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(57) Abstract: Described is a robotic system for detecting obstacles reliably with their ranges by a combination of two-dimensional
and three-dimensional sensing. In operation, the system receives an image from a monocular video and range depth data from a
range sensor of a scene proximate a mobile platform. The image is segmented, into multiple object regions of interest and time-to-
contact (TTC) value are calculated by estimating motion field and operating on image intensities. A two-dimensional (2D) TTC map
is then generated by estimating average TTC values over the multiple object regions of interest. A three-dimensional TTC map is
then generated by fusing the range depth data with image. Finally, a range-fused TTC map is generated by averaging the 2D TTC
map and the 3D TTC map,
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Serial No. 14/795 884, filed July 09, 2015, which is a Continuation~in-Part
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{0003]  The present application 13 ALSO a non~-provisional patent apphication of
118, Provisional Applcation No. 62/293,649, filed on Felwuary 10, 2016, the

entirety of which is hereby incorporated herein by reference.

20 {0006} STATEMENT REGARDING FEDERAL SPONSORED RESEARCH OR
DEVELOPMENT
0007] This invention was made with Government support under Contract

No HRO1 1-09-C-000 awarded by DARPA. The government has certain rights

i the invention,
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[0008]  BACKGROUNDQF INVENTION
{D009] {1} Field of Invention
{00010}  The present invention relates to a system for detecting obstacles reliably

with their ranges by @ combination of two~-dimensional and three-dimensional
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sensing and, more specifically, to such a system used to generate an accurate

time-to-contact map for purposes of autonomous navigation.

{00011} €2) Description of Related Art

[00012]  Obstacle detection and avoidance 15 a crucial task that 1s required to realize

autonomous robots andfor navigation. Some systems utilize range sensors, such
as LIDAR or RADAR sensors {see the List of Incorporated Literature
References, Literature Reference No. 1), that have the ability to provide accurate
estimnation of looming obstacle collisions. Others have attempied to use smaller
sensors such as mwonocudar cameras to detect and avoid looming obstacles (see
Literature Reference Nos. 2, 3, 4 and 5). Monocular cameras achieve the low
SWaP requarements for autonomous systems; however, one of the main
challenges with using monocular cameras is that each camera frane by itself
imherently cannot provide depth data from the scene. Thus, depth information
and subsequent camera frames are typically used to give an estumation of the

depth of the scene.

{00013] However, it is challenging to detect obstacles and estimate time-to-contact or

time-to-collision (TTC) valoes reliably and rapidly from passive vision {optical
flow, stereo, or structure from motion} due to inconsistent feature tracking,
texture-less environments, hmited working ranges, andfor intensive computation
required. Active range sensing can provide gbsolute and error-less distances to
{both far and near) obstacles; however, these types of sensors (Le., two-
dimensional (2D) laser scanners, three-dimensional (3D} light detection and
ranging {LIDAR) or red/green/blue/depth (RGB-D) cameras) are usually
heavy'bulky, output sparse point clouds, operate at low frame-rates or are

limited to reliably working indoors.
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{00014} There are many techniques developed for obstacle detection and TTC
estimation for autonomous navigation (and alse generally for computer vision
and robotics applications). For example, most monocular/optical flow based

approaches require expensive computations and could produce an unacceptable

(¥

amount of false detections while providing relative TTC only. Sterco-based
depth estimation 1s mited to the working range (usually shorter look-ahead)
constrained by the baseline length and performs very poor i texture-less
environments and on homogeneous surfaces. Structore from motion requires at
least several frames taken at different viewpoints. Depth estimation by passive
10 sensing {1.e., using cameras) wherently involves errors propagated from the
wncertainty in the pixel domain (miss matching, lack of features). On the other
hand, active sensing by a laser scanner or a 3D LIDAR sensor can provide
absolute and more accurate TTC or depth measurement than 2D, but these types
of sensing mostly require high SWaP {(i.e,, size, weight, and power) and produce
15 sparse point clouds. Optimal fasion using 2D and 3D sensors has not been well

exploited for high speed navigation.

f000151  Exasting TTC Map (or depth map) estimation can be broken down by sensor
modality. The most relevant for low SWaP constraints is the usage of a single
20 passive sensor {monocular camera). Methods based on scale change (see
Literature Reference Nos. 5 and 6) are often very computationally expensive as
they rely on feature tracking and scale change detection via methods like
teraplate matching. These methods also provide only relative depth of objects,
as they must rely on image segmemation to (for example) distingoish only

foreground from background. The lack of sbeolute TTC and slow process rate

[
(1]

does not make them suitable for maneuvers where a quick reaction muost be

achievable.
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(000161 Obtaining more accurate depth maps can be done by using learning methods

{see Literature Reference Nos. 7 and 8). These methods operate at a lower
nnage domain {(pixels/filters on features} and can provide a relative depth map
guickly, but do not generatize well to cluttered environments as the leamed
templates for classifving the image mav not cope well with unseen structure or

objects,

{00017} One of the more popular methods for TTC estumation involves computation

of optical flow (see Literature Reference Nos. 6, Sand 9). However, estimating
the optical flow reltes on motion parallax. This method often reguires tracking
feature motion between frames (conswming computation time} and fails for
obstacles found along the optica! axis of the camera. Another popular method
for building TTC Maps is achieved by stereo {(see Literature Reference Nos. 10
and 11). Both of these methods quickly compute accurate depth maps, but they
are linited to the camera pair baseline with regard to look-abead time and object
perception is Hmited by the texture and homogeneity of the surface. fone
desires to build more accurate TTC depth maps using structure from motion {as
1s usually the case m stereo configurations) then one needs to use sufficient (30
or more frames) (see Literatare Reference No. 2} to build a dense map where an
object can be identified well. Alternatively, although real-time depth maps can
be obtained as in {see Lilerature Reference No. 14) at the loss of point density,

such a technique is not suitable for aconrate representation of an object.

F00018]  There are also methods which attempt to fuse multiple sowrces of

mformation {stereo and monocular cameras) {see Literature Reference No. )
and (sonar, stereo, scanning laser range finder) (see Literature Reference No.
12). While the depth map accuracy improves significantly, the excessively high
SWaP requireraent to operate their systemn himits the mission duration as well as

the manguverability of a robot or autonomouns platform. Other methods (see



WO 2017/139516 PCT/US2017/017275

Literature Reference No. 13) provide a depth map wherein a robot could be
accurately localized, but objects would be sparsely represented, as structure

frontmotion is the key method of registering awuliary depth mfornmation.

5 [00019]  While each of the state-of-the-art methods mentioned above work well in
their own regard, they do not yet have the abihity to achieve high-speed agile
exploration and navigation in cluttered anvironment undey low SWaP
constraints. Thus, a continuing need exists for a system that provides for fast
and successful obstacle detection and avoidance in astonomous navigation n &

10 tiraely fashion for a variety of different tasks.

[00020] SUMMARY OF INVENTION
{00021} This disclosure provades a system for estimating a time-{o-contact an object
using vision and range sensor data for autonomous navigation. In various

15 embodiments, the system tncludes one or more processors and @ memory. The
memory has executable instructions encoded thereon, such that upon execution
of the mstructions, the one or more processors perform several operations of,
such as segmenting an image from a monocular video into multiple object
regions of inferest, the image being of a scene proximate a mobile platform;

20 calculating time-to~contact {TTC) values by estimating motion field and
operating on inage intensities; generating g two-dimensional TTC map by
estimating average TTC values over the multiple object regions of mierest;
generating a three-dimensional TTC map by fusing range depth data froma

range sensor with the inmage; and generating a range-fused TTC map by

[
(1]

averaging the 2D TTC map and the 302 TTC map.

(000221 Inanocther aspect, the system performs operations of detecting an object in
the range-fased TTC map, and generating a command (such as move lefl, etc.)

o cause a mobile platforns to move 10 aveid contact with the object.
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{00023]  Further, in generating the 3D TTC map, a range data reading 15 assoqated

with each pixel in the image.

LV 41

{00024]  In another aspect, in generating the range-fused TTC map, the range-fused
TTC map 1s genersted with range-seeded propagation of disparity and integrated
with salient features in foreground objects to generate precise obstacle

boundaries and TTC for objects in the scane proximate the mobile platform.

10 [00025]  In vetanotheraspect, in segmenting an image from the monocular video into
muhtiple object regions of interest, a foreground detector is ysed to segment

objects within a foreground of the image.

{00026]  Additionally, a spikmg neural network is used to caleulating time~to~-contact

15 {TTC) values by estimating motion field and operating on image intensities,

f000271  Fnally, the present tnvention also includes a computer program product and
a computer implemented method. The computer program prodoect includes

computer-readable instructions stored on a non-fransitory computer-readable

b2
jound

medium that ave executable by a computer having one or more processors, such
that upon execution of the instructions, the one or more processors perfonm the
operations listed herein. Alternatively, the computer implemented method
mchudes an act of causing a computer to execute such instructions and perform

the resulting operations,

[00028] BRIEF DESCRIPTION OF THE DRAWINGS
000291 The objects, features and advantages of the present invention will be
i g I
apparent from the following detailed descriptions of the various aspects of the

vention in conjunction with reference to the following drawings, where:
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(000301 FIG. 1 s a block diagram depicting the components of & system gecording to

various embodiments of the present invention;

{000311  FIG. 2 is an ilustration of a computer program product embodying an aspect

(43

of the present invention;

[00032]  FIG. 3 is an illustration of time-to-contact {TTC) map estimation from

monocuiar vision:

10 {090033]  FIG. 4A iy an ilhastration of a spike-based collision detection architecture,

where spike stage mdicates collision warning;

[00034] FIG. 4B is an illustration of a first part of the spike-based collision detection

architecture;
1S5
{00035]  FIG. 4C 15 an illustration of a second part of the spike-based collision
detection architecture;
(000361 FIG. 5 is an tllustration of two-dimensional (212} TTC calculation on a
20 gridded fmage without segmentation;
[00037]  FIG. 618 an tHustration of TTC calculation on a segmented image; and
{00038]  FIG. 7 15 an llustration of three-dimensional (3D) range mformation which
25 can be scamlessly combined with vision in the framework of the system
described hergin for a long-range, dense TTC map.
{00039 DETAILED DESCRIPTION
[00040]  The present invention relates to a system for detecting obstacles rehably
30 with their ranges by a combination of two-dimensional and three~-dimensional
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sensing and, more specifically, to such a system used to generate an accurate
time-to-contact map for purposes of autonomous navigation. The following
description is presented © enable one of ordinary skill in the art to make and use

the invention and to ncorporate i in the context of particular apphications.

(¥

Various modifications, as well as a variety of uses in different applications will
be readily apparent to those skilled in the art, and the general principles defined
herein may be applied to a wide range of aspects. Thus, the present mvention is
not intended to be linuted to the aspects presented, but is to be accorded the
widest scope consistent with the principles and novel features disclosed herein.
10
{0001 in the following detailed description, numerous specific details ave set forth
i ovder to provide @ more thorough understanding of the present invention.
However, 1t will be apparent to one skilled in the art that the present invention
may be practiced without necessarily being himited 1o these specific details. In
15 other mstances, well-known structures and devices are shown in block diagram

form, rather than in detatl, in order to avoid obscuring the present invention,

0002] The reader’s attention is directed to all papers and documents which are filed
concurrently with this specification and which are open to public inspection with
20 this specification, and the contents of all such papers and documents are
mcorporated heremn by reference. All the features disclosed in this specification,
(including any accompanying claims, abstract, and drawings) may be replaced
by alternative features serving the same, equivalent or similar purpose, unless

exprossly stated otherwise. Thus, unless expressly stated otherwise, each feature

[
(1]

disclosed 15 one example only of & generic seriex of equivalent or sumilar

features,

{0003]  Furthermore, anv cloment in a claim that does not explicitly state “means

for” performing a specified function, or “step for” performing a specific
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function, is not to be interpreted as a “means™ or “step” clause as specified in 35
1.8.C. Section 112, Paragraph 6. In particular, the use of “step of " or “act of” 10
the claims heremn is not intended to mvoke the provisions of 35 LS. 112,

Paragraph 6.

(¥

{0004 Before describing the invention in detail, first 8 list of cied references is
provided. Next, a description of the vartous principal aspects of the present
mmvention is provided. Sabsequently, an mtroduction provides the reader with a
general understanding of the present mvention. Finally, specific details of
10 varions embodiment of the present ivention are provided to give an

wnderstanding of the specific aspects.

{0005 {1} List of Incorporated Literature References
0006] The following references are cited throughout this application. For clarnity
15 and convenience, the references are histed herern as a central resource for the
reader. The following references are hereby incomporated by reference as though
fully set forth herein. The references are cited in the application by refemng to

the corresponding literature reference number, as follows:

20 1. M. S Damms, P E Rybsky, €. Baker and €. Urmson, "Obstacle detection
and tracking for the urban challenge,™ in IEEE Transactions on

Intelligent Transportation Systems, 2009,

AS

H. Alvarez, L. Paz, J. Sturnt and D, Cremess, "Collision Avoidance for
Quadrotors with a Monocular Camera,” in International Symposiom on
25 Experimental Robotics, 2014,

3. G. De Croon, E. De Weerdt, C. De Wagter, B. Remes and R. Ruijsink,
*The appearance variation cue for obstacle avoidance,” in IEEE

Transactions on Robotics, 2012,
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4. -0 Lee K~-H Lee, S-H Park, 5-G Imvand 1 Park, "Obstacle
avoidance for small UAVs using monocular vision," in Adrcraft

Enginecring and Acrospace Techuology, 2011,

¥ 3

T. Mori and 8. Scherer, "First results in detecting and avoiding frontal

(¥

obstacles from a monocular camera for micro wmanned aerial vehicles,”
in IEEE International Conference on Robotics and Avtomation {(ICRA),
2013,
6. Sagar and Viser, Obstacle Avoidance by Combining background
subtraction, optical flow and proximity Estimation, International Micro
10 Air Vehicle Conference and Competition 2014 (IMAV), Delft, The
Netherlands, 2014,

e

Lenz, Saxena, Low-Power Parallel Alporithms for Single hmage based
Obstacle Avoidance in Aerial Robots, International Conference on
Intelligent Robots and Systems (JROS) 2012,
15 8. Roberts and Dellaent, Direct Superpixel Labeling for Mobile Robot
Navigation, International Conference on Intelligent Robots and System
(IROS) 2014,
9. Sukhatme, Combined Optical-Flow and Stereo-Based Navigation of
Urban Canyouns for a UAV. International Conference on Robots and
20 Systems (IROS), 2005,
10, Roeland Brockers, Yoshiaki Kuwata, Stephan Weiss, Lawrence Matthies,
Micro atr Vehicle Aatonomouse Obstacle Avoirdance from Stereo-
Vision, Unmanned Systems Technology, 2014,

11 Andrew I Barry and Russ Tedrake. “Pashbroom stereo for high-speed

[
(1]

navigation in cluttered environments.” In 3rd Waorkshop on Robots in
Clutter: Perception and Interaction i Clotter, Chicago, Hiinois,

September 2014.

10
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12, Matthias Nicuwenhuisen | David Droeschel |, Dk Holz | Sven Behnke,
“Onni-directional Obstacle Perception and Collision Avoidance for
Micre Aerial Vehicles,” Robotics Science and Systems (RS8) 2013,

13, ). Zhang, M. Kaess, and 8. Singh, “Real Time Diepth Enhanced

(¥

Monocular Odometry,” International Conference on Intelligent Robots
and System (IRQS} 2014
14, Georg Klem and David Murray Parallel Tracking and Mapping for Small
AR Workspaces In Proc. International Symposium on Mixed and
Aungmented Reality (2007).
10 1S, B.K.P Hom & B.G. Schunck, "Determining Optical Flow, "Artificial
Intelligence, Vol. 16, No. 1-3, August 1981, pp. 185.203,
16. Alexander L. Honda, Yang Chen, Deepak Khosla, “Robust static and
moving object detection via multi-scale attentional mechanisms™,
Proceedings of SPIE Vol 8744, 874408 {2013).
15 17. ULS. Patent Application Serial No. 14/795 884, filed July 09, 2015,

entitled, “System and Method for Real-Time Collision Detection.”

0007] {2} Principal Aspects
fO00R]  Various embodiments of the tnvention include three “principal” aspects.

20 The first is a system used to generate an accurate time~to~contact map for
autonoimous navigation. The system s typically in the form of a computer
system operating software or in the form of a "hard-~coded™ instruction set. This
system may be incorporated into a wide variety of devices that provide different

functionabities. The second principal aspect is a method, typically in the form of

[
(1]

software, operated using a data processing system {computer). The thad
principal aspect is a computer program prodoct. The computer program prodoct
generally represents computer-readable instructions stored on 8 non-transiory
computer-readable medium such as an optical storage device, ¢.g., a compact

dise (€D} or digital versatile disc (DVD), or a magnetic storage device such as a

11
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Hoppy disk or magnetic tape. Other, non-limiting examples of computer-
readable media include hard disks, read-only memory (ROM), and flash-type

memories, These aspects will be described in more detat] below,

5 [0009] A block diagram depicting an example of a system (Le., conmputer svstem
100) of the present invention is provided in FIG. 1. The computer system 100 is
configured to perform calculations, processes, operations, and/or functions
associated with a program or algorithm. In one aspect, certain processes and
steps discussed herein are realized as a series of instructions {e.g., software

10 program) that reside within computer readable memory units and are executed
by one or more processors of the computer system 100, When executed, the
instructions canse the compater system 100 to perform specific actions and

exhibit specific behavior, such as described herein.

ety
(¥

{00010]  The computer system 100 may mclude an address/data bus 102 that s
configured to communicate mformation. Additionally, one or more data
processing wiuts, such as a processor 104 {or processors), are coupled with the
address/data bus 102. The processor 104 is configurad to process information
and instructions. o an aspect, the processor 104 is a microprocessor,

20 Alternatrvely, the processor 104 may be a different type of processor such as a

parallel processor, application-specific integrated cireunt {ASIC), programmable

logic array {PLA), complex programmable logic device (CPLID), or a field

programmable gate array (FPGA).

25 {000111  The computer system 100 is configured to utidize one or morse data storage
units. The computer system 100 may mclude a volatile memory unit 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

1o store information and instructions for the processor 104, The computer

12
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system 100 further may inchude 8 non-volatile memory unit 108 {e.g., read-only
memory ("ROM"}, progranable ROM ("PROM™), erasable programymable
ROM ("EPROM"), electrically erasable programmable ROM "EEPROM"Y),

flash memory, ete.) coupled with the address/data bus 102, wherein the non-

(¥

volatile memory unit 108 is configured to store static information and
mstructions for the processor 104, Alternatively, the computer systems 100 may
execute instructions retrieved from an online data storage unit such as in
“*Cloud™ compating. Yo an aspect, the computer system 100 also may include
one or more interfaces, such as an intertice 110, coupled with the address/data
10 bus 102, The one or more mterfaces are configured 1o enable the computer
system 100 to interface with other electronic devices and compater systems.

The conmnunication interfaces implemented by the one or more interfaces may
inclode wireline {e.g., serial cables, modems, network adaptors, eic ) andfor
wireless {e.g., wireless modems, wireless network adaptors, ei¢. ) communication

15 technology,

[00012] o one aspect, the computer system 100 may inclade an inpat device 112
coupled with the address/data bus 102, wherein the input device 112 15
configured to communicate information and command selections to the

20 processor 100, In accordance with one aspect, the input device 11218 an
alphanumeric input device, such as a kevboard, that may include alphanumeric
andfor function kevs. Alternatively, the inpot device 112 may be an input
device other than an alphanumeric input device. In an aspect, the computer

system 100 may include a cursor control device 114 coupled with the

[
(1]

address/data bus 162, wherein the cursor control device 114 is configuwred to
communicate user inpat information and’or command selections to the processor
100. In an aspect, the cursor control device 114 1s implemented using a device
such as & mouse, a track-ball, a track-pad, an optical tracking device, or a touch

screen. The Roregoing notwithstanding, in an aspect, the cursor control device

13
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114 is directed and/or sctivated via input from the fnput device 112, such as in
response to the use of special keys and key sequence commands associated with
the input device 112, In an aliemative aspect, the corsor control deviee 11418

configured to be directed or guided by voice commands.

(¥

{00013} Inan aspect, the computer systern 100 further may meclode one or more
aptional computer usable data storage devices, such as a storage device 116,
coupled with the address/data bus 102, The storage device 116 is configured to
store information andor computer executable instructions. 1n one aspect, the

10 storage device 116 is a storage device such as a magnetic or optical disk drive
{e.g., bard disk dove ("HDD™), floppy diskette, compact disk read only memory
{"CD-ROM™), digital versatide disk ("DVD™}). Pursnant to one aspect, a display
device 118 is coupled with the address/data bus 102, wherein the display device
118 15 configured to display video and/or graphics. In an aspect, the display

15 device 118 may include a cathode ray tube ("CRT™), liquid crystal display

{"LCD"), field emussion display ("FED™), plasma display, or any other display

device suitable for displaying video and/or graphic images and alphanumeric

characters recognizable to a user.

20 {00014} The computer system 100 presented heremn is an example computing
enviremunent in accordance with an aspect. However, the non-limiting example
of the computer system 100 is not strictly himited to being a computer system.
For example, an aspect provides that the computer system 100 represents a type

of data processing analvsis that may be used m sccordance with vanous aspects

[
(1]

described hergin. Moreover, other computing systemns may alse be
Hmited to any single data processing environment. Thus, in an aspect, one or
more operations of various aspects of the present technology are controlied or

mplemented using computer-executable instructions, such as program modules,

14
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being executed by a computer, In one implementation, sach program modudes
mchude 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 implemented by utilizing one or more distributed computing

environments, sach as where tasks are performed by remote processing devices

that are linked through a communications network, or such as where various

program modules are located in both local and remote computer-storage media

mcluding memory-storage deviges.

10

(DO0151  An illustrative diagram of a computer program product (i.e., storage device)

product is depicted as floppy disk 200 or an optical disk 202 suchasa CD or
DVD. However, as mentioned previously, the computer program product

15 generally represents computer-readable instructions stored on any compatible
noa-transitory computer-readable medium. The term “instractions™ as used with
respect to this invention generally imdicates a set of operations to be performed
on a computer, andd may represent pieces of a whole program or individual,
separable, software moduoles, Non-limiting examples of “instruction” include

20 computer program code (source or object code} and “hard-coded™ electronics

{1.e. computer operations coded into a computer chip). The “mstraction” 15

stored on any non-transitory computer-readable mediwm, such as in the memory

of a computer or on a floppy disk, a CD-ROM, and a flash drive. In either

event, the instructions are encoded on g non-transitory computer-readable

mediiun.

[
(1]

[00016] (3} Introduction
[00017]  Obstacle detection and avoidance is a crycial task that is required to realize

antonomous robots and/or navigation. In operation, depth information and

15
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subsequent camera frames are tyvpically vsed to give an estimation of the depth
of the scene. Given this depth {and the change in depth over time), an
AULONOMIOUS RAVIgation sysiem can ¢stinate a tme-to-comact or thine-1o-

cotlision (TTC) value which can be used to detect and avord looming obstacles.

(¥

The system of this disclosure tmproves upon the prior art by fusing monocular
obstacle detection and avoidance {such as those systems shown in Luerature
Reference No. 17) with a LIDAR system. Thus, this disclosure is directed to a
robotic system for detecting obstacles reliably with their ranges via two-
dimensional (21 {e.g., image) and three-dimensional (3D) {e.g., LIDAR)

10 sensing to generate an accurate dense time-to-contact {TTC) map that is used to

avoid such obstacles.

{O0018] By estimating the TTC, the system can determine if there is an tmminent

pbstacle for autonomous navigation. Furthermore, by estimating the TTC

15 different regions of interest, the system is able to make a calculated choice for
path planning. Unique aspects of the system include (1} vision-based looming
foreground detection that combines neuromorphic (or optical How-based)
obstacle detection and foreground-background estimation for high-speed
reactive navigation, and (2} fuston of long-range sparse 3D with dense

20 monoctdar camera to give a robust (and absolute) dense TTC map for obstacle
detection. The neuromorphic and fusion solution of the system works in
complex, cluttered environments, inchuding small obstacles such as tree
branches found outdoors or toppled objects indoors. The system also provides

accurate detection in all ambient conditions mclnding stroctured/unstroctured

[
(1]

environments using wide-angle detection to keep objects of interest in view

while making aggressive manenvers at high speed.

[00019]  The system described herein greatly improves upon the state of the art for

several reasons. For example, the bio-inspired and newromorphic approach of

16
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TTC map estimation is efficient (by search space reduction), reliable (by
foreground segmentation), and fast and low-power consuming (by nesromorphic
inplementation). TTC computation can be greatly accelerated by preprocessing
the incoming video using a foreground/backuround separation algorithm. A
purpose of foreground detection 15 to locate potential obstacle regions and pass
them on to the TTC estimation stage, significantly reducing the amount of run-
time processing of TTC by two to ten times (assuming targets occupy 10%-50%
of the entire scene). It will also increase the robustness of TTC since TTC
values in a region-of-interest (ROI) can be integrated only on foregroand areas
thus reducing false alavms. This will also increase the robusiness to scene noise
via the elimination of background {e.g., sky, ground-plane}. Further, when 3D
range sensing is avatlable or s needed 1o complete a specific mission {e.g., when
lighting conditions change significantly, far-distanced obstacles need to be
detected earlier, or there 1s an extra room i the system paylead), the vision-
based algorithm of the system can be avgmented with 3D range mformation, by
combining gridded monocular TTC estimation with 3D-based TTC estimation
for increased accuracy, The gridded TTC estimation 1s also memory efficient by
representing object information in the form of a TTC map mstead of a

discretized world.

[00020]  As can be appreciated by those skilled in the ant, the system of this

disclosure can be applied to any svstem that requives a highly accarate TTC map
for the purposes of obstacle detection and avoidance. For example, the final
range~-fused TTC map is usefud for obstacle detection and avordance on
autonomous mobile platforms {e.g., unmanned aerial vehicles {LVAV's) and self-
driving cars). Such mobile platforms are a natural fit for this invention because
many such systems endeavar on autonomous navigation and exploration with no
collision. The ability to detect and avoid obstacles with high accuracy mcreases

the probability of mission success and is required for other subsequent processes

17
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such as global navigation and path planning modules.  Gther non-linuting
examples of useful applications include indoor mapping, hazardous/forbidden
area exploration, environment monitoring, virtual fours, blind people assistance,
ete. For further understanding specific details regarding the system are provided

below,

(¥

[00021) (4 Spectfic Details of Vartous Embodiments

000221 As noted above, the system of this disclosure provides for fusion of an

10 mproved 2D TTC calculation systern with interpolated LIDAR data {and #ts
corrasponding 3D TTC estimate or map). First and as shown i FIG. 3, the
system receives sensor data 300 (2.g., from & monocular video camera) which is
used for the pre-TTC computation stage of background-foreground
segimentation {i.e., neuromorphic foreground detection 3023, Then the

15 undertying approach for TTC caleulation 1s performed (i.e., neuromorphic
spiking TTC estimation 304} to generate a 2D TTC map 306, Fmally, the
LIDAR based TTC estimation is performed to generate the absolute 3D TTC
map and its fusion with the 21 system is performed to generate the resulting

range-fused TTC map {as shown i FIG. 7).

{00023}  In other words, based on prior work with spike-based processing for
“looming” obstacle detection {see Literature Reference No. 17} and foreground-
background estimation from a fast moving camera platform in high-clutter (see

Literatore Reference No. 16), the present invention augments and combines

[
(1]

them to snable accurate and high-update rate detection of obstacles and TTC

gstimates i the camera frame.

{00024}  For neuromorphic foreground detection 302, the system uses a vision-based

30 looming foreground detector with TTC estimation that 1s inspired by the locust

18
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foom-detection model and implemented using a spiking neural network (SNN}
approach (see Literature Reference No. 17). 1t has been previously

demonstrated that & TTC map based on spiking responses can be supplemented

1 local image vegions with rapid optical flow calculation (ses Literature

Reference No. 17). Camera rotation is compensated for via IMU mtegration and

a correcting homography transformation.

(000251 An example of the looming foreground detector that provides for
neuremorphic foreground detection 302 is depicted in FIG. 4A. The looming
foreground detector 1 this example requares § neurons per pixel and can be
efficiently mapped to a spike-based processor (e.g., 320 x 240 image, 30 Hz, 2.5
mW} Note that spike-domain processing is not a requirement of this system as

it can also be run in a non-spiking domain.

[00026]  More specifically, FIG. 4A shows an overall diagram of the spiking collision
detection model according to some embodiments of the present mvention. The
diagram ilustrates the combination of the first part of the spiking collision
detection model, which is shown in FIG. 4B, and the second part of the spiking
collision detection mode! {the DCMD cell model}, which s shown in FIG. 4C.
As depicted in FIG. 44, for the detection of left motion 1300, the excitatory
mput to the model left LGMD cell 900 is all the spikes for edges moving left
902 that are the output of the spiking Reichardt detector for detecting left motion
904 on the left visual field B00. The inhibitory {negative) mpot 1s all the spikes
for edges moving lefl 906 that are the output of the spiking Reichardt detector
for detecting left motion 908 on the right visual field 802, The lefi spikes
accumuplator 1206 accumulates spikes from the model left LGMD cell 900 for
detection of left motion 1300, The ghove ts also true for the detection of right
maotion 1302, ap motion 1304, and dows motion 1306, As deseribed in FIG,
4C, the model DCMD cell 1214 sums all spikes accumulators {elements 1206,

1208, 1210, and 1212) and decides whether to generate a collision flag 1216

19
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This process is described i forther detail in US, Serial No. 147795 884, ttled
System and Method for Real-Time Collision Detection, filed 7/9/2013, the

entirety of which is ncorporated herein by reference.

000271  TTC computation can be greatly accelerated by preprocessing the incoming

video using a foreground/background separation algorithm. The purpose of
foreground detection 302 is to locate potential obstacle regions and pass them on
to the TTC estimation stage {i.e., element 304}, significantly reducing the
amount of run-time processing of TTC by 2-10 times {assuming targets occupy
10-50% of the entire scene). The foreground separation will also increase the
robusiness of TTC since TTC values in RO can be mtegrated only on
foregronnd areas, thus reducing false alarms, Although other technigues may be
used for foreground detection 302, the nearomorphic and bio-inspired method
{see Literature Reference No. 16) based on spectral residual saliency (RS) is
desirable due to tts speed and efficiency. The RS method exploits the inverse
power law of natural images with the observation that the average of log-
spectruns 1s locally smooth. This enables detecting sahent objects based on the
log-spectrum of individual images rather than enzembie of images thus
streamiining the process to operate on a frame by frame basis. This segmented

image {from element 302} is then fed to the 2D TTC map building method.

[00028]  With respect to the present invention, the system builds 8 Time-To-Contact

{TTC) Map using a monocular camera by directly estimating the motion field
and operating on inage mtensities. The underlying assumption that allows for
simphification of the TTC calculation iz the constant buigltness assumption as

referenced m Literature Reference No. 13, and as copied below:
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The equation provided above is the constant brightness assumption equation. If
Efx, v, 1} is the brightness at image point (X, ¥) at time §, then it is asswaed that

this equation holds. That 18, it is asswned that as the image of some feature

5 moves, it does not change brightuess.

(000297 The sunplest case of obstacle detection is to constramn the robot to motion
along the optical axis towards a planar object whose normal is also
perpendicular to the camera's optical axis. In this scenario, the components of

10 motion (U, V) of a point along the axes perpendicular to the optical axis are 0.
Thus, using the perspective projection equations and taking the derivative, i 18
determined that:

----- — Ak, S eE )+ =D
15 which can be stimplified as follows:
G+ Ky @
where C=-W/Z = 1/ TTC (Z = pixel location i space along optical axis, W=
dertvative of said pixel location) and G = xEx + yEy. The above can now be

20 formulated as a least-squares problem where the sum is taken over all pixels ina

region of interest:
A RIRRC SRR ~ ‘3
; LG+ B
OSSR
Ty
25 (000301 After minimizing the problem and solving for C (the nverse of the TT(),

the following result s obtained:
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100031

by the temporal change of the pixel intensities. Since an object closer to the

i

camera will expand faster than one in the background, this directly translates to
a larger Bt and a smaller “radial gradient”™, sEx + yvEy, over the region of
mnterest. The mnverse s true for objects further away, particularly for well

textured objects where the gradient is strong.

10 {00032]  When the problem cannot be simplhified by the above mentioned motion
asswnption, a more general approach must be taken. In the cases of arbitrary
motion relative to a plane perpendicular to the ophical axis or translational
motion along the optical axis relative to an arbitrary plane, both have a closed
form solution requiving only the solution to three equations i three unknowns.,

15 in the slightly more complicated case where the motion and plane are a
combination of the two latter cases, then, an iterative method must be used.
Here, due o the non-linear nature of the equations, an mnitial guess for a subset
of the parameters must be proffered, after which aliernation is employed for a

few iterations 1o approximate the TTC.

20
1000331 Ifitis desired to localize objects more accuvately, the image canbe
partitioned into a larger grid. While this allows for a finer resolution of the
object to be detenmined, a more segmented object is determined as some areas
may not be sufficiently textured to exhibit the same TTC ax other regions. FIG.
25 S shows the 2D gridded approach without foreground-background segmentation.

Specifically, FIG. § depicts a fixed grid 502 of a segmented image. In other
words, the image 1s segmented mnto a fixed grid 502 having a plurality of sub-

regions. Although for clarity a single TTC graph 304 1s depicted, it should be
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understood that cach sab-region inclodes a TTC graph 504. Each TTC graph
504 shows the TTC value changes over time in the corresponding sub-region
506 in the fixed grid 302, The line (at the value 120) indicates a predetermined

threshold for collision detection. In this example, # TTC > 120, then there
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frame number, while the y-axis 13 frames-to-collision. In other words, the
mobile platform will hit an obstacle after v frames. The actual time depends on
the frame rate of sensing.  For example, in the 30 frames per second {fps) sensor
system, y=120, meaning that the mobile platform has 4 seconds until collision

10 with the obstacle.

[00034]  Ifa segmented image is fed to the 2D TTC system, a more gocurate estiniate

can be obtained. Given the estimate of the TTC (here determined as Frames-To-
Collision} one can use the frame rate {difference between input frame time

15 stamps) to compute an absolute time antil collision. Then, given a velocity
estimate, one can build a depth map, which can be used to generate move
cormmmands for the mobile platform to cause the mobile platform to avoid the
collision (e.g., move right in 10 feet, etc.). An experiment was conducted to
evaluate the monocular vision-based time to contact using a Kinect RGBD

20 sensor and a core 15 NUC mounted on a guadcopter. Using the depth data for
ground-truth only, TTC accuracy was estimated at g range of 10m to be
approximately 90% for up to 3 objects in the path of the quadcopter across a
range of indoor object types and lighting conditions. FIG. 6 shows an example

TTC map 600 obtained once the background has been eliminated from the

[
(1]

original mnage 602, as well as tume to collision for a cartain region of interest.

0003571 Unlike the TTC value grid in FIG. 5, FIG. 6 shows TTC 600 per each
segmented reglon (in this case, two trees and a stop sign) obtained fom the

foreground detector 302 (as shown in FiGs. 3 and 4}, The bottorm graph depicts
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s resulting frame-to-collision computation 604, which shows the time {o
collision {in seconds} decreasing as frames progress, meaning m this example
that the senser platform is approaching an object and has ¥ seconds to contact at

framex.

(¥

{00036}  The method m thus disclosure proceeds 10 make use of absolute range data to
build a more accurate TTC map. Since what is of mterest is detection of objects
over a large range, disparate sources of information must be fused together. A
camera tnage provides nformation useful n resolving object boundaries, while
10 a 3D LIDAR range finder provides depth information which becomes sparser

and more diffuse as distance ip target increases.

[00037]  FIG. 7 shows how the vision-based framework of the present invention can

be seamlessly angmented with range information {e.g., from a laser scanner) fo

15 compute a long-range TTC map, Specifically, FIG. 7 illustrates how the high-
frequency vision-based method of TTC estumation {(as shown in FiGs. 3 and 4)
can be combined with low to nud frequency range data provided by a range
sensor, Hke LIDAR or a laser scanner.  The inputs to the fusion system are a
monocular video stream 700 and range data 702 and the oniput is g range-fused

20 dense TTC map 704 that can be used as described above. The detailed fosion

procedure is provided in further detail below.

[00038]  To fuse the mformation {(i.e., monocular video stream 700 and range data
702), each LIDAR readmg is associated with a pixel in the tmage {obtaned from
25 the video stream 700} to generate a range data/camera fusion 706, To construct
the dense TTC map 704, for every pixel, its neighbors are searched for matching
color values and range readings with search radins guided by the distance to
target and LIDAR scanhine resolation. The final distance is determined as

averaging of a box filter with each element weighted by pixel similarity and
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anchored at the center of the filter. The method has the effect of super-resolving
sparse 3D points; thus ereating a denser range map (converted to an absolute

TTC map 708 by using the known velocity).

(43

(000391 The 2D portion of the process is depicted m FIG. 3 and described above,

ooy
f

which the monocular video stream 700 proceed through foreground separation
302 and neuromorphic spiking TTC estimation 304 to generate the resulting 2D

TTC map 306.

10 {00040]  The final step is averaging of the TTC maps 306 and 708 obtained by the 2D
and 3D systems to penerate the range-fused TTC map 704, which reduces false
detections and provides absolute TTC (depth) measurement by Kalman filtering
fusion. The fusion algorithm of the present system gives a precise obstacle
boundary and TTC via range-seeded propagation of dispanty and infegrating

15 with the salient features in the foreground objects. Oue key benefit of this
approach is that it gives an approximate two to five times higher density of point
clowd 1 the 3D space, which can then be used to do obstacle detection even in

the 3D point cloud space.

20 [000411  An experiment has been conducted that fuses data from a LadyBug camera
{produced by Pomt Grey Research, located at 12051 Riverside Way
Richmond, BC, Canada) and a Velodyne HDL-32E LIDAR (produced by
Velodyne, tocated at 3435 Digital Drive, Morgan Hill, CA 95037} to detect
obstacles and build a TTC map. Experimental results suggest that the fusion

28 scheme has detection accuracy of 80% {compared 10 47% with LIDAR only) for
human-size obstacles at a distance of 25 meters and that fused results have a
greater probability {greater than 50%) at longer ranges than raw or 2D TTC

mformation alone,
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{00042]  The average neighboring-point distance and density in a 3D point cloud
cluster can directly affect the probability of obstacle detection. For example, for
a human object detection using K-means clustering, the 20730 fusion method

can still detect 80% (compared to the raw case at <50%) when placed at 25

(¥

meter. Note that depending on the choice of threshold/scaler in the obstacle
detection/clustering algorithm, the probability could be higher {a more relaxed

algorithm} or lower (a more strict algorithm}.

[000431  Finally, while this invention has been described in terms of several

10 embodiments, one of ordinavy skill in the art will readily recognize that the
mvention may have other applications i other environmenis. It should be noted
that many embodiments and implementations are possible. Further, the
following clatms are in no way intended {o limit the scope of the present
invention to the spectfic embodiments described above. In addition, any

15 recitation of “means for” 15 intended o evoke a means-plus-function reading of
an element and a clatm, whereas, any elements that do not specifically use the
recitation “means for”, are not indended to be read as means-plus-function
elements, even if the claim otherwise includes the word “means”™. Further, while
particular method steps have been recited in a particular order, the method steps

20 may occur in any desired order and fall within the scope of the present

mvention,
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CLAIMS
b A system for estimating a time~to-contact an object using vision and
range sensor data for antonomons BAVIZALION, COMpPising:

one Of more processors and a8 memory, the memory having

(¥

executable tnstructions encoded thereon, such that upon execution of the
instructions, the one or more processors perform operations of
segmenting an unage from a monocular video mio
multiple object regions of interest, the image bemg of a scene
proximate a mobile platform;
10 calculating time-to-contact {TTC) values by estimating
motion field and operating on image intensities;
generating & two-dimensional (2D) TTC map by
estimating average TTC values over the multiple object regions
of mterest;
15 fusing range depth data from a range sensor with the
image to generate a three-dimensional (3D) TTC map; and
generating a range-fused TTC map by averaging the 2D

TTC map and the 3D TTC map.

20 2. The system as set forth m Claim 1, further comprising operations off
detecting an object in the range-fused TTC map; and
generating a command to cause a mobile platform 1o move to

avoid contact with the object.

[
L
b,

The system as set forth wn Clann 1, wherein in generating the 3D TTC

map, a range data reading is associated with each pixel in the image.

4. The system as set forth in Claim 1, wherein in generating the range-fused

TTC map, the range-fused TTC map is generated with range-seeded
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propagation of disparity and infegrated with salient features m
foreground objects to generate precise obstacle boundaries and TTC for

objects in the scene proximate the mohile platform,

The system as set forth o Clanm 1, wherein in segrenting an image from
the monocular video mnto nudtiple object regions of interest, a
foreground detector is used to segment objects within a foreground of the

mage.

The svstem as set forth in Clann 1, wherein g spiking neural network 3
used to calenlate TTC values by estimating motion field and operating

o ynage infensities.

The system as set forth in Claim 1, wherein in generating the 3D TTC
map, a range data reading s associated with each pixel m the tmage;

wherein in generating the range-fused TTC map, the range-fused
TTC map Is generated with range-seeded propagation of disparity and
ntegrated with salient features in foreground objects to generate precise
obstacle boundaries and TTC for objects in the scene proximate the
mobtle platform;

wherein in segmenting an unage from the monocular video wto
multiple object regtons of interest, a foreground detector is used 1o
segment objects withm a foreground of the image; and

wherein a spiking neural network is used to caleudate TTC values

by estimating motion field and operating on image imtensities,
A computer program product for estimating a time-to-contact an object

using vision and range sensor data for autonomous navigation, the

computer program product comprising:
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a non-transitory computer-readable medinm having executable
instructions encoded thereon, such that upon execution of the
mstructions by one or more processors, the one or MoOTe Processoss

perform operations oft

(¥

segmenting an image from a monocular video info

nutiple object regions of mterest, the image being of a scene

proximate a mobile platforo
caleulating time-to-contact (TTC) values by estimating
motion fleld and operating on bnags intensities;

10 generating a two-dimensional (2D) TTC map by
estimating average TTC values over the multiple object regions
of interest;

{fusing range depth data from a range sensor with the
imnage to generate a three-dimensional (3D) TTC map; and

15 generating a range-fused TTC map by averaging the 2D

TTC map and the 30 TTC map.

9. The computer program product as set forth m Claim 8, further
comprising nstructions for causing the one or more processors to
20 perform operations oft
detecting an object in the range-fused TTC map; and
generating a command to cause a mobile platform 1o move to

avoid contact with the object.

[
(1]

10. The computer program product as set forth in Claim 8, wherein in
generating the 3D TTC map, a range data reading is associgted with each

pixel in the image.
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generating the range-fused TTC map, the range-fused TTC map is
generated with range-seeded propagation of disparity snd integrated with
salient features i foreground objects to generate precise obstacle
bhoundaries and TTC for objects in the scene proxamate the mobile

platform.

. The computer program product as set forth in Claim &, wherem in

segmenting an image from the monocular video into nwltiple object
regions of interest, a foreground detector 15 used to segment objects

within a foreground of the image.

. The computer program product as set forth i Claim 8, wherem a spiking

nearal network is nsed to caleulate TTC valoes by estimating motion

field and operating on image intensities.

. The computer program product as set forth in Claim 8, wherein in

generating the 3D TTC map, a range data reading is assoctated with each
pixel in the image;

wherein in generating the range-fosed TTC map, the rasge-fused
TTC map is geverated with range-seeded propagation of disparity and
integrated with salient features in foreground objects to generaie precise
obstacle boundaries and TTC for objects in the scene proximate the
maobile platform;

wherein in segmenting an inage from the monocular video o
multiple object regions of interest, a foreground detector is used to
segment objects within a foreground of the image; and

wherein a spiking neural network is used to calculate TTC values

by estimating motion fickd and operating on image intensities,
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150 A compuier implemented method for estimating a time-to-contact an
object using vision and range sensor data for autonomous navigation, the
method comprising an act of!

CAUSIRG One OF more processers {0 execule mstructions encoded

(¥

on a non-transitory computer-readable medium, such that upon
execution, the one or more processors perform operations of!
segmenting an unage from a monocular video mio
multiple object regions of interest, the image bemng of a scene
proximate a mobile platform;
10 calculating time-to-contact {TTC) values by estimating
motion field and operating on image intensities;
generating & two-dimensional (2D) TTC map by
estimating average TTC values over the multiple object regions
of mterest;
15 fusing range depth data from a range sensor with the
image to generate a three-dimensional (3D) TTC map; and
generating a range-fused TTC map by averaging the 2D

TTC map and the 3D TTC map.

20 16. The method as set forth in Claim 18, further comprising operations of!
detecting an object in the range-fused TTC map; and
generating a command to cause a mobile platform 1o move to

avoid contact with the object.

[
(1]

A

17. The method as set forth in Claim 15, wherein in generating the 3D 1T

map, a range data reading is associated with each pixel in the image.

18. The method as set forth i Claim 15, wherein in generating the range-

fused TTC map, the range-fused TTC map 15 generated with range-

s
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seeded propagation of disparity and integrated with salient featwes in
foreground objects to generate precise obstacle boundaries and TTC for

objects in the scene proximate the mohile platform,

. The method as set forth tn Clainy 15, wherein in segmenting an image

from the monocular video info multiple object regions of interest, a
foreground detector is used to segment objects within a foreground of the

mage.

0. The method as set forth in Claim 13, wheretn a spiking neoral petwork s

used to calenlate TTC values by estimating motion field and operating

o ynage infensities.

. The method as set forth in Claim 15, wherein in generating the 3D TTC

map, a range data reading is associated with each pixel m the tmage;

wherein in generating the range-fused TTC map, the range-fused
TTC map Is generated with range-seeded propagation of disparity and
ntegrated with salient features in foreground objects to generate precise
obstacle boundaries and TTC for objects in the scene proximate the
mobtle platform;

wherein in segmenting an unage from the monocular video wto
multiple object regtons of interest, a foreground detector is used 1o
segment objects withm a foreground of the image; and

wherein a spiking neural network is used to caleuate TTC values

by estimating motion fickl and operating on image imensites,
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