour determination, the scoring function can be an error in |
representation of the node as a function of neighboring nodes, or another example
can be different scoring functions that can consider different attributes of the node.
A scoring function(s) is selected based on the specific application, where each
different application may have their own scoring function or a multitude of scoring
functions.

[0032]

Referring to FIG. 1 and FIG. 2, to solve for resampling the input point cloud,

begins first by accessing the input point cloud either from memory 112 or directly
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from the sensor 104. Remember, the input point cloud includes points, and each |
point includes a set of attributes including two dimensional (2D) and three
dimensional (3D) coordinates and other attributes. The next step is to construct a
graph 120, i.e. composing of graph vertex and graph edges, representing the input
point cloud, based on each point in the input point cloud representing a node in the
graph, and identify and connecting two neighboring nodes in the graph to obtain a
graph edge. |

[0033]

Then, determine a graph filtering function 125 based on the constructed
graph 120, i.e. determine a graph operator as per a certain criteria to promote or
maintain certain information in the input point cloud. Wherein, a set of attributes
130 from the input point cloud can be also selected according to the specific
application requirement, e.g. maintain geometric information and/or texture
structure.

[0034]

Followed by, determining a value for each point 135, wherein filtering each
point in the input point cloud is by selecting a suBset of attributes 130 for the
points, and applying the graph ﬁltéring function on the selected subset of attributes
135, to determine at least one value for each point 135 in the input point cloud.
Using, the at least one value for each point 135 in the input point cloud to produce
a probability for each point 140, based on the at least one value of the point 135
compared to a total of all values of the points' in the input point cloud, and a
predetermined number of points in an output point cloud. In other words, an
importance score can be calculated for each point in the point cloud using the
selected graph operator. Such that, based on the importance scores, a probability is
geherated for each point.

[0035]
17
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Finally, still referring to FIG. 1 and FIG. 2, sample the input point cloud
using random evaluation of the probabilities of each point, to obtain a subset of
points 145 in the input point cloud, wherein the subset of points 145 is the output
point cloud 150. Which means that a subset of points 145 is determined based on
the probability and an expected total number of points that can be outputted for
further usage. For example, the output point cloud 150 can be stored in memory
112 or outputted via an output interface 155 in communication with the processor.
It is noted that the input point cloud when compared to the selected output point
cloud 150, i.e. the selected subset of key points 145 from the system, can be more
efficiently processed later. |
[0036]

" Referring to FIG. 2, as an example, in one embodiment for large-scale
visualization, it can be easier for a viewer to catch important details in a point
cloud of an preprossed object 105 or a city environment when using a high pass
graph filtering based resampling. Also, for the one embodiment for the large-scale
visualization, it is possible to use the proposed high pass graph filtering based
resampling strategy to select a small subset of points to highlight the contours of
the processed object 160 or buildings and streets in the city or in an urban scene.
[0037] |

Further, another embodiment of the present disclose can be for robust shape
modeling. Whérein, it may be more efficient and accurate to identify the object
model parameters when using a proposed low-pass graph filtering based
resampling strategy to select a small subset of points. Wherein such modeling may
involve finding the surfaces in a point cloud with noises or outliers being present
and the present disclosure can be used to solve the problem(s).

[0038] |
Formulation of the Task of Resampling Input Point Cloud
18
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To better understand formulating the task of resampling a 3D point cloud,'
we need to introduce graph signal processing, which outlays a foundation for the

methods and systems for the embodiments of the present disclosure.

[0039]
Resampling A Point Cloud
We consider a matrix representation of a point cloud with N points and X
attributes,
x|
XT
X=[s, s, - sel= :2 eR™E, (1)
Xy

where s, eR" represents the ith attribute and x, eRX represents the ith point.
Depending on a sensing device, attributes can be 3D coordinates, RGB colors,
textures, and many others. To distinguish 3D coordinates and other attributes, we

use X,eR™ to represent 3D coordinates and X, eR™* to represent other

attributes. -
[0040]

The number of points N is usually huge. For example, a 3D scanning of a
building usually needs billions of 3D points. It is challenging to work with a
large-scale point cloud from both storage and data analysis perspectivés. In many
applications, however, we are interested in a subset of 3D points with particular
properties; such as key poihts in point cloud registration and contour points in
contour detection. To leverage the storage and computation, we consider sampling
a subset of representative points from the original point cloud to reduce the scale.
Since the original point cloud is sampled from an object, we call this task
resampling. The procedure of resampling is to resample M (M < N) points from a

point cloud, or select M rows from the point cloud matrix X . The resampled
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point cloud is
Xy =¥X eR"™, (2)
where M=(M,,,M,,) denotes the sequence of resampled indices, or called
resampling set, and M, e{l,---,N} and |M|= M, and the resampling operator ¥ is

a linear mapping from R" to RY, defined as

lIli,j ={17 J=M:; (3)

0, otherwise.
[0041]

The efficiency of the proposed resampling strategy is critical. Since we work
with a large-scale point cloud, we want to avoid expensive computation. To
implement resampling in an efficient way, we consider a randomized resampling
‘strategy. It means that the resampled indices are chosen according to a sampling

- distribution. Let {r,}”, be a series of sampling probabilities, where =, denotes

the probability to select the ith sample in each random trial. Once the sampling
distribution is chosen, it is efficient to generate samples. The goal here is to find a
sampling distribution that preserves information in the original point cloud.

[0042]

The invariant property of the proposed resampling strategy is also critical.
When we shift or rotate a pbint cloud, the intrinsic distribution of 3D points does
not changed and the proposed resampling strategy should not change.

Definition 1 A resampling strategy is shift-invariant when a sampling

distribution r is designed for a point cloud, X =[X, X,], then the same

sampling distribution rn is designed for its shifted point cloud, [X . +la’ X ., ]
where acR’.
Definition 2 A4 resampling strategy is rotation-invariant when a sampling

distribution = is designed for a point cloud, X =[X, X,], then the same
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sampling distribution = is designed for its rotated point cloud, [X.R X,|, where

ReR* is a 3D rotation matrix.
We should guarantee that the proposed resampling strategy is both shift

and rotation invariant.
[0043]
Graph signal processing for point clouds

A graph is a natural and efficient way to represent a point cloud because it is
a discrete representation of the surface of an object. In computer graphics, polygon
meshes, as a class of graphs with particular connectivity restrictions, are
extensively used to represent the Shape of an object. To construct a reliable mesh,
we usually need sophisticated geometry analysis, such as calculating surface
normals. The mesh representation is a simple tool for visualization, but may not-be
good at analyzing point clouds. Here we extend polygon meshes to general graphs
by relaxing the connectivity restrictions. Such graphs are efficient to construct and
are flexible to capture geometry information.
[0044]
Graph Construction

We construct a general graph of a point cloud by encoding the local

i

geometry information in an adjacency matrix W eR"". Let x eR’ be the 3D
coordinates of the ith point; that is, the ith row of Xx_. The edge weight between
two points x” and x% is

2
() _y(e)
x; X A

VV/,] e o N ’

x5c) _ X-(,_L‘)

@

0, otherwise,

where variance o and threshold r are hyperparameters. Equation (4) shows that

when the Euclidean distance of two points is smaller than a threshold z, we
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connect these two points by an edge and the edge weight depends on the similarity
of two points in the 3D space. We call this type of graph as z-Graph in this
invention. The weighted degree matrix D is a diagonal matrix with diagonal

element D, =ZJ_W,.’ , reflecting the density around the ith point. This graph is

approximately a discrete representation of the original surface and can be
efficiently constructed via a tree data structure, such as octree. Here we only use
the 3D coordinates to construct a graph, but it is also feasible to take other
attributes into account (4). Given this graph, the attributes of point clouds are
called graph signals. For example, an attribute s in (1) is a signal index by the
graph. Without explicitly statement, we assume a 7 -Graph is in use.

[0045] |

In another example of graph construction, a point is connected to its a
certain number of nearest neighbors.

[0046] |
Graph Filtering ‘

A graph filter is a system that takes a graph signal as an input and produces
another graph signal as an output. Let 4eR" X_” be a graph shift operator, which is
the most elementary nontrivial graph filter. Some common choice of a graph shift
operator is the adjacency matrix W (4), the transition matrix 7 =D"'W , the graph
Laplacian matrix L=D-W, and many other structure-related matrices. The graph
shift replaces the signal value at a node with a weighted linear combination of
values at its neighbors; that is,

y=A4seR",
where seR" is an input graph signal (an attribute of a point cloud). Every linear,

shift-invariant graph filter is a polynomial in the graph shift
L-1
h(A)=Y h A" =hI+hA+. . +h_ 4", (5)
=0 :
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where h are filter coefficients and L is the length of this graph filter. Its oﬁtput
is given by the matrix-vector product

y=h(4)seR”.
[0047]
Graph Fourier Transform

The eigendecomposition of a graph shift operator 4 is

A=VAV", (6)
where the eigenve'ctors of 4 form the columns of matrix ¥, and the eigenvalue
matrix AeR" is the diagonal matrix of corresponding eigenvalues 4,...,4, of
A4 (4>4,2....24,). These eigenvalues represent frequencies on the graph [?]
where 4, is the lowest frequency and 4, 1is the highest frequency.
‘Cdrrespondingly, v, captures the smallest variation on the graph and v,
captures the highest variation on the graph. 7 is alsb called graph Fourier basis.
The graph Fourier transform of a graph signal seR" is

| § = Vi, %)

The inverse graph Fourier transform is

where v, is the kth column of 7 and Sk is the kth component in S. The

vector S in 7 represenfs the signal’s expansion in the eigenvector basis and
~ describes the frequency components of the graph signal s. The inverse graph
Fourier transform reconstructs the graph signal by combining graph frequency
components. |

[0048]

Resampling based on Feature Extraction
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During resampling, we reduce the number of points and unavoidably lose
information in a point cloud. Our goal here is to design an application-dependent
‘resampling strategy, preserving selected information depending on particular needs.
For example, in the task of contour detection in a point cloud, we usually need
careful and intensive computation, such as calculating surface normals and
classifying points [?, ?]. Instead of working with a large number of points, we
consider efficiently resampling a small subset of points that is sensitive to the
required contour information, making the subsequent computation much cheaper
without losing contour information.

[0049]
Feature-extraction based Formulation

Let f() be a feature-extraction operator that extracts targeted information
from a point

cloud according to particular needs; that is, the features f(Xx)eR"™* are extracted
from a point cloud X eRY™*. We resample a point cloud M times. In the jth
time, we independently choose a point M, =i with probability z,. Let ¥ eR"*"
be the resampling operator (3) and S eR™" be a diagonal rescaling matrix with

S, =1//Mr, . We quantify the performance of a resampling operator as follows:

L (®)

where |||, is the spectral norm. ¥"¥ eR™" is a zero-padding operator, which a
) P p g op

Dy iy () = |[S¥TRF (X) - £(X)

diagonal matrix with diagonal elements (¥"%¥),,=1 when the ith point is

sampled, and 0, otherwise. The zero-padding operator ¥'¥ ensures the
resampled points and the original point cloud have the same size. S is used to
compensate non-uniform weights during resampling. S¥"Wf(X) represents the

preserved features after resampling in a zero-padding form. From another aspect,
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S¥T is the most naive interpolation operator that reconstructs the original feature

f(X) from its resampled version Wf(X). The evaluation metric D, (¥)

measures the reconstruction error; that is, how much feature information are lost
after resampling without using sophisticated interpolation operator. When

D, (¥) is small, preserved features after resampling are close to the original

features, meaning that few information is lost. The expectation E%(Df( X)(lP))

provides the expected error caused by resampling and quantifies the performance
of a sampling distribution r. Our goal is to minimize E,P:,,(Df( X)(‘P)) over r to
obtain an optimal sampling distribution in terms of preserving features f(x). We
now derive the exact form of mean square error of the objective function.
Lemma 1 The nonweighted version of preserved | feature is a biased
estimator to the original feature, ' |
Ey.. (W"¥f (X)) 76 (X), for all f(X)eR".
where e is the row-wise multiplication.
The reweighted version of preserved feature is an unbiased estimator to the
original feature, that is, '
E,..(S¥T®F(X))= f£(X), for all f(X)eR¥¥.
Theorem 1 The exact Jorm of mean square error between the preserved
Sfeature and the original feature is,
Eur (Dyon (BN =THFOQAOT) (9)
where QeR™ isa diagonal matrix with O, =1/z,-1.
[0050]
The sufficient condition of the shift and rotation-invarianf of a proposed
resampling strategy is that the evaluation metric (8) is shift and rotation-invariant.

Definition 3 A feature-extraction operator f(-) is shift-invariant when the
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features extracted from a point cloud and. its shifted version are same; that.is,
fdx. x.D=r(x.+1a" X}, where shift acR®.

Definition 4 A4 feature-extractioh operator f() is rotation-invariant when
the features extracted from a point cloud and its rotated version are same; that is,
fx. x,D=rJx.R X)), where ReR* isa 3D rotation matrix.

[0051]
- When £() is shift/rotation-invariant, (8) does not change through shifting
or rotating, leading to a shiﬂ/rrotation-invariant‘ resampling strategy and it is

sufficient to minimize E,.(D,.,(¥)) to obtain a resampling strategy; however,

when f() is shift/rotation-variant, (8) may change through shifting or rotating,
leading to a shift/rotation-variant resampling strategy.
[0052] |

To handle shift variance, we can always recenter a point cloud to the origin
before any process; that is, we normalize the mean coordinates of 3D points to
zeros. To handle rotation variance of f(), we consider the following evaluation
metric:

D,(¥)= max Dy x)¥)

X, X'c|‘2'=c

= max (e esemw-1)r(x; X))

2
b
xxl,= )

where ||, is the spectral norm and constant ¢=|X,|, is the spectral norm of the
original 3D coordinates. The evaluation metric D, (¥) considers the worst

possible reconstruction error caused by rotation to remove the influence of rotation.
In (??), we consider 3D coordinates are variables due to rotation. We constraint the
spectral norm of 3D coordinates because a rotation matrix is orthornormal and the

spectral norm of 3D coordinates does not change during rotation. We then
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minimize E,.,(D,(¥)) to obtain an invariant resampling strategy even when /(-

is variant.
Theorem 2 Let f() be arotation-variant linear feature-extraction
operator, where |
f(X)=Fx with FeR". The exact form of E,..D,(¥) is,
Ev, (D, (9)= TrFOFT )+ Tr(FX,Q(FX,)), (10)
where c=|X., and QeR™ is a diagonal matrix with @, =1/7z,-1.
[0053]
Optimal sampling distribution
We now derive the optimal sampling distributions by minimizing the

expected
reconstruction error.
For a shift and rotation-invariant feature-extraction operator, we
minimize (8).
Theorem 3 Let f() be a shift and rotation-invariant

feature-extraction operator. The corresponding optimal resampling strategy
z' IS,

FL D

where f£(X)eR* isthe ithrowof f(X).

*
T, <

For a shift and rotation-variant feature-extraction operator, we
minimize.
Theorem 4 Let f() be a shift and rotation-variant linear

feature-extraction
operator, where f(X)=Fx with FeR"™. The corresponding optimal

resampling strategy =" is,
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7 o |IFL+ ) (12)

where constant c¢=|X,|,, F, isthe ith row of F and (FX,), is the ith row of

FX,.

[0054]

Resampling based on Graph Filtering
In this section, we design graph filters to exact features from a point cloud.
Let features

extracted from a point cloud X be
. L-1
X)) =hAX =Y hAX,
=0

which follows from the definition of graph filters (5). Similarly to filter design in
classical signal
processing, we desigll a graph filter either in the graph vertex domain or in the
graph spectral domain.
[0055]
In the graph vertex domain, for each point, a graph filter averages the

attributes of its local
points. For example, the output of the ith point, f(X)= Z:]he (A‘X ) is a
weighted average of the attributes of points that are within L hops away from the
ith point. The ¢th graph filter coefficient, 4,, quantifies the contribution from the
¢ th-hop neighbors. |
- [0056]

We design the filter coefficients to change the weights in local averaging.
[0057] |

In the graph spectral domain, we first design a graph spectrum distribution

and then use
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graph filter coefficients to fit this distribution. For example, a graph filter with
length L is
h(A) =Vh(AWV"

- _
Shia 0 0
0 L-1
I Y ¥ | pr.
=0
. L—l:
0 0 - DhA
L £=0 n

where V is the graph Fourier basis and 4, are graph frequencies (6). When we

want the

response of the ith graph frequency is ¢,, we set
L-1
h(A) =2 hA =c,
=0

and solve a set of linear equations to obtain the graph filter coefficients 4,. It is

also possible to
use the Chebyshev polynomial to design graph filter coefficients [?]. We now
consider some
special cases of graph filters.
[0058]
All-pass graph filtering
Let h(/l,)=1;that is, h(4) is an identity matrix with 4, =1 and A =0 for
i=1,...,L~1. The intuition behind this setting is that the original point cloud is
trustworthy and all points are uniformly sampled from an object without noise,
reflecting the true geometric structure of the object. We want to preserve ,ail the
information and the features are thus the original attributes themselves. Since

f(X)= X, the feature-extraction operator f() 1is shift and rotation-variant. Based
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on Theorem 4, the optimal resampling strategy is
m e e +[(r ) (13)

[0059]
Here the feature-extraction matrix F in (12) is an identity matrix and the
norm of each

row of F is 1. When we only preserve 3D coordinates, we ignore the term of X

and obtain a constant sampling probability for each point, meaning that uniform
sampling is the optimal resampling strategy to preserve the overall geometry
information.
[0060]
High-pass graph filtering
In image processing, a high-pass filter is used to extract edges and contours.
Similarly, we |
use a high-pass graph filter to extract contours in a point cloud. Here we only

consider the 3D coordinates as attributes (X = X, =R"**), but the proposed method

can be easily extended to other attributes.
[0061]
A critical question is how to define contours in a point cloud. We consider
that contour
points break the trend formed by its neighboring points and bring innovation.
Many previous works need sophisticated geometry-related computation, such as
surface normal, to detect contours [?]. Instead of measuring sophisticated geometry
properties, we describe the possibility of being a contour point by the local
variatioh on graphs, which is the response of high-pass graph filtering. The

corresponding local variation of the ith point is

£,00=| (X)), (14)
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where h(4) is a high-pass graph filter. The local variation f(X)eR" quantifies
the energy of _ |
response after high-pass graph filtering. The intuition behind this is that when the
local variation of a point is high, its 3D coordinates cannot be well approximated
from the 3D coordinates of its neighboring points; in other words, this point bring
innovation by breaking the trend formed by its neighboring points and has a high
possibility to be a contour pbint. '
[0062]
The following theorem shows the local variation is rotation invariant, but
shift variant.
Theorem 5 Let f(X )=diag(h(A)XX Th(A)T)e R", where diag() extracts the
diagonal |
elements. f(X) is rotation invariant and shift invariant unless h(4)1=0eR".
~ To guarantee the local variation is both shift and rotation invariant, we use a
transition
matrix as a graph shift operator; thatis, 4=D"'w, where D is the diagonal
degree matrix. The reason is that 1eR" is the eigenvector of a transition matrix,

Al=D"'wi1=1. Thus,
N-1 N-l '
WA= hA 1= "h1=0,
' £=0 =0
when Zf:’olhe =0. A simple design is a Haar-like high-pass graph filter
hyy(A)=1-4 (15)

0 1-4 -« 0
=V . :ﬂ'l .. . VT,
0 0 . 1-4,

Note that A_, =max;|4 =1, where A, are eigenvalues of 4, because the graph
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shift operator

is a transition matrix. In this case, A =1, =-1 and A =0 for all i>1,
Nl
> Jsn=0.Thus, a

Haar-like high-pass graph filter is both shift and rotation invariant. The graph
frequency response of a Haar-like high-pass graph filter is A, (4,) = 1-4,. Since the

eigenvalues are ordered descendingly, we have 1-4 <1-4

i+l

meaning low

frequency response relatively attenuates and high frequency response relatively
amplifies.
[0063]

In the graph vertex domain, the response of the ith point is

(B (DX), =%, - D 4, X,

JeN;
Because 4 is a transition matrix, ZjeNiA,., ;=1 and Ay, (4) compares the

difference
between a point and the convex combination of its neighbors. The geometry
interpretation of the proposed local variation is the Euclidean distance between the
original point and the convex combination of its neighbors, reflecting how much
information we know about a point from its neighbors. When the local variation of
a point is large, the Euclidean distance between this point and the convex
combination of its neighbors is long and this point provides a large amount of
innovation.
[0064]
We can verify the proposed local variation on some simple examples.
Example 1 When a point cloud form a 3D line, two endpoints belong to the
contour. ‘

Example 2 When a point cloud form a 3D polygon/polyhedron, the vertices
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(corner points) and the edges (line segment connecting two adjacent
vertices) belong to the contour.
Example 3 When a point cloud form a 3D circle/sphere, there is no
contour.
[0065]
When the points are uniformly spread along the defined shape, the proposed
local variation
(14) satisfies Examples 1, 2 and 3 from the geometric perspective. For example, in
Figure 3, sub-figure 305, Point 2 is the convex combination of Points 1 and 3, and
the local variation of Point 2 is thus zero. However, Point 4 is not the convex
combination of Points 3 and 5 and the length of the red line indicates the local
variation (innovation) of Point 4. It turns out that only Points 1, 4 and 7 have
nonzero local variation, which is what we expect. In Figure 3, sub-figure 310, all
the nodes are evenly spread on a circle and have the same amount of the innovation,
which is represented as a red line. Similar arguments show that the proposed local
variation (14) satisfies Examples 1, 2 and 3.
[0066]

The feature-extraction operator  f(X)=|h., (4)X|. is shift and

2
rotation-invariant.

Based on Theorem 3, the optimal sampling distribution is
2

7, <Py (DX)PI=Ix,~ >4 x|, (16)

jsNi

2
where 4= D7'W 1is a transition matrix.

[0067]

Note that the graph Laplacian matrix is commonly used to measure

variations. Let
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L=D-weR™ be a graph Laplacian matrix. The graph Laplacian based total
variation is

(X7 Lx)=3 3w, |x~x . (17

i jeN;

where N, is the neighbors of the ith node and the variation contributed by the i

th point is
0= YW, 5 -x [}
JeN;
(18)
[0068]

The variation here is defined based on the accumulatioﬁ of pairwise
differences. We call (18) pairwise difference based local variation.
[0069]
The pairWise difference based local variation cannot capture geometry
change and violates
Example 2. We show a counter example in Figure 4. The points are uniformly
spread along the faces of a cube and Figure 4 shows two faces. Each point
connects to its adjacent four points with the same edge weight. The pairwise
difference based local variations of all the points are the same, which means that
there is no contour in this point cloud. However, the annotated point (pointed by
the black arrbw) should be a contour point.
[0070]
Figure 5 shows the local variation based sampling scores on some examples
of
the point cloud, including hinge, cone, table, chair, sofa and trash container. The
first row shows (505) the original point clouds; the second (510) and third (515)

rows show the resampled versions with respect to two local variations: pairwise
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difference based local variation (18) and Haar-like high-pass graph filtering based
local variation (14). Two resampled versions have the same number of points,
which is 10% of points in the original point cloud.
[0071]
For two simulated objects, the hinge and ‘the cone (first two rows), the
pairwise difference
 based local variation (18) fails to detect contour and the Haar-like high-pass graph
filtering based local variation (14) detects all the contours. For the real objects, the
Haar-like high-pass graph filtering based resampling (14) also outperform the
pairwise difference based local variation (18). In summary, the Haar-like high-pass
graph filtering based ldcél variation (14) shows the contours of objects by using
only 10% of points.
[0072]
The high-pass graph filtering based resampling strategy can be easily
extended to detect
transient changes in other attributes. In Figure 6, sub-figure 605 simulates a hinge
with two different textures. The points in black have a same texture with value 0
and the points indicated by a green circle have a different texture with value 1. We
put the texture as a new attribute and the point cloud matrix X eR"*, where the
first three columns are 3D coordinates and the fourth column is the texture. We
resample 10% of points based on the high-pass graph filtering based local |
variation (14). In Figure 6, sub-figure 610 shows the resampled point cloud, which
clearly detects both the geometric contour and the texture contour.
[0073]
Low-pass graph filtering
In classical signal processing, a low-pass filter is used to capture a main
shape of a smooth
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signal and reduce noise. Similarly, we use a low-pass graph filter to capture a main
shape of a point cloud and reduce sampling noise during obtaining 3D points.
Since we use the 3D coordinates of points to construct a graph (4), the 3D
coordinates are naturally smooth on this graph, meaning that two adjacent points in
the graph have similar coordinates in the 3D space. When noises and outliers occur,
a low-pass graph filter, as a denoising bperator, uses local neighboring information
to approximate a true position for each point. Since the output after low-pass graph
filtering is a denoised version of the original point cloud, it may be more appealing
to resample from denoised points than original points.
[0074] | |
Ideal low-pass graph filter
A straightforward choice is an ideal low-pass graph filter, which completely
eliminates all | |
graph frequencies above a bandwidth while paséing those below unchanged. An

ideal low-pass graph filter with bandwidth 5 is

by (4)= V[gbxb Obx(N—b) ]VT

(N~b)xb O(N—b)x(N—b)
_ T NxN
= ViV €R™,

where V,, isthe first 54 columns of ¥, and the graph frequency response is

1, i<h:

0, otherwise.

huu,->={ (19)

[0075]
The ideal low-pass graph filter 4, projects an input graph signal into a

bandlimited

subspace and 7, (4)s is a bandlimited approximation to the original graph signal

s. We show an example in Figure 7, where sub-figure 705 is the original point
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cloud, a teapot, sub-figure 710, 715 and 720 shows that the bandlimited
approximation to the 3D coordinates of a teapot gets better when the bandwidth 5
increases. We see that the bandlimited approximation changes the shape of the
teapot rapidly: with 10 graph frequencies, we only obtain a rough structure of a
teapot. The bandlimited approximation is thus more useful in. editing than
denoising. Sub-figure 725 shows that the main energy is concentrated in the
low-pass graph frequency band.
[0076]

The feature-extraction operator f(X)=V,,V;X is shift and rotation-variant.

Based on

Theorem 4, the corresponding optimal resampling strategy is

7, o< \/ Cz“(%)),»”i + N(V(b)V(,,T)X )

=sz

where v,eR’ isthe ithrowof V.

2

(20)

2

2
)

24
2]

T
Xo V(b)vi

lvil

- [0077]
A direct way to obtain |v,|, requires the truncated eigendecomposition (7),
whose |
computational cost is O (Nb?), where b is the bandwidth. It is potentially possible
to approximate the leverage scores through a fast algorithm [?, ?], where we use
randomized techniques to avoid the eigendecomposition and the computational
cost is O(Nblog(N)). Another way to leverage computation is to partition a graph
into several subgraphs and obtain leverage scores in each subgraph.
[0078] |
Note that this resampling strategy is similar to sampling and recovery of

approximately
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bandlimited graph signals, whose idea is to sample the signal coefficients at a few
nodes and approximately recover the signal coefficients at all the other nodes. Here
we model the attributes of the point cloud as graph signals, sample the attributes of
a few points and approximately recover the attributes of all the other points.
[0079] ” |

We could see that the resampling strategy based on ideal low-pass graph
filtering tends to put more samples on points whose neighboring points vary
rapidly in the 3D space, because small-ifariation areas introduce lots of redundant
information and we do not need to take many samples. The graph takes care of the
space distribution of a point cloud and analyzes the amount of information of each
point via the graph Fourier basis. We also see that with increasing number of graph
frequencies, fhe sampling scores tend to be uniform. This means that when we
want to preserve overall information, the importance score becomes equally
everywhere.
[0080]
Haar-like low-pass graph filter

Another simple choice is Haar-like low-pass graph filter; that is,

1

hHL(A)=I+M IA(21)
1+ A 0 0
| A | N
_ 0 1+ 0
. el
0 0 T Ay
i | A |

where A, =max,|4 | With 2, being eigenvalues of 4 . The normalization factor

A isto

max

avoid the amplification of the magnitude. We denote 4__=4/|A_. | for simplicity.

orm
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The graph
frequency response is A, (4)=1+4/|4..|. Since the eigenvalues are ordered
descendingly, we |

have 1+4,21+4

i+1 2

meaning low frequency response relatively amplifies and high

frequency
response relatively attenuates.
[0081]

“In the graph vertex domain, the response of the ith point is

(e (DX), =%, + D (Aygm)i, X5

N,
where N, is the neighbors of the ith point. We see that A, (4) averages the
attributes of each
point and its neighbors to provide a smooth output.
[0082]
The feature-extraction operator f(X)=h, (4)X 1is shift and rotation-variant.

Based on

Theorem 4, the corresponding optimal resampling strategy is

2
27

o 0+ A+ 0+ 4,0 )8,)
[0083]
 To obtain this optimal sampling distribution, we need to compute the largest

magnitude

eigenvalue A_,_, which takes O(N), and compute "(I +A,.), ||§ and

for each row, which takes O(Jvec(4)|,) with [|Vec(A)"0 the

[ + A )
nonzero

elements in the graph shift operator. We can avoid to compute the largest
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magnitude by using a
normalized adjacency matrix or a transition matrix as a graph shift operator. A

normalized

11
adjacency matrix is D *WD ?, where D is the diagonal degree matrix, and a

transition matrix
is obtained by normalizing the sum of each row of an adjacency matrix to be one;
thatis D' .
In both cases, the largest eigenvalue of a transition matrix is one, we thus have
A=A, - |
[0084]
Figure 8 shows the denoising performance by using resampling based on
- Haar-
like low-pass graph filtering (??) on bunny. The point cloud of bunny includes
35,947 points. Each coordinate is contaminated by a Gaussian noise with mean
zero and variance 0.002. In Figure 8, sub-figure 805 shows the noisy bunny. We
uniformly resample 10% of points from the noisy bunny, which is shown in
sub-figure 810. We see that resampled version is also noisy. Based on the proposed
Haar-like low-pass graph filtering, we obtain a denoised bunny in sub-figure 815
and we resample 10% of points according to the optimal sampling distribution
(??) from the denoised bunny. The resampled version of the noisy bunny is shown
‘in sub-figure 820. We see that by using the same number of points, the resampled
version based on Haar-like low-pass graph filtering 820 is less noisy and more
representative than the resampled version based uniform sampling 810.
[0085] |
To quantitatively evaluate the performance of resampling, we measure the

Euclidean
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distance between each resampled point and the nearest point in the original

noiseless point cloud; that is,

(22)

|2’

M
Error(X,) = Z j[rllinN “(XM ).- - (X)j
i=1 J7hes

where X eR" is the noiseless point cloud and X, €R"* is a resampled point
éloud. Since

we resample from a noisy point cloud, the resampled points are shifted from the
original points. |

The error metric in (22) quantifies the total shifts. A smaller shift means better
representation of |

the original point cloud. For example, the error of the resampled point cloud in
sub-figure 810 is

6.1824 and the error of the resampled point cloud in sub-figure 820 is 3.7077. This
validates | | '

the advantage of using low-pass graph filtering during resampling.

[0086]

Another Embodiment
Above we proposed some basic graph filtering based resampling tools
including all-pass,

low-pass and high-pass graph filter, in this section, we propose some variant

designs that show how to adapt them to satisfy special requirements.

[0087]

Point density consideration
For the pure high-pass graph filter as proposed in Section 3.2, the
importance score put for

a purely favors the local variance in the point cloud. For a point cloud which

dynamically allocate point density, e.g. according to the level of interest, we like to
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jointly take the point density into consideration together with the local variance.
[0088]
In one embodiment, considering that degree matrix D can be a
representation of the |
density distribution, we propose to modify the Haar-like high pass filter in Eqn. 15
in the following way,
hyy(A)=DU-A)=D-W =1, (23)
where the resulting high pass graph operator is actually a graph Laplacian operator
L. Note that
the degree matrix D above could be replaced by another density representation
and the resulted
operator is not necessary to be graph Laplacian.
[0089] - |
With point density being considered, the sampling probability transition
between edge area
and flat area would become smoother. This approach may be more favorable if the
input point cloud was pre-processed to emphasized areas of interest.
[0090]
Minimum sampling probability guarantee
For a high-pass graph filter as proposed in Section 3.2 or Section 3.4.1, the
importance
score assigned to some points may be far less than those of other points. Typically,
the points from smoothest area can have a nearly zero sampling probability,
compared to points near to edges or corners. As a result, those points from flat area
would have little chances to be selected during the resampling.
[0091] |

For some conventional surface modeling methods to build a surface from
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point cloud, it
may pose challenges to over-emphasize on the edge/corner area while leaving the
surfaces inside to be almost empty. To overcome this, there is a motivation for a
trade-off between maintaining the overall geometry information and contour
information in the point cloud. In order to ensure a minimum sampling probability
across all over the point cloud, we propose to enforce a minimum sampling
probability.
[0092]

Fig. 13 compares the sampling result with graph random walk without

flooring versus
with flooring on one face of a cubic object. Sub-figure 1305 is the sampling
locations if a pure graph random walk is in use. Sub-figure 1310 is the
corresponding result with a minimum probability being enforced. It can be seen
how the sampled points are shifted to consider flat areas as well as the edge area by
- setting a minimum sampling probability.
[0093] ‘
Nearly low pass graph filtering

Suppose we wish to apply a low pass filter to the graph spectrum on the

point cloud in
order to remove high frequency components, the ideal low-pass graph filter
proposed in Section 3.3 need to compute at least some eigenvalue and eigenvector
paii‘s, which may cause undesired computation complexity. Here we propose k-
polynomial or k- conjugate gradient filter [?] to be utilized in the proposed
framework of this invention. Next we assume the basic graph operator is the
symmetric normalized graph Laplacian operator L without sacrificing generality
of using other graph operators.

k-POLY
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- [0094] |
If restricting ourselves to polynomial filtering, e.g., due to computational
considerations,
we can setup a problem of optimal polynomial low pass filters. An optimal
polynomial low pass filter is based on Chebyshev polynomials.
[0095] | |
Specifically, we propose to use a degree k Chebyshev polynomial 4.,
defined over _
the interval [0,2] with a stop band extending from /e(0,2) to 2. Since we define
the graph spectrum in terms of the eigenspace of the symmetric normalized
Laplacian L, all the eigenvalues of L lie in the interval [0,2]. The construction of
a Chebyshév polynomial is easily obtained by computing the roots of the degree &
Chebyshev polynomial #(i) = cos(z(2i~1)/2k)fori=1...k. over the inter\fal [~1,1],
then shifting the roots to the interval [/,2] via linear transformation to obtain the |
roots 7 of the polynomial #, ..., and scaling the polynomial using fo such that
h e (0) = 1. This results in formula
K I k
Iy-cuen(L) = pe(L) = H[l "7,) =ro] 16~ Lk
Chebyshev polynomials are minimax optimal, uniformly suppressing all spectral
componentsAon
the interval [/,2] and growing faster than any other polynomial outside of [/,2].
The stop band
frequency ! remains a design parameter that needs to be set prior to filtering.
k-CG |
[0096]

Furthermore, a k-CG low-pass filter [?] can be also used to mimic a
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low-pass filter in the
proposed framework of this invention.
[0097] |
Figure 14 shows the spectral response of £-POLY (sub-figure 1405) and %
-CG (sub- |
figure 1410) methods with & = 1,2,3.
[0098]
Conditional sampling
With the approach proposed in Section 3, it is assumed that the importance
score associated
with each point is independent from any other points, and hence the score is kept
the same no matter which points have been selected during the sampling procedure.
In this section, we consider the case that the importance score of a point is being
actively updated during the sampling procedure, that is, the importance score of a
point would be affected by those points that have been sampled. Intuitively, the
importance score should become to zero for a point that has already been sampled,
while the score of a point farthest to the sampled point should be kept unchanged.
[0099] |
' Sampling distribution 7z is directly used as a measure of importance score
in this section.
[0100]

Here, we propose an active importance score " of a point i relative to a
reference
pont 7.

. Px,—xP,
ir — i r , 24
“ Px L —x,P, 24
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where x, is the point farthest from the point x,. And after a new sampling point

is determined, _
the importance score will be updated as follows.

2=V 73 (25)
[0101]

Unfortunately, as the distances to all other points need to be counted, the
calculation of

=, and hence the updating of pi involves a high computation complexity. One

way to limit the involved complexity is to avoid updating the importance scores
| after every new sampling point is selected. Instead, the scores can be updated only
after a first group of points are sampled and before a second group of points are to
be s'ampled. This may lead to greater performance degradation as the updating is
conducted at a rather coarse step. Next we propose two novel ways to elevate the
complexity burdens.
[0102]
Voxel approximation
Instead of computing the exact importance score updating factor =, for
every point, the

factor for points within a certain neighborhood could be shared,

zl = Pi‘f -x,P, , (26)
Px, —x,P, |
where %, is the centroid point of a voxel that x, belongs to. A fast algorithm, e.g.

octree
decomposition, can be used to partition points into voxels.
[0103]

m-hop approximation

46



WO 2018/083963 PCT/JP2017/037287

In another embodiment, we assume that there is no impact on points that are

far away | |
enough from a newly sampled point. Given the radius ¢ was used to construct the
graph over the point cloud, let mz be the approximated radius within which the
importance score need to be updated.

Px, —x,P,
7, ={Px, —x,P,
0,otherwise

JAfPx, —x P, <mrt 27
[0104]
Unfortunately, it is not that straightforward to reduce the number of
computation of
distances using the above formula, as all the distances need to be evaluated against
a threshold. A naive method to alleviate the problem is again to use voxel centroid
to approximate per¥point distances. Apart from the naive method, in this subsection,
we propose a novel method as shown in Figure 15 that could be more efficiently
implemented.
[0105]
As in Figure 15, the point cloud is represented by X with each row
corresponding to a
point, each column corresponding to an attribute. 4 is a determined graph
operator (for e){ample, in matrix form), or a function of a basic graph operator. The

set of points that have been sampled previously is denoted by M,,.

[0106]

The objective is to find a new sampling set M, with » new sampling

points, by
considering impacté of old sampling points on their neighborhood within a radius

of mr.
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In Step 1, initiate an operator Q the same as 4.

In Sfep 2, we proposé the replace the rows in Q with 1, for sampled points

VieM,,
Where entries of row vector 1, are all 0, except that the i-th entry is equal to 1.
The proposed changes in the graph operator means some corresponding
modification in the (directed) graph structure, i.e. to remove the graph edges that
are linked to the already sampled points, and to add self loop edges on the already

sampled points.

[0107]

row 2

In Step 3, the importance score &, and =, are initialized as PX - AXP,

where

PP__ is a row-wise norm operator. The initial importance score could be regarded

as a measurement of local information based on the underlying graph structure.
[0108] | |
In Step 4, the importance score ¢&, is ‘modified so that its entries
_ corresponding to non- |
sampled points are reset to 0. Now &, represents the local information that is
being carried by the old sampling point set M.
[0109]
In each iteration of Step 5, the local information is propagated from old
sampling points to 7
their neighborhood in a radius of r. By looping m times in Step 5, such
information is propagated within a range of mr and it is represented by ¢&,.
[0110]
In Step 6, after subtracting the information £, carried by the old sampling
point set from
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the total information 7z, from the original point cloud, now we have the new

information measurement r,,.
[0111]
Finally in Step 7, we could select a new sampling set M, with » new
sampling points
based on the new information measurement .
[0112]
The algorithm proposed above can be called iteratively to granular grow the
sampling set
to achieve a hierarchical representation of the original point cloud based on a very
coarse representation. The resulted method is a “single pass” decomposition
procedure as the subsequent processing of each layer could be invoked
immediately after each layer is produced without waiting for the generation of
another representation layer. |
[0113]
In another embodiment, we may not perform the norm operation in Step 3,
but keep the - '
X -AX within &, to store the actual local information. Until in Step 6, before
updating r,,, we perform the norm operation on ¢, first. It has advantages to
propagate the local information rather than a lécal importance score, especially
when the local information is in multi-dimensional.
[0114]
Reference-based Resampling
We consider resampling a set of reference points from a large-scale point
cloud.

Reference points are used to represent the location of other points, which could be
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used in compression, indexing, and visualization of point cloud. The idea is to first
encode the coordinates of the reference points, and then encode the relative |

coordinates to the closest reference points of all the other points. Let M=(M,,,M,)
denotes a sequence of K reference indices with M, e{1,---,N}. The objective is to

find a set of reference points by minimizing the following function.

m

J (28)

N
arg m'}n ZW,,, (hrnnin

m=1 J €

X, —X
M,

2
finds the closet reference point for each point and w, is

where minu ew
2

X, —X
Mj m

the weight for the m-th point. For example, human eyes are more sensitive

to the contour of objects when visualizing a 3D point cloud. We thus assign

higher weights to contour points.
[0115]

When the weights are uniform, (28) is similar with K-means clustering,

except that the | |
cluster centers come from original points. We simply call (28) weighted K -means
clustering problem. However, we cannot use ordinary clustering algorithms for a
large-scale 3D : point cloud. It is known that K -means clustering is
computationally difficult (NP-hard). Even though there are efficient heuristic
algorithms, such as Lloyds algorithm and its variants, theses algorithms take
iterations to find the clusters and each iteration involves the computation of the
distances between each of the X cluster centers and the N data points. When K
is huge, the total computational cost is huge. Since we work with a large-scale
point cloud and millions of reference points, we want to find reference points
without iterating; in other words, the task is to efficiently choose seeding points for
a weighted K-means clustering.

[0116]
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Inspired from K -means++ [?], our idea is to sequentially update the
sampling distributibn.
Let 7z denote the sampling distribution at the i-th time. Each time, we generate
one sample from 7z and update the sampling distribution according to this new
sample. The sampling distribution is updated based on the Euclidean distance to
the closest reference point. We avoid to sample many points in a local area. The
difference between the proposed weighted K-means++ and original X -meaﬁsH
is that we also consider the feature property. The algorithm sees Figure 16.
[0117]
In Step 1, initiate a set reference indices M=&, and a sampling distribution
7, where |
the probability to sample the i-th sample is proportional to the feature value; that
is, m,=w/) w,.
[0118]
In Step 2, generate one reference index M, from the sampling distribution
# and put it
into the set M.
[0119]
In Step 3, repeat Steps 3.1 and 3.2, until the cardinality of M reaches X.
[0120] |
In Step 3.1, update the sampling distribution ~ by assigning

x,—x,, | 1sthe Euclidean distance

— 2 2 _
7, =wD*(x,)/ ), w,D*(x,), where D(x,) = minu e !

between the ith point and its closest reference point.

[0121] B
In Step 3.2, generate another reference index M, from the sampling
distribution ~ and
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put it into the set M.
[0122] v
Similarly to the original K-means++, we can derive a theoretical bound for
the error. We
can use similar techniques in Section 4.1 to elevate the complexity burdens.
[0123]
Applications
In this section, we apply the proposed resampling strategies to a few
applications: large-
scale visualization, robust shape modeling, feature analysis, and hierarchical
representation.
[0124]
Large-scale visualization
In this task, we use the proposed resampling strategy to efficiently visualize
large-scale
urban scenes. Since we are sensitive to the contours of buildings and streets in a
urban scene, instead of showing an entire point cloud, we only show a selected
subset of points. We consider a large-scale dataset, which involves several natural
scenes with over 3 billion points in total and covers a range of diverse urban
scenes: churches, streets, railroad tracks, squares, villages, soccer fields, castles. In
Figure 9, sub-figure 905 shows a point cloud of ‘domfountain3’, which contains
15,105,667 points (we ignore the points on ground). We compare the resampled
point clouds based on two resampling strategies: uniform sampling and high-pass
graph filtering based sampling. Sub-figures 910, 915, 920 show the resampled
point clouds based on uniform sampling with 151,057, 15,105 and 1,510 (1%,
0.1% and 0.01% ) points, respectively. Sub-figures 930, 935, 940 show the

resampled point clouds based on high-pass graph filtering based sampling with
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151,057, 15,105 and 1,510 (1%, 0.1% and 0.01%) points, respectively. We see
that sub-figures 930, 935 and 940 show much clearer contours than sub-figures 910,
915, and 920. This validates that the high-pass graph filtering based resampling
strategy provides visual-friendly results for large-scale urban scenes. The entire
computation process, including graph construction, local variation computation
and resampling, was running on Matlab in a desktop' and takes less than 200
seconds. |
[0125]
To look into some details, we show two zoom-in examples in Figure 10,
including a 7 |
building and a church, which contain 381,903 and 1,622,239 points, respectively.
Sub-figure 1005 and 1010 show the original point cloud. In sub-figure 1015 and
1020, uniform sampling is used. And in sub-figure 1025 and 1030, the proposed
resampling based on high-pass graph filtering is used. It could be observed that we
successfully detect the outlines of both the building and the church as the contour.
Some details, such the gates and windows of the building and the clock and the
roof of the church, are also highlighted. This validates the effectiveness of the
proposed local vafiation. Comparing the third column to the second column, the
resampled points based on high-pass graph filtering preserves contours. It is easier
to recognize the contour of gates and windows of the building from the resampled
points in 1025 and 1030 compared to 1015 and 1020.
[0126]
Robust shape modeling
In this task, we use the proposed resampling strategy to achieve robust shape
modeling.
The goal is to efficiently obtain a model by using a small subset of points, instead

of using all the points in an original point cloud. We want this model reflects the
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true surface of an object, especially for a noisy point cloud.
[0127] _
In Figure 11, Sub-figure 1105 shows a point cloud of a fitness ball, which
contains 62,235
points. In this noiseless case, the surface of the fitness can be modeled by a sphere.
- Sub-figure 1110 fits a green sphere to the fitness ball. The radius and the 3D
central point of this sphere is 0.318238 and [0.0832627 0.190267 1.1725]. To
leverage the computation, we cém resample a subset of points and fit another
“sphere to the resample points. We want these two spheres generated by the original
point cloud and the resampled point cloud are similar.
[0128]
In many real cases, the original points are collected with noise. To simulate
the noisy case,
we add .the Gaussian noise with mean zeros and variance 0.02 to each points. We
first obtain a uniformly resampled point cloud. Then a denoised point cloud is
obtained by the low-pass graph filtering (21) and the resampling strategy is based
on (20). Finally we fit spheres from four point clouds, original ball (noisy free),
noisy ball (with Gaussian noise added), uniformly resampled ball from the noisy
ball, and resampled bail using a proposed low-pass graph filter. The statistics of the
spheres are shown in Figure 12. We see that the denoised ball and its resampled
version outperform ‘the noisy ball and the uniform-sampled version because the
estimated radius and the central point is closer to the original radius and the central
point. This validates that the proposed resampling strategy with low-pass graph
filtering provides a robust shape modeling for noisy point clouds.
[0129]
Feature analysis

With the proposed high-pass graph filter based resampling, a small set of
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points with high
importance scores can be determined. Since such a small subset of points
correspond to edges, corners in the point cloud, they can be regarded as key points
of the original point cloud.
[0130]
Moreover, feature descriptors can be déﬁned on the selected key points of
the original point
cloud, which is a collection of local descriptors upon some attributes associated on
the points within a local neighborhood, e.g., location, gradients, orientations and
scales.
[0131]
Based on the derived feature descriptors, some point cloud analysis tasks can
be conducted. A | |
For example, given a query point cloud for a point cloud database, similar point
cloud can be searched and retrieved. Similarity between two point cloud can be
measured by computing the differénces between their feature descriptors.
[0132]
Hierarchical representation .
" Due to limited processing capabilities, the population of points often need to
be controlled. |
For example, a point cloud rendering device may only be able to display up to a
certain number of points at a time. Or a device to extract features from a point
cloud may only be able to handle a limit-sized point set because of the limited
computing resources available. A certain density of points corresponds to a scale
level of a point cloud. Furthermore, operations like zoom-in/zoom-out need a
series of scale levels of a point cloud, which result in a reciuirement to produce a
hierarchical representation of a iaoint cloud.

55



WO 2018/083963 PCT/JP2017/037287

[0133]
Assuming a higher layer of the representation-is filled up with more points,

let S, be the

set of points in the i-th layer, and i=1 be the coarsest layer, i=M be the finest
layer. |
[0134]

A naive method to generate such a hierarchical representation is to produce a

| series of point

subsets at different scales from the raw point cloud independently and use a
preferred resampling strategy as proposed earlier. With such a naive method, it is
unnecessary for a point in a coarser layer to be present in a finer layer.
[0135]

However, it may provide advantages if assuming that vieS,, ieS, would

hold as long
as k <I. In this way, the information from a coarser layer won’t be discarded when
switching to a finer layer. The new information from a finer layer would be
additive to a coarser layer to produce a refined output. In other words, it is a waste
of storage space or transmission rate if dropping the information from the éoarser
layer when moving to a finer layer.
[0136]
Below we propose an advanced approach to generate a hierarchical
representation of a |
point cloud in an iterative way.
[0137]

Let the finest layer S, be equal to the raw point cloud. Suppose we need to

generate a
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coarser layer S, given the finer layer S, is available.

41
[0138]
It is recommended to apply the above proposed resampling strategies on
point set S . |
That is, a independent nearest neighborhood graph would be constructed on the

point set S, , where nearest neighborhood need to be defined with a proper radius

by considering the density of point in the current layer ;+1. The radius should

increase from a finer layer to a coarse layer. Then a preferred random sampling

method is then applied to generate a subset S, from S,,. With the proposed

procedure, a hierarchical representatién is being generated from the most dense
point set (finest resolution) to the most sparse point set (coarsest resolution).
[0139]
When viewing the original point cloud, the viewer can perform zoom-in,
zoom-out
operation by navigating between different layers of such a hierarchical
representation.
[0140]
In addition, a spatial scalable coding scheme can be designed following the
hierarchical |
representation generation. A preferred spatial scalable encoding scheme is a
two-pass procedure, where the first pass is to generate the hierarchical

representation from S, to S, and the second pass is for actual coding from S, to
S, - That ié, the encoding starts from the coarsest layer S,. Given that S, has been
coded, we propose to encode the extra points S, \S, in a predictive way based on
S,.

1

[0141]
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In one implementation, we use an existing method, e.g. Octree coding
method, to encode

the coarsest layer S,. Next, in order to enche a finer layer S, using the points in
S., as point predictors, we propose to cluster the points in S, using the points in
S., as centroids based on Euclidean distances. In such a way, the new points in
S\S,, could be efficiently predicted by the pointsin S .

[0142]

In present disclosure, we proposed a resampling framework to select a

subset of points to
extract key features and leverage the subsequent computation in a large-scale point
cloud. We formulated an optimization problem to obtain the optimal sampling
distribution, which is also guaranteed to be shift and rotation invariant. We then
specified the feature extraction operator to be a graph filter and studied the
resampling strategies based on éll-pass, low-pass and high-pass bgraph filtering.
Several applications, including large-scale visualization, robust shape modeling,
feature descriptor extraction, hierarchical representation and coding, are presented
to validate the effectiveness and efficiency of the proposed resampling methods
[0143]

FIG. 17 is a block diagram of illustrating the method of FIG. 1, that can be
implemented using an alternate computer or processor, according to embodiments
of the present disclosure. The corﬁputer 1711 includes a processor 1740, computer
readable memory 1712, storage 1758 and user interface 1749 with display 1752
and keyboard 1751, which are connected through bus 1256. For example, the user |
interface 1264 in communication with the processor 1740 and the computer
readable memory 1712, acquires and stores the input point cloud data in the

computer readable memory 1712 upon receiving an input from a surface, keyboard
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surface 1764, of the user interface 1764 by a user.
[0144]

" The computer 1711 can include a power source 1754, depending upon the
application the power source 1254 may be optionally lo‘cafed outside of the
computer 1711. Linked through bus 1756 can be a user input interface 1757 adapted
to connect to a display device 1748, wherein the display device 1248 can include a
computer monitor, camera, television, projector, or mobile device, among others. A
pﬁnter interface 1759 can also be connected through bus 1756 and adapted to
connect to a printing device 1732, wherein the printing device 1732 can include a
liquid inkjet printer, solid ink printer, large-scale commercial printer, thermal printer,
UV printer, or dye-sublimation printef, ainong others. A network interface cbntroller
(NIC) 1234 is adapted to connect through the bus 1756 to a network 1736, wherein
time series data or other data, among other things, can be rendered on a third party
display device, third party imaging device, and/or third party printing device outside
~ of the computer 1711.

[0145]

Still referring to FIG. 17, the input point cloud data, output point data or other
data, among other things, can be transmitted over a communication channel of the
network 1736, and/or stored within the storage' system 1758 for storage and/or
further processing. Further, the input point cloud data, output point data or other
data may be received wirelessly or hard wired from a receiver 1746 (or external
receiver 1738) or transmitted via a transmitter 1747 (or external transmitter 1739)
wirelessly or hard wired, the receiver 1746 and transmitter 1747 are both connected
through the bus 1756. The computer 1711 may be connected via an input interface
1708 to external sensing devices 1744 and external input/output devices 1741. For
example, the external sensing devices 1244 may include sensors gathefing data
before-during-after of the collected time-series data of the machine. For instance,
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environmental conditions approximate the machine or not approximate the machine,
i.e. temperature at or near machine, temperature in building of location of machine,
temperature of outdoors exterior to the building of the machine, video of machine
itself, video of areas approximate machine, video of areas not approximate the
machine, other data rélated to aspects of the machine. The computer 1711 may be
connected to other external computers 1742. An output interface 1709 may be used
to output the processed data from the processor 1740. |

[0146]

Also, the various methods or processes outlined herein may be coded as
software that is executable on one or more processors that employ any one of a
variety of operating systems or platforms. Additionally, such software may be
written using any of a number of suitable programming languages ond/or

- programming or scripting tools, and also may be compiled as executable machine
language code or intermediaté code that is executed on a framework or virtual

| machine. Typically, the functionality of the program modules may be combined or

distributed as desired in various embodiments.

[0147]

Also, the embodiments of the present disclosure may be embodied as a
method, of which an example has been provided. The acts performed as part of the
method may be ordered in any suitable way. Accordingly, embodiments may be
constructed in which acts are performed in an order different fhan illustrated,
which may include performing some acts concurrently, even though shown as
sequential acts in illustrative embodiments. Further, use of ordinal terms such as
“first,” “second,” in the claims to modify a claim element does not by itself
connote any priority, precedence, or order of one claim element over another or the
temporal order in which acts of a method are performed, but are used merely as
labels to distinguish one claim element having a certain name from another
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element having a same name (but for use of the ordinal term) to distinguish the

claim elements. -
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[CLAIMS]
[Claim 1]

A system for processing input point cloud having points, wherein each point
includes a set of attributes including two dimensional (2D) and three dimensional
(3D) coordinates and other attributes, comprising:

sensors sensing a scene, and in communication with a computer readable
memory to produce the input point cloud;
an output interface;
a processor in communication with the computer readable memory, is
configured to:
access the input point cloud,;
construct a graph representing the input point cloud, based on each
point in the input point cloud representing a node in the graph, and
identify and connecting two neighboring nodes in the graph to obtain a
graph edge;
determine a graph filtering function based on the constructed graph,;
filter each point in the input point cloud by selecting a subset of
attributes for the points and applying by the graph filtering function on
the selected subset of attributes, to determine at least one value for each
point in the input point cloud;
produce a probability for each point, based on the at least one value of
the point compared to a total of all values of the points in the input point
cloud, and a predetermined number of points in an output point cloud,
sample the input point cloud using random evaluation of the
probabilities of each point, to obtain a subset of points in the input point
cloud, wherein the subset of points is the output point cloud, such that the
determination of the subset of points in the input point cloud includes
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determining a second subset of points, where additional points are
selected and added to the determined subset of points, wherein the second
subset of points provides a greater detail of the input point cloud than a
detail of the determined subset of points of the input point cloud;

update the probability factor of remaining points with a scale that is
proportional to their Euclidean distances to the points in the determined
subset of points; and

store the output point cloud in the computer readable memory or
output the output point cloud via the output interface in communication
with the processor, wherein the output point cloud is used to assist in

subsequent processing and assists in management of the input cloud data.

[Claim 2]
The system of claim 1, wherein the subset of attributes for the points are

selected based on a user input.

[Claim 3]

The system of claim 1, wherein the producing of the probability for each
point for sampling the input point cloud is based on the at least one value of the
point compared to a total of all values of the points in the input point cloud,

multiplied by the predetermined number of points in the output point cloud.

[Claim 4]

The system of claim 1, wherein the predetermined number of points in the
output point cloud is determined by a user input on a surface of a user input
interface in communication with the processor, to set a user number of points as the
predetermined number of points in the output point cloud.
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[Claim 5]
The system of claim 1, wherein the points in the input point cloud are

organized or unorganized.

[Claim 6]
The system of claim 1, wherein the other attributes in the set of attributes for
each point are from the group consisting of one or a combination of a color, a

temperature, a transparency or a reflectivity.

[Claim 7]
The system of claim 1, wherein the graph edges are connected from a graph

node to all neighboring graph nodes that are within a radius of ¢.

[Claim 8]
The system of claim 1, wherein the graph edges are connected from a graph

node to its X nearest neighboring graph nodes.

[Claim 9]
The system of claim 1, wherein the selected subset of attributes includes 3D
coordinates of each point, such that the 3D coordinates is used when determining

the output point cloud.

[Claim 10]
The system of claim 1, wherein the selected subset of attributes includes
color associated with each point, such that the color is used when determining the

output point cloud.
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[Claim 11]
The system of claim 1, wherein the probabilities of each point is any

predefined positive constant for every graph node.

[Claim 12]

The system of claim 1, wherein the probabilities of each point is calculated
from the graph filtering function that is represented by a function of one of a graph
random walk (transition) matrix, a graph Laplacian matrix or a graph adjacency

matrix.

[Claim 13]
The system of claim 1, further comprising:
outputting the output point cloud for the group consisting of one of

visualization, object modeling, hierarchical representation or rendering.

[Claim 14]
The system of claim 1, further comprising:
generating feature descriptors for each point in the output point cloud
that summarize the input point cloud; and

detecting objects based on the feature descriptors.

[Claim 15]
The system of claim 1, further comprising:
determining a second graph filtering function based on a graph
structure modified from the original graph filtering function that has the
graph edges to be removed which are linked to the points within the first
point subset, and have self-loop graph edges to be added on them,;
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selecting an information descriptor with elements being equal to the
feature descriptor on the points within the first point subset, and other
elements being equal to zero;

calculating an updated information descriptor by applying the
determined second graph operator on the selected information descriptor
with certain times; and

updating the importance score using the updated information

descriptor.

[Claim 16]
The system of claim 1, wherein the determination of subset of points in the
input point cloud includes:
determining a second subset of points, where additional points are
selected and removed from the determined subset of points, such that the
second subset of points provides a lesser detail of the input point cloud
than a detail of the determined subset of points of the input point cloud,;
and
coding the input point cloud from the coaster level to the finer level in

a scalable way based on the hierarchical set of points.

[Claim 17]

A method for processing input point cloud having points, wherein each point
includes a set of attributes including two dimensional (2D) and three dimensional
(3D) coordinates and other attributes, comprising:

sensing a scene via sensors, the sensors are in communication with a

computer readable memory to produce the input point cloud;

using a processor in communication with the computer readable memory, the

66



processor is configured for:

accessing the input point cloud,

constructing a graph representing the input point cloud, based on
each point in the input point cloud representing a node in the graph, and
identify and connecting two neighboring nodes in the graph to obtain a
graph edge;

determining a graph filtering function based on the constructed
graph;

filtering each point in the input point cloud by selecting a subset of
attributes for the points and applying by the graph filtering function on
the selected subset of attributes, to determine at least one value for each
point in the input point cloud,

producing a probability for each point, based on the at least one
value of the point compared to a total of all values of the points in the
input point cloud, and a predetermined number of points in an output
point cloud;

sampling the input point cloud using random evaluation of the
probabilities of each point, to obtain a subset of points in the input point
cloud, wherein the subset of points is the output point cloud, such that the
determination of the subset of points in the input point cloud includes
determining a second subset of points, where additional points are
selected and added to the determined subset of points, wherein the second
subset of points provides a greater detail of the input point cloud than a
detail of the determined subset of points of the input point cloud;

updating the probability factor of remaining points with a scale that
is proportional to their Euclidean distances to the points in the
determined subset of points; and

67



storing the output point cloud in the computer readable memory or
outputting the output point cloud via the output interface in
communication with the processor, wherein the output point cloud is used
to assist in subsequent processing and assists in management of the input

cloud data.

[Claim 18]

A non-transitory computer readable storage medium embodied thereon a
program executable by a computer for performing a method, the method for
processing stored input point cloud having points, wherein each point includes a
set of attributes including two dimensional (2D) and three dimensional (3D)
coordinates and other attributes, the method comprising:

sensing a scene via sensors, the sensors are in communication with the

non-transitory computer readable storage medium to produce the input point
cloud;

constructing a graph representing the input point cloud, based on each point

in the input point cloud representing a node in the graph, and identify and
connecting two neighboring nodes in the graph to obtain a graph edge;
determining a graph filtering function based on the constructed graph,;
filtering each point in the input point cloud by selecting a subset of attributes
for the points and applying by the graph filtering function on the selected subset
of attributes, to determine at least one value for each point in the input point
cloud,

producing a probability for each point, based on the at least one value of the

point compared to a total of all values of the points in the input point cloud, and a
predetermined number of points in an output point cloud,
sampling the input point cloud using random evaluation of the
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probabilities of each point, to obtain a subset of points in the input point
cloud, wherein the subset of points is the output point cloud, such that the
determination of the subset of points in the input point cloud includes
determining a second subset of points, where additional points are
selected and added to the determined subset of points, wherein the second
subset of points provides a greater detail of the input point cloud than a
detail of the determined subset of points of the input point cloud;
updating the probability factor of remaining points with a scale that
is proportional to their Euclidean distances to the points in the
determined subset of points; and
storing the output point cloud in the non-transitory computer readable
storage medium or outputting the output point cloud via an output interface in
communication with the computer, wherein the output point cloud is used to assist

in subsequent processing and assists in management of the input cloud data.
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