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{0001 SYSTEM FOR FILTERING, SEGMENTING AND RECOGNIZING
OBIECTS IN UNCONSTRAINED ENVIRONMENTS

[0002]  CROSS-REFERENCE TO RELATED APPLICATIONS
{0003} The presenst gpplication is a non-provisional application of U8,
Provigional Application No. 617971364, filed on March 27, 2014, entitled,
“Robust Motion 3D Exploitation: A Full Pipeline of Filtering, Segmenting
and Recognizing Objects i Unconstrained Environments,” the entirety of

which 1s incorporated herein by reference.

(00041  This s ALSO a non-provisional application of U.S. Provisional
Application No, 61/989,106, filed on May 06, 2014, entitled, “System for
Filtering, Segmenting and Recognizing Objects in Unconstrained

Environments,” the entirety of which is incorporated herein by reference.

0005} This 1s ALSO a non-provisional application of ULS. Provisional
Apphication No, 61/987,122, fited on May 01, 2014, entitled, “Adaptive
3D to 2D Projection for Different Height Slices and Extraction of Robust
Morphological Features tor 3D Object Recogmition,” the entirety of which

is incorporated herein by reference.

[0006] BACKGROUND OF THE INVENTION
[0007] (1) Field of Invention
O008] The present invention relates to an object recognition system and,
more particularly, to a system for filtering, segmenting, and recognizing

objects in three-dimensional data.

(00097 (2) Deseription of Related Art
00010} Recent advances in range sensor technology provide the ability o
collect three-dimenstonal (3D) data over large areas with high resolution

and accaracy. The precision of the collected 3D data i3 nsually lugh
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enough to capture not only common large structure {e.g., buildings), but
also smaller objects such as pedestrians and cychists. This improvement

enables 3D based scene analysis for a wide range of applications.

(00011} 310 Scene analysis has been studied under quite a few different

settings, mcluding urban city (see the List of Incorporated Literature
References, Literature Reference No. 12}, indoor {see Literature Reference
No. 3), and aerial setungs (see Literature Reference No. 4}, Dhfferent
technigues have been developed for labeling surfaces sach as grass, walls,
or pavement, and small sets of object types such as foliage, people, and
cars i3 3D outdoor scenes. Most of these approaches label individoal 3D
laser pomts using featvres describing local shape and appearance in
combination with spatial and temporal smoothing via graphical model
iference. Typically, features are either extracted from a fixed
neighborhood around 31 points or from small patches generated through
an over segmented scene. In the structured graphical model, a node in the
graph 13 a random variable representing a 3D feature point’s label and
edges are formed 1o model the scene context. In order to be effective,
many interactions need to be considered, which result in a densely linked
graphirandom field. In general, exact inference over such a random field
1s intractable and ondy approximate methods can be used. This
complicates the learning process further. In addition, the use of
approximate inference makes the learned solutions somewhat arbitrary and

sensitive to parameters.

{00012]  The work by Douillard et al. {see Literature Reference No. 3), for

example, references the use of 3D pownt clouds as a possible solation for
classification. In the work of Doutliard et al., a pipelme for fast
segmentation of 3D point clouds and subsequent classification of the
obtained 3D segments 1s proposed.  However, the core of their

classification module relies on aligning candidate segments with a set of
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pre-defined 35 templates via an lterative Closest Point (ICP) algorithm.
In other words, the work of Doilard et al. requires predefining3D object
templates (i.e., reference 3D point clouds), and the tterative alignment step

requires substantial computational time.

[00013]1  Thus, continuing need exists for a system that can recognize objects
that does not require modeling a scene for object entity classification and,
further, does not require the labeling of individual 3D feature pomts. In
other words, a continuing need exists for a system that provides for

10 unsupervised detection and segmentation of 3D candidate objects in an

uncontrolled environment.

[00014]  SUMMARY OF INVENTION

JO001S]  Described is a system for filtering, segmenting and recognizing

,.....
Lh

objects. The system includes one or more processors and a memory. The
memory has executable instructions encoded thereon, such that ypon
execution of the mstructions, the one or more processors perforn several
operations, including: receiving a three-dimensional (3D) point cloud
having a plurality of data points In 3D space; down sampling the 3D point
20 cloud to penerate a down-sampled 3D poiut cleud £ with reduced data
points in the 3D space; dentifving and removing a ground plane m the
down-sampled 3D pomnt ¢loud to leave non-ground {e.g., above ground)
data points in the down~sampled 3D point cloud {e.g., the non-ground data
points, in one aspect, are data points above the ground plane); clustering
25 the non-ground data pomnts to generate a plurality of 3D blobs, each of the
3D blobs having a cluster size; thresholding the 3D blobs based on cluster
size to generate a set of 3D candidate blobs; exwacting features from each
3D candidate blob; and classifving at least one of the 3D candidate blobs
as a pre-defined object class based on the extracted features.
30
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[00016]  In another aspect, the 31 point cloud 1s down sampled using a 3D
voxel grid having a plarality of voxels. The 3D voxel grid is positioned
over the 312 point cloud such that all the data points in each voxel are

down-sampled to a centroid for each voxel

(000177 Additionally, in identifying and removing the ground plane, the
ground plane s identified using a plane model such that the plane with a

maximum number of points is wdentified as the ground plane.

10 {00018} In vet another aspect, identifving and removing the ground plane
further comprises operations of randomly selecting three non-collinear
unigue points from the down-sampled 3D point cloud P; compuating plane
model (4, b, ¢, d) coefficients from the three non-collinear umque points

using the following egeation: ax + by -+ ¢z + d = 0; computing distances

,.....
Lh

from all points in the down-sampled 3D point cloud F 1o the plane model
{a, b. ¢, d); determining a number of points p2* belonging to the down-
sampled 3D pomt cloud # whose distance to the plane model falls between
a pre~-defined range (e.g., threshold); and designating a plane with a largest
number of points p* that fall within the pre-defined range as the ground
20 plane; and removing the pomts p* that are included in the ground plane
from the down-sampled 3D point cloud # data 1o leave non-ground data

points.

(000191 Further, clustering the non-ground data points to generate a plurality of
25 3D blobs further comprises operations oft creating a kd-tree representation
for the down-sampled 3D pomt clond P, generating an empty st of
clusters €, aud & queue of the powmts that need to be checked Q) and for
svery point gy ¢ £, performing the following operations:
adding p; to the current quense {4

30 for every point p, ¢ (¢ do:
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recursively adding all neighboring points in a sphere with a
fixed radius, and when the hist of all pomnts in {J has been
processed, add (2 to the list of clusters €, and reset ¢ to an empty
list; and

5 termunating when all pomnts in the onginal pomt clood have

been processed and are now part of the hst of clusters

(000207 In another aspect, extracting features from each 3D candidate blob
10 further comprises operations of: projecting the 3D candidate blobs into
multiple two-dimenstonal (2D) image shees at different heights: and
processing each 2D 1mage shice to extract features from each 2D image

slice,

,.....
Lh

[000211  Finally, the present invention also includes a computer program
product and a computer iraplemented method. The computer program
product includes computer-readable instructions stored on a non-fransiory
computer-readable medium that are executable by a computer having one
or more processors, such that upen execution of the mstructions, the one

20 or more processors perform the operatious histed herein. Alternatively, the

computer implemented method mcludes an act of caasing a computer to

execute such nstructions and perform the resuylting operations.

{00022} BRIEF DESCRIPTION OF THE DRAWINGS
25 {00023]  The objects, features and advantages of the present invention will be
apparent from the following detailed descriptions of the various aspects of
the invention in conjunction with reference to the following drawings,

where:

30 {00024]  FIG. 11s a block diagram depicting the components of a system

according to the principles of the present invention;
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000251 FIG. 2 1s an iHlustration of a computer program product according to

the principles of the present invention;

5 [00026]  FIG. 3 iz a block diagram iflustrating object classification according to

the principles of the present invention;

(000271 FIG. 415 an iflustration depicting an example of partitiommng a point
cloud (e.g.. a car) into a voxel geid, which is created based on an Octree

10 data structure;

{00028} FIGL S 1s an sllustration depicting an example of removing a ground

plane from a point cloud;

,.....
Lh

(000291 FIG. 6 13 an tlustration depicting an example of segmentation obtained
through clustering as applied to the point cloud without the ground plane

as tustrated in FIG. 3 and

(00030} FIG. 7 is an dlustration depicting extracted feature vectors.
20
(00031 DETAILED DESCRIPTION
{00032]  The present invention relates to an object recognition system and,
more particularly, to a system for filtening, segmenting, and recogmzing
objects in three-dimensional data. The following description is presented
25 to enable one of ordinary skill in the art to make and use the invention and
to tncorporate it in the context of particular applications. Various
modifications, as well as a variety of uses n different applications will be
readily apparent 1o those skilled in the art, and the general principles
defined herein may be applied to a wide range of embodiments. Thus, the

30 present invention is not intended to be limited to the embodiments
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presented, but is to be accorded the widest scope consistent with the

principles and novel features disclosed herein.

[00033]  In the following detailed description, numerous specific detatls are set
5 forth 1n order to provide a more thorough understanding of the present
invention. However, it will be apparent to one skilled 1n the art that the
present mvention may be practiced without necessarily being limited to
these specific details. In other mstances, well-known structures and

devices are shown tn block diagram form, rather than m detai, in order to

10 avoid obscuring the present vention.

{00034} The reader’s attention is directed to all papers and documents which
are filed concurrently with this specification and which are open to public

ispection with this spectfication, and the contents of all such papers and

,.....
Lh

documents are incorporated herein by reference. All the features disclosed
in this specification, (including any accompanying claims, abstract, and
drawings) mayv be replaced by alternative features serving the same,
equivalent or similar purpose, unless expressty stated otherwise. Thus,
unless expressly stated otherwise, each feature disclosed is one example

20 only of a generic series of equivalent or simular features.

[00035] Furthenmore, any element in a claim that does not explicitly state
“means for” performing a specified function, or “step for” performing a
spectfic function, 1s not o be interpreted as a “means” or “step” clause as

25 specified in 35 US.C. Section 112, Paragraph 6. In particular, the use of
“step of " or “act of " in the claims herein is not intended to invoke the

provisions of 35 UL.S.C. 112, Paragraph 6.

[00036] Before describing the invention in detail, first a list of cited references
30 is provided. Next, a description of various principal aspects of the present

mvention is provided. Subsequently, an introduction provides the reader
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with a gengral understanding of the present mvention. Next, details of the
present mvention are provided 1o give an understanding of the specific
aspects. Finally, experimental results are provided to illustrate the
efficiency and effectiveness of an example application of the present

5 mvention.

(000371 (4 List of Incorporated Literature References
{00038]  The following references are cited throughout this application. For
clarity and convenience, the references are hsted hevein as a central
10 resource for the reader. The following references are hereby incorporated
by reference as though fully included herein. The references are cited in
the application by referring to the corresponding hiterature reference
number, as follows:

t. B, Dousllard, D, Fox, F. Ramos, and H. Durrant-Whyte. Classification

,.....
Lh

and semantic mapping of urban environments. In JRR, 2011

2

. K. Lat and D, Fox. Object recognition in 3D point clouds asing web
'] £ &

data and domain adaptation. JJRR, 29(8}, 2610,

(3

. X. Xiong and D. Huber. Using context {o create semantic 3D models of
idoor environments. In Proc. BMVC 2010
20 4, W. L. La, K. Qkuma, and 1. I Little. A hybrid conditional random field
for estimating the snderlying ground swrtace from airborne lidar data.
IEEE T-GRS, 47(8), 2009,
S. B. Douillard, J. Underwood, V. Viaskine, A. Quadros, and S. Singh. A
pipelne for the segmentation and classification of 3D point clouds. In
25 Proc. of the Int’l Symposiam on Experimental Robotics (ISER), 2010
6. Point Cloud Library, http/iwww pointclouds .org/documentation
/tutorials/planar segmentation.php, taken on May 1, 2004,
7. Radu Bogdan Rusu, “Semantic 3D object maps for evervday
manipulation i human hiving environments”, PhD thesis, 2009,
30 8. LL.S. Provisional Application No. 61/987,122, filed on May 01, 2014,

entitled, “Adaptive 3D 10 2D Projection for Different Height Shices and
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Extraction of Robust Morphological Features for 3D Object
Recognition.”
9. The Stanford 3D scanning repository, hitp://graphics stanford edw/data
3Dscanvep/, last modified September 2, 2013, captured May 1, 2014,
5 10, The KITT] vision Benchmark Suite http:/iwww,

cvlibs net/datasets’kitti/, captured May 1, 2014,

(000391 () Frmcipal Aspects
[00040]  The present invention has three “principal” aspects. The first is a
10 system for filtering, segmenting, and recognizing objects in unconstrained
environments. The system is typically in the form of a computer system
operatig software or in the form of a “hard-coded”™ mstroction set. This
system may be incorporated into a wide variety of devices that provide

different functionalities. The second principal aspect is a method,

,.....
Lh

typically m the form of software, operated using a data processing systemn
{computer). The thivd principal aspect is @ computer program product.
The computer program product generally represents computer-readable
mstructions stored on a non-transitory computer-readable medium such as
an optical storage device, e.g., a compact disc {CD) or digital versatile disc
20 {DVD}, or a magnetic storage device such as a floppy disk or magnpetic
tape. Other, non-lamiting examples of computer-readable media mclode
hard disks, read-only memory (ROM), and tlash-type memornies. These

aspects will be described i more detail below.

25 [000411 A block diagram depicting an example of a system (Le., computer
system 100} of the present inveation is provided in FIG. 1. The computer
system 100 1s configured 1o perform calenlations, processes, operations,

and/or functions associated with a program or algorithm. In one aspect,
certain processes and steps discossed herein are realized as a series of
30 mstructions {e.g., software program) that reside within computer readable

memory units and are executed by one or more processers of the computer
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system 100, When executed, the instructions cause the computer system
100 1o perform specific actions and exhibit specific behavior, such as

described herein.

The computer system 100 may inctede an address/data bus 102 thatis
onfigured to communicate mformation. Addirionally, one or more data
processing wmts, such as a processor 104 (or processors), are coupled with

the address/data bus 102, The processor 104 1s configured to process
iformation and mstructions. In gn aspect, the processor 10415 a
microprocessor. Alternatively, the processor 104 may be a different type
of processor such as a parallel processor, or a field programmable gate

ArTay.

The computer system 100 is configored to wtihize one or more data
storage units. The computer system 100 may include a volatile memory
anit 106 (e.g., random access memory {"RAM"), static RAM, dynamic
RAM, etc.) coupled with the address/data bus 102, wherein a volatile
memory unit 106 is configured to store information and instructions for
the processor 104. The computer system 100 further may include a non-
volatile memory unit 108 {o.g., read-only memory ("ROM"},
programunable ROM {("PROM"), erasable programmable ROM
{"EPROM"), electrically erasable programmable ROM "EEPROM™), flash
memaory, ete.) coupled with the address/data bus 102, wherein the non-
volatile memory unit 108 is configired to store static information and
mstructions for the processor 104, Alternatively, the computer systemn 100
may execute mstructions retrieved from an online data storage unit such as
1 “Clond” computing.  In an aspect, the computer system 100 also may
imclade one or more interfaces, such as an inferface 110, coupled with the
address/data bus 102, The one or more imterfaces are configured to enagble
the computer system 100 to interface with other electronie devices and

computer systems. The commuication interfaces implemented by the one
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or more interfaces may include wireling {e g, serial cables, modems,
network adaptors, etc.) andfor wireless {e. g, wireless modems, wireless

network adaptors, ete.} communication technology.

7%

[0003] I one aspect, the computer system [0 may include an input device
112 coupled with the address/data bus 102, wherein the input device 112
is configared to communicate information and command selections to the
processor 100, In accordance with one aspect, the input device 112 is an
alphanwmeric mput device, such as a keyboard, that may include

10 alphanumeric and/or function keys. Alternatively, the input device 112

may be an wnput device other than an alphanumeric input device. Inan

aspect, the computer system 100 may include a cursor control device 114

coupled with the address/data bus 102, wherein the cursor control device

P14 15 configured to communicate user mput information and/or command

,.....
Lh

selections to the processor 100, I an aspect, the cursor control device 114
is fmplemented using 8 device such as g mouse, a track-ball, a track-pad,
an optical tracking device, or a touch screen. The foregoing
notwithstanding, in an aspect, the cursor control device 114 is directed
and/or activated via input from the input device 112, such as in response to
20 the use of special kevs and key sequence commands associated with the
mput device 112, In an alternative aspect, the cursor control device 114 15

configured to be directed or guided by voice commands.

[0004]  Inanaspect, the computer system 100 further may mclude one or

25 more optional computer usable data storage devices, such as a storage
device 116, coupled with the address/data bus 102, The storage device
116 18 configured 1o store information andfor computer executable
imstructions. In one aspect, the storage device 116 15 a storage device such
as @ magnetic or optical disk drive {e.g., hard disk drive ("HDD™), floppy

30 diskette, compact disk read only memory ("CD-ROM™), digital versatile

disk {("DVD")). Pursuant to one aspect, a display device 118 is coupled
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{00035}

[001]

12

with the address/data bus 102, wherem the display device 118 1
configured to display video andfor graphics. In an aspect, the display
device 118 may include a cathode ray tube ("CRT"}, liquid crystal display
{"LCD™M, field emission display ("FED™), plasma display, or any other
display device suitable for displaying video and/or graphic fmages and

alphanumeric characters recognizable to a user.

The computer systent 100 presented herem 1s an example computing
environment in accordance with an aspect. However, the non-limiting
example of the computer system 100 is not strictly Hmited to being a
computer system. For example, an aspect provides that the computer
system 100 represents a type of data processing analysis that may be used
i accordance with various aspects described herein, Moreover, other
computing systems may also be implemented. Indeed, the spint and scope
of the present technology is not imited to any single data processing
environment. Thus, tn an aspect, one or more operations of various
aspects of the present technology are controlled or implemented using
computer-executable instructions, such as program modules, being
executed by a computer. In ope implementation, such program modules
include routines, programs, objects, components andfor data structures that
are configured to perform particular tasks or implement particular abstract
data types. In addition, an aspect provides that one or more aspects of the
present technology are imaplemented by utilizing one or more distributed
computing environments, such as where tasks are performed by remote
processing devices that are hinked throngh a communications network, or
such as where varions program modules are located n both local and

remote computer-storage media including memory-storage devices,

An llustrative diagram of a computer program product {i.e., storage
device) embodying the present invention i3 depicted in FIG. 2. The

computer program product is depicted as floppy disk 200 or an eptical
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disk 202 such as a CD or DVD. However, as mentioned previousty, the
computer program product generally represents computer-readable
mnstructions storad on any compatible non-fransitory computer-readable
medium. The term “instructions™ as used with respect to this invention
generally indicates a set of operations to be performed on & computer, and
may represent pieces of a whole program or mdividuoal, separable,
software modules. Non-limiting examples of “instruction” include
computer program code (source or ebject code} and “hard-coded”
electronics (L.e. computer operations coded into a computer chup). The
“instruction” may be stored in the memory of a computer or ona
computer-readable medinm such as a floppy disk, 2 CD-ROM, and a flash
drive. In either event, the mstroctions are encoded on a non-transitory

computer-readable mediam.

1000421 (33 Introduction

000431 Recent advances in range sensor technology provide the abality to

collect three-dimensional (312} data over large areas with high resolution
and accuracy. The precision of the collected 3D data 1s usnally high
enough to capture not only comimon large structure {e.g.. buildings), but
also smaller ohjects such as pedesirians and cvelists, This mprovement
allows for 3D-based scene analysis for 8 wide range of applicanons. The
present invention furthers such 3D-based scene analysis by providing a
system for efficient segmentation and classification of 3D object entities

from large urban point clouds.

[00044]  Thus, described is a 3D object segmentation and recognition system

for motion 3D data captured using sensors that produce a 3D pomt cloud.

P

As 8 non-imting example, this document describes segmenting and
recognizing objects, such as pedestrian and vehicles in nrban
enviromnents. However, it should be understood that the system can be

apphied to other applications (e.g., indoor scenes, wilderness scenes) with
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a wide variety of 3D objects. For example, the system can be used for

wide~arca surveitlance, robot perception, indoor object classification, etc.

[00045]  As showin FIG. 3, given an input 3D point cloud 300, the svstem first
5 reduces the size of the cloud via down sampling 302 (e.g., voxel-grid
sampling), which substantially improves the computational efficiency of
subsequent operations (due to more compact data of the scene). The
ground plane is then determined i the 3D space by finding the best fit
plane model 1o remove 304 the plane. An unsupervised clustering 306
10 step is applied to the non-ground (e.g.. above-ground) points to detect and
segment {via thresholding 308} a set of 3D candidate blobs 310. Each of
these candidate 31 blobs s charactertzed (via feature extraction 312) with
a morphology-based feature deseniptor, which captures the 3D shape

mformation of the vertical slices of the 3D blob. Finally, these objects are

,.....
Lh

classified 314 into one of the pre-defined classes {e.g., pedestrian or car)
using the classifiers model training 316 offline with ground truth data
{using an input image 320 to generate blobs which are annotated 322 and
from which features are extracted 324). Thus, the svstem efficiently
reduces and segments a 312 point cloud for object cueing 1n a pipeline and

20 uses cutputs for effective 3D scene analysis.

[00046) () Specific Aspects of the lavention
[00047]  As noted above, the system provides a pipeline for segmentation and
recoganition. FIG. 3, for example, tllustyates the components for
25 segmentation and recognition, with each of the components bemg
described in further detaif below. It should be noted that the pipeline is
flexible and individual components can be swapped out easily under
different scenarios. The current systemy provides a primary step to achieve
the ultimate goal of detecting and wdentifving every object within a large
30 point clowd: from pedestrian to vegetation, from bicvele to fire truck, from

antenna to power planis etc.
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(000481 {(4.1) Filtering and Down-Sampling of Pomt Cloud

[00049]  The first step of the pipeline is to down-sample 302 the input point

cloud. The main purpose of this step is to reduce the number of points in
the cloud i exchange for more efficient computation without losing
recognition accuracy. The point cloud can be down-sampled using any
suitable down-sampling technique. As a non-luniting example, the point
cloud can be down-sampled using the voxehized gnd approach where a 3D
voxel gnid is positioned over the input point cloud data. In each voxel
{i.e., 3D box)}, all the poiuts inside will be approximated (i.e., down-
sampled) to thewr centroid. For example, imagine a dense point cloud of a
car. The system first partitions the point cloud using voxelized grid as
depicted in FIG. 4. Then, within each voxel, the systenm deletes every
point except for the center one. The end result 18 a much sparser pomnt
cloud {of the car) as compared to the mitial one. For the purpose of the
present invention, the system does not require the full “resolution” of the
point clouds. This approach is a little slower than approximating them
with the center of the voxel, but it represents the underlying surface more
accurately to prevent loss of recognition accuracy. FIG. 4, for example,
depicts an example of partitoning of a point cloud of @ vehicle with a

voxet gnid.

(000307 A 3D voxel gnid can be created efficiently through a lnerarchical

Octree data stucture.  An Octree data structure is a commuonty understood
concept to those skilled in the art, where the Qctree is 4 tree data structare
in which each Qctree node has either eight children or ne children. The
root node describes a cabic bounding box which encapsulates all points.
At every tree level, this space 15 further subdivided by a fixed factor,
which results in an increased voxel resolution. For example, the system
can utilize the Voxel(rid functionality as implemented in the Point Cloud

Library (PCL) (see Literature Reference No. 6).
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{00051 {4.2) Ground Plane Removal
[00052]  In the context of the present application, it is desirable to tdentify and
remove the “ground surface”, where other object entities {e.g., buildings,
5 cars, pedestrians) reside on. This is essentially fitting a plane model 1o the
point cloud and finding the one with the maximuom number of points. To
speed up the search process, a Random Sample Consensus {(RANSACQ)
algorithm 1s used to generate model bypotheses. The plane removal
algorithm, i this non-himiting example, mainly involves the following
10 steps:
1. Randomly select three non-collinear wnque poings fron: the 3D
point cload /)
2. Compute the plane model coeticients from the three points using

equation ax + by ez +d=0;

,.....
Lh
tas

Compute the distances from all points that belong to the 3D point
cloud £ to the plane model {4, b, ¢, d); and

4. Count the number of poiats p ¥ belonging to P whose distance to
the plane model falls between a pre-defined range {e.g., threshold).

A non-liniting example of a suitable threshold value i3 less than

20 0.1 meters (with a range of 0.0 10 0.1 metersy.

{00053]  The fourth step represents one of the many ways of “scoring™ a
specific model. Every set of poinis p¥ is stored, and the above steps are
repeated for a number of tterations. Note that the number of ierations can

25 be estimated with heuristics.

100034  After the process is ternunated, the set with the largest mamber of
points {inliers) 18 selected as the support for the best planar wodet found.
Those points can be removed from the original point cloud before the next

30 step in the pipeline. FIG. §, for example, ltustrates an mput point cloud

S00, the ground plane 502, and the objects above 504 the ground plane
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{after the ground plane 302 is removed). As tllustrated, a large number of
points are filtered ot as they belong to the ground plane 502, which

assists in speeding up subsequent operations.

7%

000331 Note that the model as illustrated only fits a large planar model to the
entire point cloud, and assumes it is the ground across the entive scene.
This may not be ideal when dealing with scenes with surfaces which are
not uniformiy flat. Thus, the system can be modified by fitung muluple
smaller planar models, each with a different surface ortentation, 1o the

10 galire scene.

{00056} (4.3) Segmenting 31 Candidate Blobs through Clustering
{00057} Clustering is used to divide an unorganized point cloud into stnaller

parts in order to generate object candidate blobs for recognition. The

,.....
Lh

systemn can employ any suitable clustering techanique. For example, most
of the simpler clustering methods rely on spatial decomposition techniques
that find subdivisions and boundaries to allow the data to be grouped
together based a measure of “proximity”. This measure of proximity is
usually represented as a Minkowski norm, with the most popular

20 instantiations being the Manhattan {L.1) and Eoclidean (L2} distance

MeICs.

(00038} A simple data clustering approach in an Euclidean sense can be
implemented by making use of the Octree data structure created m an
25 earher step. Although this particular represertation s fast to build, it 1s
usefil only for applications requiring equal spatial subdivisions, For
sttuations where clusters can have very different sizes, a more conplex

algorithm may be needed.

30 {00039]  Recall the following scenario: given an mput point cloud representing

an outdoor urban environment and a geometric plane model representing



WO 2015/148824 PCT/US2015/022787
18

the ground plane, a desired objective is to find and segment the object
entities which lie on top of the ground plane. To achieve this objective,
the system needs to understand what an object point cluster is and what
differentiates tiself from another point cluster. In a more mathematical
5 seiting, a cluster is defined as follows. Let G, = {p;e P} be a distinet point
cluster from O; = Jp; ¢ PP miniip: -~ pils > dy, where dy 15 a2 maximum
imposed distance threshold (e.g., a cluster tolerance of 0.5, as ilustrated as
element 306 in FIG. 3). The above equation states that if the nunimum
distance between a set of points p, and another set p; is larger than a given
10 distance value, then the points in p; are set 10 belong to one point cluster
and the ones in p, belong to another distinet paint cluster. From an
implementation point of view, it is important to have a notion on how this
minimal distance between the two sets can be estimated. A solution s to

make use of approximate nearest-neighbors queries via convention kd-tree

15 representations. The overall algorithmic steps for object chustering are as
tollows:
1. Create a kd-tree representation for the input pont cloud dataset #;
2. Setup an empty list of clasters €, and a queue of the points that
need to be checked (;
20 3. Forevery point g ¢ P, perform the following steps:
1. add p. o the current quese {;
1. for every poiut py ¢ (0 do;
. recursively add all the neighboring points in a sphere with a
fixed radius, and when the list of all pomnts in (0 has been
25 processed, add @ to the hist of clusters € and reset ) to an

empty Hst; and
4. Terminating the process when all points in the original point cloud
have been processed and are now part of the hist of pomnt clusters
.
30
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000601 After initial clusters are extracted using the aforementioned procedure,
an additional hiltering step {depicted as element 308 in FIG. 3} 15 followed
to remove overly smalllarge 3D clusters (e.g., minimum cluster size of
100 pixels with a maximum cluster size of 800 pixels). Referring again to

5 FIG. 3, the clusters that swvive the filtermg step 308 are considered 3D
candidate object blobs 310, and are passed to the next step in the pipeline

for feature extraction 312,

(000611  An example of thus process is depicted in FIGs. 5 and 6. Specifically,
10 the clustering 306 and filtering 308 are applied to the objects above the
ground plane {depicted as element 504 in FIG. 8. The resulting clustering
306 and filtering 308 constructs a set of separated Hachidean object 3D
blobs {depicted as element 600 i FIG. 6). Each 3D blob 600 could be

uniquely identified with a numeric wdentification {or other identification

,.....
Lh

technique) so that 3t can be conveniently retrieved from the algorithm.
(000021 (4.4) Feature Extraction
{00063} A 3D point cloud provides usefid information about the swrounding
world; however, i can be difficult to extract robust features from 3D
20 objects for recopnition. The main reason for such difficulty is that the
point cloud data may be nregularly scattered in the 310 space, as opposed
to the regularly and uniformly sampled 2D images. The frregularly
scattered point cloud can be a result of the objects being further away from
a sensor, which can result in a relatively sparse point cloud. While any
25 feature extraction technigue may be emploved, some may provide better
results than others. For example, the system can employ the technique of
adaptive 3D to 2D projection at different height slices 1o extract the
morphological features {see Literature Reference No. 8} The basic idea is
0 project the 3D blob into muldtiple 2D image shices at various heights.
30 The 2D shices contain all the 31 shape information of the object if the

samples shees are detaled enough (simidar o CT/MRI scanned slices).
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The 2D unage shices are regularty spaced unages and thus, all the
available image processing techniques can be applied to process these
image slices. Non-limiting examples of such imaging processing
technigues include spatial filtering, view-invariant feature extraction, and
other operations. Furthermore, the 2D image resolution is adaptively
selected depending on the 3D point cloud density o avoid forming -
conditioned images when the point cloud data are very sparse. In general,
the adaptive sampling scheme allows the systens to deal with pomt cloud
data with as few as 50-100 points per object. As g non-himiting example,
gach 3D blob can be decomposed mto six slices, and seven morphological
Features along with other moment invariant features being extracted trom
each shice. In short, each 3D blob can be characterized by a 166-
dimension feature vector. FIG. 7, for example, is an illustration
visaalizing the extracted feature vectors for ditferent classes. The X-axis
is the feature dimension 701 {Le., 166-dimensions), whereas the Y-axis
represents individual 3D object 703 from different classes (1.e., cach row
15 an object). As vou can see from FIG. 7, objects frony the same class
exhibit a similar feature pattern, while objects from different classes have

more distinct patterns.

{00064]  Althouvgb ritusirated in black and white, it should be noted that in

actual operation, it may be desirable to visualize the extracted feature
vectors for different elasses m a color map fashion.  Distinct visual
characteristics {of the feature vectors) can be observed for different
classes; car 700, bicyclist 702, pedestrian 704, and background 706, Each
row is a feature vector of a 3D blob and belongs to one of the four classes.

Overall features for different classes are quute distinct visually.

(000631 (4.5 (lassification

[00006] A standard supervised learning paradigm i3 adapted 1o the system for

3D object classification. For each class of pbiect (e.g., pedestrians, cars,
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ate.}, a support vector machine (SVM) model is trained 316 in 2 one-
agamst-all fashion. When a new 3I) candidate blob 1s generated, it will be
fed to the models trained for different classes. The one model giving the

highest confidence score will be identified (class prediction 314), and the

5 3D blob will be classified as the corresponding object class,
(00067} (5} Experimental Resulis

{00068]  To venty efficiency of the system, the system was evaluated using the
point cloud datsets from the Stanford 3D repository (see Literature
10 Reference No. 9} and the KITT! Benchmark Suite (see Literature
Reference No. 10). The first dataset only provides 3D blobs of various
objects, while the second dataset provide the full sequences of Velodyne
scans mn different urban settings. There are four primary classes in the

Stanford dataset (1.e., breyelst, car, pedestrian, and background), and six

,.....
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classes in the KITTI dataset {i.e., car, cyclist, van, tram, truck). All the

data {3D blobs) from the Stanford dataset was used {o generate 3D

candidate blobs (a total of 4700 blobs) from a subset of 6 sequential scans
from the KITTI dataset.

20 [00069]  Interms of trainftest division of 3D blobs, the standard division from
Stanford dataset was followed, with the 3D blobs from KITTI dataset
bemg partitioned evenly. A linear SVM kernel was used mw all the SVM
models. It was observed that more than 93% classification accuracy was
obtained for all classes in the Stanford dataset, and more than 85%

25 sccuracy was obtatned using the SVM hnear kernel with non-normalized

morpFt 166 featwres. Thus, it 18 clear that the system according to the

present invention s effective for fitenng, segmenting, and recognizing

objects in three~-dimensional data.

30
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CLAIMS
What 1s claimed 1s:
1. A system for filtering, segmenting and recoguizing objects, comprising:
one or more processors and a meamory, the memory having
5 executable instractions encoded thereon, such that upon execution of the
instructions, the one or more processors perform operations of
down sampling a three-dimensional (3D) point ¢lood
having a plurality of data points in 3D space to generate a down-
sampled 3D point clond 7 with reduced data points in the 3D
10 space;
identifying and removing a ground plane n the down-
sampled 3D point cloud to leave non-ground data points in the
down-sampled 3D point cloud;

generating a set of 3D candidate blobs by clustering the

,.....
Lh

non-ground data points to generate a plurality of 3D blebs, each of
the 3D blobs having a cluster size;
extracting features from each 3D candidate blob; and
classifying at least one of the 3D candidate blobs as a pre-
defined object class based on the exiracted features.

20

r

The system as set forth in Claim 1, wherein generating the set of 3D
candidate blobs further includes thresholding the 3D blobs based on

cluster size.

25 3. The system as set forth in Claim 1, wherein the 3D point cload is down
sampled using a 3D voxel grid having a plurality of voxels, where the 3D
voxel grd is positioned over the 3D point cloud such that all the data

points i each voxel are down-sampled 10 a centroid for each voxel.
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The systen as set forth in Claim 1, wherein the ground plane is identified
using a plane model such that the plane with a2 maximum nwnber of points

is identified as the ground plane.

The system as set forth in Claim 1, wherein identityving and removing the
ground plane further comprises operations of;

randomly selecting three non-collinear wigue points from the
down-~sampled 3D pomt cloud 7

computing plane model coefficients from the three non-collmear
unigue points;

computing distances from all points in the down-sampled 3D pomt
cloud P 1o the plane model; and

determintng a number of points p* belongimg to the down-sanipled
3D poind clond # whose distance to the plane model falls between a pre-
defined range; and

designating a plane with a largest number of points p™ that fall
within the pre-defined range as the ground plane; and

removing the points p* that are included in the ground plane from

the down-sampled 3D point cloud F data to leave non-ground data points.

The system as set forth in Claim 1, wherein clustering the non-groand dats
points to generate a plurality of 3D blobs further comprises operations of
creating a kd-tree representation for the down-sampled 31 point
cloud F;
generating an empty list of clusters € and a queue of the points
that need to be checked {J;
for every point p; ¢ P, performing the following operations:
adding p; to the carrent queue @,
for every point p; ¢ O do:
recursively adding all neighboring points in a sphere with a

fixed radius, and when the list of all points i O has been

PCT/US2015/022787



WO 2015/148824 PCT/US2015/022787
24

processed, add (3 to the list of clusters €, and reset {J to an empty
bist; and
terminating when all pomis in the original point cloud have

been processed and are now part of the Hst of clusters C

':--]

The system as set forth in Claim 1, wherein clustering the non-ground data
point to generate a plarality of 3D blobs further comprises an operation of]
for every point in the down-sampled 3D point cloud P, recursively adding
all neighboring points in a sphere with a fixed radius 10 a qoueue.
10
8. The system as set forth in Claim 1, wherein extracting features from cach

3D candidate blob further comprises operations off

projecting the 3D candidate blobs into multiple two-dimensional

(2D} timage shices at different heights; and

,.....
Lh

processing each 2D image slice to extract features from each 2D
image slice.

9. A method for filtering, segmenting and recognizing objects, the method

comprising an act of:

20 causing one of MOTe Processers o execyte instructions encoded on
a non-fransitory compter-readable medmm, soch that upon execotion, the
one or more processors perform operations of!

down sampling a three-dimensional (30} point cloud
having a plurality of data pomts in 312 space to generate a down-

25 sampled 3D point cloud P with reduced data points i the 3D

space;
wdentifving and removing & ground plane m the down-
samipled 3D pomnt cloud {o leave non-ground data points in the

down-sampled 3D point cloud;
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generating a set of 3D candidate blobs by clustering the
non-ground data points to generate a plurality of 3D blobs, each of
the 30 blobs having a cluster size;

extracting features from each 3D candidate blob; and

classifying at least one of the 3D candidate blobs as a pre-

defined object class based on the extracted features.

10. The method as set forth in Clamm 9, wherein generating the set of 3D

11

13.

cancidate blobs further includes thresholding the 3D blobs based on

cluster size.

The method as set forth m Claim 9, wherein the 3D point cloud is down
sampled using a 3D voxel grid having a plurality of voxels, where the 3D
voxel grid 13 positioned over the 3D point cloud such that all the data

points in each voxel are down-sampled o a centroid for each voxel.

. The method as set forth in Claim 9, wherein the ground plane is identified

using a plane model such that the plane with a maxinram number of points

is identified as the ground plane.

The method as set forth m Clamm 9, wherews identifving and removing the
ground plane further comprises acts of:

randomly selecting three non~collinear unigue points from the
down-sampled 3D point clowd 7,

computing plane model coetticients from the three non-collinear
U ue points;

computing distances from all points 1 the down-sampled 3D poing
cloud P to the plane model; and

determining a number of points p* belonging to the down-sampled
303 point cloud P whose distance to the plane mode! falls between a pre~

defined range; and
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destgnating a plane with a largest number of points p™ that fall
within the pre-defined range as the ground plane; and
removing the points p* that are included in the ground plane from

the down-sampled 3D point cloud P data to leave non-ground data points.

14, The method as set forth in Claim 9, wherein clustering the non-ground

data points to generate a plurality of 3D blobs further comprises acts off
creating a kd-tree representation for the down-sampled 3D pomt
cload

10 generating an empty list of clusters €, and a queue of the points

that need to be checked

for every point p; ¢ £, performing the following operations:
adding p; to the current queue ()

for every point p; ¢ O do:

,.....
Lh

recursively adding all neighboring points in a sphere with a
fixed radins, and when the hist of all points in ) has been
processed, add () o the list of clusters O, and reset ({0 an empty
{ist; and

terminating when all points i the onginal pomt cloud have

20 been processed and are now part of the hist of clusters

15, The method as set forth in Claim 9, wherein clustering the non-ground
data point to generate a plurality of 3D blobs fiwther comprises an act of.
for every pomt in the down-~sampled 3D point cloud P, recursively adding

25 all neighboring points 1 a sphere with a fixed radius to a queue.

16. The method as set forth in Claim 9, wherein extracting features from each
3D candidate blob further comprises acty oft
projecting the 3D candidate blobs mto multiple two-dimensional

30 {2D) image shices at different heights; and

=2
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processing each 2D image stice to extract features from each 2D

image slice,

17. A computer program product for filtering, segmenting and recognizing

5 objects, the computer program prodact compnising:

a non-transitory computer-readable mediom having executable
instructions encoded thereon, such that upon execution of the instructions
by one or more processors, the oneg or more processors perforat operations
of:

10 down sampling a three-dimensional (3D} point cloud
having a plurality of data pomnts in 3D space to generate a down-
sampled 3D pomt cloud £ with reduced data points i the 3D
space;

identifymg and removing a ground plane i the down-

Lec ec

,.....
Lh

sampled 3D point cloud to feave non-ground data points in the
down-sampled 3D point cloud;

generating a set of 3D candidate blobs by clustering the
non-ground data poinis to generate a plurality of 3D blobs, each of
the 3D blobs having a cluster size;
20 extracting features from each 3D candidate blob; and
classifving at least one of the 3D candidate blobs as a pre-

defined object class based on the extracted features,

18. The computer program product as set forth in Claim 17, wherein
25 generating the set of 3D candidate blobs further includes thresholding the

3D blobs based on cluster size.

19. The computer program product as set forth i Claim 17, wherem the 3D
point ¢loud is down sampled using a 3D voxel grid having a plorality of

30 voxels, where the 3D voxel grid is positioned over the 3D point cloud such
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that all the data points in each voxel are down-sampled to a centroid for

each voxel

20. The computer program product as set forth in Claim 17, wheremn the
5 groand plane 18 identified using a plane model such that the plane with a

maximum number of points is identified as the ground plane.

¥

1. The computer program product as set forth in Clam 17, wherem
identifying and removing the ground plane further comprises operations
10 of:
ranclomly selecting three non-collingar pnigue points from the
down-~sampled 3D point clond P;
computing plane model coefficients from the three non-collmear

unigue pomnts;

,.....
Lh

computing distances from all points in the down-sampled 3D pomt
cloud P io the plase model; and

deternuning a number of points p* belonging to the down-sampled
3D point clond P whose distance to the plane modet falls between a pre-
defined range; and
20 desipnating a plane with a largest number of points p™ that fall
within the pre-defined range as the ground plane; and

removing the points p* that are included in the ground plane from
the down-sampled 3D point cloud P data to leave non-ground data points.

-~
K

25 22. The computer program product as set forth in Claim 17, wherem
clustering the non-ground data points to generate a phurality of 31 blobs
further comprises operations of:

creating 8 kd-tree representation for the down-sampled 313 pomnt
cloud P,
30 generating an emply list of clusters € and a queue of the points

that need to be checked ¢
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for every point p; ¢ P, performing the following operations:

adding p, to the current gquene {J;

for every point g ¢ (J do

recursively adding all neighboring points in a sphere with a

5 fixed radius, and when the list of all pomis in {J has been

processed, add QO to the list of clusters ¢, and reset J to an empty
ist; and

termmating when all pomts in the original point cloud have
been processed and are now part of the list of clusters C

10

]
b

. The computer program product as set forth in Claim 17, wherein
clustering the non-ground data point to generate a plarality of 3D blobs
further comprises an operation of, for every pomt in the down-sampled 3D

point cloud £, recursively adding all neighboring pomts m a sphere with a

ot
Lh

fixed radius t0 a guene.

24. The computer program product as set forth m Claim 17, wherem
extracting features from each 3D candidate blob further comprises
operations of:

20 projecting the 3D candidate blobs into multiple two-dimensional
{20} image shices at different heights; and
processing each 2D image slice to extract features from each 2D

image shice.
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