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ABSTRACT
This dissertation introduces a novel, real-timdpcbased, Maximally Stable Extremal
Region (MSER) detection and tracking algorithm. Gigorithm combines MSER-
evolution with image-segmentation to produce maXyvstable segmentation. This is
achieved using a dual-pass segmentation algorithat first clusters pixels into a
hierarchy of detected regions using an efficiené4dconstrained evolution process, and
then fills gaps between regions to produce denssg@rsegmentation. The resulting
region-set offers several unique advantages inotutist operation, dense coverage, and
temporal stability. It also facilitates efficiendmputation of additional features including
line segments, corners, contours, color histograamg] others. Region tracking is
accomplished by matching sub-regions identifieduadoeach region’s perimeter to those
in subsequent frames. Foreground segmentationhigvaed by identifying regions that
display consistent motion that differs from the kground. A static background can
improve results but is not required. If models adhe exist to describe an object, those
models can be used to identify foreground regioinsctly. Regions are modeled and
classified using simple color histograms compilednt the contained pixel-clusters.
Simple predefined interactions are identified bempeople and objects using proximity
measurements and relative motion vectors. If theraction information suggests that a
theft or other threat might be occurring, the syste capable of dispatching one or more
automated robots to investigate or pursue an iddali The system was demonstrated on

physical robots that were used in both surveillzame assistance-type scenarios.



ACKNOWLEDGMENTS

This work was supported by the National SciencenBation Award 11S-0546876 and by

the Office of Naval Research Award NO0014-06-1-0611



TABLE OF CONTENTS

Chapter | oo [¥ o 1o o ISR 1
Chapter I Previous WOTK ... eee e e e e e e e e e e e e eeeeneenees 18
ILi Foreground Segmentation .........cccoooi i ceeeeeees e 18
Il.i.1 Background Model-Based Segmentation .......coeeeevveviiiiiiininieeeeeeennn. 19
.2 Flow-Field-Based Segmentation..............cceeeeeuvuieieiiiiiieeeeeeeeeeeeeeeeeenninnns 21
LIl Feature DELECHION ..........coiiiiiiiee et emmmreer et ee e 22
[Lii.1 Color & INtensity MOEIS ........uuiiiiiiee e e e e e 23
I1.ii.2 LiNE DEIECHION ...ttt 25
11.ii.3 Affine-Invariant Interest Point DeteCtors. ...cccccvvvvvveeiiiiiiiieeceeeiee 27
il Region ClasSifICAtION ............uuuuue s ess s e e e e e e e e e eeeeeeeeeessenennnnn e 33
ILiii.1  Color-Based MOAEIS ..........ooiiiiiiiiiiiieee e 43
ILiii.2  Line-Based MOdEIS ... 35
ILiii.3  Affine Invariant Feature DeSCrPtOrS ........commeveeeviriiiiiiiiiiiaeeeeeeeeeeeeene 37
LAV L= [ o o I I = Y] 1 o S 42
ILiv.1  Region-Based Tracking ...........ccccooiiiiiieeeeeericcci e 42
[Liv.2  Contour-Based TraCKiNg ..........ceeiiiiiisieceeeeiiiess e e e e e e e e e eeeeeeeeeeeeeennnnes 45
ILiv.3  SIFT & SURF Feature-Based Tracking.........cccceceeeeieeeeeeeeeeeereeenininnnns a7
[Liv.4  MSER-Based Tracking ..........ccooiviiiiiiiiiiieeeeeeiccieee e e eeeeeeeeeaannens 49
LRV = 1= Po\Y o T gl LT Yox o] 1o ] o 51
| FRV28 AV ox 1 o I = =T o0 [ 111 o] o U 51

ll.v.2 Behavior RECOGNILION .......ccooiiiiiiiieeee e 55



[Lvi  Automated RESPONSE .....uuuuiiiiiiiie e eeeeeeeee e s 58
[Lvi.l  RODOt NAVIQAtION ....cceeiiiiiiiiiiiieee e e 38
[Lvi.2  Mapping and LOCAlIZAtioN ..................ummmmmeeeereneiianaee e e e e e e eeeeeeeeeenenens 59
[.vi.3  Real-World Surveillance SYStEMS ............cummmmmeeeeeeiiiiiiiiiiiiiiiiiene 60

Chapter [l Proposed ArChItECIUIE .........ceuuiuiiiiiiiiiimmm e 63

lI.i  Region & Feature DeteCtioN ...........cooviiimmmmemre e 64
l.i.1 Edge & LiNe DEeLECHON ......uuuiiiiieie ettt 69
l.1.2 (4=To (o] oI B T= =Tox 1 o] o [P PP 75
1.1.3 Feature RepreSentation................... s e e e e e e e e e e eeeeeeeeiaeiia s 108

S = (=T [ o] o I I = Tod (1 o RSP 127
HLILL  Cluster MatChING .......ue it 130
HLI.2  ClUSTEr TraCKING. . .ueeeeeeiiei e e e ettt e e e e e eees 139
T T = (=T o] o B = Tod (] o TSP PPPP 144

[1.ii Foreground Segmentation ... 614
HLiii.1  Background SUBDIrACHON. ......... e 147
llLiii.2  Feature-Based Background Subtraction ...........ccccccivviiiiiiiiiiiinnnnn. 152
HLiI1.3  Motion SegmMEeNtation...........coouviiiiiiiiiiieeee e 157

lIL.iv Foreground ClassSifiCation ...........ooouiiiiiiieiiii e 160

lll.iv.1  User-Assisted Mixture-of-Gaussian Models.... .. eeeeeeeiieeeeeiennnnnn.. 162
LV Behavior DESCHPLION ......coooei ittt e e e e e e e e e e e eeeeeeeeebnnnes 167
lll.Lv.1  Hard-Coded Behavior DeSCIPLOr ........uuuiie et 171

ll.v.2  HMM-Based Behavior DeSCrpPIOrs ..........uuuueeeeeneiiieeiieiiiiiiiiiieee e 173



HL.vi  Automated RESPONSE ......uuiiiiiiii e eeeeeeeee e 173
lll.Lvi.l  Obstacle Avoidance Behavior FUSION.........ccriiiiiiiiiiinieee e, 175
L.vi.2  Mapping & NavIgation ............ooiiiiiiiiiiiceeeeieee e 176
lll.vi.3  Target Seeking & FOIOWING.........ccoviiiiiimmmiiieeeee e 180
lll.vi.4  Behavior Acquisition Using Genetically-Evolved NN....................... 191

Chapter IV Experimental Validation & ReSUItS .............cceeiiiiiiiiiiiiiiiiiiiiiiiinn 219
IV.L1  ACION RECOGNITION ...t 1@
IV.i.2 (0] oJo] 1 0] (=] = Tox 1[0 ] o PR 227
IV..3  RODOt PUISUIL ... eemmmm s 231
IV.i.4  Automated Multi-Robot DispatCh............coooe e, 235

Chapter V

CONCIUSION e e e 238



Table 1:

Table 2:

Table 3:

Table 4:

Table 5:

Table 6:

Table 7:

Vi

LIST OF TABLES

Example labeling of interaction SEqUENCES............ccvvvviviiiiiiiieeeeeeeeeennn, 169
Examples of context-based CONCIUSIONS.............ccevvvviviiiiiiiiiiieeeeeeeeeee, 170
Programmed reactions to recognized abjadhe Homeworkscenario..... 223
Programmed reactions to recognized abjadhe Eating scenario............ 224
Programmed reactions to recognized abjadhe Fire’ scenario. .............. 226
Programmed responses to recognized shjettie Homework scenario.... 228

Programmed responses to Recognized shjetite Eating scenario. ........ 230



vii

LIST OF FIGURES

Figure I-1: Flowcharts of traditional and proposedveillance architectures................ 10
Figure I-2: Region detection using the proposeomhm. ...............oovviviiiiiiennnenn. 11
Figure I-3: Region tracking using the proposeaatgm.............ccccevvvvvviiviciiiennnenn. 12
Figure I-4: Foreground segmentation using the @sed algorithm.......................ooee 13
Figure I-5: Region classification using the pragbalgorithm. ............c.ooovvvvvvnnnnnnnnn. 14.
Figure I-6: Action classification using the propdsalgorithm................cccccvvvnnnnnnnn. 15.
Figure I-7: Robot response using the proposedri@thg. ............ccccceeeeeeeeeieivieeviiiiinn, 16
Figure II-1: Challenging backgrounds used to testground segmentation................. 19
Figure II-2: Segmentation of challenging backgm&in.............cccceeeeeeeiiiiiiiiiieiiiii 20
Figure II-3: Real-time stereo-based tracking psmgubby Beymer. .........ccccceeeeivieeeeennnn. 21
Figure II-4: Support regions from particle fil@pproach proposed by Sangi................ 22
Figure II-5: The Retinex color consistency algamtproposed by Morel. .................... 23
Figure II-6: AdaBoost object detection algorithnoposed by Viola. ........................... 25
Figure II-7: Line-Fitting algorithm proposed bY@ ...........cceeiiiieiieeeeeeieeeeeeeees s 26
Figure 1I-8: Hough line detection algorithm propdsy Duda..............cceeevvvvvvviiiennnnnnns 27
Figure 11-9: Affine-Invariant Interest Point Detecs compared by Mikolajczyk. ......... 28
Figure 1I-10: Edge-based feature detection progpdseTuytelaars. ............cccccvvveeeennnnn. 30
Figure II-11: Region-based feature detection psepddy Tuytelaars.............ccccevvvneees 31
Figure II-12: Color MSER algorithm proposed by $SBN. ...........cccccviiiiiiiiieeeeeeeeeee, 3.3
Figure 1I-13: Affine-invariant spatial color momsrproposed by Mindru. ................... 35

Figure II-14: Line-based classification proposgdRothwell.................ovvvviiiiiennnnn. 36



Figure II-15:
Figure II-16:
Figure II-17:
Figure 11-18:
Figure 11-19:
Figure 11-20:
Figure 11-21:
Figure 11-22:
Figure 11-23:
Figure I1-24:
Figure II-25:
Figure II-26:
Figure 11-27:
Figure 11-28:
Figure 11-29:
Figure 11-30:
Figure IlI-1:
Figure I1I-2:
Figure IlI-3:
Figure IlI-4:
Figure IlI-5:

Figure II-6:

viii

Line-based detection of 3-D objgateposed by Rothwell. ..................... 37
Scale Invariant Feature Transforn{3 proposed by Lowe. ................. 39
Haar wavelet filters used in SURBalthm proposed by Bay. ............... 40
Local Affine Frame (LAF) featuresgposed by Obdrzalek. .................... 41
PFinder segmentation for articulateadels proposed by Wren. ............. 43
An efficient template-matching algbm proposed by Schweitzer.......... 44
A kernel-based tracking algorithnoposed by Comaniciu....................... 45
Contour-based tracking proposed BgK...........oooeiiiiii, 46
Contour tracking algorithm proposadYilmaz............ccccvviiiiiiiiinnnn. 74
MSER tracking algorithm proposedMynoser. ...........ccceeeeiiineeieeeeeeeennn. 49
MSER tracking algorithm proposedR®gmenschneider. ........................ 51
Action recognition algorithm propaisky Junejo. .............cccovvvviiiiinnnes 3.5
Action recognition algorithm propaisky Duchenne. ..............ccccevvnnnneee 54
Temporal feature-based recognitilgoathm proposed by Niebles. ....... 55
Anomalous trajectory detection algan proposed by Sillito.................. 56
Action classification algorithm proged by Xiang. ...........cccvvvvviiiinnnns 7.5
Unmodified input images from odldémeworkscenario. ........................ 68
Edge localization from edge-detent@nd the MSER algorithm. ............. 70
Edge localization from edge-detentend the proposed algorithm........... 72
MSER stabilization using edge det@t ................coovviiiiiiiiiiiiiiieneeenn. 73
Results from our application of t8@anny algorithm. ..............cccccceeeenn. 4.7
Results from our application of thee-fitting algorithm ......................... 57



Figure IlI-7: Detected image gradients shown wibhresponding lines. ...........ccccooe..... 82
Figure I1I-8: Initialization mask for constrainireybsequent region growth. ................. 83
Figure I11-9: Initial pass of the local pixel ch@sing process. ..........coovvvivvivvinnniaaas 85
Figure I11-10: Second pass of the local pixel GIfIg ProCess. .........oooevvvevieeviirnnnnns 87.
Figure IlI-11: Connection formation between lochisters. ...........ccccoviiiiiiiiiiinnne 89
Figure I1I-12: MSER evolution history of one pixel.........cccccuviiiiiiiiiiniee. 91
Figure I1I-13: Example of region growth taken latetshold one and four. .................... 93
Figure IlI-14: Example of region growth taken aher thresholds. ..............cccceeeeee 94
Figure I1I-15: Hierarchical organization of dete@tregions. ..........cccccceeeiiiiiieeeneennen. Q5
Figure I1I-16: Example of how region expansion aaprove edge localization........... 96
Figure II-17: Example of region eXPanSioN. ....uc...uuuee i eeeeeeeeeeeeeeeeevvvenanneeees 98
Figure 111-18: Example of region CUlliNg. ... voveeieiiiiiiiiiiiiiiee e 101
Figure 111-19: Example of secondary ClUStering.............ooevviiiiiiiiiiiiiiiee e, 108
Figure I11-20: Hierarchical organization of ellipal features. ...........ccccovvvvviiiiinees 110
Figure I1I-21: Example of pixel clusters beingiefntly represented as circles. ........ 112
Figure I1I-22: Examples of regions detected frdva Homeworkscenario. .............. 113
Figure [11-23: Examples of extracted perimeterS........ccoovvvviiiviiiiiiiiieeeee e 116
Figure I1I-24: Examples of line and corner det@oti.............ccoevvvviviiiiiiinniieeeceeee. 119
Figure I11-25: Example of color-perimeter repreSion.............cccceeeveeeeeeeeeeeeeeeeee, 122
Figure I1I-26: Summary of algorithms used to proelperimeter cluster-pairs. .......... 127
Figure I1I-27: Example of the set of cluster-palat make up a region. ..................... 129
Figure 111-28: Example of the search window hi€fayf. ..., 132



Figure 111-29: Example of the multi-level searckig applied an image. ................... 133
Figure 111-30: Examples of detected flow fields..............cccoiiiiiiiiiiis 138
Figure I1I-31: Examples of matches identified beém cluster pairs. .........ccccccvveeennnn. 140
Figure 111-32: Examples of estimated region motian...............ccccceeeieenieeeeeeeeeneennn. 146
Figure 111-33: Distance-dependent activation fumitt...................cooeeeiiiiiiiininnnnee. 176
Figure I11-34: Original mapping result using a tae filter with 200 particles........... 178
Figure 111-35: Modified mapping results using atpae filter with 20 particles. ........ 180
Figure 111-36: Example showing multiple robots kieg multiple waypoints.............. 181
Figure [11-37: Examples of a robot pursuing a Pars...........ccoooevvveeeeviivvvninninnn e 182
Figure 111-38: Example graph representation oftlhéway environment.................... 185
Figure 111-39: Results of our skeletalization alijom...................ccooeiiiiiiiiiiiiiianae. 186
Figure 111-40: A representation of our map-to-dgnapanslation array............cccceeeeenn... 189
Figure I11-41: Simulated robot eNVIrONMENT. e ..eeeeeiiieieeeee s 194
Figure I1I-42: Representation of hidden cell briegdoopulations. ..............ccecevennnees 201
Figure 111-43: Obstacle Avoidance learning rates..............eeeeeeeeeiiiieeeeeennnnnesiinee 207
Figure IlI-44: Individual Waypoint Seeking learginates. ..............ccvvvvvvvvvvnnnnnnnnn. 209
Figure I11-45: Team Waypoint Competition learniriaes. .............oooevvvvvvveenniiinnnnnnn. 112
Figure I11-46: Predator-Prey learning rateS. cu . ...uuuuurueeeiiiinieeeeeeeeeeeeeeeeeeeeeeeeeee 213
Figure [11-47: Mutualism learning rates. .....cccccooooiiiioe e 215
Figure 111-48: Parasite-HOSt |arning rateS.. co . .ceeeeeeerrreiiiiinieeeeeeeeeeeeeeeeeeeeeeeeeee 217
Figure IV-1: Setup used in our tabletop demOoNSINGL ..............ueveiiiiiierereeeeiieieeen. 220

Figure IV-2: Screenshot taken during a tablet@mado trial. .............ccovvvviinnnnn. 221



Figure IV-3:
Figure IV-4:
Figure IV-5:
Figure IV-6:
Figure IV-7:
Figure IV-8:

Figure IV-9:

Figure IV-10:
Figure IV-11:
Figure IV-12:
Figure IV-13:

Figure IV-14:

Xi

Screenshots taken from odomeworkscenario. .........ccccccceeeeeiiiiiinnns 223
Screenshots taken from oHBAtING SCENArio. ..........ccceeevieiiieeeiiiiiiiei 225
Screenshots taken from OBITE’ SCENAIO. ........cc.uvvvvrviiiiiieeeeeeee s, 226
An image of the Nao Robot crouchingadtable............cccccoevvieiiiiiinnnne. 227
Screenshots taken from our NHomeworkscenario. .............cccceeveeeee. 229
Screenshots taken from oHBAtING SCeNArio. .........cccceevveeeeeeeeiiiiiiee 230
The robot used for activity detectiand chase. ...............cccoevveennne. 231
Screenshots taken from olinéft Scenario. .........cccccveveeieiiiiiiiiiiiinn 232
Screenshots taken from olineft chase sequence. ............cccceeveeneee 3.23
Screenshots taken from adbandoned Bdgscenario. ...............ccc..... 234
Screenshots taken from adbandoned Bdg-hase sequence.............. 235
Screenshots from the multi-robotesqment. ...............cccvvvviiceee.. 723



Chapter | Introduction

The ever-declining price of cameras and data-seotzas allowed surveillance
systems to become increasingly common in both f@iead public areas. Despite this
increase in coverage, the extent that a systenbeamsed for real-time response is still
limited by the number of human-viewers availablemonitor the feeds, and in most
cases, it is not feasible to have any viewers at @bnsequently, most modern
surveillance systems are intended for only passigaitoring, meaning that the extent of
their utility is in their ability to provide evidee that might aid detectives in solving a
crime. This may help in the eventual apprehensiwh @nviction of a perpetrator, but
the extent that crimes are actually preventednstdid to the extent that a criminal is
aware of, and dissuaded by, the presence of a eaermake matters worse, recorded
video from passive surveillance systems are gdgevaly viewed when there is non-
video evidence of a crime taking place (e.g. alarpsoperty damage, missing
merchandise, eye-witness reports, etc.). In theratgsof secondary evidence, it is likely
that even recorded crimes go undetected and uripedis

Given the limitations of traditional systems, calesable effort has been invested
into creating intelligent surveillance systems tlgan autonomously detect criminal
activity as it occurs (and ideally, even beforedturs). In its simplest form, an intelligent
system might combine motion detection algorithmshwraditional human-monitored
video feeds. The motion detectors could alert hism@anwatch any video containing

dynamic objects, thus reducing the amount of foetag individual must view. A slightly



more complex system might use feedback from thaseans to improve the system’s
ability to discriminate between normal and abnormdéo sequences, further increasing
the system’s ability to operate autonomously. Ia mhost sophisticated form, an
automated system should be able to operate withoythuman intervention at all. It

would be able to identify and track all objects hint each camera’s field of view, it

would locate and identify any people present, iuldoaccurately label their behaviors
and interactions, and it might even use currentabieins to predict a person’s future
actions. If such a system observed (or predictespisious or unusual behavior, it should
be able to take appropriate actions. Actions migtitide the sounding of alarms, locking
down areas, calling in appropriate authorities,egen dispatching specialized robot
responders.

Since the identification and prediction of behasioould be generalized for use
in other applications, the development of an autechaecurity system would potentially
extend far beyond surveillance, potentially beipgled to any type of monotonous or
dangerous monitoring environment. Vehicle monitgricould be used for real-time
optimization of traffic flow and could automaticalprovide on-board navigation systems
with current information about traffic conditionScientific studies requiring extended
observation could be conducted without the physmasence of a researcher. The
software could even be used to endow robots wighathility to autonomously interact
with human users, ultimately allowing robots td fiiches in domestic, work, military, or

extra-planetary environments. Furthermore, whersicening the rapidly expanding use



of video applications on personal devices, the m@k number of uses for such an

algorithm will almost certainly extend beyond wisaéven imaginable.

Traditionally, surveillance system architecturegenased approximately the same

framework as is outlined below. The primary assuompmade by the typical system is

that video will be taken from a stationary cam@iais ensures that pixels corresponding

to specific parts of the scene during the inittahies of a video sequence will correspond

to those same areas in subsequent frames. Chamgas environment can then be

detected through the comparison of pixels betwe&snand old frames.

Foreground Segmentation: Traditionally the identification of regions
corresponding to moving foreground objects is addde using a two-phase
background modeling approach. In the initializatipmase, a model is created
using video taken of an empty scene (Toyama, KruBramitt, & Meyers,
1999), though some systems allow on-the-fly inetion (Stauffer & Grimson,
1999). Intensities (or colors) observed at eacleldocation are compiled into a
Gaussian distribution (Wren, Azarbayejani, Darr&llPentland, 1997), a mixture
of Gaussians (Stauffer & Grimson, 1999), or intondiparametric models
(Elgammal, Harwood, & Davis, 2000). Pixel models generally updated using
subsequent frames. At runtime, pixels from eaclewiftame are compared to the
corresponding pixel model. If an object has moved the camera's field of view,
pixels corresponding to the object are likely tiedtifrom the initial distributions
and segmentation is achieved by clustering thesieopixels into foreground

regions.



Feature Detection:Segmented regions (pixel clusters) contain a lfangeunt of
redundant information. To promote generalizatiod &m increase the speed of
region comparison, a reduced set of features isrgéip extracted. Features may
include the region’s average color (Zhu & Yuill®9b) or a histogram of colors
(Comaniciu, Ramesh, & Andmeer, 2003), the regioslsape (Fieguth &
Terzopoulos, 1997), inflection points along thetoon (Langridge, 1982), lines
(Beymer, 1991), corners (Harris & Stephens, 198BIpbs-like features

(Lindeberg, 1988), texture-related features (Lo2@)4), and others.

Region Classification (or the generation of new ragn-models): Classification
is achieved by comparing region features to thos$eexisting models.
Classification may be applied to individual objeBewe & Kak, 1995), or to an
entire scene (Nowak, Jurie, & Triggs, 2006). It niygeneral (e.g. region is a
human (Viola, Jones, & Snow, 2003)), or specifig(eegion is Bob displaying a

forward-facing pose (Steffens, Elagin, & Neven, 898

. Region Tracking: Regions identified in each frame are matched tesehof

subsequent frames. Ideally, a region should b&eédover a sufficient duration

to establish a motion trajectory. In cases wheteeked region has temporarily
exited the frame or is otherwise lost, models carused to recover and resume
tracking upon the region’s return. Models may atso necessary to resolve

between objects and their shadows or between sbjbat are occluded (Tao,



Sawhney, & Kumar, 2002). In the absence of backgtomodeling, models can

be used to track foreground regions directly (Fiegu Terzopoulos, 1997).

v. Behavior Description: Trajectory, classification, pose, and other infaiioraare
used to estimate possible interactions betweeniptautbbjects (e.g. person ‘P’ is
moving away from object ‘O’) or to estimate obsehehavior (e.g. person ‘P’
has dropped and abandoned object ‘O’) (Oliver, Rosa& Pentland, 2000)

(lvanov & Boblic, 2000).

vi. Automated Response:A system may simply alert humans to view the video
footage for confirmation that suspicious behavias itaken place (Sillito &
Fisher, 2008). However, a fully automated systenuldidoe expected to initiate
its own investigative actions (e.g. better resolutimages could be taken of the
departing person ‘P’ and robots could be dispatdbddspect abandoned object

‘0Y).

As mentioned above, the vast majority of surved&rsystems are designed
around the assumption that system cameras will irenadatively static throughout the
period of observation. This assumption greatly sifineg the task of identifying moving
objects and reduces demands on computer resoueocdlet extent that real-time
processing becomes feasible. Additionally, thistetyy requires no prior information
about the foreground, and under the right condsti@an be used to precisely identify the

boundaries around each object.



Although the fixed camera constraint can be thoughtas a reasonable
assumption (since fixed cameras are common to easting surveillance systems), it
reduces a system’s overall generalizability andaydimits the ability for systems to
adapt to a world with an ever-increasing numbemobile cameras. Even when a static
camera is available, background models are higigisve to any movement or changes
in the environment. For example, small variationsililumination can cause an entire
image to be detected as foreground, resultingeridls of tracked object. Consequently,
a considerable amount of research has been datlicatedeveloping background
modeling algorithms that can adapt to backgrounahgks. Although these strategies
may be effective in extending the duration of fgikeforeground tracking, they inevitably
create a problem where pixels from foreground dbjecan assimilate into the
background should the object ever stop moving. &lgh this behavior can be
advantageous in some instances (where it fac#itdite segmentation of objects that pass
in front of other objects that have temporarilypgted), resolving this issue requires the
addition of higher-level tracking algorithms. Thésespecially problematic when a non-
moving object resumes motion since the area ocdlunethe assimilated object can
suddenly appear as new foreground, resulting intraeking of an object that doesn’t
exist.

An additional disadvantage to the background madelapproach is that it
clusters all connected non-background pixels intsirgle region, preventing it from
distinguishing between separate moving objectstthath or occlude one another. Even

shadows and reflections are often indistinguish&iolen foreground. Again, researchers



have proposed various techniques to handle thdsatisns but they often require
foreground model information (Tao, Sawhney, & Kuma002), which may not be
available.

Although background modeling is the simplest andtwaddely used strategy for
detecting foreground objects, the limitations ingubdoy this strategy have inspired
researchers to experiment with other techniquesmastioned in the outline above,
when foreground feature-models are available, ey be used to identify and track
foreground regions directly. Color is one of therencommon features to use during
foreground tracking since it is simple to extrant as relatively unaffected by motion,
transformation, image blur, and partial occlusi@orhaniciu, Ramesh, & Andmeer,
2003). Recently, texture-based algorithms capabldemtifying affine-invariant interest
points have gained considerable popularity. Theskide the Edge-Based detectors (e.g.
Canny (Canny, 1986)), Corner-Based detectors tagris-Affine (Harris & Stephens,
1988)), Region-Based detectors (e.g. MSER (Mathang; Urban, & Pajdla, 2002)), and
others. These algorithms are designed to idengi#yulres in a reproducible way, even if
the object displaying the features has changestdke, position, or orientation.

When foreground models are not available, detedongground regions without
the aid of background segmentation becomes comdéyemore complicated. If the
system can be primed with initial foreground estiores, various tracking algorithms can
be used to maintain those positions through sulesgqgframes. This allows hybrid

foreground tracking during periods of camera matifnnitialization is not possible,



foreground can be detected by identifying regiohat tmove independently of the

background (Sangi, Heikkila, & Silven, 2001). Thesjuires the tracking of a sufficient

number of image features in both foreground anddpacind to accurately estimate local
optical flow. Features that display spatially caetent motion are then clustered into
independent regions. These strategies are not fideaegmentation however, since they
generally require both the foreground objects dmdhbiackground to move in a rigid and
linear way. Tracking an articulated human is paftéidy challenging, not only because of
the high non-linearity of its movement, but becao$dehe challenges associated with
identifying features that persist through the rangenotion of the self-occluding, non-

rigid structure. To make matters worse, textureeafeatures are often detected with
highest density along the boundary between thegfotsnd and background, an area
where feature tracking is particularly unstable aratcurate.

To compensate for the limitations of motion-basednsentation, it is generally
necessary to apply additional clustering techniquiesge segmentation uses color or
texture information to identify pixel clusters, arm especially useful in its ability to
maintain divisions that correspond to occlusion ristaries, as well as the boundaries
separating surfaces and materials. Unfortunatelgnymof the existing segmentation
algorithms are far too computationally intensive dise in real time (especially when run
in parallel with optical flow estimation) and gealty these algorithms provide only a
single interpretation of how an image should bersaged, offering no alternatives in

cases where there may be ambiguities in segmemtatio



Given the limitations of existing foreground segnagdion and tracking
algorithms, a successful implementation of a gdizexh surveillance system will likely
require either a completely unique strategy forcpssing low-level information, or an
algorithm that can efficiently combine multiple eques into a single architecture.

This dissertation presents an automated survedlasystem that has been
designed from the bottom up using a novel set aigienprocessing algorithms. The

system has the following contributions:

e We omit the requirement for using standard backgiomodeling algorithms,

allowing our system to free from the strict depera#eon fixed cameras.

e Our algorithm tracks highly deformable regions thatk the distinct textural

patterns required by other feature detection digms.

e Our algorithm detects multiple features, and daesnsa way that allows the
stability characteristics of each detected featareutually reinforce the others.
The specific features detected by our algorithnuihe: Color-based Maximally

Stable Extremal Regions (MSER), Canny lines, ca;remd region contours.

e Our system implements every portion of the suraedke architecture, while

operating in real-time using a standard laptop.

One of the most noteworthy features of our architecis that we have omitted
traditional background modeling algorithms and hakerefore eliminated the strict

requirement for using static-cameras. A consequehtas is that it slightly changes the
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order of typical operations. In the traditional katecture, background segmentation
algorithms are used to identify foreground regiomiich are described using a reduced
set of features. In our architecture, low-leveltfieas are detected throughout the image
first, which are independently tracked and clustete allow the identification of

foreground objects. The differences from the stesh@g@proach are summarized below,

followed by a more detailed discussion of eachiporof the proposed architecture.

Traditional Architecture Outline: Proposed Architecture Outline:

(_i. Foreground Segmentation ) (i. Region & Feature Detection )

¢
¢

(ii. Feature Detection D) (ii. Region Tracking D)
- -

(iii. Region Classification ) (iii. Foreground Segmentation )
= = = =

("iv. Region Tracking D ("iv. Foreground Classification )
- = __=

(_ v. Behavior Description D) ( v. Behavior Description D)
- = - =

)

( vi. Automated Response ( vi. Automated Response )

Figure I-1 Flowcharts of traditional and proposedsurveillance architectures.

The specifics of each component of the proposetitacture are summarized
below. Each component is illustrated using repredme screen shots that were
extracted while a human subject interacted witlectsj related to one of our “homework”

scenarios:
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Region & Feature Detection: At the lowest feature level, our framework
combines the detection of Canny edges (Canny, MB6)hat of the color-based
Maximally Stable Extremal Regions (MSER) (Forsseih&ve, 2007), and does
SO in a way that provides detection results thgiass results obtained by running
these algorithms independently. Since the detexgobns are defined by both
their region-related properties, and by the edge®snding their perimeter, only
minimal processing is needed to identify additiofi@htures including line
segments, corners, contours, color histograms,ofmels. Another advantage of
our approach is that the resulting set of detectgibns provides dense image
coverage, allowing it to be used for traditionalage segmentation. If a sparse
representation is desirable, a stability threslovald be applied to identify a subset
of regions that are considered most stable. In basies, our segmentation offers
multiple interpretations of how an image can bensaged, with relative

confidence estimates produced for each.

Figure I-2: Region detection using the proposed gbrithm.

Figure 1-2 shows detected lines (green) and segmented regidhe left image.
The right image displays segmented regions usisgfiiesllipses.
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Region Tracking: Our MSER algorithm divides each region into smaib-s

regions found around the region’s perimeter. Thmsameter segments are used
for tracking regions between frames. Perimeter-gsgsnare defined using the
RGB color of a sub-region on the internal edgehefpgerimeter, the RGB color of
a sub-region on the external edge of the perimatat,a directional component
extracted from the gradient at that location. Teameter-segment elements are
probabilistically matched to elements from subsegueames and a greedy

algorithm is used to estimate a likely corresporddretween the frames.

Figure I-3: Region tracking using the proposed algrithm.

Figure 1-3 shows movement lines associated with each re§led. circles show
the region centers. Green lines show computed mbitween video frames.
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Foreground Segmentation:When foreground models of objects of interest are
available, they are used directly to segment faegd objects from the
background. When foreground models are not knovegmentation can be
achieved by identifying objects that display mottbat significantly differs from

that of the background.

Figure I-4: Foreground segmentation using the propsed algorithm.

Figure I-4 shows regions that the system has determined téotaground.
Regions displaying consistent motion are shownalorc All other regions are
shown in blue.
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iv. Foreground Classification: Regions are modeled and classified using simple
color histograms compiled from the contained pidlekters over multiple frames.
Since complex object recognition and behavioralyasia was not the focus of
this dissertation, simple labels were manually gissil to stored models (e.g.

book, food, drink, etc.).

Figure I-5: Region classification using the propaasd algorithm.

Figure I-5 shows classified regions highlighted using coloded ellipses with
object names displayed to the right using the samta@s.

v. Behavior Description: Foreground objects are classified axctive objects
(those that were observed to move under their oovirep) and passive objects
(those that were only observed to move when ineclpgoximity of another
object). Interactions are computed between objagsghat contain at least one
‘active object Interactions are a function of proximity and tredative direction
of the movement vectors. These are generally @ladsinto the three simple
categories. In cases where both objects aetive, the categories are

‘converging ‘diverging, and ‘moving togethér In cases where only one object
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is ‘activé and the other isgassivg categories areréaching, ‘dropping, and

‘carrying. For purpose of demonstration, only simple pre-aefibbehaviors are
recognized. Behaviors are assigned to every objeaiéction combination. When
a combination is observed with a relatively higlohability over a sufficient
number of frames, the system labels the behavior iaitiates the response

sequence.

hand

‘mouse

| bottle (full)

| lanton (o1 nsed M
book (open)

Figure I-6: Action classification using the proposd algorithm.

Figure 1-6 shows classified regions highlighted using coloded ellipses with
labels displayed to the right of the image. Theaaept “height” of the label is a
measure of the interaction likelihood. In this fgnthe system has identified the
interaction between the “hand” and the “book” asmpehe most likely, and has
drawn a blue line to connect the object pair.
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vi. Automated ResponsePredefined responses were assigned to behavis@me
of the demonstrations. When these behaviors ametifigel by the system, it

initiates a response sequence involving investigddy one or more robots.

Figure I-7: Robot response using the proposed algthm.

Figure I-7 shows a person who opened a laptop that he wasutiwdrized to use.

The system sent a patrol robot to take higher uéisol pictures of the person.

It should be noted that our primary motivation barilding the proposed system
was to achieve real-time operation on a standgutbpa while still providing a high

degree of functionality. For every part of our gyst more accurate algorithms likely
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exist. Though, in most cases, these algorithmstaoe computational for real-time
operation, especially when put together into a detepsystem. To demonstrate real-time
operation and potential applicability of our propdssegmentation and tracking
algorithms, we apply them to several full functimgpiapplications. These applications
generally involve the observation and reaction tpeason approaching, moving, or
carrying various known objects. Much of this worashbeen published previously in
book chapters (Kelley, et al., 2013) (King, et @012) (Espina, et al., 2011) (Kelley,
Tavakkoli, King, Nicolescu, & Nicolescu, 2010), derence articles (Kelley, King,
Ambardekar, Nicolescu, Nicolescu, & Tavakkoli, 2Dp1(ravakkoli, Kelley, King,
Nicolescu, Nicolescu, & Bebis, 2008) (Kelley, Takak, King, Nicolescu, Nicolescu, &
Bebis, 2008) (Tavakkoli, Kelley, King, Nicolescu,chdlescu, & Bebis, 2007) (King,
Palathingal, Nicolescu, & Nicolescu, 2007) (Kingl&hingal, Nicolescu, & Nicolescu,
2007), and journal articles (Kelley, Tavakkoli, K§in Ambardekar, Nicolescu, &
Nicolescu, 2012) (King, Palathingal, Nicolescu, &colescu, 2009) (Kelley, King,
Tavakkoli, Nicolescu, Nicolescu, & Bebis, 2008).

The structure of the dissertation is as follov@hapter Il describes some
previous work in the area of automated surveillaamoe is divided into six subchapters (i.
— vi.) corresponding to the six parts of tAedditional Architecture Outline '. Chapter
[l describes the proposed surveillance architectudesadivided into six subchapters (i.
— vi.) corresponding to the six parts of tirdposed Architecture Outline. Chapter
IV describes the scenarios used to validate diffguertion of our systemChapter V

concludes with a roadmap for future work.
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Chapter Il  Previous Work

In the introduction a general outline was provideddescribe the phases of a
conventional surveillance system. This chapter ogeme existing work that is related
to the various parts of the automated surveillarchitecture (listed in theTraditional
Architecture Outline’). This chapter will be divided into the followingubchapterdi.i
Foreground Segmentation Il.ii Feature Detection; ILiii Region Tracking; Il.iv

Region Classification Il.v Behavior Description; andll.vi Automated Response

Il.i  Foreground Segmentation

Foreground segmentation is the identification of timage regions that
correspond to potential objects of interest. Invsillance applications, objects are
generally considered to be foreground if they amenfl to move independently of the
background. This allows regions to be detectednewben no prior information is
available to identify the object. Although sometsyss use flow-fields and other motion-
detection algorithms to detect areas of movemenis far more common to design
algorithms around the assumption that the camédiawistatic and the background will
remain relatively static through the duration of #xperiment. This eliminates the need
for complex region tracking and allows moving olgeto be identified as those locations

where the field of view has changed from previgasies.
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[I..kl1  Background Model-Based Segmentation

Background model-based segmentation is still onéhefmost frequently used
strategies for identifying foreground objects. Theshnique relies on the assumptions
that a surveillance camera is static and that tbjet interest are those that move
independently through the camera's field of vievacl®yround models are generally
constructed during an initialization period of thieleo feed that ideally contains no
foreground objects. Depending on the requiremehthesystem, these models may or
may not be updated at runtime. Segmentation ingdlive identification and clustering of
pixels in subsequent frames that differ signifitafrom those in the background model.

The most significant problem associated with backgd segmentation is that the
background model uses pixel-level features thaahm®st always fixed in relation to the
camera. This makes the approach highly sensitiveven slight camera movement,
illumination changes, reflections, shadows, ocdusetc. The plots ifigure II-1 show
how a background pixel's color can change over tiFigure II-2 shows how basic

foreground segmentation techniques can fail whehiegpto background changes.

— F- :

e L -

I\ioving shadow o Specularities on water surface

Figure II-1: Challenging backgrounds used to testoreground segmentation.

Flickering monitor

Figure II-1 shows backgrounds displaying multi-modal pixeltrtbsitions. A sample
frame (left) is paired with a scatter-plot madengsthe red (horizontal) and green
(vertical) values of a single pixel measured dutiing video feed. In the left pair, pixel
variations result from the movement of a buildingteadow. In the center pair, rippling
water can appear very bright or very dark. In ightrpair, a flickering computer monitor
can produce dissimilar values. Figure copied fr&tagffer & Grimson, 1999).
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Chair Light Light Tree Foreground No clean Interior
moved  gradually  just Waving  covers background motion
brightened  switched monitor training undectable

Test Image

Ideal

Foreground

Temporal
Derivative

Mixture of
Gaussians

Figure 1I-2: Segmentation of challenging backgrouds.

Figure 11-2 shows how foreground segmentation can fail whepliegh to non-static
environments. Results are from two popular backggomodeling algorithms applied to
seven environmental challenges. Top Row: a reptasem frame from the image
sequence and a description of the environmentdllecigge. Second Row: a hand-selected
baseline reference showing desirable segmentafibind Row: image subtraction that
uses the difference between the current frame andndial frame. Forth Row:
segmentation using a Mixture-of-Gaussian-basedoagpr. Figure copied from (Toyama,
Krumm, Brumitt, & Meyers, 1999).

Because of the popularity of background segmemtagigorithms, a significant
amount of research has been dedicated to handi@ggbound fluctuations using
increasingly robust and adaptable background mo&elategies have applied Gaussian-
models (Toyama, Krumm, Brumitt, & Meyers, 1999)xtares of Gaussians (Stauffer &
Grimson, 1999), histograms (Elgammal, Harwood, &iBa2000), and dozens of other
techniques (Piccardi, 2004). Others have focusedaongmenting the background
modeling approach with additional features. Bey(Baymer & Konolige, 1999) used a

stereo depth-map to assign depth-layers to regidestified through background
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segmentation. This modification allowed the objdotbe separated from their shadows
to some degree, and could differentiate between fweground objects, even if one

occluded the otheFgure 11-3).

Figure 11-3: Real-time stereo-based tracking propsed by Beymer.

Figure 1I-3 shows stereo-depth-map information being usedefmarmste objects from
their shadows while differentiating between mutifbreground objects. The six images
were extracted from a video sequence involving ipleltpeople walking through a
hallway. Each person was assigned unique labelhdysystem (Beymer & Konolige,
1999).

[l.i.2 Flow-Field-Based Segmentation

Because of the limitations imposed by traditionahckground-modeling
algorithms, researchers have attempted to exterttbmabased segmentation to moving
platforms. Instead of measuring the absolute changgixel values, these strategies
estimate the motion of small image blocks betwesmmpbrally adjacent frames and
attempts to identify areas of motion that diffeorfr the remainder of the scene. Sangi
used patrticle filters to identify different movitayers (Sangi, Heikkila, & Silven, 2001).
One particle filter tracked the most prominent mofiand additional filters identified
increasingly less prominent layers. Particle fdterere applied to blocks of pixels within
the image. Block comparisons were done using the-alusquare differences of

contained pixels.
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Figure 1I-4: Support regions from particle filter approach proposed by Sangi.

Figure 11-4 shows motion-based foreground segmentation. Glagk® best represent
the primary motion, white blocks best representdbeondary motion, and black blocks
are ambiguous (Sangi, Heikkila, & Silven, 2001).

Il.ii Feature Detection

Background segmentation by itself is generally fiisient for tracking multiple
objects over extended periods. In real-world sdesaibjects move in and out of the
camera's field of view, become occluded, and calostedue to detection errors. In these
cases, a tracking system must have a mechanissstaiate detected regions with those
that were previously tracked. This requires a fovagd model to be generated using
information found in the segmented region. If tlerefround model is sufficiently
descriptive and efficient to implement, trackingnche achieved directly using the
foreground model, thus eliminating the static-caaneonstraint. Features can include
color, intensity, edges, corners, blobs, activetmors (Baumberg & Hogg, 1996),
primitive geometric shapes (Comaniciu, Ramesh, &meer, 2003), articulated human

shapes (Ning, Wang, Hu, & Tan, 2001), and manyrsthe
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[lLi.L1  Color & Intensity Models

Color-based models are generally created usingl pixiees extracted directly
from an image. These may be represented as simpbnsn Gaussians, mixture of
Gaussians, or histogram distribution. The primatyaatage of using color is that it can
be rapidly extracted from an image, while beingtigely stable through large changes in
scale, viewpoint, and object transformation. Thennagsadvantage is that apparent color
can fluctuate as illumination changes (Buluswar &jber, 1998). Researchers have
attempted to solve the color consistency problemt hklgorithms tend to be
computationally expensive, sensitive to choicemattiple parameter variables, have the
potential for introducing color artifacts, can biéeated by the presence or absence of
colorful objects, and fail to model human colorgagation (Morel, Petro, & Sbert, 2009).
In many applications, the color consistency probleen be solved by acquiring

information over a range of lighting conditions,lyr controlling the environment.

Figure [I-5: The Retinex color consistency algoritm proposed by Morel.

Figure 1I-5 shows how color consistency can be used to esiwigect coloration. The
original image is on the left. The remaining imagé®w the results using different
contrast thresholds (Morel, Petro, & Sbert, 2009).
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Despite the problems associated with color consistethe ease and speed at
which it can be extracted from an image makes caloiseful feature for a variety of
applications. In robotics, the visual identificatiand tracking of objects can be achieved
relatively easily if those objects are painted wathlors that are not found within the
background. Foreground segmentation is then acthidwe identifying and tracking
clusters of pixels that match the known foregrogotbr. In slightly more sophisticated
applications, color information can be acquiredimyiran acquisition period where an
object is “introduced” to a robot. Color models dtven be used to aid in subsequent
tracking (Schlegel, lllmann, Jaberg, Schuster, &¥Y©998).

Although color is sufficiently descriptive to faitédte foreground region detection,
it generally is not possible to do the same usiaysgrale images unless additional spatial
information is considered. Viola developed a systéat could be trained to identify
general object types in an image, in real timengisinly the spatial distribution of light
and dark patches (Viola & Jones, 2001). Viola rexoed that the average intensity of a
rectangular image region, of any size, could berd@&hed using four references into an
integral image array. Simple filters were constedcthat used overlapping rectangles to
detect adjacent regions of light and dark. Usingdatraining sets, filter with high
discriminative qualities were selected and cascaded way to optimize speed and
classification robustness. Viola originally appli#eeir algorithm to face-detection, but
the algorithm has since been used on a varietypjeicts, and have even been adapted to

incorporate color information (Okuma, Taleghangitas, Little, & Lowe, 2004).



25

- e —g—y

Figure 11-6: AdaBoost object detection algorithm poposed by Viola.

Figure 11-6 shows AdaBoost-detected regions. Left: the systas originally applied to
facial recognition (Viola & Jones, 2001). Rightetlsystem was extended to detect
hockey players (Okuma, Taleghani, Freitas, Li&lé,owe, 2004).

[.i.2 Line Detection

Edges are useful image features because they ofterlate with meaningful
image areas that include regions of occlusion, abiundaries, changes in surface
orientation, changing materials, surface markirggs, lines can also be used for 3-D

reconstruction (Rothwell, Zisserman, Forsyth, & Myn1992).

[1.i.2.1 Canny Edge Detection

One of most popular and effective edge detectigarahms is the Canny (Canny,
1986), which was designed to offer robust and ateudetection and localization of
edges. The unique characteristic of the Cannyaswhy the algorithm applies a dual-
threshold pixel tracing technique. One thresholdsied to trace out strings of pixels that
correspond to the most prominent gradients, wihidkesecond is used to extend the lines
into sections of the image that contained a lessmprent gradient. This allows
ambiguous gradients to be ignored, except in pladee they can be used to connect
and extend the more prominent strings. The resudt iobust collection of edges, which

are stored as sequences of connected pixels. Hmgcyar representation is useful
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because of its compactness, and because it mirgmize processing needed to

subsequently identify line-segments, corners, amdazirs.

[1.1i.2.2 Curve Linearization

The next step in simplifying edge information isdonvert the strings of pixels
into curves, line segments, and shapes. This peevithta compression and can reveal
features that might be useful for tracking, idecéifion, and scene reconstruction. There
are two primary strategies for identifying line tieies.

The simplest strategy for identifying line featurego directly convert strings of
pixels into line segments. Ramer proposed a protiessbegins by attaching a line
segment to the endpoints of an arbitrary curve @at072). The algorithm iteratively
identifies the point on the line that has the gshtdistance from the curve and
subdivides the line so that each new segment isextad to that point. The process is

repeated until all points on the lines are withimiaimum distance of the curve.

/

> N\ >

Figure II-7: Line-Fitting algorithm proposed by Ramer.

Figure II-7 shows line-segments that are fit to an arbitranye. After each iteration, an
existing line-segment is divided so that the endsspthrough the most distant point
(Ramer, 1972).
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[1.i.2.3 Hough Line Detection

In real-world environments, occlusion, noise, aetedtion errors can cause line
segments to become disjointed or obscured. In tleeses the Hough Transform
algorithm is useful at identifying line segmentattfollow similar trajectories. In its most
general implementation, each edge pixel casts foteany line that could theoretically
pass through that point. Line candidates that vec#he most votes are analyzed to
determine the extent of their match (Duda & Ha®72). This algorithm is useful in that

it can be modified to detect circles, curves, arearbitrary shapes (Ballard, 1981).

Figure 11-8: Hough line detection algorithm proposed by Duda.

Figure 11-8 shows Canny-detected edges in white with Hougbeated lines
superimposed in red (Duda & Hart, 1972).

[1.i.3  Affine-Invariant Interest Point Detectors

Among the huge variety of feature-detection aldponis available, the Affine-Invariant-

Detectors have been found to be extremely usefuh imariety of computer vision
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applications (Mikolajczyk, et al., 2005). The susxeof these algorithms lies in their

ability to:

e Detect regions that are unique: allowing regiondeodistinguished from other

detected regions.

e Detect regions in a repeatable way: allowing th@esaegion to be detected in
subsequent frames despite changes in viewpointle,saaientation, blur,

illumination, etc.

e Detect regions in a descriptive way: allowing featudetected in one reference

frame to be transformed into a second frame thi#rdiin terms of viewpoint,

scale, or orientation.

(a) Harris-Affine (b) Hessian-Affine (c) Edge-Based Regions (d) Intensity-Based Regions (e) MSER

Figure 11-9: Affine-Invariant Interest Point Detec tors compared by Mikolajczyk.

Figure 1I-9 shows detected regions using a) Harris-AffineHessian-Affine, c) Edge-
Based Regions, d) Intensity-Based Regions, and 8R! The listed algorithms are
described in the following subsections. Imagesedfiom (Mikolajczyk, et al., 2005).



29

[1.i1.3.1 Corner-Based Detectors (e.g. Harris-Affine & Hessia-Affine)

Harris-Affine (Harris & Stephens, 1988) and Hesshdfine (Mikolajczyk &
Schmid, 2002) are two related detectors that ified@scriptive points in an image. The
Harris-Affine detector operates by taking averagggde intensities using a Gaussian-
weighted kernel. With small shifts of this kerntHe filter responds to the underlying
texture. Textureless regions yield small changeallirdirections, linear textures yield
responses in the direction perpendicular to the,liand corner-like features yield
responses in all directions. Interest points arBneé as those regions with locally-
maximal responses in all directions (corners). Tdsure's orientation is defined as the
direction corresponding to the largest eigenvegatdhe response, and the feature's shape
is defined as an ellipse with dimensions correspantb the ratio of the largest and the
smallest eigenvalues. Feature-scale is determigeddntifying the local maximum of
the detector's response at different image resuisiti

The Hessian-Affine operates is computed in a silay, but uses the Hessian
matrix to determine point fithess. The Hessian deteresponds most strongly to blobs
and ridges. In both cases, an elliptical shapesssgaed using the eigenvalues of the

moment matrix, which is then normalized to be dacu

[1.i.3.2 Edge-Based Detectors

Edge-based detectors are used to identify regissacated with an edge. Edges
are a desirable feature because they remain stdiess viewpoints, scales, and

illumination changes. Once edges are identifiedintsoof maximum gradient are
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identified along the edge. This significantly reshgcthe search space necessary to define
affine regions (since the search is reduced froordiwnensions to one).

Tuytelaars described a technique that defines eafftames using the point of
intersection (‘p’) between two lines {'] ’l '), combined with stable endpoints {*p‘p>’)
found along the corresponding line-segments (Tagisl, Van Gool, D’haene, & Koch,
1999). Endpoints were selected in a way that maatha similarity measurement within

the region formed by the connecting lines.

Figure 1I-10: Edge-based feature detection proposkby Tuytelaars.

Figure 11-10 shows an example of an edge-based region. Pagilleh p-q-p-p Is
identified by finding stable points; & p. (Tuytelaars, Van Gool, D’haene, & Koch,
1999).

[1..3.3 Region-Based Detectors (e.g. MSER)

Region-based detectors are generally used to fgdeimtiage areas that share
similar visual characteristic (similar intensityglor, or texture), while being bound by
areas that are less similar. Ideally, the intearala will present enough of a contrast
against the background to allow consistent and atejpée detection, however an
algorithm should not be so discriminative thatataves large portions of foreground

objects without any detections at all.
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Tuytelaars described a system that identifies tedlgd regions that are centered
around intensity transition extrema (Tuytelaars &\Gool, 2000). The size and shape of
each ellipse is determined using a set of raysahatadially projected from the origin.
Points along each ray are compared to the originaaellipse is constructed from the set

of points that maximizes the gradient around tlysorés perimeter.

Figure lI-11: Region-based feature detection propsed by Tuytelaars.
Figure 11-11 shows an example of a region that is identifiechgipoints of intensity

transition (Tuytelaars & Van Gool, 2000).

The MSER algorithm was developed by Matas to ifigstable areas of light-on-
dark, or dark-on-light, in grayscale images (Matabum, Urban, & Pajdla, 2002). The
primary advantage of this algorithm over previoegion detectors was that it could
identify all stable regions in an image in a singhess, and could do so efficiently (in
nearly linear-time relative to the number of pixelghe image). The algorithm functions
by applying a series of binary thresholds to thagm As the threshold value increases,
areas of connected pixels grow and merge untilyepetel has merged to become a
single region. Region-sizes are measured afteryemerease in threshold, and those
regions that display a relatively stable size thgiowa wide range of thresholds are

recorded as a maximally stable region. Since alesinggion may display stability at
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multiple threshold-values during its growth, theuking collection of detected regions
will produce a hierarchical tree of nested MSERSs.

To increase the number of detections and to imprmnage coverage, a logical
improvement to the MSER algorithm is to additiopabnsider color information. Corso
and Hager offered a simple extension into RGB spageapplying the traditional
algorithm to the grey-scale, red-green, and yelbdwe channels (Corso & Hager, 2005).
Despite the increase in complexity Hager foundrthepeatability to be inferior to the
original algorithm.

Forssen extended the algorithm into RGB color sppgcehanging the criteria for
region growth (Forssen, 2007). Instead of grouppigels according to a global
threshold, Forssen incrementally clustered pixedsaithe local color gradient. This
process clusters pixels containing relatively hoemmpus color and texture. Although
Forssen claimed improvements in both stability anchber of detections, his algorithm
has some limitations. First, the algorithm fails detect regions containing non-edge
gradients (like those on curved surfaces or ligtektured objects). This deterioration
occurs because at the pixel level, gradients afistinguishable from object boundaries.
To limit this effect, Forssen applied multiple tgpef smoothing to his data. This
improved stability of some regions, but at the exggeof others. The second limitation
resulted from Forssen’s comparison of adjacentIpik®@ determine merge criteria. In
most video feeds, the spatial correlation of cahdbormation is too high to offer reliable
contrast, and MSER stability is greatly compromiséwrssen’s response was to

normalize edge weights in a way that ensured regrowth occurred evenly across the
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maximum thresholderation interval. This technique reduced missetections, bu

resulted in a significantly greater nber of unstable detections.

Figure [I-12: Color MSER algorithm proposed by Forsse.

Figure 11-12 compares detections from traditional MSER algorithm (left) witl
Forssen’s color based algorit (right) (Forssen, 2007).

[l.iii Region Classification

As mentioned in the previous section, ok-models canbe used to increas
tracking precision, to reduce the search s| to resolveocclusion, andto provide
information regarding an object's type, identitydgose. Consequently, object model
is used in almost every computer vision application. &gging on the constraints of t
system and the demands of the application, objecets may be general and incompl
(e.g. regions are specified only as bea pixelcluster of minimum siz (McKenna,
Jabri, Duric, Wechsler, & Rosenfeld, 20), or they may be highly specified (e
articulated models of humans containin constrained number of segme in a
constrained set of configuratic with each segment possessing ast@ined size, shag
and color(Sigal, Bhatia, Roth, Black, & Isardy, 20(). Models can include any numk

of features including a person's co(Bahadori, Grisetti, locchi, Leone, & Nardi, 20,
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outline (Cheung, Baker, & Kanade, 2003), facialadst (Feris, Tian, & Hampapur,
2007), walking rhythm (Makihara, Sagawa, Mukaigasdchigo, 2006), etc.

Building models from features usually involves #rsteps: features must be
detected in a repeatable way; descriptive inforoma#ibout the feature must be quantized
to reduce its dimensionality; and descriptors niigsstored in a data structure that allows
for efficient search and retrieval. In the sectidrdow, we include descriptors and
models that can be used as an extension to ouorestthe MSER algorithm. This will
include color-based models, line-based models, Affthe Invariant Feature-based

models.

[.ii1.1 Color-Based Models

Color-based models are probably the simplest andt nmuitive strategy for
representing a foreground object. Information iguaied by iterating through the regions
pixels and is stored using the average value, as$kau distribution, a mixture of
Gaussians, or as a histogram.

The primary advantage of color-based models ig ttesistance to changes in
viewpoint, scale, image resolution, or even comglaxsformations and deformations.
These models have also been found to be efficiedtralatively accurate for certain
applications. Swain presented a system that ustdgnam representations to search for
models of shirts, cereal boxes, and laundry detérgentainers within a database of 66
objects. He found that the system returned theecomatch 90% of the time (Swain &

Ballard, 1991).
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The primary disadvantage with using color-basedesgntations is the extent that
apparent color is dependent on light source, ilhanon angle, viewing angle, shadows,
reflections, camera parameters, etc. Researcheesdieempted to develop strategies to
increase color consistency using alternate colacag lighting compensation strategies,
or parametric modeling (Buluswar & Draper, 1998)t the problem is far from being
solved. Another approach that improves color ceesty is to model objects using the
color-differences found between adjacent regions@kli, Tuytelaars, Gool, & Moons,
2004). Mindru combined affine-invariant spatial memts with color information to
produce Generalized Color Momeritsand found that the combination provided

improved classification, identification, and matafpiresults.

Figure 1I-13: Affine-invariant spatial color moments proposed by Mindru.

Figure 11-13 shows detections of color moments. Yellow ellipskew correspondences
that were identified between frames (Mindru, Tugées, Gool, & Moons, 2004).

[1.ii.2 Line-Based Models

Before Affine Invariant Feature Descriptors werevaleped, line-based models
were commonly used for object description and ifieation. Like with other modeling

strategies, the concept behind efficient modeliagta identify features that remain
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consistent, even when viewed from different angletstions, and scales. This eliminates
the need to search a database for every possdnisformation and makes it theoretically
possible to have constant-time searches when lmwgimensional features. The affine
transformation of a two-dimensional surface corgaix-degrees of freedom, allowing
the transformation to be defined using three ndhrear points. Such points might
include corners, line end-points, curve maximayeuninima, etc. These points can then
be efficiently stored and searched using constarg-hash-based libraries.

Rothwell & Zisserman proposed a strategy for praaycaffine-invariant
descriptors using four points defined by a concaweconvex section of an object’s
contour (Rothwell, Zisserman, Forsyth, & Mundy, 2R9The contour was identified
using the Canny edge-detection algorithm, followsd a grouping algorithm that
connected disjointed edge segments. The sectitireaturve was then mapped to a unit
square, with the four points corresponding to ther fcorners. Rothwell & Zisserman
represented the shapes of each curve using theafilssecond degree moments of the

area defined by the curve.

Figure 1I-14: Line-based classification proposed ¥ Rothwell.

Figure 11-14 shows detected regions using line-based modetscBatours are produced
by the system to identify detected objects (Rothw&kserman, Forsyth, & Mundy,
1992).
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An additional advantage of using line-based reprag®ns is the potential for
making deductions about an object’s three-dimemistiucture. Rothwell & Zisserman
described an extension of their previous work dilbiwed objects to be grouped into

generalized categories of three-dimensional ohjects

Figure 1I-15: Line-based detection of 3-D objectproposed by Rothwell.

Figure 11-15 shows results from Rothwell & Zisserman’s alganthior identifying 3-
dimensional structure (Rothwell, Zisserman, Fors&iMundy, 1992).

[1.iii.3  Affine Invariant Feature Descriptors

With the advent of Affine-Invariant Detectors, cantiee need to specify
information about the detected region in a way thbbws features to be reliably
compared. Features needed to be specific enoughote discrimination between large
numbers of objects, while general enough to alleliable detection despite changes in
illumination, position, and scale. The SIFT desitnipvas among the first that was really
successful at satisfying these requirements and&asme the benchmark against which

all other descriptors are compared.
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[1iii.3.1 SIFT & SURF

The Scale-invariant feature transform (SIFT) wasigieed to allow interest points
to be described, stored, and retrieved in a reianld efficient manner (Lowe, 1999).
Although the descriptors can be applied to anylstaiberest points, Lowe demonstrated
his approach using Scale-Invariant Keypoints. THesgoints were detected by finding
the minima and maxima after processing an imagegudifference-of-Gaussian filters at
multiple scales.

Once keypoints were detected, Lowe used the mostipent gradient to assign a
characteristic direction and regions were normdlize a characteristic scale. Regions
were divided into a 16x16 grid and gradient di@asi from each 4x4 group of cells were
compiled into separate histograms, resulting inxd drray of 8-bin histograms. The
4x4x8=128 element feature vector was then normalize form the final descriptor.
During object recognition, Lowe used a Best-BinsE{BBF) data structure to identify
the likely nearest neighbors. If three or more ez matched in a spatially consistent
way, an object match was reported.

Lowe's descriptors have been widely used for rdoetlization, panorama
stitching, 3D scene modeling (Torr & Zisserman, 99@nd others. The descriptors have
even been extended into the temporal domain forimsaction recognition (Niebles,

Wang, & Fei-Fei, 2008).
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Figure 11-16: Scale Invariant Feature Transform (SFT) proposed by Lowe.

Figure 11-16 shows SIFT feature computation. Vectors correspagntb maximum local
image gradients are stored to a 16x16 grid (I&fggnitudes are weighted by a Gaussian
distribution (blue circle) and compiled to a 4x4dgof gradient histograms (right).

Speeded Up Robust Features (SURF) were developad aptimized variant of
the SIFT (Bay, Ess, Tuytelaars, & Gool, 2008). déast of using image gradients, SURF
features use Haar Wavelets, which can be approgdnefficiently using box-filters and
integral image arrays. The wavelet filters are egophcross the image at multiple scales
to identify clusters of dark pixels surrounded Ight areas, or light clusters surrounded
by dark areas. Regions showing maximal responsescansidered stable features.
Regions are assigned a characteristic directiomgutsie distribution of filter responses
and are normalized to a characteristic scale. Regave divided into a 4x4 grid, with
each grid cell being represented using a 4-birogisim of wavelet responses in the dx,
dy, |dx|, & |dy| directions. The resulting 4 x 44x= 64 element feature vector is
normalized to form the final descriptor. Using LosvBBF search strategy, Bay claimed
significant improvement in speed over the SIFT atgm with comparable accuracy

results.
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Figure 1I-17: Haar wavelet filters used in SURF algorithn proposed by Ba..

Figure 1I-17 showshow Haar wavelets (left) are approximated using hibers (right)
(Bay, Ess, Tuytelaars, & Gool, 20L.

[1.11.3.2 Affine Frames

The Local Affine Frames (LAF) algithm was developed to provide Ic
dimensional affinenvariant descriptors for regions identified by tNESER detectiol
algorithm (Obdrzalek & Matas, 200. Compared to the SIFT descriptors (C
dimensions) and the SURF descors (64 dimensions), the LAF can be described L
a modest 6 dimensions. This reduction allows fdicieht search and comparis
operations, which can approach constime complexity when using hash te data
structures (Chum Matas, 200¢€.

The principle behind LAF construction is to fullprestrain the six degrees
freedom found in aaffine transformatiol This requires three naeollinear points whicl
can be identified (or computed) from features frefé to as aine-covariant primitives
found within the region. Primitives are selectedisair position on the object remains-
same, even when viewed from slightly different asglExamples include: center
gravity; covariance matrix; curvature minima andxima; furthest point on contot

points along concavity; direction of linear segmemid many other:



41

Once detected, patches are normalized to a chastictantensity, scale, and
orientation. In one paper, Discrete Cosine Tramsédion (DCT) was used to produce
descriptors (Obdrzalek & Matas, 2006). In a secpaper, descriptors were constructed
using the polar coordinates of the three charattenpoints (Chum & Matas, 2006). The
angle and offset of the central point was dividet i25 and 16 bins respectively, while
the angles and offsets of the remaining points waiteded into 25 and 6 bins
respectively. This resulted in 9lpossible values for the descriptors, a searchestbeat
was managed using a hash table. As in the prevadgsrithms, object match was

considered likely if multiple features were fouldoe spatially-consistent.

(b) (c) (d)

Figure 1I-18: Local Affine Frame (LAF) features proposed by Obdrzalek.

Figure 11-18 shows how affine invariant frames can be definsithgi different feature
types including center of gravity (a,b,c), covatiamatrix (a,b), curvature minima (a),
curvature maxima (b), concavity tangent (c,d),Hest point on contour (d). Obdrzalek’s
paper provided many other examples (Obdrzalek &asla2006).
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Il.iv Region Tracking

Tracking involves the identification of a regiorti®jectory across frames. This
can be done by tracing the path of a single pantadditional information can be
extracted using increasingly complex representatioircles provide the ability to track
size; ellipses can estimate orientation; multi-ponmodels can provide information about
affine transformations; contours make it possilmeidentify irregular deformations;

articulated models can be used to track human mewrtanetc.

ll.iv.1 Region-Based Tracking

Region-based tracking strategies are used to mecadnd match foreground
regions across frames using the contained distoibudf intensity, color, or texture.
Because of the popularity of foreground segmemntatehniques, region-based tracking
is most commonly used to match foreground blobsvéen frames, while resolving
situations where blobs appear to merge and splimdre complex applications, higher
level models may be used to differentiate foregdoblobs into their constituent parts.
An example is Wren’s PFinder algorithm, which uselr information to cluster pixels
into visually similar regions, which are matchedatoarticulated model containing hands,

arms, torso, legs, and feet (Wren, Azarbayejanirdlla& Pentland, 1997).
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Figure 11-19: PFinder segmentation for articulated models proposed by Wren.

Figure 11-19 shows a segmented foreground region (center) lmgmgped into blobs and
fit to an articulated human model (Wren, AzarbaggjBarrell, & Pentland, 1997).

A common region-based tracking technique is to eliiptical or rectangular
search templates that roughly match the dimensidres target object. Templates may
represent a general class of object, a specifieabbpr even a specific object in a specific
orientation. During search, the template-kernedaanned across the image at multiple
scales. Features are compared against the kerpebdoice fithess scores for the region
at that location. Local maximum that exceed a mummthreshold are marked as a
potential object candidate. Additional models mayneay not be used to provide
additional confirmation.

Schweitzer (Schweitzer, Bell, & Wu, 2002) developed process that
approximated image gradients using a linear sunomatif the rectangular features
described by Viola and Jones (Viola & Jones, 2001)addition to identifying general
‘face’ classes, Schweitzer's system could also tiflerspecific faces in specific
orientations. Matching speeds were found to belypd#fl0 times faster than traditional

template-based approaches.
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Figure 11-20: An efficient template-matching algorithm proposed by Schweitzer.

Figure 11-20 shows a template-based search for a face (left immage with added noise
(center). The template response (right) revealedl lmaxima correctly centered at the
location of every face in the image, with the glomaximum correctly identifying the
exact match (red rectangles) (Schweitzer, Bell, & \2002).

In addition to the computational complexity, anathienitation with template-
based matching is that the algorithm degrades Isapiden the query and target objects
differ in terms of orientation or scale. One salatiis to use features that are less
sensitive to transformation.

Comaniciu discussed a system that uses color he&teg to track non-rigid
objects through partial occlusion and complex ti@msations (Comaniciu, Ramesh, &
Andmeer, 2003). Comaniciu compiled three-dimendioo@or information into a
16x16x16 histogram using a weighted elliptical skarkernel. Starting in the
neighborhood of the object’s previously known lomat an iterative search is conducted
to find a new position and scale that minimizes diféerence between histograms. A
Gaussian kernel allowed matches to be identifiethgugradient descent, greatly
improving the efficiency of the search. Althoughn@amiciu's approach was shown to be

robust to camera motion, partial occlusion, andtefuit was not capable of identifying
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objects solely using model information and was depet on either manual initialization

or background subtraction techniques.

Figure 1I-21: A kernel-based tracking algorithm proposed by Comaniciu.

Figure 11-21 illustrates kernel-based tracking of people in-rearld scenes. Manually
selected regions were successfully tracked usigy ¢dostograms and displayed using
colored ellipses (Comaniciu, Ramesh, & Andmeer3300

[l.iv.2 Contour-Based Tracking

Although region-based tracking techniques have bs&gmwn to be robust to
complex transformations and occlusion; they geheddfer inaccurate representations of
the object’s physical contours. This makes therdlyns unsuitable for the detection of
subtle movements. If an application requires thremiification of specific poses, gestures,
or actions, it often becomes necessary to trackliect’'s contour itself.

Kass was among the first to propose an algoritha tilacked the position of an
object using the occlusion-boundary formed betw#en object and the background
(Kass, Witkin, & Terzopoulos, 1988). Kass’s alganit used a flexible self-evolving

structure called a ‘snake’, which contained a cotew set of points placed near the
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object’s boundary in an initialization frame. Dugints evolution, each of the snake’s
points is shifted in the direction that reduces shake’s overall energy function. Points
can reduce energy in one of three ways: 1) by ngptana location with a greater local

image gradient; 2) by moving to a location thatueas the local curvature of the contour;
3) by moving to a location that places the poinarmbptimal (pre-defined) distance from
adjacent points. The weight of each term can basseljl to change the behavior of the
snake. Evolution continues until a local minimumaishieved. By using the snake’s
position in each frame as initialization for théldaving frame, long-term tracking of the

contour can be achieved.

Figure 1I-22: Contour-based tracking proposed by kass.

Figure 11-22 illustrates the tracking of snakes surroundinges@n’s lips (Kass, Witkin,
& Terzopoulos, 1988).

Major drawbacks to Kass’s approach are that saolatere only found if they are
within a relatively small range of the current comt This increases the algorithm’s
dependence on accurate initialization, reducesalititity to handle large inter-frame
image changes, and makes suboptimal convergence Iikely. Long-term tracking is
also problematic for the algorithm since there asgtobal information about the region
that could be used to prevent localization erroosnfpropagating to subsequent frames.
To address these issues, researchers have devétopedjues to incorporate both region

and model information (Yilmaz, Li, & Shah, 2004).
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Figure 11-23: Contour tracking algorithm proposed by Yilmaz.

Figure 11-23 illustrates how tracking results can be improvethg color and texture
models of foreground objects. Shape models are useéll in missing contour
information during occlusion (Yilmaz, Li, & ShahQ@4).

Il.iv.3 SIFT & SURF Feature-Based Tracking

SIFT and SURF feature detectors and descriptorarang the most promising
algorithms available for identifying objects. Nohlp can these algorithms support
recognition using large databases, but when maltiphtures are detected on a single
object, it can provide the precision necessary dtertnine an object’'s approximate
orientation and distance from the camera. This makéheoretically possible to track
objects through a video feed by running the featletction algorithm on every frame.
When objects are rigid and textured, when imageotgood resolution, and when there
is no need to do computation on-line, both SIFT SdRF are well suited for a variety of
tracking tasks including flow-field estimation, seereconstruction, and many others
(Torr & Zisserman, 1999). However, in real-worldsw@ms, tracking with high-
dimensional features is often too computationafijemsive to be used in real-time,
especially when a dense representation of an olgetsired. Possible solutions to the
problem have been to use complex features to augmene conventional tracking

algorithms (Zhou, Yuan, & Shi, 2009), or to mataatlires between frames without
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computing high-dimensional descriptors (Duy-Nguy&iei-Chao, Natasha, & Kari,
2009).

In Zhou's paper, SIFT feature tracking was combingti mean-shift tracking to
improve overall robustness (Zhou, Yuan, & Shi, 20@hou’s algorithm was designed to
track a single object through multiple frames, desphallenges that included: 1) dim
lighting; 2) changing illumination; 3) occlusionsoi non-tracked people; and 4) rapid
object movements. Regions were manually selectedgithe first frame of the image
sequence and both SIFT features and a color h&stogvere computed using the
information contained by that region. In subsequderhes, an expectation-maximization
algorithm was used to iteratively identify the Iboa that minimizes the color mean-
shift, as well as differences between SIFT corradpaces. Results showed significantly
improved tracking accuracy over the individual agmhes, with only a small decrease in
frame-rate.

Duy-Nguyen suggested an approach that tracked tsbjesing an optimized
implementation of the SURF algorithm called SURRCk (Duy-Nguyen, Wei-Chao,
Natasha, & Kari, 2009). The system allowed intepeshts to be represented using both
simple and complex descriptors. The simple desmsptcould be computed and
compared rapidly for real-time inter-frame trackir@omplex descriptors were used
when increased discrimination was necessary fosgmton. Using the same interest
points for both functions allowed regions to beclisd without requiring an additional
grouping algorithm to associate different featygees. Testing showed that tracking

objects with SURF-Track could be done 5-times fatstan using SURF features alone.
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ll.iv.4 MSER-Based Tracking

When compared to other interest point detectioorélyns, the MSER algorithm
was found to offer a good balance between speeaesutacy (Mikolajczyk & Schmid,
2005). Donoser proposed a tracker that is spetifioptimized to the MSER algorithm
(Donoser & Bischof, 2006). Regions were trackedhgsize, grayscale value, center of
mass, bounding box dimensions, and stability measent. These features were selected
because they offered reasonable tracking accuraquired no additional processing to
compute, and could be compared quickly. By usirg lthtation and intensity values
obtained in previous frames, Donoser was able fgyafhe MSER algorithm to a
targeted location in subsequent images to attaspeeds that were 4 to 10 times faster

than running a complete MSER search on every frame.

' ‘
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Figure 1I-24: MSER tracking algorithm proposed by Donoser.
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Figure 11-24 illustrates the tracking of MSERs that corresptméicense plate numbers.
The right images show the tracking of a MSER cquoesling to a person’s face. For face
tracking, a special grayscale color-space was edeasing the Mahanalobis distance of
each pixel's (r-g) value from a distribution of kmo skin-color (r-g) values (Donoser &
Bischof, 2006).

In a follow-up paper, Riemenschneider showed how MSER tracking
algorithm can increase the robustness of model tioreaand comparison

(Riemenschneider, Donoser, & Bischof, 2008). lditranal recognition systems, objects
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are identified by comparing a single view of andamtified foreground region to a
database of known objects. If the foreground isver from an angle or scale that differs
from stored models, a match failure may occur. A@aolution is to attempt foreground
identification at every frame of observation, hoeegiven the computation necessary
for many recognition algorithms, this strategy cée prohibitively expensive.
Riemenschneider’s solution was to use Donoser’skitng algorithm to maintain
trajectories of unknown foreground objects untilist determined that the contained
MSERs are at “optimal representation”. Only thenthie region compared against stored
models. A similar process is used during the madelstruction phase to identify the
most robust views to record.

Two processes are used to determine the optimal AM&presentations. First,
since regions are tracked through multiple framess possible to identify a set of
MSERs that are both spatially and temporally stabte satisfy the temporal stability
requirement, it must be possible to track the negfiwough a specified number of frames.
The second process for finding optimal represestais to track a region until a
maximum size is observed. This ensures that thecoly at a position that is either at its
closest approach to the camera or at an angleighabst directly facing the camera.
After the process for finding optimal representatis complete, an object model will
contain a set of stable MSER detections with olesgmronfidence scores, as well as a

description of the spatial relationships of thasgions from different perspectives.
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Using his tracking strategy on recognition testgenfienschneider found that
tracking an object over multiple frames could proeluecognition rates that were

significantly better than those achieved usinghglsiframe.

Objects Full Frontal Non-Frontal
Tracking Frame Frame
Eistee 100% 100% 25%
Geback 100% 50% 0%
Happyday B6% 15% 0%
Pringles 100% 0% 50%
Snack 100% 100% 100%
Total 97% 69% 42%

Figure 11-25: MSER tracking algorithm proposed by Riemenschneider.

Figure 11-25 illustrates how tracking can be improved by autticadly identifying the
“optimal representation” (red box) from a sequentemages (left). The table (right)
shows recognition accuracy for different objectd ¢dlumn) using all available tracked
frames (2° column), only one frame from a frontal viewpoir®®(column), and one
frame from a non-frontal viewpoint {4column) (Riemenschneider, Donoser, & Bischof,
2008).

ll.v. Behavior Description

Depending on the requirements of a system, behagscription may involve
simple action recognition of a target individualg(eperson is sitting, walking, running,

carrying objects, etc.) or may require a higheelaleduction about behavior examples.

[l.v.1 Action Recognition

Advances into the study of human motion came fréva invention of the
rotoscope, which allowed sketches to be created frinleos (Evans, 2001). Although it

was intended to improve the realism of cartoon attars, it proved to be useful to
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researchers as well, as it allowed articulated onoto be deconstructed and studied.
Today, animation is still providing an impetus intiee capture of motion. Modern
animation studios can render animated scenes timea by tracking reflectors attached
to actors. Similar systems are used to identify eategorize specific human movements
with the goal of constructing a “language” of matprimitives. For example, if
movements such as forward-swing, back-swing, rém-dad run-right can be accurately
identified, these primitives could allow a systesratitomatically describe a tennis match.
A larger set of primitives could similarly be usedannotate football games, movies, or
activities observed during surveillance.

Junejo described a technique for constructing aokehotion primitives using
self-similarity matrices (SSM) (Junejo, Dexter, teap & Perez, 2008). These matrices
were found to be highly correlated for a given @ctieven when the action is made by
different actors or observed from different viewgsi SSM matrices were constructed

using two strategies:

1) Trajectory Based Matrix: Multiple points from a person's body are tracked
through a video sequence. A SSM matrix is congtdicghowing the point’s

average displacement between any two frames ofitle® sequence.

2) Image Based Matrix: A bounding box is drawn around the foregroundeioery
video frame and the enclosed region is divided iatdx7 grid. Gradient-

directions corresponding to each cell are compiiéal histograms. A SSM matrix
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is constructed showing the combined differenceistolgram values between any

two frames of the video sequence.

Junejo demonstrated that both strategies yieldadasiresults and could provide

discrimination between nearly a dozen actions.
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Figure 11-26: Action recognition algorithm proposed by Junejo.

Figure 11-26 shows self-similarity matrices (left) being useat faction recognition.
Matrices were produced for each of nine differastioms (center) and a confusion matrix
was produced by comparing the recognition resuight) (Junejo, Dexter, Laptev, &
Perez, 2008).

Duchenne describes a weekly-supervised systencthéd operate on real-world
video (Duchenne, Laptev, Sivic, Bach, & Ponce, 300%ctions (e.g. opening-door,
smoking, drinking, etc.) were compiled using a catep search of movie sequences that
contained those keywords within the correspondingimscript. MSER, Harris Laplace,
and Hessian Laplace features were detected arketrdietween frames. Those features
that moved in respect to the background were setgdeand compared to features
extracted from similarly labeled sequences andtetad using K-means. Actions were
defined using a set of “characteristic movementgiich were movements found to be

consistent between multiple instances. Duchenneodstrated that his system could
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provide discrimination between a small set of b&ravand could provide temporal and

spatial localization of actions within a film.

Clip length
(frames)

Label
accuracy

100 | 200 | 400 | 800 | 1600

19% |43% | 60% | 75% | 83%

Localization o o o | oo | <o
accuracy T4% | 37% | 18% | 9% | 5%

Figure 1I-27: Action recognition algorithm proposed by Duchenne.

Figure 11-27 shows how MSER, Harris Laplace, and Hessian Lapfeatures being
used for action recognition. Examples of charasterfeatures are displayed in yellow in
the left images. A table showing label and locaiora accuracy for test sequences of
different lengths system is shown on the right (brrme, Laptev, Sivic, Bach, & Ponce,
2009).

Another potential application for activity recodait algorithms is to
automatically sort video sequences according tor tentent. Sivic proposed a system
that would allow users to query a database of imagng an exemplar image (Sivic &
Zisserman, 2006). "Visual words" were SIFT desorpthat were indexed in a database
using a strategy resembling Google’s word seargbréhm. Niebles described how the
concept could be extended to video indexing (NebWang, & Fei-Fei, 2008). Niebles
introduced an algorithm that extended the MSER rislaand Hessian feature detection
algorithms into the temporal domain by identifyitnpse features that also offered good
temporal localization. By clustering each videowsate's according to its specific set of
temporal features, Niebles produced a system thatdcautomatically differentiate
between running, walking, clapping, and waving hédrg, as well as between several

figure skating moves including the camel-spin,ghespin, and the stand-spin.
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Figure 11-28: Temporal feature-based recognition #gorithm proposed by Niebles.

Figure 11-28 shows temporal features (small square) being tmedction recognition.
Color assignments are made using the action ladscgated with the nearest feature
match. The large squares display the action ldtzlresults from the contribution of all
identified features (Niebles, Wang, & Fei-Fei, 2R08

ll.v.2 Behavior Recognition

Behavior Recognition involves the high-level anaysof foreground
identification, trajectories, and interactions. § may be used to label behaviors directly,
or may produce judgments on the extent that begawi manner that is safe or unsafe,
normal or abnormal, benign or malicious, etc.

Eng describes a scene-level detection algorithm toaild potentially assist
lifeguards by automatically detecting individuahat are drowning in a pool (Eng, Toh,
Kam, Wang, & Yau, 2003). Swimmers were segmentenh fihe pool background using
a modified background modeling algorithm. Color lg®neity was used to resolve
partial occlusions between swimmers. Descriptorsevassigned to each swimmer that
included: speed; angle; submersion depth; actiatg splash index. A neural network

was trained to associate the descriptor to vidégeeople that were manually classified
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as swimming, treading water, or drowning. The r@sglnetwork was shown to correctly
classify 95.5% of training samples and 94.5% af $asples.

Sillito presented a partially-supervised systemt theas designed to assist
surveillance operators by automatically identifyingdeo segments containing
pedestrians or vehicles that moved in ways thatewerconsistent with typical
observations (Sillito & Fisher, 2008). Such a systeould theoretically reduce the
overall workload of security agents by automaticadlilscarding video sequences that did
not appear to contain suspicious behaviors. Trajest were approximated using cubic-
spline-curves and were normalized to a fixed numdfecontrol points. Curves were
classified using the samples that had been obsewetthat point. If a curve was
considered anomalous, it was sent to an operatorefdafication. False detections were
returned to the system so that they could be iraratpd into the set of “normal” tracks.
After the initial learning curve, false detectideseled off to about 20%. In both human
and vehicle-tracking scenarios, the system didmes a single instance of an anomalous

behavior.

=
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Figure 11-29: Anomalous trajectory detection algoiithm proposed by Sillito.

Figure 11-29 shows the tracks of pedestrians (left) and caght); which are recognized
by the system as being normal (blue) or anomalces) {rajectories (Sillito & Fisher,
2008).
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Xiang described a system that classified human \behavithout requiring
supervised training or object tracking (Xiang & @or2006). Background modeling
algorithms were used to identify, cluster, and segnforeground regions. Every time a
background pixel was labeled as foreground, an tewas recorded at the pixel's
location. A moving object would therefore appearaasequence of events occurring
across the image. This sequence was modeled usitigymamically Multi-Linked
Hidden Markov Model”, developed by the researchansl results were clustered using a
graph-cut algorithm. The system was trained andegsing videos from three different
settings including a roadway, an airport dock, ansimall convenience store. For each
scenario, the system generated a set of eventerduatound the commonly observed
patterns. Clusters were shown to represent distypets of actions. For example, in the
convenience store sequence, autonomously-idengfredts were consistent with: person

entering or leaving; person browsing; person takangan; person paying; and person

shopkeeping.

Paying
&5
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Frame number

Figure 11-30: Action classification algorithm proposed by Xiang.

Figure 11-30 shows a scenario (left) involving customers entgra store, browsing,
taking a can of soda, paying the cashier, andhgavihe system segmented the scenario
into 5 different event types. Events were assigo@drs and their image position are
shown using circles (center). Temporal informatrees shown using a graph displaying
the relationship between events and image frangst)(Xiang & Gong, 2006).
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ll.vi Automated Response

As research into automated surveillance progressisslikely that the focus will
begin to shift from systems that can only soundnasain response to identified
malfeasance to systems that can actively deployptsoln pursue and interact with
observed individuals. Before surveillance capabgitan be extended to robots, a variety
of additional challenges must be addressed. Robbtald possess the real-time
capability to: 1) safely and reliably navigate psisttionary and non-stationary obstacles;
2) build maps of the environment while determinthgir own position and the position

of their targets; 3) Effectively engage with othebbots and people.

[l.vi.l Robot Navigation

Robot control architectures have historically beategorized into deliberative,
reactive, and deliberative-reactive hybrid navigiatsystems (Nakhaeinia, Tang, Mohd
Noor, & Motlagh, 2011).

Deliberative navigation planning has traditionddlgen a top-down approach that
assumes environments are completely and accunaeigsented by stored maps, while
being free of non-static objects that could intexfeiith the robot's motion. Routes are
planned by identifying optimal paths between mapjoedtions and are followed with
inflexible precision. When map or odometry inacciga cause the planned path to
diverge from a safe route, a robot must stop amchidtate a new plan (assuming the
robot can recognize the unknown obstacle or patargence, accurately recalculate its

position, appropriately update the map, and idgiif alternative route).
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Reactive navigation is a bottom-up architecture fiases control decisions on the
local environment as it is perceived through thigots sensors. Although this strategy
allows robots to respond rapidly to dynamic andnavin conditions, it is not well suited
for attaining complex goals.

Hybrid navigation provides the advantage of allayia robot to formulate
deliberate long-term plans; while also offering #adety and flexibility that comes from
a robot’s ability to react to unpredicted haza®lgstems usually separate the deliberative
and reactive components into distinct modules, whin former having access to global
map information and the later receiving sensor rmttion. Data flow and fusion of
module output depends on the specifics of the tacthire (Nakhaeinia, Tang, Mohd

Noor, & Motlagh, 2011).

[l.vi.2 Mapping and Localization

Mapping and localization algorithms are necessaryaflowing robots to track
the position and movements of themselves, theimisembers, and their targets.
Generally, all robots in a system will coordinakeit actions using the same global
representation of the environment, which is oftenegated during an off-line mapping
phase; but can be created (or updated) duringn@nelperation (Thrun, 2002). One of the
most popular mapping strategies uses laser ramgefimformation to iterative build a
fine-grained grid of blocks that represent eithezcupiable space (open floor),
unoccupiable space (walls or obstacles), or unegglepace. Kalman filters produce

estimated positions of both the map componentsoaride robot. Accuracy is improved
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by maintaining multiple hypotheses of the robot@sigon. Particle filter algorithms
iteratively eliminate hypotheses that are leaststant with current observations, and
replaced them with copies of those that are moobahle. Expectation maximization
algorithms have been effective for: connecting m@gtions produced by separate robots
(to assemble global maps); connecting map sec{woduced by one robot (to close
loops); or matching a robot’'s immediate measuremeéntthose on a stored map (to

localize the robot’s current position) (Thrun, 2D02

[l.vi.3 Real-World Surveillance Systems

Developing a surveillance system containing mudtiplobile robots requires the
robust and efficient operation of all system congrua related to the detection, tracking,
and classification of objects of interest; compaeohty the difficulties of operating these
algorithms from different cameras with dissimilaewpoints and non-static fields of
view; combined with the challenges associated vatiot control, mapping, localization,
communication, and organization; all in a dynamealiworld environment with
unpredictable lighting, spotty communication, unpeg obstacles, inaccurate sensors,
etc.

Saptharishi developed an automated surveillanceenmhnaissance system using
multiple robots on ATV platforms (Saptharishi, &t 2002). The system was specifically
designed to avoid the costly and user-intensivaiirements that was necessary in
previous systems including: single platforms witlmtan supervision, power-intensive

sensors, detailed & accurate environmental mapsl esliable high bandwidth
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communications with bulky relay stations. The systeicluded two mobile and four
stationary sentries. Foreground detection was aplshed using a color-based
background subtraction algorithm that was modifiedaccept background-mosaics as
input. This allowed background models to be produgging panning & tilting cameras
as well as using those that were stationary. Setgdearbjects were normalized to 20 x
20 pixel grayscale silhouettes and were comparethsigsupport vectors of previously
trained objects to determine if the region was sq® a group of people, a car, or an
unknown object. The autonomous robot scout portibthe system was only shown in
simulation. A global planner identified locatiomsthe environment that were suitable for
observation and assigned robots to those locatiBadots autonomously navigated
toward the destinations, while avoiding static amal/ing obstacles.

Everett developed a partially supervised real-wstdveillance system that used
multiple robots to monitor warehouse inventory whidentifying potential threats
including intruders, fire, flood, etc. (Everett &aGe, 1999). Robots were equipped with:
sonar for obstacle avoidance; a docking beacorctet®or navigating toward a charging
station; a RF-tag reader for tracking inventoryd &mp sensors for collision avoidance.
A semi-automated dispatch system would assign patdsinstructions to an available
robot. Robots would execute the assigned commamti$ eompletion or until an
exception was identified. If obstacles were encerad, the information would be
reported to the dispatcher, which would provideeralative routes. The system was

designed to handle as many as 32 robots and wgeenation for several years.
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Carnegie developed a small fleet of autonomousrggaobots called MARVIN
(Mobile Autonomous Robotic Vehicle for Indoor Naatgn) that were modified to
interact with people in a friendly and natural wW@arnegie, Prakash, Chitty, & Guy,
2004). The robots were equipped with speech retiogniand speech synthesis
capabilities; and were even provided a head-likgeagdage that could tilt and turn with
the purpose of conveying non-verbal emotional stateluding happiness, sadness,
tiredness, intimidation, submission, affirmativenggative nods, and others. MARVIN
contained a laser rangefinder for navigation, mldtishort-range “position sensitive
devices (PSDs)” for obstacle avoidance, bump sengar collision avoidance, and
odometry sensors. In the security guard implememaMARVIN was designed to scan
its environment until a moving object was identifidf the object was identified as a
human (using walking patterns that were identigahlsing a laser rangefinder),
MARVIN was programmed to approach the person, asktlieir ID, and request a
password. If a correct password was not provideARMIN would demand that the

person leave the premises.



63

Chapter Il Proposed Architecture

Surveillance-type applications may be among thbaedre least restricted by the
inherent limitations of background modeling sinkkeyt commonly have: cameras that are
permanently affixed to solid structures; indoor iemvments that can be controlled; and
objects of interest that will propel themselvesoasrthe visual field. Despite these
accommodating conditions, background modeling @lgms are still not well suited for
robust detection of foreground objects: fixed caasercan cause unrecoverable
disruptions to a model if auto-focus or auto-adjestt kicks in; controlled environments
can present rapid and unexpected changes; anditheceguarantee that self-propelled
objects will maintain speeds that prevent them frassimilating into an adaptive
background model. Given these limitations, altewest to foreground segmentation
would likely be welcome to the field of automatedwillance, and would certainly be
welcome to other areas of computer vision.

As mentioned in the introduction, this dissertatiproposes an automated
surveillance system that has been designed frorhdtiem up using a novel set of image
processing algorithms. One of the most notewordagures of our architecture is that we
have omitted traditional background modeling aldmns, thus eliminating the strict
requirement for using static-cameras. In the trawigti architecture, background
segmentation algorithms are used to identify fayagd regions. These regions are then
described using a reduced set of features andemadk our architecture, low-level

features are first detected throughout the imagd, then independently tracked and
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clustered. By identifying features that move indegently of the background motion,
regions can be segmented and identified as foregrothe remainder of this chapter will
be dedicated to describing the details of our systé will be divided into six
subchapters, corresponding to the six sectionbefRroposed Architecture Outling.
These are as followsll.i Region & Feature Detection; Ill.ii Region Tracking ; IILiii
Foreground Segmentation Ill.iv Foreground Classification; Ill.v Behavior
Description; andlll.vi Automated Response So far, the majority of our focus has been
put on the lower levels of the architecture, witgher levels being used primarily for
providing the demonstrations. This will likely bpparent in the disproportional level of

detail found in the different subchapters.

Ill.i  Region & Feature Detection

One of the most critical and challenging componehtany computer vision
system is the detection and tracking of low-leedtéires. Even small detection errors can
significantly alter the performance of routinestifigr down the pipeline, which often
requires the addition of cumbersome ad-hoc tecksigCompounding this challenge,
low-level detection functions must process huge wams of data, in real time, over
extended periods. This data is frequently corrufitgdhe camera’s sensors (e.g. CCD
noise, poor resolution, motion blur, etc.), theismment (e.g. illumination irregularities,
camera movement, shadows, reflections, etc.), hadobjects of interest (e.g. out-of-
plane rotation, deformation, occlusion, etc.). Redaterest-point detection algorithms

including the Harris-Affine, Hessian-Affine, SalteRegions, SIFT, MSER, and others,
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have shown great promise in their ability to detebject-features in a reliable and

repeatable way, even when objects are shifted eir trientation, scale, illumination,

blur, etc.

Despite the successes of modern feature detectgmritams, they still pose

challenges for use in real-time surveillance appicns:

1)

2)

3)

4)

Many algorithms are computationally intensive aadrot be run in real

time on standard systems.

Since each feature detector typically respondpexific image features
(e.g. corners, lines, blobs), it is often necessamun multiple algorithms

simultaneously, thus imposing further challengegdal-time operation.

Low-resolution imagery, combined with the signifitavariation in

orientation, scale, posture, illumination, etc.tafget objects makes the
identification of high-value interest-points muchs$ robust. This is
compounded by the problem that, in many casesiesitgoint detection
algorithms respond most strongly to the occlusiaunaary between
objects and their background. This is problematicrégion comparison
since there is no guarantee that the descriptdtgemnain unchanged as

the object moves through the environment.

Although interest point models are good at idemtypreviously trained
objects, they are not well suited to surveillangeetimplementations that

require the detection of untrained objects. Sulaetle systems differ
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from typical object recognition systems, in thagytlare expected to detect

unknown foregrounds that have appeared against\arkbackground.

5) Current interest-point detection algorithms freglyen require
computationally intensive model generation andagjerthat can only be
executed as an off-line process. This strategyess ldesirable for
surveillance-type implementations, which are tyjyycaxpected to train
and store foreground models on-line, in real tirkeal-time model
generation is necessary to allow object trackingesmume after objects are
lost during occlusion, after an object temporaeiyts the frame, or when

an object passes from the view of one camera tagke

Mikolajczyk conducted a detailed comparison of thepular affine-invariant
interest point detectors and concluded that theiialky Stable Extremal Algorithm was
among the best in terms of both speed and repégtafdiikolajczyk, et al., 2005).
Despite this success, Mikolajczyk concluded thderent limitations of the algorithm
would likely necessitate that it be combined withecor more complimentary feature
detection techniques. Other researchers have réaoimdar conclusions when designing
robust feature-based algorithms. Sivic found MSERctors and Harris corner detector
to offer a good representation of video framesi¢Sv Zisserman, 2006). It is primarily
for these reasons that we have focused on offenimgwn improvements to the MSER

algorithm for use in our computer vision system.r @umary goal was to produce a
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variant of the MSER algorithm that could offer iraped stability performance, could
detect a wider range of affine covariant featuagsl could maintain real-time operation.

Our algorithm has been designed to detect maxinsédliyle region features, edge
features, corner features, and contour featurésyitlin a synergistic framework that
allows the stability characteristics of each detetd mutually reinforce the others. We
have additionally designed our feature detectigor@hm so that it can be used in the
place of traditional background-foreground segntematechniques. This extension
could greatly simplify a general surveillance systesince the features detected during
background modeling and foreground segmentationldcdoe applied directly to
foreground modeling and search.

The remainder of this section describes the algmst used in our image
processing architecture. For consistent illustmtprocessing steps will be shown as they
are applied to the raw image shownFigure IlI-1 . This image was extracted from a
sequence of images we refer to as our “Homeworusece, which involved a person
manipulating homework-related objects that incladsook, a laptop, a computer mouse,
and a soda bottle. The grayscale version of thgénfeght) is used for the Canny edge
detection. The RGB image (left) is used as inputolar other algorithms. Most images
will be displayed using their actual size, as shdslow (320x240). When it is necessary
to show additional detail, displayed illustratiomgll be enlarged to double size

(640x480).
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Figure IlI-1: Unmodified input images from our * Homework’ scenario.

Figure IlI-1 shows a screenshot containing unprocessed videwef. The color ima

ge

(left) is used for our MSER algorithm. The grayscahage (right) is used for Canny

edge-detection.

An overview of the processing steps involved in @pproach is provided in the

algorithm below, with details offered in the followg sections.

Proposed MSER algorithm overview:

Edge Detection: Uses the Canny algorithm to detdges

Line Detection: Uses the TINA toolkit to identifjnéar segments within the strings of Canny edges
Pixel Scoring: Calculate local texture gradientdiimage pixels in the image

Sorting: Sort pixels using their gradient measunmme

Masking: Mark pixels that are adjacent to Cannyeditd lines as off-limits to ‘blocking’

Complete Blocks: Process ordered pixels: If a pixglompletely surrounded by (non-line) pixels that
have not yet been grouped into a block, form a 8&3vblock containing that pixel and its 8 neighborg

block containing that pixel and any connected agljaanplaced neighbors
Block Scoring: Compute color difference measureséetween all blocks that share an edge
MSER detection: Apply MSER algorithm using pixebbks (instead of pixels) as the primary elemer

Region Expansion: Leaf-nodes in the MSER hieraareyexpanded by incrementally merging
unassigned blocks in order of increasing gradid®egjion information is propagated up the tree ab th
every cross-section of the MSER hierarchy represamtensely segmented image.

Region Pruning: Produce a sparse representatitiredfISER hierarchy that contains the most stable
regions.

Sub-Region Clustering: Group blocks within eachiargin preparation for the tracking phase

Incomplete Blocks: Process ordered pixels: If &phas not yet been grouped into a block, formwa née

]

—
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[l1.i.1 Edge & Line Detection

Edge detection is a popular computer vision toak i8 used to identify image
regions displaying abrupt changes in brightnesses&€hareas are considered useful
because of the frequency at which brightness disudties correlate with important
world-features including depth discontinuities, mgp@s in surface orientation, surface
markings, changes in material, changes in illunmatetc.

Not only are line features robust and reliable, ibig also common for them to
show the boundaries between foreground and backdroun an ideal case, detected
edges would form unbroken outlines around each @énwagion, allowing objects to be
cleanly segmented from the background. The reguttomtour contains potentially useful
and compact information about the object, howerneeal world video feeds, extracting
complete contours can be difficult and error-pro@entour edges are often interrupted
by image artifacts or by regions where contrastlo between foreground and
background. Modern edge-tracing algorithms areoreasly effective at connecting edge
segments and removing stray detections, with pastgssing algorithms offering further
improvements (Loss, Bebis, Nicolescu, & Skurikt2609), but there is still no guarantee
that complete boundaries will be formed. Even iff@et boundaries can be guaranteed,
additional algorithms are required to accomplishdhbtual foreground segmentation.

In contrast to edge detection, the MSER algorithificiently identifies fully
enclosed regions, but it is more sensitive to theality of the color-gradient.
Theoretically, even if two regions have high gratsespanning all but one shared pixel,

that pixel could create enough of a bridge betwdenregions to prevent them from
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being represented as independent detections. Haiacteristic is particularly limiting
when the algorithm is applied to real-world videsiace the image gradient can be
degraded by noise, movement-blur, shadows, reflestietc. Additionally, even when
color-gradient is of good quality, the MSER alglonit still cannot detect a well-localized
perimeter. Since stability is computed as a glgaperty of the region, that region can
only be as stable as its weakest edge. Put siragjgcent regions will grow toward each
other until their separation is breached by a singdnnecting pixel. From that point
forward, these regions will be treated as one, ntaki impossible to precisely identify
pixels that further defined the separation. Farsiitation, consider a colored circle over a
similarly colored background gradient, which ha®rbdlurred to obscure the precise

location of the boundary{gure 111-2 left).

Figure IlI-2: Edge localization from edge-detectim and the MSER algorithm.

Figure IlI-2 lllustrates the challenges associated with usinylER algorithm to
accurately localize region edges. The original iem&shown on the left. Canny edge
detection (black pixels) has been applied to tmeezeamage. An optimal detection of two
MSERs (shown in pink and red) is shown at the righkels shown in blue are not
associated with either region since the two regimesge together before either region
can be further expanded.
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Though simplified, this image resembles a commai-wdrld problem where
portions of the foreground may partially blend irtbee background. The center image
shows the input image after applying an edge detedlgorithm. As can be seen,
boundaries are identified with precision, thoughdiadnal algorithms would be
necessary to segment the foreground circle fronb#taxkground. The right image shows
the MSER algorithm at its optimal threshold valEer clarity in distinguishing between
regions, pixels are colored using the average sabfeall pixels within the associated
region. Blue areas represent pixels that contadignts beyond the current threshold, so
they have not yet been placed by the algorithmeH#xe gradient of the unplaced pixels
is greater than the gradient corresponding to ¢ipeand bottom of the circle and the
circle will merge with its background before anyddmnal pixels can be placed.
Although this algorithm does segment out two dddtimegions, the best possible
estimation of those regions will be missing thosels marked in blue.

In this dissertation, we propose a framework tlahlgines the MSER feature detector
with edge detection, and does so in a way thatepves advantages from each. Our goal
is to efficiently detect maximally stable regiortsat can either be represented using
traditional MSER methods, or can be representedguai connected string of well-
defined boundary pixels. Applying our algorithm tftoe sample image produces the
results inFigure 111-3 . Like in the previous illustration, the left imagkows the original
input image, the center image shows the resuliesdge detection, and the right image
shows the results of our MSER algorithm. In thisraple, our algorithm detected two

regions: one corresponding to the circle; and ameesponding to the background. Since
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the edge detection algorithm is used to confindugm of the MSER, the resulting

outline of our MSER almost exactly matches thahefedge detection algorithm.

Figure I1I-3: Edge localization from edge-detectim and the proposed algorithm.
Figure 111-3 illustrates the proposed solution to the MSER eldgalization problem.

The original image is shown on the left. Canny edggection (black pixels) has been
applied to the center image. The right image shtivestwo MSERs detected by our
system. Our multi-pass region expansion algorithiows edges to be accurately
localized.

Figure IlI-4 shows a real-world example of how our MSER algonitcan
provide reasonable region segmentation. Screensats taken from the “homework”
sequence of images and shows all regions detegtedibalgorithm at the same MSER
threshold. Since region stability is determined hopw long that region can survive
incremental threshold increases, it is advantagémugseful regions (regions with high
correspondence to real-world objects) to surviveugh higher thresholds. The left
image shows the extent that merging has taken plat@ut applying detected edges.

The right image shows the extent of merging withgeeddetection applied as a

preprocessing step.
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Figure IlI-4: MSER stabilization using edge detedbn.

Figure IlI-4 shows a real-world example of how an edge detecslgorithm can
stabilize MSER evolution. MSER evolution withoutgedconstraints is shown on the left.
MSER with edge constraints is shown on the right.

As can be seen, the detected edges have helpeat defundaries between dissimilar
regions, thus increasing the MSER threshold reduiefore those regions merge. This

also tends to improve the quality of the boundatesween regions (e.g. straight

boundaries appear straighter).

[11.i.2.1 Canny Edge Detection

The implementation of the Canny algorithm used s tdissertation was
originally written by David Murray. Phil McLauchigprovided further improvements for
use in the Horatio package of image processingridhgas (McLauchlan & Rahimi,
1992). We selected this version because of its reupspeed and efficient data
representation. For our implementation, we selegedlient thresholds that produced

visually pleasing results using our table-top segeeof images (high_threshold = 5.0 &
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low_threshold = 2.75). The same thresholds werd tmeall our sequences. In all cases,
the Canny algorithm was applied to a gray-scalegamat had been smoothed using a

3x3 Gaussian kernel.

Figure IlI-5: Results from our application of the Canny algorithm.

Figure IlI-5 shows the results from our application of the Gaalgorithm.
Detected pixels only are shown on the left (whif@¢tected pixels superimposed over
original image are shown on the right (red).

[11.i.1.2 Edge Linearization

Since edges detected by the Canny algorithm aregsepted as ordered strings of
edge-pixels, curve-fitting algorithms can be applidirectly to the existing data-
structures. Line and curve fitting is useful be@aidurther compresses the stored data,
can provide useful features for tracking and idexatiion, can allow the computation of
affine-invariant features such as corners or makouevature points, and can be used to
interpret two and three-dimensional structure fgeot or scene reconstruction.

The line fitting algorithm used in this dissertatiovas part of the TINA image

processing library (Pollard, Porrill, Thacker, &dniley, 1987). The algorithm identifies
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straight segments within a string of edges providgdhe Canny edge detector. TINA

also offers a curve-fitting algorithm which was msed here.

Figure I1I-6: Results from our application of the line-fitting algorithm

Figure 1lI-6 shows the results of our application of the liieAilg algorithm.
Detected lines and endpoints are shown on the(\iite). Lines superimposed over
original image are shown on the right (red).

[l1.i.2  Region Detection

As was mentioned previously, the Maximally Stabldr&mal Region (MSER)
algorithm was determined to be among the bestrnmdeof computational speed and
repeatability (Mikolajczyk, et al., 2005). The ddgtxl blob-like features also have
properties that differ significantly from, and cragt nicely with, the line-segments,
corners, and curve-maximals that are detected hergparts of this architecture. The
MSER features are also useful, in that it is easyhtimans to look at, and understand
why features were detected, and what they correspmm the real world. For example,

there can be a reasonable expectation that a gta against a solid background will
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be detected as a green bottle-shaped region. Adtheantage of MSER detection is that
unlike corners or edges, which may represent déistentinuities or borders between
objects, the area inside MSER-detected region &jlgicorresponds with a single object
or a single part of an object. Therefore, when ggimey descriptors for these regions, it
is possible to do so without inadvertently incluglibackground information into the
model.

The MSER detector described in this dissertatiors wasigned to provide a
reliable and relatively dense set of region detesti which have perimeters that are
primarily bound by detected lines and corners, gvlndquiring a minimum amount of
computation. This allows the flexibility of modefjrregions using traditional region-
based properties including the centroid, dimensming best-fit ellipse, color histogram
of contained pixels, or texture of the containedior. It also allows contour-based
models, line-segment reconstructions, or even nsodated on groupings of corners or

curve-maxima.

[11.i.2.1  Pixel-Blocking

Traditional MSER algorithms are designed to opeostendividual pixels. Pixels
are sorted according to their intensity value (Istate-highest or highest-to-lowest), and

are added to an empty image in that order usirigetdollowing algorithm:
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Pixel addition rules using the traditional MSERaithm:

Pixels contain values ranging from 0 to 255
Process all pixels with value ‘0’, followed by pigevith value ‘1’, ... , until all pixels are process
If the pixel is adjacent to one existing region
Add pixel to existing region (increase regiorizeshy one)
If the pixel is adjacent to two or more existirgions
Merge all adjacent regions into the adjacentargyiith the greatest area
Add the pixel to the new region (the new regiaize is the sum of all regions, plus one)
Otherwise: There are no existing regions adjat®tite pixel
Create a new region to contain the pixel (redfiags a size of one)

Once all pixels of a certain intensity value haeer placed (e.g., after all pixels
containing intensity of ‘n’, where ‘n’ is a valueithin the range of 0-255), a

measurement of growth-rate is made for all existegons:

region_areag,y) — region_area )

growth_rate = -
region_area

i = iteration during which pixels of a specific intetysare processed
w = constant value that represents a range of iteimation

If the growth rate exceeds a predefined threshblgenerally means that two collections
of pixels have merged since the previous thresHoldhis case, growth observations of
the previous regions will cease and be stored falbssquent analysis. Growth
information is then reinitialized for the new regidAfter all pixels have been processed,
a hierarchy of regions will have been recordedhwdch region being associated with an
intensity-threshold of first appearance, and aansity-threshold of the last observation.
The optimum representation of this region is debeechto be the collection of pixels that
appeared during the threshold where the growthaas at its minimum. The final

algorithm output detects either clusters of daneels that are surrounded by lighter
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areas (if pixels were sorted lowest-to-highest);lasters of lighter pixels surrounded by
darker areas (if pixels were sorted highest-to-&tfjvelo increase the overall number of
detections, the algorithm is often executed usiitp lorderings.

An obvious extension of the traditional algorithra to incorporate color
information that is available in the image. Thisidae accomplished by applying the
algorithm to each of the three individual color chels (Corso & Hager, 2005) (which
often offers nominal gains while requiring thremess the processing), or by applying the
algorithm to the inter-pixel differences found a&sahe image (Forssen, 2007). Using
this technique, cluster elements (referred to mslpcracks”) are assigned values that are
a function of the color-difference between adjognipixels. Since both vertical and
horizontal “crack” elements are needed to fullembnnect the image pixels, the number
of elements needed is approximately equal to timebew of pixels, times two.

Just like in the original algorithm, the elements sorted and processed in order,
from lowest value (connecting most similar adjoqirpixels), to highest value
(connecting least similar adjoining pixels). Reggrow when “crack” elements connect
adjacent groups of pixels. Region sizes are madt@nd recorded when they display a
stable size over a range of thresholds.

Although the color-based algorithm offers a slightigher number of detections,
the resulting regions tend to be less stable thaset in the original algorithm. This
problem is largely due to the high color similarligtween nearby pixels. Unlike the
original MSER algorithm, which tends to evolve eyethrough the entire range of

intensities, the majority of merging in color vensitends to occur during the first few
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iterations of the algorithm. This makes it difficab distinguish between stable regions
and unstable regions. Forssen offered various Haatan strategies to force region
growth to occur over a greater number of thresholig these strategies inevitably
increase sensitivity to pixel noise. Various smawhtechniques can be used to reduce
pixel noise, but these are somewhat incompatibtd wsolving the original problem of
high spatial consistency.

Besides providing a limited gradient-to-noise ratranning the color-MSER
algorithm on individual pixel “cracks” can be comationally expensive and can also
introduce certain artifacts. Specifically, becao$d¢he way digital images are captured
and stored, thin features in the environment wdl detected very strongly when they
align with the pixel matrix and weakly when theypapr at an angle to the matrix. To
remove this bias, most MSER algorithms require dditeonal processing step to remove
long thin regions. A similar, but more difficulttdiact to identify is when thin strings of
pixels act as bridges to connect adjacent regions.

The algorithm proposed in this dissertation attesriptreduce the shortcomings
associated with processing individual pixels bylgipg a preprocessing step that groups
pixels into slightly larger blocks. Block formatias achieved using a simple greedy
algorithm that clusters pixels into groups rangimgize from 1 to 9 pixels (designed so
each group will fit inside a 3x3 pixel square).teel of spanning individual pixels, the
basic element in our algorithm spans adjacent Blotlere, the element weight is a

function of the color-difference between blockseneach block color is the average of
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contained pixels. A MSER algorithm is then usedytoup block-elements, in the same
way that the original algorithm grouped individpatel-elements.

This blocking strategy is effective at both redggcipixel noise (through the
averaging process), and increasing the variabiitglement weights (since the increased
separation of blocks allows more of the gradienbéomeasured). These advantages are
gained without having to balance normalization vathoothing, as is done in traditional
algorithms. Additionally, the blocking process iased toward finding regions that are at
least 3-pixels thick. This almost completely eliates long thin regions (or regions
connected by thin pixel strings), and does so with@quiring additional processing
steps.

Speedup is achieved by reducing the number oftibexmnecessary for the more
intensive MSER algorithm. For example, our “homeWwosequence contains 76,800
pixels (in each 320 x 240 pixel image); the traaditl color algorithm requires 153,040
elements to represent the vertical and horizorgahections (width x height — width —
height). In contrast, our implementation requiresaserage of 14,649 blocks (5.24 times
fewer than the original number of pixels), and 28,&onnection elements (4.17 times

fewer). The observed speedup using our blockingrdlgn is just over a factor of two.

Pixel-Blocking Algorithm

This preprocessing step was designed to produeceadles input dataset for the
MSER algorithm. It works by enlarging the basicnedémts of an image in a way that

minimizes loss of texture information. This is amled by using the underlying color
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gradient to determine the optimal order to enlairgdividual pixels into 3x3 square

elements. Details will be provided in following seaos.

[.1.2.1.1 Pixel Scoring

The first step the blocking algorithm is to asségacore to all image pixels using
the local color gradient. For efficiency, the geadiis computed using the diagonals of
the surrounding 3x3 pixel-square. Specifically, duore is set to the color difference
between the top-left and bottom-right pixels, plig color difference between the top-

right and bottom-left pixels. Score is then capfmedn integer value between 0 & 253.

weight = \/(Ar— C)? + (Ap-Cp)? + (44 Cg)2 + \/(Br—Dr)Z + (By-Dy)? + (B,- D)
weight = MAX( weight, 253)

A= Top Left Pixel B = Top Right Pixel
C = Bottom Left Pixel D = Bottom Right pixel

r =red channel g = green channel b = blue channel

The logic for using only the difference in gradiextoss the diagonal directions
(opposed to diagonal, vertical, and horizontal)that it minimizes the number of
comparison operations without significantly redgcihe sensitivity to the gradient. Since
images are smoothed before processing, using @lr®unding pixels would be largely
redundant. Diagonal differencing was selected dweizontal and vertical differencing

because the larger separation along the diagoreatsmzes the gradient measurement.
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Figure IlI-7: Detected image gradients shown withcorresponding lines.

Figure 11I-7 shows detected lines superimposed over the detgctetient. Grayscale
pixel values represent the computed value of tHeragradient at that location (left).
Detected lines are added (red) to show the comela@t their position (right).

[.1.2.1.2 Pixel Sorting

Once texture values are assigned to pixels, pessorted in order, from least
textured to most. Since all pixels contain valuéthiw the range of 0 to 253, pixels can

be sorted very efficiently, in linear time, using@unting sort algorithm.

[11.1.2.1.3 Off-Limits Mask Initialization

The proposed grouping algorithm assigns pixelsX® Blocks on a first-come
first-serve basis (described in the next secti®n)keep track of pixels that have already
been placed, those positions are added to annoitf#hask. If the mask has already been
filled for a specific pixel location, that pixel ignored during the placement algorithm.
An advantage of using the mask structure is thalloivs other off-limit locations to be

assigned. For example, the pixels around the insapater perimeter are marked as off-
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limits. This prevents regions from growing agaiting edge of the screen to simplify later
stages of the architecture. Also, pixels correspando the Canny-detected lines are

marked as off-limits to allow them to act as basi® confine region growth.

Figure I11-8: Initialization mask for constraining subsequent region growth.

Figure 111-8 shows an enlarged representation of the initidlipeask. Red pixels
represent those that are completely off-limits égion formation. Green pixels are
adjacent to line pixels and are used as an opttaizdor pixel grouping (described in
the following section).

[11..2.1.4 Complete 3x3 Square Construction

After pixels have been scored and sorted, theypaveessed in order, starting

with those of least texture, and progressing thinoiingpse of greatest texture. In the first



84

stage, complete 3x3 pixel blocks are formed omrrsd-fiome first-served basis. For each
processed pixel, the surrounding 3x3 pixel squsarsearched for pixels that have been
previously placed, or pixels that belong to a liiemone are found, a new 3x3 block is
formed and stored at that location. The correspangiixels are then marked as off-
limits.

It should be noted, that for efficient operatianisi not necessary to check all 9
pixels in the 3x3 square before recognizing that mdgion is available for placement.
Since everything on the off-limit mask has a thiegs of two or more pixels, it is
sufficient to check only the center pixel and thecdrner pixels. To allow this
simplification, it was necessary to thicken theetpixels (shown in green olRigure

[11-8 ). The blocking algorithm is shown below.

Algorithm for detecting complete 3x3 squares:

Process all pixels in order of texture, from ldasgreatest:
If center the pixel is black and the 4 corner [@xae not red: The location is available.
Otherwise: The location is not available.

If the location is available:
Make a new element containing the surroundingsjtare.
Mark the corresponding 3x3 square on the offtlimask red.
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sihf

Figure 111-9: Initial pass of the local pixel clustering process.

Figure 111-9 shows the results after the first pass of our e algorithm. Pixels are
grouped into 3x3 squares on a first-come-first-sdnbasis. Resulting elements are
displayed using the average color of the contapirels.

[11.1.2.1.5 Incomplete 3x3 Square Construction

After every possible complete square has been frraesecond pass is made
through the sorted image pixels. The second pastiies incomplete squares that can
fill the remaining spaces. Depending on the avditgbof surrounding pixels, the
incomplete square can contain as few as one gi&l the center pixel), or may contain

the center pixel, plus between 1 and 7 of the sumdling pixels (if the first-pass
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algorithm functioned properly, it should be impdésito find a location with all 8
surrounding pixels available). To prevent fragmaataof blocks, corner pixels are only
added if one of the adjacent edge pixels has a®m lmadded. The second pass of the

blocking algorithm is shown below.

Algorithm for the second-pass clustering:

Process all pixels in order of texture, from ldasgreatest:
If center pixel is black: The location is availabl
Otherwise: The location is not available.

If the location is available:
Begin a new region element that contains theecqikel.
Add any available edge pixel (pixels immediatetijacent to the center).
Add any available corner pixels (but only if thene adjacent to an edge pixel).
Mark the corresponding pixels on the off-limit shaed.
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Figure 111-10: Second pass of the local pixel clusering process.

Figure 111-10 shows the result after the second pass of outerlng algorithm. Each
cluster contain between 1 and 9 pixels.

[11..2.1.6  Square Connection Scoring

The traditional color MSER algorithm is appliedtb@ set of elements connecting
adjacent image pixels. In the proposed algorithiements represent connections
between adjacent blocks. In our algorithm, blockrmztions are identified by checking
block membership of the pixel at location (x,y)aet the block membership of the

pixel at location (x,y+1). If both pixels corresgbito the same block, or if one of the
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pixels corresponds to no block, that pixel is igrbr Otherwise a new connection is
stored into an array.

After all vertical adjacency relationships are dtest; the algorithm makes a
second pass to identify horizontal relationship®sg pixels (x,y) and (x+1,y). We split
the horizontal and vertical searches to simplifg temoval of duplicate connections.
Basically, the system only stores new connectionsnathat connection contains at least
one block that differs from the previously stor@shgection. Although this strategy won't
catch every duplicate, it does catch most dupli&caRemoving duplicates is done for
efficiency and has no effect on the operation disgguent algorithms.

After connections are identified, they are assigaedeight corresponding to the
difference in average colors between the associdli@tks. Connection weights range
from O to 253, and can be sorted efficiently usthg counting-sort algorithm. The

equation below shows the computation used to datereach connection weight.

weight = \/(Ar— B.)? + (Ap-By)? + (Ag-B,)"
A = Regionl B = Region2
r =red channel g = green channel b = blue channel
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Figure 1lI-11: Connection formation between localclusters.

Figure Ill-11 shows a visual representation of the connectioigivw® between blocks.
Connections are shown as gray lines. Smaller weigbteater similarities between
adjacent blocks) are shown using lighter shades.

[ll.i.2.2  Region Detection

The original MSER algorithm was a type of watershégbrithm that translated
pixel intensities into a three-dimensional surf@oamtour, with dark areas represented
depressions and light areas represented peaksMBiEgR evolution process is akin to
elevating a water-table below the contour. As tlatew begins to fill the lowest lying

areas, the resulting pools are labeled as newnegiduring this flooding process, the



90

surface area of each pool is measured at reguievais. In depressions formed from
shallow slopes, one can expect that the surfacthefpools would increase rapidly.

However, in depressions surrounded by very stedfs,whe pool's surface would be

expected to change little. It is these slowly chiaggpools that are treated as stable
regions.

Keeping with the contour flooding analogy, it canimagined that pools may be
stable at some levels, but may potentially level auhigher levels. As the water fills
beyond this point, expansion may increase, or poalg merge with adjacent pools. This
may then be followed by additional periods of dighiThis process continues until even
the tallest peaks are submerged. At the end dfidbding process, one is left with a list
of areas that demonstrated stability. It can begined, that even if the contour was
changed slightly, the same set of regions shoubavsdtability during a second round of
flooding. The same occurs with images. The thesthat in pictures taken from different
angles, different distances, in different illumioas, or even using cameras of different
qualities, the stable regions should be detectélddrsame places every time.

With the color-MSER, the flooded contour analogi} storks, but instead of applying
flooding to the original image, flooding is appliexlthe derivative of the image. So,
instead of having peaks and depressions corresppitaliight and dark areas, there is a
flat landscape representing low texture regiond,lagher levy features representing
places where the color changes rapidly. To imptbheecontinuity of these levies, our
line detection algorithm figuratively constructslisdahat reinforce the existing levy

systemFigure Il1I-12 shows an example of how region evolution mightuodor one



91

image pixel corresponding to the backpack foundun“Homework” sequence. In this
example, the region containing the pixel displdysraating periods of slow and rapid
growth. It is these periods of slow growth thatgesgys that a stable region has been
found. As can be seen by this illustration, theeoften multiple levels of nested
detections that form a hierarchical tree. The addhe tree corresponds to the final

threshold, a point where all regions have mergaalone.

70000
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700 -

70+
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1 15 29 43 57 71 85 99 113177141 155 169 183 197 211225 239 253

Figure 111-12: MSER evolution history of one pixel.

Figure 111-12 shows how region size varies with time. For conpess, only the top-left
portion of the image is shown. The red arrow shomes location of the pixel being

tracked. The y-axis of the graph shows the areanly@n of pixels) of the region that
contains the given pixel. The x-axis shows the @voh threshold (corresponding to the
water-table in the previous analogy). The blue Bhews how the region size increases
with increasing thresholds. The images on the rigintw stable regions. The first
(bottom-right) corresponds to part of a patch anliackpack. The second shows a stable
period involving the entire patch. The third imageows a detection of the whole
backpack. The final image shows the end of theutivwl process, where everything in

the image has merged into a single region.
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Region Detection Algorithm

The traditional algorithm operates on a set of elets that connect adjacent
pixels. These elements are processed in order fr@mmost similar pixel pairs, to the
least. Our MSER algorithm operates in a similar whyt instead of operating on
adjacent pixels, it operates on elements conneatiifcent pixel-blocks. Each element is
assigned a weight related to the difference inrcbltween the two associated blocks.

Elements are sorted from lowest to highest weigltare processed in that order.

Algorithm for region detection:

Process all block edge elements in order, front i€ggo greatest (253):
If the block is adjacent to one existing region
Add block to existing region (increase regionzedy one)
If the block is adjacent to two or more existiegions
Merge all adjacent regions into the adjacentargyiith the greatest area
Add the block to the new region (the new regiaiz is the sum of all regions, plus one)
Otherwise: There are no existing regions adjatetite block
Create a new region to contain the block (redjias a size of one)
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Figure 111-13: Example of region growth taken at threshold one and four.

Figure I1I-13 illustrates the early stages of region evolutiBereenshots were taken
after threshold 1 (left), and 4 (right) of the MSIERstering process. In the left image,
the majority of blocks have not yet been placed #rose that have been placed are
mostly small. In the right image, blocks correspagdto low texture portions of the
image have already merged together to form larggions, while more textured areas
(e.g. the hand or mouse) are still absent. Pixedgyaed to a region are colored using the
region’s average color. Unassigned pixels are shavatue.

For efficient storage and sorting, element weiglrts restricted to the range O-
255. All elements of weight O are processed fidtpwed by weight 1, and so on. After
all elements of a particular value are processedtieg regions are analyzed and their
rate of growth is recorded. Regions are left tolev@s long as their rate-of-growth is
declining. If an increase in growth-rate is obsdrvéhe state of the region before

accelerated-growth is recorded as a new MSER catddidhe algorithm continues until

all texture elements have been processed.
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Figure 1lI-14: Example of region growth taken at higher thresholds.

Figure II-14 shows screenshots of the MSER clustering procetsey appear at higher
thresholds. As thresholds increase, smaller rego@ge into larger regions, creating a
hierarchical collection of regions. The root ofstistructure is the region corresponding to
the entire image, which is found after the hightaseéshold. From left to right, top to
bottom, threshold values are 8, 16, 32, 64, 12858&.

The process of storing regions of incrementallygéar sizes produces a
hierarchical tree of formed regions, with tree-lemvepresenting initial clusters, and the

tree-root comprising all pixels in the image. Sitive criteria for selecting regions is very

simple, this portion of the algorithm produces ayvéarge number of detections.
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However, because detections are stored in thigcigical tree structure, traversing and
culling portions of the tree can be done simply asldtively efficiently. This will be

described in more detail in the next section.

Figure 1lI-15: Hierarchical organization of detected regions.

Figure 111-15 illustrates the hierarchical nature of detectegiors. Image O is the tree’s
root and contains a single region covering therenimage. Images 1-6 contain
incrementally smaller detections, with the top imagntaining the first regions to form,
which are the tree leaves. These images can besesgied as a sparse collection of the
most stable regions (shown), or as a dense satinorg complete image segmentation at
every tree level. Blue areas represent those thabticorrespond to a stable region.
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[11..2.3 Region Expansion

In the Edge & Line Detection section, we argued @anny edge detection offers
better line localization than the MSER algorithmalihg use of the improved contour
precision required an additional modification te tMSER algorithm, which we call
region expansionFigure IlI-16, shows the results of the proposed algorithm (yigh

against the traditional algorithm (left).

Figure I1I-16: Example of how region expansion canmprove edge localization.

Figure IlI-16 compares edge location using the traditional andpgsed MSER
algorithm. The left image shows the unprocessedyéndhe center image shows two
regions obtained after ideal MSER detection (thetered red ellipse appears as one
region, and the pink background is the second).blihe pixels represent those cannot be
assigned to either region (since the gradienthefunplaced pixels are greater than the
gradient separating the circle from the backgroumt right image shows the results of
our algorithm after region expansion has been agpli

Region Expansion Algorithm

As has been mentioned, our algorithm incorporates@anny edge detector to

guide the region clustering process and to offerenpoecise localization of region edges.
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Even with edges guiding MSER evolution, it is gtitissible that gaps in the contour will
allow regions to merge before higher texture pixelse been added. To maximize the
extent that clustering can take place and to madnthe precision of our region-
contours, we apply a two-phase grouping process. fifbt phase was explained in the
previous section. This produces a hierarchical tE®SER detections. In the second
phase, the leaves from the hierarchical tree a#d as seeds. Pixel blocks that could not
be assigned during the first phase are then addedfwst-come first-serve basis during
the second phase. This merging process expandsaves of the MSER hierarchy to the
point where every pixel in the image is containgdekactly one leaf-region. Since the
MSER hierarchy preserves relationships betweenrtgibns and all regions containing
those leafs, region filling that occurs at the lieakl can easily be propagated up the tree,
thus filling out regions at every level. After paggation, every region will be expanded to
their maximum amount (without overlapping adjacesgions), and any cross-section of
the hierarchical MSER tree will produce a fully sespted representation of the image. It
should be noted that although dense image segrmantatight be useful for some
applications, it is not necessary for our particalpplication. To minimize the number of
regions we model and track, we prefer to use dmymost stable subset of regions from
those we have available. Therefore, subsequengseptations of our MSER tree will

show a sparse set of regions.
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Figure [lI-17: Example of region expansion.

Figure 1lI-17 illustrates the results of region expansion usng algorithm. The left
image contains only leaf regions. These are rediosiswere detected in the initial stage
of MSER evolution and cannot be subdivided into ltenaegions. Regions contain small
holes and rough edges due to the fact that highe¢ured pixels were not added to the
image until after the leaf regions merged. Thetriglage shows leaf-regions after these
additional pixels have been placed. It should bedahat at this point of our algorithm,
there is obvious over-segmentation at the lowegliewf the hierarchical tree. This occurs
because we maintain very lax criteria for selectamginitial set of regions. We use
higher-level algorithms to remove regions that Bres stable. This process will be
explained in more detail in the next section.

[11..2.4 Region Pruning

The primary goal of traditional MSER detectionasidentify a set of regions that can be
detected with high probability, regardless of viemp changes, changes in depth,
lighting intensity, or even changes in camera fodis test the fithess of a detection
algorithm, they are often put through a test sthiégd measures the ability for detections to
be repeated against images containing these wgtiConsequently many of the
detection algorithms are designed specificallyedgrm well on this type of test and one
way to improve results is to apply various prunadgorithms that reduce the overall

number of detections while preserving those thatnaost stable. When dealing with the
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MSER, these steps are often based on low-levalifestelated to the region’s physical

dimensions or characteristics measured during M$&mation. Typical criteria for

culling regions are as follows:

1)

2)

3)

4)

5)

Growth Duration Threshold: Regions must exist for a predefined number of

iterations during the MSER evolution process.

Size Threshold:Regions must be larger than a predefined size.

Thickness Threshold:Regions must be greater than a certain thicknessally
one or two pixels), as very thin structures areegally only stable when aligned

with the image pixel.

Relative Region Stability: If multiple regions of similar size and locationear
found to be nested within one another, only thetratadble one within a specified

range of sizes is preserved.

Absolute Stability Threshold: Regions must have a stability measurement that is

above a predefined value.

Depending on the particular application, a possiiadvantage to using test

suites to tune detection algorithms is that theicédn in total detections may also reduce

the extent that detections cover an image. In sappéications, an object of interest may

not have sufficient texture to contain any strongtectable features. In these cases, it

might be more useful to have low stability featyumasher than having no features at all.

Our algorithm attempts to increase image coveragmigh modifications that make the
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region detectors behave in a way that more resemivlage segmentation. To this end,

our pruning operations are tuned to identify stabtgons that favor image coverage over

simple stability. Below is a list of modificatiorthat we have applied to the typical

pruning algorithms:

1)

2)

3)

4)

5)

Growth Duration Threshold: We remove this requirement, primarily because

we find over-detection desirable in the early ssagfepruning.

Size Threshold:We use a minimum region size of 32 pixels. Thisigicantly
reduces the total number of detected regions, wiréserving features that are

large enough to track.

Thickness Threshold:We remove this requirement. The preprocessing \step

use to cluster pixels into blocks eliminates séngtto this particular artifact.

Relative Region Stability: We compare the stability measurement of each region
against those that are larger or smaller. Withnarege of 10% larger or smaller,

only the most stable region is preserved.

Absolute Stability Threshold: Traditionally this threshold is applied to a score
based on the region’s rate of growth. We insteasl aug own perimeter-based

stability measurement.

In summary, our algorithm eliminates two of theefikommon pruning strategies

that are implemented in similar algorithms. We atsodify one of the stability-based

pruning mechanisms so that it takes advantage eoetlye features we have available
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from our Canny detection algorithm. Our strategyoisliminate regions that have low
overall stability by removing regions that displeyv-quality contours. Since contour
guality is directly related to the region's stdbilithis is not an unreasonable approach to
take. This approach provides the additional adygntaf maximizing the extent that
edges are present on detected regions. These adgessed to construct lines and

corners, which aid description, tracking, and modebf each region.

Figure 111-18: Example of region culling.

Figure 111-18 shows the results of our culling operation. THeileage contains the set
of regions before our culling operations. Herere¢hare detections related to shadows,
reflections, faint textures, image noise, and otbss stable information. The right image
contains the regions after culling. The minimumesigquirement accounts for the largest
reduction in the overall number of regions. Ouretigsed stability threshold removes
the second-greatest number of detections. Thesbevilescribed further in the following
sections.

Region Pruning Algorithm

As was mentioned iRegion ExpansiofSection IILi-111.i.2.3), a unique aspect of

our MSER algorithm is that we apply a second roahdlustering that fills gaps within
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regions and helps maximize the precision of regemmtours. Since our pruning
algorithms rely on accurate region sizes and caontoue delay pruning until after the
Region Expansiophase. Pruning is then applied directly to thedn@hical tree structure

that is constructed using the parent-child relatiops of our detected regions.

[11.1.2.4.1 Size Threshold

The MSER algorithm functions by identifying periods stability that emerge
during the iterative expansion of image regionic8iexpansion is measured as a
proportion of current size (instead of using theaddbite number of added pixels), small
regions are more effected by noise and small takturegularities. This creates a
problem where statistical fluctuations in growthusa small regions to be incorrectly
identified as stable. This is particularly probldimavhen using our blocking algorithm,
because of the increased size of our block-elermrdr individual pixels). Since our
algorithm uses line-based stability as our prinfaness measure (describedRerimeter
CompleteneséSection lll1.i-111.i.2.4.3)), we do not considdrg imprecision in traditional
MSER stability measurements to be a significantwbiack, especially given the
performance benefits allowed by our use of pixelcks. We do however still find it
necessary to remove the large number of small negiwat occur.

The typical strategy for reducing inaccuracies tabgity measurements is to
ignore smaller regions and regions that have natsifficient time to display a pattern of

growth. In our algorithm, regions are only consetkif they have existed for more than
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two merging iterations and if their size exceedspB&ls. This value is selected as it

provides a reasonable amount of detail to resdigeobjects found in our experiments.

[11..2.4.2 Relative Region Stability

Since the MSER algorithm is specifically designeddetect regions that are
nested within other regions, it is common for deters to appear, which are nearly
identical in terms of size, shape, and locatiomc&ithese duplicate detections provide
little additional value, it is desirable to remotleem. For our implementation, we have
elected to remove all but the most stable. Eaclowf regions contains a stability
measurement, which is inversely related to the oatgrowth over a predefined number

of MSER iterations. Here we use a window of 4 iiierss.

count y — COUNt(;_;
Stability = 1 — ® (i-window)

count(i)
window = number of growth iterations over which region size is measured
count = region pixels during the final iteration of MSER evolution

count;_yny = region pixels at 'win'iterations prior to the final iteration

The stability score is used to find local maximahe MSER hierarchy. Regions
are removed from consideration if their score &sléhan that of a parent (grandparent,
etc.) or child (grandchild, etc.) of similar sizkx our implementation, a region is
considered to have a similar size if the contaimeshber of pixels is within the range of
10% larger or smaller. The culling operation is laggpusing an algorithm that traverses
the MSER Hierarchy tree, and operates as is shalowb In the tabletop sequence of

images, this culling operation removes about 1589% of the total number of regions.
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Algorithm for culling regions of similar size:

Set maximal flags in all regions to true.
For each region:
Iterate through the region’s ancestors (pareahdparent, great-grandparent, etc.)
If the ancestor’s size is larger than 110% ofrdgion’s size:
Break out of loop (stop checking ancestors)

If the ancestor has a score that is better thameggion’s score:
Set the region’s maximal flag to false

Otherwise:
Set the ancestor’s maximal flag to false

Remove all regions that have maximal flag set

It should be noted that this culling operation @gkly unnecessary for the
implementation of our algorithm. If this operatiaas not applied, the regions that would
have been removed in this step would instead beovedh by the line-based culling
operation shown in the next section. The primagsoa for using this operation is
because it requires minimal computation and hastfeet of significantly reducing the
height of the MSER hierarchy tree. Since the edficly of subsequent algorithms is more
computationally intensive and is a function of tresght, this step was added primarily

to improve overall efficiency.

[11.1.2.4.3 Perimeter Completeness

In keeping with our overall strategy of unifying ged detection and region
detection, one of our primary culling algorithmsdissigned to remove unstable regions
by removing those that have low quality contouriscs region stability is ultimately a
function of the bounding contour, contour quality $something the color MSER

algorithm measures anyway. However, where traditi@tability measurements make
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their determinations using the weakest link of theundary, our contour-based
measurements increases the extent that the eotiredhry is considered.

In Region ExpansiofSection IILi-111.i.2.3), we described a secondsp grouping
algorithm that merges unplaced high-texture pixets detected regions. The primary
reason for this additional growth-phase is to expaach region's perimeter to the
maximum extent. After doing so, portions of theimeter (that are not touching the
screen borders) will either touch edges detectetthéyCanny, or they will touch adjacent
regions. We base our culling operations off theuasgion that region boundaries
containing Canny-detected edges are more relillale those lacking detected edges. To
guantify this premise, we assign a score to eagiomehat is based on the ratio of pixels
that touch Canny-edges, to total number of perimateels (excluding pixels around the

image borders).

(p ixelscanny_edges)

(plxelstotal_perimeter - plxelscanny_edges - plxelsimage_border)

score =

We apply a simple threshold for removing less stafgntours. If the number of
Canny-detected edge-pixels in the contour is leas half the total number of pixels, the
region is removed.

Although this fitness score is reasonably strafghard, counting the number of
edge, and non-edge pixels in the perimeter requaessignificant number of
computational iterations. Because regions are desithin other regions, each edge

pixel can be included in 'h' number of differengioms, where 'h' is the height of the
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hierarchical tree. It is this reason that we use l#ss computationdRelative Region

Stability (Section IILi-111.i.2.4.2) culling operation fits

[11..2.5  Sub-Region Clustering

Once stable regions have been detected, it is lusefiescribe those regions using
a reduced set of features. Our complete featureaskétbe described inFeature
RepresentationSection llLi-Il.i.3), though here we describ@ algorithm that will
specifically allow our color-related features todfciently computed.

The simplest way to represent a region’s coloraioto assign a value, which is
the average of all pixels contained by the regibmough fast and compact, this value
may not adequately represent the region, espeddhgt region contains pixels of varied
color. Alternately, a color histogram is bettertediat describing the entire composition
of the region, but requires considerably more caipan and storage. Both strategies
are useful in their ability to produce models thahain consistent, even if the region is
translated, rotated, or deformed. There are timesever, when it might be desirable to
create models that record the spatial distributbreolors in a compact way, as this
information could be useful in identifying the artation of a region. This representation
usually requires a sparse sampling of pixels actbssregion, or the extraction of
averages taken from small groups of pixels.

Regardless of the model-type being constructethoace must generally be made
between constructing the model during MSER evolytior delaying the modeling

process until after stable regions have been ifiedtilf the modeling operation is done
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during region formation (bottom-up approach), oeahis required to store and combine
the models during the many merging events that pédee. This is especially prohibitive
when models are of high dimensionality. If the modgoperation is delayed (top-down
approach), then a second pass must usually be themleggh each region’s pixels. This
again might be computationally intensive, espegiallplaces with high region-nesting,
as modeling the regions will require every pixeb®processed multiple times (once for
every level in the MSER hierarchy).

Since color models are an essential part of ouritecture, we have attempted to
optimize efficiency by combining both bottom-up ao@-down approaches. The models
themselves are constructed after all regions haen bdentified and after less stable
regions have been pruned. However, as the basidinmiblocks for these models, we
use color averages that represent small clustersinoilarly-colored pixels (clusters
contain 12-18 pixels). Clusters are formed usingiragle-pass preprocessing step that

resembles the greedy algorithms described in pusvdections.

Sub-Region Clustering Algorithm

In Pixel-Blocking(Section 1lLi-111.i.2.1), a greedy algorithm wased to combine
neighboring pixels into blocks containing betweeantl 9 pixels. Adjacent clusters were
then linked by a set of connections with valuesesponding to the color differences
between blocks. These connections were sorted e gsed to form stable regions. Our
sub-region clustering algorithm uses the same fsebrnections, processed in the same

order, but instead of allowing sub-regions to giadefinitely, they are limited to a size
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that provides the desired cluster sizes. For qgordhm, we set the maximum sub-region
size to 18 pixels. This process fragments eacloneigito a set of sub-regions, which can
be used to provide detail about the distributioncofor across each region without
requiring individual pixels to be stored and praaes This algorithm only needs to be
executed once on the leaf-level of the MSER pyramidl are subsequently propagated

up the tree.

11
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Figure 111-19: Example of secondary clustering.

Figure 111-19 shows the result of our sub-region clustering @lgm. The image on the
left shows our original blocking algorithm. The igeaon the right shows the effects of
the secondary clustering algorithm. These clusterdarger and less varied in size, while
still preserving the boundaries between regions.

1.3 Feature Representation

Traditionally, computer vision algorithms are desd to operate on a specific
feature set, and a specific toy problem is usecatmlate the approach. If an edge-based
algorithm is used, then the input dataset willljkeontain objects that display prominent

edges. Color-based algorithms are often appliediitieo-feeds containing colorful
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foreground objects. Contour-based algorithms oftequire stationary cameras and
background modeling, or backgrounds devoid of aeyture. Feature-detection
algorithms usually involve objects with prominentface patterns. Although many of the
accommodations made for these algorithms may lsonadle in certain contexts, they
all detract from the real-world applicability ofetfalgorithm.

The primary focus of this dissertation is to prés@momputer vision algorithm
that synergistically combines multiple feature d&ies into a single real-time
architecture. The idea is to provide an all-purpalgerithm that could seamlessly handle
real-world environments. The previous section ptesithe motivation and details behind
our region detection algorithm. The current secti@scribes some features that can be
efficiently extracted from these regions. For thestnpart, these features are unique to
our algorithm and cannot be easily extracted fragians detected by traditional
algorithms. This is not an exhaustive list, but gidaclude features used in our

demonstrations.

[1.i.3.1  Ellipse Pyramid

One of the simplest ways to represent a regiorsiisguthe centroid, orientation,
and dimensions of the best-fit ellipse (computethgi¢he mean and variance of the

contained pixels). The color is generally represéntsing the average RGB intensities.



110

Figure [11-20: Hierarchical organization of ellipt ical features.

Figure 111-20 shows the set of ellipses corresponding to thesatiens in our
“homework” scenario. The images are arranged tovshe hierarchical arrangement of
the regions. The top image shows the ellipses sporading to the stable leaf regions.
Images further down the stack show increasinglygdarregions resulting from
incremental merging. Stable regions are represeyethe second-degree moments of
their contained pixels.
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[11.1.3.2 Mixture-of-Gaussian

One of the simplest strategies for modeling a m@gi@olor is to use a single
value that represents the average color of allatoetl pixels. Because of its simplicity,
this representation offers little information abdl distribution or variability in colors.
Additionally, averages tend to be affected by ewtWalues, which can be caused by
illumination, shadows, reflections, or the presentdackground pixels that may have
found their way into the foreground model.

A slightly more descriptive color model involvestbombination of one or more
Gaussian distributions. For our demonstrationspwelel regions using a two-Gaussian
distribution. Since the MSER algorithm is desigteddentify regions that are relatively
homogeneous, we believe that two Gaussians aneisaffto model the coloration while
being more resistant to outliers.

A mixture of Gaussian model is usually construdigdteratively adding region
pixels to the Gaussian in the model that most sgmis that pixel’'s color. Our only
modification to this algorithm is that we insteaglthe average values extracted from the

Sub-Region Clusteringrocess (Section llL.i-111.i.2.5) described prewsty.
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Figure 11I-21: Example of pixel clusters being eficiently represented as circles.

Figure IlI-21 illustrates how the information pertaining to lboas and colors of
individual pixels (left) is reduced to locationsdanolors of pixel-clusters (right). This
simplification significantly reduces the amountimfiormation to be processed and stored.
Original pixel clusters (left). Simplified represahon (right) preserves important
information about distribution of colors in the igea
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Figure 111-22: Examples of regions detected fromfie ‘Homework’ scenario.

Figure 111-22 shows how different regions appear after our algor has extracted them
from the “homework” image, and after grouping indival pixels into clusters. The
central picture shows the clusters from all regi¢gsmaller regions printed over large
regions). The surrounding pictures show the clgstantained by eleven individual
regions.



114

[11..3.3  Perimeter Tracing

Background modeling is one of the most populardgoyand segmentation tools
used in computer vision. As output, the algorithemerally yields a binary image, with
every pixel in the foreground being assigned oneeyaand background pixels being
assigned a second. Although the resulting foregtailhouette lacks the original texture
and color information, researchers have found thiatrepresentation provides sufficient
information for object recognition (Stein & HebeB)05), pose recognition (Cheung,
Baker, & Kanade, 2003), and even gait (Makiharaga®&a, Mukaigawa, & Echigo,
2006) and behavior recognition (Eng, Toh, Kam, Wafagrau, 2003). Because of the
popularity and utility of contour-based modeling@ithms, and because of the ease at
which contours can be extracted from the regiormlyced by our algorithm, it is a

reasonable extension for us to provide this cajpgbil

Perimeter Tracing Algorithm

Traditional contour extraction algorithms are usuapplied to the binary image
that results from foreground-background segmentati®avlidis, 1982). The algorithm
begins by stepping across every pixel in the imagel a new foreground region is
identified (one that has not been outlined in aviogs step). When a foreground pixel is
located, that pixel is labeled as the first pomtthe contour. From there, the algorithm
iterates around the remainder of the contour, regjogach new pixel in the order that it is
discovered, until all border pixels have been idieat and stored. The algorithm then

resumes its search for additional foreground region
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Our contour tracing algorithm is similar to thediteonal approach, but instead of
processing a binary image, we process images thalensely populated with multiple
regions. To make this dense representation possat pixel contains an integer value,
which is the unique index of the region that ocespihat location. To accommodate
region nesting, a separate image is required feryelevel in the MSER pyramid. Region
images (‘RI') are constructed and contours areettaane pyramid level at a time using

the following algorithm.

Algorithm for identifying perimeter pixels:

For all levels .o = Lj=otg in the MSER pyramid
Reset all pixels in the image ‘Rl to zero
For all regions Ry 2 Rz in level L
Initialize the perimeter seed,ft) to the upper-left coordinate of the image
For all pixels B-g > Py-tta in region R
Add the unique index of region ® image ‘RI’ at the location of pixel,P
If coordinates of pixel fAs lower-right of seed {%) then set seed to coordinates gf P

For all regions Ry 2 Rz in level L
Pixels in ‘RI matching the index of,Rre ‘foreground’. Other values are ‘background’.
Starting from seed (ry), iterate around the region of ‘foreground’ pixels
Record each encountered perimeter pixel to reBio

As each contour pixel is identified, a determinatis made as to whether or not
that pixel corresponds to a Canny-detected edgeé.dibes, then the corresponding line

information is stored along with the perimeter nf@ation.
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Figure 111-23: Examples of extracted perimeters.

Figure 111-23 shows the results of our perimeter tracing alparmit The center picture
shows the contours from all regions. The surroupgicture shows the contour of eleven
individual regions. Green pixels represent those #ine adjacent to edges detected by the
Canny algorithm. Red pixels represent those treahat adjacent to detected edges.
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[11..3.4 Perimeter Lines & Corners

Once a contour has been extracted, it is sometirsefsil to further compress the
information by identifying lines and interest pantinterest points are generally
identified as being corners or maxima in contourvature. Most algorithm require
additional algorithms to identify these featuresit Isince lines have already been
extracted in the initial phases of our region d@becalgorithm, identifying lines and

corners in the contour can be done much more simply

Perimeter Lines & Corners Algorithm

As was mentioned in the Perimeter Tracing sectidter each perimeter pixel is
identified, any associated line information is stbalong with the perimeter. This greatly
simplifies the linearization of the contour, siree algorithm only needs to identify the
subset of existing lines that corresponds to eaglon. This can be done relatively easily
by stepping through the contour and recording aspeiated lines. Along with the lines,
new endpoints can be identified by finding the twost distant contour points along the
line. The subsequent identification of corners lbardone by stepping through the stored
lines and storing the points of intersection betwadjacent lines. If adjacent lines are
separated by a gap, the corner is assigned todim @n the contour that is half-way
between the endpoints of the corresponding linestetiuce the total number of corners

detected, we use the following corner reductioteda:



1)

2)

3)

4)

118

A corner's corresponding lines should not be para#ll: Since nearly-parallel
lines provide corners that are unstable in termsboth repeatability and
localization, it is not unreasonable to discarcséhaVe require a minimum angle

difference of 5 degrees.

Only one corner is recorded for any given line-pair Since corners are
identified using transitions between lines along tiontour and not by using the
actual point intersection between the lines, midtidetections are possible.
Additional detections will occur close to the initidetection and provide no
additional value. It is therefore reasonable tccalid them. For simplicity, we
discard all but the first transition point, thoughe could also select the point

closest to the theoretical intersection of thedine

The endpoints of a corner's corresponding lines maisbe sufficiently close

together: When gaps are found between adjacent lines, usiglly means that
the gradient at those locations were not promieaonugh to be detected as edges.
To reduce the number of unstable corner detectibns, not unreasonable to
ignore corners detected at these locations. Wectselemaximum distance
threshold of 16-pixels. This distance is measurgd sbkepping around the

perimeter from one line to the other.

A corner must be sufficiently far away from adjacen corners: Since real-
world corners are often imperfect, there may beesd\wsmall “corners” detected

on either side of the actual corner. These offeradditional value and it is
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reasonable to discard them. We select a minimutartie threshold of 4-pixels.
Again, for simplicity, we give priority to the fircorner detected, though a better

solution would likely be to select the most pronmheorner in each grouping.

Figure I1I-24: Examples of line and corner detecton.

Figure I11-24 shows the results of our perimeter lines & corragorithm. The center
picture shows the lines and corners from all regjidrne surrounding pictures show the
lines and corners of eleven individual regions.esirare shown in green, line end-points
are shown as small green circles, and cornershargrsusing a red 'x'.
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[11.1.3.5 Color-Perimeter

Although contours can be useful in identifying a@natcking objects, the overall
descriptive value can be relatively low, especiallyen used on regions that undergo
deformation or complex transformations. As mentimeMixture-of-Gaussiar{Section
l11.i-111.i.3.2), color models may be better suitéal track non-rigid objects, but that too is
limited in their ability to distinguish regions frothose that may be similarly colored.
For illustration, consider the problems involvedhwiracking a hand as it moves through
a scene. Not only will the texture and shape chasigaificantly during reaching,
grasping, or manipulation of objects, but even rieasured color will fluctuate as the
hand moves through bright areas and shadows. Gineemariability of the hand itself, a
reliable model would likely require additional imfoation from the scene. Many
approaches attempt to track the hand as beingopam entire articulated model of the
human, but this introduces additional problemsgeglly when the entire person is not
visible in the scene.

In simple scenes, fully articulated human models/ ha overly complex and
inflexible, while simple region models are stillsisfficient in their complexity. Our
approach attempts to balance both complexity aedidflity by using adjacency
information to construct simple multi-region modela the simplest application, an
articulated model could be constructed from twosgitally connected regions, each with
known approximate coloration. In more complex agilons, models could be formed

from multiple regions that display a history of mgiin proximity with one another. To
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maintain generalizability, our system might ultielsitallow the automatic detection of
models by gradually acquiring adjacency informateer multiple video frames.
Adjacency models are constructed using the sma#itets of similarly colored
pixels described iBub-Region Clusterin(Section Ill.i-11l.i.2.5). By pairing each cluster
on the inside of a region's perimeter to a clugiand on the outside of the perimeter, a
set of color-pairs is formed. Although we currenie these pairs only for tracking, we
hope to eventually use them as the basic unitddding color models. When identifying
the pattern of regions using a single frame, itaspossible to identify which regions are
adjacent because they are physically attachedwarnth are adjacent because one object
is touching or occluding another. We hope that tagking our contour features over
time, it would be possible to probabilistically feifentiate between these types of
adjacencies, thus allowing the automatic conswuctf increasingly complex color

models.
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Figure 111-25: Example of color-perimeter represertation.

Figure 1lI-25 shows results from our color-perimeter algorithiime center picture
shows the perimeters from all detected regions.stinemunding pictures show the color-
perimeter formed around eleven individual regiddiscles are shaded using the cluster’s
average color. Green borders identify clusters #@ma on the internal edge of the
perimeter. Red identifies clusters lying on theeowdge. Every inner cluster is paired
with one outer cluster.
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Color-Perimeter Algorithm

The naive approach to identifying adjacent clustevald be to use cluster links
established in the MSER portion of the algorithny.i®rating through these links while
storing only those that form unique cluster palitsough simple, there are two problems
with this approach. First, this requires links ® ffiresent for every possible adjacency.
This is problematic because the current MSER algoridoes not store adjacency links
when clusters are separated by Canny edges. Althdugould be relatively easy to
modify the MSER algorithm to facilitate this strgye it would add computational cost,
and still wouldn't eliminate the second shortcomifige second problem with the naive
approach is that when long thin sub-regions foreyttend to stretch out along the
boundaries between regions. Not only does this cedihne connectedness between
regions, but the color of these sub-regions tengetdarkened, muddy, and dissimilar to
the colors found in either individual region (sinm@ors of the two region tend to blend
toward their boundary). Forming cluster pairs usomyy direct adjacency information
would primarily connect the elongated clusters ofels on the interior of a region
boundary to those on the exterior of the boundiuys reducing their overall descriptive

value.

[11.i.3.5.1 Color-Pair Assignment

The idea behindolor-Pair Assignmenis to form a network of regularly spaced
links between adjacent regions, where each linkneots a pixel cluster from one region

to a cluster in the second region. To form the oekwevery cluster from every region
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must be linked to all nearby clusters outside tiegion. Our algorithm links cells that

have centers within a max-distance of 6 pixels femnh other. The linkage is done using
a two-dimensional bin-based data structure, wheghoipulated by adding each cluster to
the bin that lies closest to that cluster's ceudtrooordinates. The size of each bin is a
function of the max-distance between pairs, whictkhis case produces bins that are 6x6

pixels. The remainder of the algorithm is as fokow

1) Assign clusters to bins using the coordinates efdluster-centers (the average of

the contained pixels).

2) Copy the contents of each bin to the 8 surroundiimgs. This can be done
efficiently by first copying the contents of allnsi to the 2 laterally adjacent bins,

and then doing the same to the 2 vertically adjaeloirs.

3) Since each bin now contains all clusters centerghirwthat bin, as well as all
clusters centered within max-distance of that parjngs can be made by linking
every cluster within a bin, to every other clustathin the same bin. Because this
strategy could potentially link clusters that aeparated by more than max-

distance, any clusters with separation exceediisghheshold are ignored.

4) Store each linked-pair to each of the associatgiwme. This is done at the leaf-
level first, and then pairs are added to incredgihggher levels of the MSER

hierarchy.
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[11.1.3.5.2 Color-Pair Reduction

A consequence of using a search-based pair assignatgorithm over an
adjacency-based algorithm is that it provides a pamatively dense network of
connections. Although this might offer advantagescertain applications, it can also
increase the computational expense of subsequerithims without offering substantial
improvements in accuracy. The purpose of @alor-Pair Reductionalgorithm is to
reduce the set of cluster pairs stored for eacliomegrhis reduction is achieved by
removing some of the pairs that have clusters extgndeeper into each region. As an
example, consider a set of interior clusters 'A'B% which are connected to exterior
clusters 'a’ & 'b'. Before reduction, the set @éioonnections might include: 'A-a’, 'B-b’,
A-b', and 'B-a’, while after, we would be left withly 'A-a’, and 'B-b’. Average reduction
is typically over 50%. In the 'Homework' scenamoegnshot example, we identify 13278
perimeter pairs from all detected regions, andpaur reduction algorithm reduces this to
5625 pairs; offering a reduction of approximateRi¢/&a

Our pair reduction algorithm uses the contour detkéan Perimeter Tracing
(Section IILi-111.i.3.3) to identify a reduced seif connections. The algorithm is as

follows:

1) Store all pairs to a 2-dimensional matrix of bifkis allows a near constant-time
bin-based search of the image. We use a bin-siZ wxkels, which is half the
max-distance threshold mentioned in tBelor-Pair Assignmen{Section Ill.i-
[11.i.3.5.1) algorithm. Pairs are stored accordittythe point that is half-way

between the two cluster centers. Each pair is dttaréhe 4 bins that lie closest to
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that point. Searching for the closest cluster imgslaccessing the bin that lies

closest to the search point, and checking all etssttored in that bin.

2) Increment around the perimeter of each region,fandach perimeter-point, find
the closest cluster-pair to that point. Cluster-pdistance is measured as the
squared distance from the perimeter-point to tret Gluster in the pair, added to

the squared distance from the perimeter pointeécsttond cluster.

3) If the current perimeter-point is closer to the stéu-pair than every other

perimeter-point, store that point to the clustar-pa

4) If, a cluster-pair does not have a perimeter-petoted to it after all perimeter-
points have been processed, it means that theranadiser cluster-pair found that
lies closer to the perimeter than this one. Theses gan therefore be removed as

being invalid.

5) A linear-time counting sort is used to order th&dveluster-pairs so that they can

be accessed in the same order as the sequenctsf ground the perimeter.
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Figure 111-26: Summary of algorithms used to produce perimeter cluster-pairs.

Figure 11I-26 summarizes the stages of the propo€etbr-Pair Assignmen{Section
l11.i-111.i.3.5.1) and Color-Pair Reduction(Section IILi-111.i.3.5.2) algorithmsimage-1:
detected sub-regionsmage-2: results of ourColor-Pair Assignmenglgorithm, with
cluster-pair connections marked using green limemge-3: results of ourPerimeter
Tracing (Section 1lLi-111.i.3.3) algorithm, with the hargl perimeter shown in red.
Image-4: cluster pairs that remain after oGolor-Pair Reductionalgorithm.Image-5:
clusters that are associated with inter-regiondinikage-6: the same set of reduced
pairs, with clusters represented as cirdiegge-7: all individual cluster pairs, printed in
same order that they appear when iterating cowhbekwise around the perimeter,
starting at the top-right pixel in the region.

lll.ii  Region Tracking

There are two basic approaches to tracking featacesss frames in a video
sequence. The first is to use algorithms that &te # identify highly unique, high-
dimensional features within a region. Ideally, these features would be highly specific
to the target object, yet general enough to alloatcimng despite small changes in
illumination, orientation, and scale. This appro&kspecially effective when objects of
interest are rigid, flat, and display prominent amuique texture patterns, making it
ideally suited for tracking items containing logasd commercial artwork (Mikolajczyk
& Schmid, 2005). Another useful characteristic wising high-dimensional features is

that tracking and object identification can be agkd simultaneously. A disadvantage is
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the cost associated with processing complex femtimemost cases, storing features to a
searchable database can only be done as an offflaoess, and even queries can be too
computational to be used on a frame-by-frame basis.

The second strategy for feature matching is toyapearch algorithms to a large
number of simple, unreliable, low-dimensional feaf) with the expectation that their
combined contribution will provide the necessaryumacy. This approach may be
favorable when image resolution is bad, when taotgtcts are nondescript, or when an
object’s appearance can change rapidly enough ¢essgate tracking between every
frame. Since surveillance-type videos often preshetse challenges, we focused on
tracking low-dimensional features.

Our tracking algorithm requires regions to be detg every video frame. Inter-
frame associations are then identified using simgdquitous features. In order to
provide a large number of samples for both visunal gemporal modeling, our tracking
algorithms are designed to track region positiovtsle also tracking observable changes
in the contours. This requires small sections efrdgion’s perimeter to be independently
and efficiently tracked, even when those sectioask |usable textures. This is
accomplished by dividing the contour into simpleneénts. These elements, referred to
as ‘cluster-pairs’ (or ‘color-pairs’), were detallein Region & Feature Detection
(Subchapter l11L.i). Cluster-pairs are defined usawdor information found on the inner
and outer areas near the contour, as well as asthigectional component extracted from
the local gradient. We find that the simplicity tifese elements allows them to be

efficiently constructed and compared, while thesdiptive qualities provide reasonable
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tracking results. This allows the perimeters ofredfions in the image to be detected and
tracked between every frame, in real time. The ifipeduster-pair features used are as

follows:

1) The two associated colorsThe average color extracted from a cluster of gixel
on the internal edge of the region’s perimeter, #rel color from a cluster of

pixels on the external edge of the perimeter

2) x-y coordinates within the image:The point where the line extending between

the two clusters intersects the region's perimeter.

3) Perimeter-Normal: If a line-segment is present at the point where dluster-
pair intersects the perimeter, the line-segmenégendicular (pointing away
from the region’s interior) is used as the perimei@mal. Otherwise, if there is a
detectable gradient at that location, the direciddrmaximum gradient (away
from the region) is used. If the gradient is notaseable, the normal is defined

as the angle of the line extending from the inthester to the outer cluster.

Figure [11-27: Example of the set of cluster-pairsthat make up a region.

Figure 111-27 shows an example of the cluster-pairs that werectkd around the region
corresponding to a subject’'s hand. These featuresttee basic element used in our
tracking algorithm.Image-1: the detected perimeter as a red limeage-2: the set of
corresponding perimeter cluster-pairs that weredpeed by our algorithm. The two
associated colors are represented as two circl#spowe inside, and one other outside the
region’s perimeter.Image-3: the same cluster-pairs extracted from their nedati
positions.
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Region Tracking Algorithm

Our tracking algorithm is divided into three maiacsons. Cluster Matching
(Section llLii-11Lii.1) describes how our clustpairs are stored in a searchable data-
structure and how features in one frame are matth#étwse in the next. Initial matching
IS a one-to-many operation with probability scoa@sl motion estimates accompanying
each candidate match. A vector flow-field is themputed by extracting local maximum
from the spatially averaged estimates.Cluster Tracking(Section IlLii-111.ii.2), flow-
field information is used to reduce the one-to-mahyster matching to a one-to-one
match. InRegion TrackingSection llLii-1lL.ii.2), cluster associationseused to match

regions across multiple frames.

[l.ii.1  Cluster Matching

The primary motivation behind this algorithm is poovide a mechanism by
which hundreds of detected regions can simultargoos tracked across all video
frames, in real time, using a standard processwmacKing regions at this frequency
affords several advantages that aren’t availabileguslower algorithms. A high frame-
rate increases the probability that tracking cammaéntained, it increases the number of
observations available for constructing appearanuelels, and it provides better
resolution for temporal models. For these reasouns,algorithms have been designed

primarily to offer operational efficiency.
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[11.i.1.1 Searchable Bin Construction

At the base of our search algorithm, is a simple-dased data structure that
allows our pixel-cluster features to be stored aedrched using minimal computation.
Since features are tracked every frame, it is me@sle to assume that a given feature can
be found within the proximity of its location ingmext frame. Therefore, we apply the
common strategy of limiting searches to a predefitdistance from the original location.
Increasing the size of the search window allows #bgorithm to handle greater
movement between frames, but adds to computatioosis. Our algorithm uses a
hierarchy of search windows in an attempt to badathe flexibility of accommodating
more extensive searches, while maintaining efficyeim areas where motion is limited.
A search is first executed using the finest resatytand if a suitable match is not found,
the search is repeated for increasingly larger samg@il a predefined maximum is
reached. The sizes of our search window are selegtecifically to allow their efficient
construction, which in the case of our algorithegquires each window to provide three-
times the search radius of the previous windowthia finest resolution, features are
matched if target location is 1-pixel or less frtme query location. The next resolution
can identify features that are within 3-pixels esd, followed by 9-pixels, and finally 27-
pixels. Our algorithm allows the addition of largeindows, as long as they follow the
same multiple, but for our applications, a maximuamge of 27-pixels has been deemed

sufficient.
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Figure 111-28: Example of the search window hierachy.
Figure 111-28 provides an illustration of the search windowst theauld be used for
tracking a pixel-cluster that originates at the efc subject’'s hand. Left image: search
windows (red) at normal resolution. Right imageomed-in representation of the
windows (each pixel is outlined in black). In oorglementation, Chebyshev distance is
used, which generates square search windows).deadidistance can be applied just as
easily to create circular search windows.

To construct the hierarchical search window datzcsire, cluster-pairs are added
to the appropriate bin of the data structure’s fiesel using the x-y coordinates of each

cluster-pair’s as indices. The pair’s id is addethie bin’s linked list and propagated up:

1) For every bin, the contents of the 8 adjacent bin@ vertical, 2 horizontal, and
4 diagonal) are copied to the center locationThis allows bins within 1-pixel of
the original location to be accessed by referenomlyg the center bin. It should be
noted that copying the contents of adjacent bimsbeadone more efficiently if the
two-dimensional space is separated into two onesdsional spaces. First copies of
clusters from the horizontally adjacent bins ardeadto each target bin. Then, the

process is repeated using vertically adjacent bins.
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2) To propagate information to higher levels, the corgnts of every third bin (i.e.
1, 4,7, 10, ...) is copied to a corresponding bin the subsequent levelSince
bins contains clusters from each adjacent binclabters are represented exactly
once in every third bin. This also means that eVemel in the structure has

approximately 9-times fewer bins than the levebheit.

Figure 111-29: Example of the multi-level search keing applied an image.

Figure 111-29 provides a rough visualization of the multi-lewglarch data structure as
applied to an image. Top-Left: 1-pixel radius sbastructure. Top-Right: 3-pixel radius.
Bottom-Left: 9-pixel radius. Bottom-Right: 27-pixeddius search structure. Squares in
the images correspond to the position of the seauatnix bin and are colored using one
of the more prominent colors found in that bin. Biee corresponds to the represented
search range. Since bins are overlapping, theyapgrocclude adjacent bins, making
them appear smaller than they actually are.
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[11.1i.1.2 Match Estimation

Every cluster-pair detected in frame ‘n-1’ is ugexda query to identify zero or
more matching cluster-pairs in frame ‘n’. When sharg for a match, the coordinates of
the query cluster-pair is used to index the nedmesin the search data structure, starting
at the finest resolution and the coordinates, petemnormal, and colors of the query are
compared to every element in the bin. In our atgar the maximum allowed distance
between the query and match is determined by theslsavindow size (1 pixel, 3 pixels,
9 pixels, & 27 pixels); maximum allowable differenbetween normals is ‘22.5 degrees’;
and the maximum allowable difference between cdbf?’ for clusters on the perimeter
interior and ‘4’ for clusters on the perimeter e¥e The difference in color is computed
using the length of the three-dimensional vectqasa&ting the query color from the
match color (in RGB color space with values betw@eamd 255). If one or more matches
are found to be sufficiently close to the querygsehn matches are stored for thiew-
Field Estimationstep in the algorithm below (Section IILii-11L1i.3). If a match is not
found, the search is repeated using a larger sedrdow. Increasingly larger windows
are used until a match is found, or until the latgeindow has been used.

It should be mentioned, that depending on the agixal location of the query
and target clusters, the above binning algorithtarns all matches that are within the
radius specified by the search level, but can edsarn matches as far away as 2-times
the specified distance. This is a consequenceeokthaller number of bins and coarser
coverage at higher levels. To maintain the seapstications, matches outside the

range guaranteed by the bin are omitted from thered results.
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Although the binning algorithm dramatically redu¢bke number of comparisons
necessary for searches, it still requires an extvausomparison of all elements found in
the local bin. At higher bin resolutions, this aaguire a large number of comparisons.
To reduce this overhead, we made two modificatidie first was mentioned in the
color-perimeter section. There, we described a nigcie that reduced redundant
information in the perimeter by selecting a morpresentative subset of cluster-pairs.
Our experiments show that this reduces the numbelements contained in each bin to
less than half the original number.

The second optimization is a modification to thenimg process itself. Our
region detection algorithm is designed specificalyproduce detections that densely
cover the image. This means that every point al@ngpntour is also contained by a
contour of an adjacent region, and every clusterd4paone region is matched to an
inverse cluster-pair in another (with swapped €usblors, and a normal that is rotated
180 degrees). Using a simple bin-based search, ddlethents would be placed in the
same bin (since they share the same coordinated)ttee extra match couldn’t be
discarded until after the search algorithm compdher element’'s normal against the
guery. To eliminate this common false match, wesehtw additionally divide the bins
using the perimeter normal. Specifically, we divitie entire range of angles into 8 bins
and maintain a separate multi-level search datectstre for each angle-bin. The only
modification made to the search algorithm is thatgearch must be conducted in the bin
corresponding to the normal of the query cluster;ges well as to the two adjacent

angle-bins.
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[11.1i.1.3  Flow-Field Estimation

As described above, the proposed tracking architeahatches each element in
frame ‘n-1’ to zero or more elements in frame ‘Although individual matches are
highly inaccurate, errors can be reduced by comgbirthe contribution of multiple
matches. This is achieved using a simple votingcgss that is applied to local
accumulators distributed across the image. In ppli@tion, each accumulator covers an
area that is 8x8 pixels, meaning that the 320x24@l pmage is divided into 40x30
patches.

Since features that produce a large number of raatale less likely to be reliable
predictors of movement, we reduce the weight oheaate, by dividing it by the total
number of candidates matched to the same queryeaterdditionally, we weight each
vote by the degree of similarity between the quemgl candidate-match. Here, the best
candidate receives no reduction in its weight, /kile other candidates receive a weight
reduction that is proportional to the comparativateh dissimilarity. The match-score is
computed using the equation below. The differenceoior is computed using the length
of the three-dimensional vector separating theygaelor from the match color (in RGB
color space with values between 0 and 255). The wwdes are the predefined
thresholds used for matching (if any of the valereseed the corresponding threshold, the
match is discarded). In our application, the caloeshold of the interior cluster is ‘2’,

the threshold of the exterior cluster is ‘4’, ahé tangle threshold is ‘22.5 degrees’.
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color_diff; color_diff, angle_diff
* *

score =
color_max; color_max, angle_max

color_dif f, = interior cluster: ABS(colorquery - COlormatch)

color_diff, = exterior cluster: ABS(colorquery - colormatch)
angle_diff = normal: ABS(anglegyer, — angley )
color_max, = interior color threshold

color_max, = exterior color threshold

angle_max = angle threshold

Once the score for each candidate is computed,véihge is added to the
accumulator at the image patch closest to thatifeafThe specific accumulator bin is
determined by the motion inferred by the elemenicimaAs an optimization, we chose to
separate the movement accumulator into x and y oaemgs. Therefore, instead
allowing features to vote for a candidate 2-dimenal vector in 2-dimensional space, we
use the x-component of the vector to place a votethe 1-dimensional space
corresponding to the x-axis, and use the y-compotenote for the y-direction. This
reduces the number of voting bins that must be sseck while also reducing the
potential for noise.

After votes are applied to all image patches, wengbt to further reduce noise,
by applying a 3-dimensional Gaussian smoothingrélgn across the matrix of image
patches. This smoothing is applied across the amertsion of the x-component
accumulator, across the one-dimension of the y-corapt accumulator, and both
accumulators are smoothed across the two dimenesidhg image. After smoothing, the
most prominent component of the x and y accumwlaséoe identified and stored as a

movement vector. This is done for every patch m ithage, which produces a vector
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flow-field for the image. Each vector in the flowelfl is represented by the typical
direction component, but also by a strength compbriéhe vector strength is a function
of the number of nearby cluster-pairs that had amtiomponents similar to that that was

found to be most prominent in the image patch.

Figure 111-30: Examples of detected flow fields.

Figure 111-30 provides an illustration of the flow fields fourduring four different
snapshots of the 'homework' sequence. Screen sleoés taken from theHomework
seqguence. Subject is moving a book, a bottle, tapa@nd a mouse. A red '+' is placed in
the center image patches that is above a minimeangth threshold (here there threshold
is set to zero). Blue lines represent the most prent motion vector found in those
patches.
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[.i.2  Cluster Tracking

In the previous section, we described how our $ednie data structure is used to
identify cluster-pairs in frame 'n' that match qesrfrom frame 'n-1'. For every query, a
set of candidate cluster-pairs are returned. Algiotlnis provides sufficient information
to estimate a flow-field, certain applications ntighquire a more precise tracking of
clusters across successive frames. When dealing nah-rigid moving objects, for
example, additional information about the shape aration of the object could be
revealed by tracking different portions of the @antthrough a one-to-one relationship.
The following sub-sections describes how the infatron obtained during flow-field
generation is used to produce different relatigshietween cluster-pairs in frame 'n-1',

and frame 'n'.

[.i.2.1  One to One Matching

For our implementation, we use the fastest, arst kestrictive technique, which is
to link every cluster-pair in frame 'n' to at maste cluster pair in frame 'n-1' without
enforcing an exclusive match-pair (meaning thatextban one pair in frame 'n' may link
to the same pair in frame 'n-1"). This allows agkmmotion vector to be easily computed
for each cluster in the current frame, and simgdifihe subsequent matching of regions
across frames, but complicates the long-term trackif single clusters over multiple
frames.

The algorithm used for reducing the set of caneigetirs down to a single pair is

relatively simple. In the previous section, a loflalw-field was calculated using the
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consensus of the candidate matches between frahmearm frame 'n'. The best candidate
paring is then determined to be the one that preslan offset that is closest to the flow-
field at that location. If there is a tie betwermtor more candidates, then the candidate

that has the closest absolute distance from trstaglis selected.

Figure 111-31: Examples of matches identified betveen cluster pairs.

Figure 111-31 illustrates identified matches between clustergpaClusters from the
current frame are displayed as circles. Green lextsnd from the cluster in the current
frame, to the location of the corresponding clustem the previous frame. When no
motion has occurred, the green line appears at a do
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[1.i.2.2  Exclusive One to One Matching

Although our algorithm is one of the more simpled aefficient ones to
implement, it is not necessarily the best, and axehexperimenting with a slightly more
sophisticated strategy. In some cases, it mighddsgrable to track a single cluster over
multiple frames. This type of tracking could be gliited if there was a true one-to-one
paring of clusters between frames. To achieve ormie paring, we implemented a
greedy algorithm similar to those described presipuA score is assigned to all
candidate matches, which is a function of the diffiee between the pair's offset and the
offset predicted by the flow-field. A linear-timeunting sort is used to order matches
from best to worst fit, which for efficiency, cae lapplied in a single pass to all matches
in the entire image. Matches are processed orsiaciime first-serve basis, and are only
considered if clusters from both frames have nenbessigned to a previous match. The
result is an exclusive one-to-one match betweerstaltpairs across frames. A
disadvantage of this approach is that it producglgyhtly less dense set of matches. The
first-come first-serve component of this approacayncause cluster-pairs to be out-
competed for their closest match, causing thematio \pith more distant matches, thus
potentially increasing the amount of noise fromrgpis matches. It is because of these

reasons that we use the less restrictive matchiatgegy described previously.

[11.i.2.3  Constrained One to One Matching

The final matching strategy that will be discussedne that uses higher-level

information available after associations have bewle between regions of adjacent
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frames. The advantage of using region associatirhat regions provide ordering
constraints that are not otherwise available. kanw®le, if a region contour in frame ‘n-
1’ contains a sequence of features A, B, C, andhBxn it should be expected that the
ordering should remain the same along the sameowont frame ‘n’. This is a
reasonable assumption since a rigid transformatitimever change the relative feature
ordering. Consequently, restricting feature matcbdabhose that preserve ordering across
frames can reduce the spurious matches mentiordbpsly inExclusive One to One
Matching(Section llLii-1ll.ii.2.2), while also offering mre descriptive contour matching.
Instead of simply tracking a single region acraasies, sections of the contour itself can
be tracked, thus providing insight into transfonmas and deformations of involved.

The algorithm used to enforce ordering constraisitsimilar to that described
previously. All cluster matches are scored accagrdon how well they match the flow-
field, are sorted using a linear-time counting sartd are processed in order, starting
with those that represent motion most consisteth e flow-field. Matches are only
considered when neither of the contained clustainsphave been previously assigned,
and when the ordering of the clusters in framara’'consistent with the ordering of the
associated clusters in frame 'n-1'. Ordering imened by checking the relative
placement of the clusters being considered agamtjacent clusters that have previously
been processed and assigned. For example, comsim@rtour containing points 1a, 2a,
3a, 4a, & 5a, which is being matched with a seaandour containing points 1b, 2b, 3b,
4b, & 5b. If previous iterations have already mapga to 3b, and 4a to 5b, then on the

next step, matches containing valid ordering wontdude: 3a to 4b, or 3a to 5b, while
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any other mappings would be considered out of qm®it therefore invalid. It should be
noted that the last point on the contour wraps raiidiw the first point, so 1a would be
considered to fall immediately after 5a.

The best-case computational complexity for consimgcan ordered array of
associations is O(lmg(n)), where 'n' is the number of features in ¢batour perimeter.
This complexity results from the construction ot thinary tree used in the sorting
algorithm, and best case occurs when clusters r@egsed in an order that creates a
perfectly balanced tree. Worst case is q)(which occurs in the degenerate case where
features are processed in the same order thatdahe@yound the region's perimeter.

The algorithm is applied to features identified frame ‘n’, and proceeds as

follows:

1) Features are indexed in a clockwise fashion whemting around the contour.
Features are stored in the binary tree using tbexifrom frame ‘n-1’ (a), but

only if the associated index in frame ‘n’ (b) maiimis a consistent ordering.

2) Features are processed in an order that dependseosimilarity between the

measured offset, and the offset predicted by the-fleld.

3) The first two features processed from a regionameepted automatically. The
index ‘a’ of these features is used to establighringe for the first level in the
binary tree. In the above example, where the imtbarespondences are 2a-to-3b,
and 4a-to-5b, the left branch would contain thegea@a(3b)> 4a(5b), and the

right branch would contain the range 4a(5bRa(3b).
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4) The index ‘a’ from subsequent features is usedl¢ntify the appropriate branch
to follow through the tree, until a leaf is founth the example, if the

correspondence 3a-to-4b is processed, the leftbnanuld be explored.

5) Once a leaf in the tree is found, the associate@xinb’ is compared to the
associated index ‘b’ of the leaf range. Again, ur example, the initial level is
also the leaf, so 4b should fall after the small ef the range (e.g. 3b), and
before the large end of the range (e.g. 5b). Siniseis the case, the leaf will be
split into two branches, and another level willduded to the tree. In the above
example, the left branch will still contain the gan2a(3b)> 4a(5b), while the
left leaf on the left branch will contain the rang&(3b)—> 3a(4b), and the right

leaf on the left branch will contain the range 3g(# 4a(5b).
6) If the associated index ‘b’ falls out of the assted range, the feature is

discarded.

After all candidate element matches have been pseck the resulting subset of
matches will maintain consistent orderings arourederimeter of both regions.

[.i.3  Region Tracking

Region tracking involves the matching of detectedions from one frame in a

video feed to the next. This allows a trajectorypéoidentified for each region of interest,
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which can facilitate the identification, modelingnd tracking of objects that move in
relation to the environment.

Our region-tracking algorithm is implemented usthg information provided by
our One to One Matchingerimeter cluster-tracking algorithm (SectioniiHill.ii.2.1),
which determined the cluster from frame 'n-1' theét matches each cluster in frame 'n'.
After establishing the cluster assignments, det@nygithe best region match is a matter
of finding the region in frame 'n-1' that has thesticlusters in common with the region
in frame ‘n’. Specifically, the match score is thguare of the number of elements the
two regions have in common, divided by the prodafcthe number of elements in the

first region and the number of elements in the sdgegion.

|elements; U elemetns,|?

score =
|elements; | * [elemetns,|

Regions are matched using a enforced one-to-omtiamship, meaning that a
region in frame ‘n-1’ can be matched to at most m@gon in frame ‘n’, and a region in
frame ‘n’ can be matched to at most one regiorramg ‘n-1'. This strategy simplifies

the tracking of a single region through multiplanfres.
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Figure 111-32: Examples of estimated region motion

Figure 111-32 illustrates the motion that is estimated afterahiay regions in frame ‘n-
1’ to those regions in frame ‘n’. Red circles anspthyed at the centers of their
corresponding regions. Green lines extend fromréggon in the previous fame to the
region in the current frame. If no motion has bebgeerved between, the green line will
appear as a dot.

lll.iii  Foreground Segmentation

One of the advantages of the proposed feature tawtemigorithm is that it is a
flexible multi-purpose architecture that can be duse conjunction with existing
algorithms. This is useful in cases where certégordhms are more or less suited for

specific environmental conditions. Furthermore, amchitecture allows transitions to
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occur between approaches if environmental changeslzserved. For example, during
periods when a camera remains motionless, a baskdrsubtraction algorithm can be
applied to increase the accuracy of foreground segation. If motion is detected, the
system could ignore background subtraction inforomaand segment objects according
to tracking information and foreground models thate been created up to that point. If
none are available, the system could resort tdeth&t accurate segmentation techniques,
which involve the identification of motion differees between foreground and

background.

[ll.ii.2  Background Subtraction

In surveillance systems, foreground segmentati@nmst always achieved using
one of the background subtraction algorithms. Altjiothese algorithm are dependent on
a considerable number of assumptions (e.g. fixedecas, unchanging backgrounds,
foreground objects that remain in motion, minimetlasion, etc.), the disadvantages are
offset by the fact that foreground regions can &ected accurately, even when no prior
information is available about the objects of iestr The disadvantages are further
reduced in applications where the assumptions dglace additional constraints on the
system. For example, it is not uncommon to havestiexj surveillance systems that
contain only fixed cameras monitoring indoor enmiments with controlled lighting and
relatively stable backgrounds. In these cases laakd subtraction would likely be the
optimal choice. Given the unequalled accuracy akfeound subtraction in a limited set

of applications, we chose to include this algoritherone potential component to our
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architecture. Background subtraction could be appthroughout a video sequence or
may be switched on and off, depending on whethenatrthe majority of the scene
appears static.

Traditionally, background subtraction is appliedtlas first phase in foreground
segmentation to identify clusters of pixels thdfedifrom reference frames. Even when
the necessary accommodations have been made tww #i® background modeling
portion of the algorithm to function reliably, tieeare still numerous problems associated

with the detection of foreground objects:

1) Shadows:An object’s shadow may be detected as part of biect As an object
moves through the environment, this shadow can g#hamnapidly and
unpredictably, making it difficult to acquire cost@nt shape models of the object.
Color models may similarly be corrupted as pixetef shadowed portions of the

background may be added to the foreground models.

2) Reflections:Portions of an object may be reflected off neatlnyexes, producing

problems similar to those created by shadows.

3) Incomplete Detections:When portions of the background contain colors lsimi
to the foreground object, they may appear as hiolése foreground detection.
These features may cause irregularities in a corgoyproduce corner features

that aren’t actually present in the object.
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4) Merged Detections:When multiple foreground objects exist in a scéinis,often
difficult to identify them as separate objects whbery touch or occlude one

another.

Although some of these issues can be resolved gitine segmentation process
(Stauffer & Grimson, 1999), it is much more comntonapply post processing steps,
often requiring complicated ad-hoc rules.

The proposedBackground Subtractiomarchitecture differs from traditional
approaches in that we do not consider backgrouhttatiion information until after the
image has already been segmented and until afggsrrenotion information has been
extracted. We then determine the likelihood thag amdividual region is part of the
foreground by looking at the proportion of pixelghin the region that differ from the
reference frames. After foreground regions aretitied, they can be naively connected
to produce detections that resemble the traditi@mdroach or color, texture, shape,
motion, or history information can be used to mail@e educated guesses about how the
regions should be linked.

Even when our background subtraction algorithnpisliad naively, it still offers

certain advantages over the traditional approach:

1) Shadows:In indoor environments, shadows generally do naitaia the sharp,
well defined boundaries that can occur outdoorgic®fand home environment
often use multiple or diffuse lighting sources thatoduce shadows as

illumination changes across surfaces. This propestiuces the extent that our
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algorithm will detect shadows as stable featuresl @ many of these cases
shadows can be completely ignored at the featwed ighile requiring minimal
additional processing. If, for example, only a dnpairtion of a wall or floor is
covered by a shadow, the region corresponding & $lurface may contain
enough non-shadowed pixels to prevent it from bealetected as foreground.
Even if the shadowing becomes extensive enoughusecthe entire region to be
detected as a foreground candidate, our algoritam still recognize that the
region’s edges have not changed from their knowokdpaund positions,

suggesting that the detection is not reliable.

Reflections: Unless surfaces are highly polished, reflectiomgltt®o be diffuse
features that are not reliably detected by our ssgation algorithm. This allows

them to be ignored in the same way that shadows are

Incomplete Detections:Our algorithm detects regions before determininipefy
are part of the foreground. Therefore, pixels wittiiose regions will not appear
as holes if background subtraction cannot diffeaeé@tthem from the background

pixels.

Merged Detections:Since merging foreground regions occurs at a hitgwvel in

our architecture, there is much more informatiomilable to allow educated
decisions about physical relationships. Even ihbiglevel model information is
not available, the boundaries around detected megaften correspond to the

boundaries between objects.
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Background Subtraction Algorithm

Most background subtraction algorithms producewpud a binary image of the
same size as the video feed. Foreground pixelsliaptayed using a positive value and
background pixels are represented using a nullevadllore sophisticated systems may
apply clustering algorithms to eliminate small &eld detections while fusing together
areas with a denser array of detections (Toyamamidr, Brumitt, & Meyers, 1999).
However, since our algorithm achieves similar ressuising the foreground density
within detected regions, we chose to use only theracessed output. Similarly, we
found that our algorithm is effective at eliminagfimany of the inaccuracies produced by
background subtraction algorithms, allowing evememf the simplest strategies to be
effective.

For our demonstrations, background models were naglaied using the first
twenty frames of a video sequence. During initetian, the grayscale intensity values
measured at each pixel location were modeled uairfgaussian distribution. During
subsequent frames, pixels were compared to thesmwnding models and were marked
as foreground if their values were more than tvama@ard deviations from the known
distribution. There was no adaptation made to thgiral models during the course of
our trails. For efficiency, our clustering algonthwas applied to small blocks of pixels,
and not to individual pixels. This required a separoperation to compile the pixel
information into blocks, where blocks were labetsdforeground if at least half of the
contained pixels were labeled foreground. Similarggions were labeled as foreground

candidates if at least half of the contained blogkse labeled foreground.
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In the motivation above, it was suggested that dbgut of our background
subtraction algorithm could be considered in codfm with the results of our tracking
algorithm. Specifics will be detailed in thiéeature-Based Background Subtraction

section below.

[lLiii.2  Feature-Based Background Subtraction

Traditional background subtraction algorithms haegeral limitations, many of
which have been mentioned previously. Limitatiorestgining to this section are as

follows:

1) Camera Motion Effects: Background subtraction algorithms are usually
implemented by comparing each pixel to its corresiiay reference pixel model.
If an image contains a texture or gradient thaseaunost pixels in a region to be
dissimilar from nearby pixels, then any movemerait tbhifts the region by that
amount will cause false detections. Some resead@re designed algorithms
that reduce these effects by allowing comparisontake place within a small
range of pixels (Elgammal, Harwood, & Davis, 200@)wever the computational
cost of applying the differencing algorithm to mélarby pixels does not make it a

practical solution for all but the tiniest movenmgnt

2) Adaptation Efficiency: If a shift in the image does occur, it is oftenabted
when the proportion of pixels being detected asdmyund exceeds some

threshold. Pixel models for the entire image aemtthrown away and an entirely
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new set of models are trained using the new backgtoThis is problematic
because of the computational cost and time assaocwith retraining all models,
and because the tracking of objects will be infgtled during retraining. To make
matters worse, this process could potentially tfaireground objects into the
background models. When objects resume their motwa foregrounds would
then appear. One corresponding to the moving ghgext one corresponding to

the background that was concealed by the objeahgluetraining.

3) Acquired Information: Adaptation is usually done in a very simplisticrmar.
When illumination or position changes do occur, #ystem will attempt to
maintain the existing tracking information until @oint is reached when
everything must be reset. There is no way for desysto use the observed
changes to recover the existing models and thenr#dton cannot be used to

better understand the environment.

The proposed-eature-Based Background Subtractiarchitecture differs from
the existing background subtraction algorithm iattive incorporate the contour features
that were explained iRegion Tracking[Subchapter lll.ii). These features were useful
because their simplicity allowed them to be stawad searched efficiently in real time,
while providing dense enough coverage to reveahildet and complex movements.
Although this algorithm was designed to track regidrom one frame to the next, in
situations where the background is relatively statiiacking could also be useful in

determining the extent that regions are part ofahginal background. In this way, our
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tracking algorithm can be used as a backgroundratimn algorithm. During a

background model acquisition period, perimeter edgen detected regions are stored to
a reference search structure. Region edges frosegubnt frames are compared to the
reference edges. If a significant amount of thenpeter cannot be matched, then there is
a good chance that the region is new to the vidgoence. Advantages of using our edge
features for background subtraction instead ofttaditional pixel-based strategy are as

follows:

1) Camera Motion Effects: The proposed feature-based background subtraction
algorithm is designed to use efficient search-basedparison. This means that
small image movements would have almost no effeatdhe accuracy of the

system.

2) Adaptation Efficiency: The proposed system can facilitate more intelligent
adaptation. If a shift in the image is detectedtead of building entirely new
background models, it would be possible to simpbglate the position of the
existing reference features. Features could silyilze adjusted to accommodate

global changes in illumination.

3) Acquired Information: The proposed system can intelligently monitor
background information. Not only can the systemnidg that a change has
occurred, but can often identify and store the tygieection, and extent of
change. This may be useful to better understaneénkigonment. For example, if

it becomes apparent that the background no longéchas the stored models, the
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system may be able to identify if the camera ma¥eatures match to a different
location in the image), if the lighting changedatiges match to the same
location, but to a different RGB value), if sometiihas occluded part of the
frame (features match in a portion of the frame)f something more significant

occurred (no match can be made to any existingifes)t

Feature-Based Background Subtraction Algorithm

For our demonstrations, background models were nagladed using the first
twenty frames of a video sequence. During initaian, regions were detected in each
image using the algorithm describedroreground Segmentatidisubchapter lll.iii) and
simple features were identified around the perinsetd each region. As was detailed in
Region TrackingdSubchapter lll.ii), features were described usiijgrhe RGB color of
the nearest sub-regions found on the interior aerier edges of the detected region; 2)
The x-y coordinate of the feature in the image.TBg normal of the perimeter at the
location of the feature. Features were stored $eaachable data structure and duplicate
features were removed to increase search speddr@feavere considered duplicates if
they contained the same color combinations andritdlthe same bin at the lowest level
of the search structure.

During runtime, regions and contour features wateaed in every frame of the
video sequence. Features were matched to bothréwops frame (as was detailed in

Region TrackingSubchapter l1L.ii)), and to the features stonexnh the reference frames.
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If a feature could not be matched to a feature witthilar position, angle, and color from
the reference frame, that feature was labeledfaseground feature. If a match could be
identified, the feature was labeled as a backgrdeature. Each region was assigned a
foreground score that corresponded to the ratifoi@ground features contained by the
region, divided by the total number of featuresgiBes are labeled as foreground
candidates if at least 75% of their contained fesmtuwere labeled as foreground
candidates.

At the end of the iteration, the average color dmsplacement of background
features are compared to the reference features.ctinsistent global change has been
observed, information can be updated in to a newckable data structure.

In its simplest implementation, foreground and lggioknd feature information
are used to identify those regions that appear #fi initialization phase of a video
sequence. It is possible, however, to use the abdailinformation to identify structural
patterns in the scene. For example, if two foregdotegions share the same color-pair
feature for multiple frames, then a possible intetation is that the regions are physically
connected. Conversely, if a color-pair featurerexjfiently found between a foreground
and a background region, then chances are goodhthiateature represents an occlusion
boundary. More details about the interpreted stmectvill be presented iRoreground

Classification(Subchapter IlL.iii).
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[IL.iii.3  Motion Segmentation

As has been illustrated above, foreground segment& a non-trivial task that
presents numerous problems, even when video imntéloen a relatively stationary
camera. When the camera is in motion, the taskrbesaignificantly more challenging.
If foreground regions can be identified before ceamaotion begins, tracking algorithms
can be used to maintain the position of those tbjcsubsequent frames. Tracking can
be improved if the object can be recognized bylisracteristic color, texture, or shape
information. These strategies will be describedher in Foreground Classification
(Subchapter llLiv). In the absence of additiom#gbrmation, one of the few remaining
options for identifying foreground objects agaimstmoving background is to apply
motion segmentation techniques that cluster feattirat move together in a consistent
way. This involves two major challenges: 1) Optidlw within a scene must be
identified and described using a matrix of motiatters. 2) Vectors corresponding to
foreground objects must be differentiated from éhosrresponding to the background.

Identifying optical flow requires that small regeme matched between video
frames. This can be done at regularly spaced ialeracross the image to produce a
dense mapping of pixels, or matching can be acdshegad between a sparse set of
features. The first strategy is more conduciven@age segmentation since it assigns
motion estimates to every pixel (or block of piyethus ensuring the foreground can be
fully represented. However, producing dense floeids is highly computationally

intensive, making real-time operation nearly implass Plus, producing movement
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vectors at every location could be detrimentalrema where texture is low and matching
is unreliable.

The purpose of the proposed architecture is to coengn optical flow field using
a sparse set of features, while still allowing ¢em®tion-based segmentation. To do this,
we use our feature tracking algorithm to identifyptimn in the higher texture areas
surround detected region perimeters. This inforomais then used to estimate the motion
of the low texture areas within each region. Regidhat display similar motion

characteristics are then clustered together.

Motion Segmentation Algorithm

Unfortunately, in realistic environments, using mantinformation to distinguish
between foreground and background objects is notelkdefined problem. Occlusion
and the aperture problem can produce ambiguitigheénmeasurement of optical flow,
while a camera’s movement through a complex enuie@mt containing large depth
discontinuities can produce highly variable backagi movements. Combine this with
an articulated foreground object, and accurate anosiegmentation can become nearly
impossible. Despite these problems, the proposeatitim can still be useful by increase
the system’s robustness to certain environmentscifigally, it is assumed that
foreground features occupy less than half the s¢résat the background does not
contain large depth discontinuities, and that cameotion will be largely translational to

increase the extent that background features valliypce reasonably smooth optical flow.
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In Region Tracking(Subchapter Ill.ii), we described how optical fldweld
estimations are computed and how regions are tdea&ess multiple frames. The results
of these two algorithms are combined in a way #lkiws foreground regions to be
identified when they display motion that differsin the background. When their motion
is not distinct, tracking is used to preserve tr@dround assignments. The first step in
motion segmentation is to estimate the most promibackground motion. This is done
by compiling the translation values of all imageattees into a two-dimensional
histogram of possible ‘x’ and 'y’ image offsets. elbffset vector showing the highest
frequency is used to approximate the apparent maticghe background.

As was described in the tracking section, the nmotibeach segmented region is
estimated using the measured offsets of all featurghe region’s perimeter. In cases
where different sections of the perimeter displ@yecent motion characteristics, the
region is assigned as many as three of the mostipent values. For additional values to
be stored, they must represent a local maximurheroffset histogram and at least 10%
of the features in the region must display a simdéset. Motion segmentation is
achieved by comparing each region’s possible matifset to the approximation of the
background motion. If none of the possible offseigtch, the region is labeled as a
foreground candidate. Before a candidate regiooreground status can be verified, it
must satisfy the following criteria: 1) the regionust be tracked for at least five frames;
2) the region must be labeled as a foreground datelifor each of those five frames; 3)
the average motion over those five frames mustmbke the motion for each of the

individual frames. Once a region is verified asnieforeground, that label will be
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preserved for as long as the region can be tracKéds allows the foreground

classification to be preserved, even after theoregtops moving.

lll.iv  Foreground Classification

In the automated surveillance architecture, foregdoclassification is the step
that bridges low-level feature information with hitevel comprehension about the
events in a scene. Not only can an effective diasgirovide understanding about ‘who’
is present, and ‘what’ kind of objects are beingdiaed, but it can also be essential for
the robust operation of foreground segmentation @wadking. If a region has been
detected as foreground with a low degree of cegtaaiassification can help determine if
it is a true foreground object or part of the knokackground. Similarly, if the tracker
fails or if objects disappear from the scene, afecéiVe classifier can resume the
trajectory of that object once it returns.

Classification is divided into Model-Constructiomnda Model-Identification
phases. During Model-Construction, a set of featdhat uniquely represent objects of
interest are identified and stored into a sear@alsitabase, along with a meaningful
label. This may be a manual process that is guiyea user (Lowe, 1999), it could be an
automated process (Ranzato, Huang, Boureau, & LePQ0v), or a mixture of the two
(Li & Wang, 2003). When involving a large numbermbdels, this is often done as a
highly computational off-line process (Sivic & Zegsman, 2006), though simple models
can be stored at runtime (Riemenschneider, Donés&ischof, 2008). During Model-

Identification, image features are identified arainpared against those in the stored
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models. If features are highly specific to an obje¢lsey may be individually used as
identifiers. Otherwise collections of features n@required for positive identification.

As with most computer vision systems, foregrouraksification algorithms are
selected for their suitability to handle the regqments of the task, the environmental
conditions, the sensor types, the available praoggsower, and other system-specific
considerations. Although the goal of our architeztbas been to provide a general and
robust system, our initial verification was doneangsa set of simple sequences that
offered a few challenges but also allowed for aertaimplifications. Modeling
challenges included: possibility of a non-statignatamera; highly deformable
foreground regions; simultaneous tracking of midtimbjects; occlusions between
foreground objects; low resolution; limited texturand limited number of training
iterations. Characteristics that allowed certamgifications were: good color saturation;
limited number of target objects; distinct colooati of foreground objects; and the
availability of manual off-line training for initlauns.

Almost our entire automated surveillance architectuas built from the ground
up by a single programmer. Because of the numbetoafponents involved in this
system, and the amount of time required to constioust low-level algorithms, we
found it necessary to limit the complexity of thighlevel algorithms to ensure that our
demonstrations could be completed. Because of thaularity of our architecture, more
advanced algorithm can be inserted to extend teeisyfor operation in more complex
environments. IrRegion & Feature Detectio{Subchapter lll.i), we listed a variety of

color, shape, contour, and texture features thatalirdetected within our architecture.
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Although each of these features could be usednstaact foreground models, our initial
demonstrations were simplified to use basic coladefs. To simplify things further,
models were trained off-line using manual user infe intend to increase the extent of

automation in subsequent trials.

ll.iv.1 User-Assisted Mixture-of-Gaussian Models

Our first approach to object modeling was develogexlind a software package
created by Charles Bouman (Bouman, Shapiro, Cotking, & Cheng, 1997). This
package was designed to model data using an ufisgeciumber of Gaussian
distributions. More specifically, we used the pagk#o classify regions using their color
distribution. Foreground models were created dfflims a user-guided process.
Background models were acquired automatically a&t Ieginning of each trial. At
runtime, color information from detected regionsswiged to query the database of stored
models. If the best match occurred with a backgdomodel, that query region would be
labeled as background, and ignored. Otherwiseratp@n was labeled using the specific
name that was associated with the matching foregrenodel. However, since there is
no guarantee that a single segmented region woalctlg correspond to the entire object
of interest, it was necessary to develop a teclnitmu efficiently test different
combinations of adjacent regions in a way that taamed real time operation. Specifics

will be provided in the following sub-sections.
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l1l.iv.1.1 Model Construction

The Bouman modeling software was originally testading raw pixel
information, and although it proved to be an effextlassifier, the processing time that
was required to model and classify large regions wat conducive to real-time
operation. To improve the speed of operation, va& several steps to reduce the amount
of redundancies in the system. First, instead dflimg models using individual pixels,
we clustered similarly colored pixels and built retedusing only the cluster averages.
Second, instead of using Bouman'’s strategy of camguhe Gaussian parameters from
an array of values, we modified the system to alpmsameters to be estimated from a
histogram of values. This increased the efficietittyt regions could be tested within
multiple models.

The pixel clusters used in our modeling applicatwere produced during the
region detection portion of our algorithm. Thesestérs ranged from 1 to 18 pixels in
size, depending on the local texture gradient. &herage cluster size was around 9
pixels. Cluster values were computed using theameepf the contained pixels and were
compiled into a three-dimensional histogram, in RG@or space, with each color
channel containing 64 divisions. It should be nptdtht even though this three-
dimensional histogram contained 262,144 bins (64 x 64), we were able to ignore any
bins containing null values by using a list to necthe indices of accessed bins. After the
histogram was complete, Gaussian models could bstremted using the value of each

bin, multiplied by the number of occurrences witthat bin.
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lll.iv.1.2 Foreground Modeling

When our system starts, it automatically loadsla that provides the known
models and their associated name. If a file cabedbcated the user would is given an
opportunity to create one. This file can be gemeltaising a live feed or existing video. In
the case of a video-feed, the user is given theppity to fast-forward until the object
of interest is present. Otherwise, the user mudtensare that the object to be modeled
appears on the video monitor. The user is thendagkenanually click on the segmented
regions that are associated with the desired abfeetected regions are highlighted
accordingly. Once regions are selected, the udersethe name of the object, followed
by the enter key. The system converts the regiotosa color histogram, and then into a
Bauman model. It stores the model with the providadhe and returns control to the
user, who can repeat the process as many timesreeéssary to model the foreground

objects.

lll.iv.1.3 Background Modeling

New background models are produced by the systeaary dime the program is
executed. This increases the system’s ability entifly foreground objects in novel
environments. When the system is started, the sagtnen algorithm described in
Region & Feature DetectiofSubchapter IIl.i) is applied to detect stable Kgsound
regions. Each region is converted into a separatentan model using the process
described in theModel Construction(Section IllLiv-Ill.iv.1.1) above. During storage,

models are provided the name background, followgdabunique number. During
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runtime, any model with the prefix background viaé ignored by the system as being
unimportant.

Because of the large number of background regietected within an image, the
described modeling algorithm produces an unnedgsdarge number of background
models. To reduce this number, we take each ofribeels and apply the classification
operation to it. Any models that are misclassifeed simply assigned the name of the
model it mapped to, and the original model is reetbfrom the system. This process is
repeated until all models produce correct classifons. To further reduce the number of
background models, a confusion matrix (based omiieh score) is created between all
models. If the amount of confusion between two nwdeabove a predefined threshold,
those models are merged into a single model. Usiagypical 240x320 image, it takes

less than a second of processing to produce the batkground models.

lll.iv.1.4 Foreground ldentification

Our foreground identification algorithm can be used conjunction with
background subtraction algorithms, but does notuireqthem. When used with
background subtraction, foreground identificatiananly applied to regions that are
detected as foreground. This improves computatmeed and reduces the number of
false detections. When used without backgroundraatidn, foreground identification is
applied to all regions and the Bouman models age ts determine if a particular region
is foreground or background. In our initial teste wombined the two strategies. We

began each trial using simple background subtnaciod took advantage of the added
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accuracy for as long as segmentation could be aethidf changes in lighting or camera
position occurred, the background subtraction algor would produce increasing
numbers of false detections, causing an increasehce on model-based segmentation.
This allowed the transition between approachesctmonaturally, without requiring any
actual change to the program’s operation. It shbeldnentioned, that in our initial trials,
we made no effort to update the Bouman models eb#ckground, so these too would
be expected to degrade. We found, however, thaBthenan models were much more
resistant to change (especially to changes inipagiand persisted much longer than did
background subtraction models. We tested this usaty changes in lighting (trash can
fire sequence), and using changes in camera pogititeractive robot sequences).

Foreground identification was achieved using tHiewang algorithm:

Algorithm for foreground identification:

Create a sorted list of potential foreground region
For each region:
Make a list of potential foreground regions the adjacent to the region, and have a size that i
smaller than the region (region adjacencies antifited duringColor-Pair Assignmen{Section
[11.i.3.5.1), as described iRegion & Feature Detectiors(bchapter Ill.i)) (if two regions have the
same size, the region with the smaller index iaté@ as the smaller one).

Process regions in sorted order, from largest tallest:
Use the Bouman classifier to classify each region.
If the region classifies as background:
Label the region background and continue.
If the region classifies as foreground:
Combine region with an untested adjacent regi@hra-apply the Bouman classifier
If the combined region does not produce an impddereground score:
Discard the new addition to the region, and icmet
If the combined region produces an improved foyegd score:
Keep the new addition to the region, mergeattijacency lists, and continue
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Our foreground detection algorithm is useful atssifying foreground regions,
even if they are touching or are occluded by otbezground regions. This is useful in
scenarios where one foreground object is a penratio, is holding or moving other

foreground objects.

lll.v  Behavior Description

Once objects in a scene are identified and tragkedpften useful for a system to
assign high-level meanings to the low-level obs#oma. Although a record of
coordinates that represents a region’s positioautin multiple frames might be useful
information to a computer, a human user would {ikptefer that the information be
presented in a meaningful way. For example, it iiighbetter for the system to say that
person ‘Bob’ had a notebook in front of him, an@aleed multiple times toward his
laptop. It might be better still for the computerdimply deduce that Bob was probably
working on his computer. In settings where secustgn issue and where rapid response
times are critical, a sufficiently complex systenght even try to anticipate the actions
of people within the scene. If an unknown persathed toward Bob’s laptop, it would
be reasonable for the system to conclude that éngop could be interested in stealing
the computer or that he may have other nefarioteninIn either case, it would be
appropriate for the system to alert security.

Describing observable behavior is usually a maifematching interactions and
patterns of motion to those of existing models.ikénin the previous stages, behavior

description is not as often used for resolving ayuibies from lower architectural levels,
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and isn’'t as effective at filling in missing infoation. This increases the importance that
the assignments and measurements made by othgop#ne architecture are accurate. If
a localization error has occurred in one or modewiframes, it can change the perceived
behavior of the object. Similarly, misclassificatiof the foreground can completely
change the interpretation of the scene. In ouriegpdn, the only tools we use to
improve the reliability of our detection is to amsge the underlying data. Before we
classify behavior, we apply a smoothing algoritemeaduce abnormalities in the object’s
trajectory and we combine the results of the obpédsifier over multiple frames. Only
after the same analysis is made consistently, doesystem assign a classification to the
behavior.

Another limitation with behavior classifiers is thtae systems are usually only
able to recognize a limited set of behaviors that teained (or programmed) into the
system. Our system is no different in this respég. provided recognition for a limited
number of object-types and a limited number of okmae interactions. Unique
behavior-labels are assigned to pairs of objeapedding on the observed interaction
between them. To simplify things further, we clfssibjects as being either active or
passive, and only attempted to classify pairs ¢oimtg an active object. Active objects
are those that move under their own power. Thedede people (or in some scenarios,
people’s hands), animals, robots, etc. Passivectbj@clude items like tools, food,

books, furniture, etc.
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The observable interactions are based on thewvelabianges in position between
the objects in the object-pair. The simplest intBom-types are listed below. These can
be used alone, or can be combined to produce noonelex interaction-types:

1) Convergence:The distance between two objects is decreasing
2) Divergence:The distance between two objects is increasing
3) Moving Together: Two objects are moving with similar trajectories

4) Stopping Together:Two objects are stationary

The object-types, the interaction-types, and theabier-labels are all scenario-
specific and specific details will be provided kExperimental Validation & Results

(Chapter IV). Examples can be foundTiable 1

Table 1: Example labeling of interaction sequences

Behavior-labels are based on object-1-type, olfjegppe, and a sequence of one or more
interaction-types. Sequence ordering is represamety the -’ symbol. Heavy-black
lines separate different test scenarios.

Object-1- | Object-2- | Interaction-Type Behavior-

Type Type Label

Person Person Convergence> StopTogether - | Meeting
Divergence

Person Person ConvergeneeDivergence Passing
(with change in relative orientation)

Person Person MoveTogether Following

Person Bag MoveTogether Carrying

Person Bag MoveTogethex Divergence Dropping

Person Bag Convergenee MoveTogether Taking

Hand ltem Convergence Reaching
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As mentioned in the introductory paragraph, itamstimes useful for the system
to make its own deduction about what is occurrimgaivideo (or what might occur).
Making this kind of determination often requiregormation about the identification,
position, and interaction of objects, as well as d¢kerall context of the scene. Context is
important to resolve actions that might otherwiseambiguous. For example, if a person
reaches for a glass while sitting at a table coimgi plates of food, it would be
reasonable to conclude that the person will bekdrghfrom the glass. However, if a
person is standing over the table while holdincag bf empty plates, it might be better to
conclude that the person is cleaning up. A suffitjerobust system may be able to
determine context on its own, though in our systewe have contextual information
supplied by the user. Examples of the context-basedlusions we use in our scenarios

can be found iTable 2

Table 2: Examples of context-based conclusions.

All interactions involve one person and one itenedDctions are based on the item, the
context, and the behavior-label. The heavy-blaok §eparates different test scenarios.

Item Context | Behavior- Deduction

Label
Bag Airport | Dropping If bag is left unattended: 8ety Threat
Bag Office Taking If person is unknown: Securityrdét
Book Office Reaching Reading
Glass Office Reaching Drinking
Laptop Office Reaching If person is unknown: Segurhreat

When developing the set of interactions, we expenited with both hard-coded

and trained techniques. Details will be providethia following subsections.
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lll.v.1 Hard-Coded Behavior Descriptor

Many of our surveillance scenarios involve the kmag of a subject’s hand across
a table containing multiple objects. In these ins&s, the only interaction that interests
us is when the person reaches toward an objeate $ie reach interaction is relatively
straightforward, we chose to manually specify thigega that define the action. This
allows us to eliminate any potential training estofncrease the transparency of
operation, and eliminate quirks that we found t@uscwith our more sophisticated
HMM-based strategy.

We define our reach action using only the relapesition of the hand, compared
to detected objects. If the hand is closer to dmeab than it is to all the others, and if the
distance to that object is within a predefined shidd for a predefined number of frames,
then the action is considered a reach. Otherwligesystem indicates that no action has
taken place.

There are several ways to define distance in yipis 0f system. The measurement
can be made using image-coordinates in pixel-basdts, or a system could be
calibrated to allow the image to be mapped intosptaf world, providing measurements
in meters and centimeters. Since our algorithm oadpires relative distances, and since
our objects appear at depths that are within tineesarder of magnitude, we found the
simpler strategy to be sufficient.

There is also the question of whether distancesldhme measured between the
objects’ apparent center of mass, or whether distshould be measured from the outer

edge of one object to the outer edge of the seddntéss all objects are small, round,
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and similarly sized, measuring distances betweetrads may not produce the desired
results (larger objects will appear further awale alternative, however, can also be
problematic, since finding the shortest separdbetwveen the outer edges of two objects
is not a task that can be done using a small numibeperations. We chose to balance
efficiency and accuracy by representing objectagiihe second-order moments of their
pixel distribution (a best-fit ellipse). Ellipsesrt be constructed efficiently during a
region’s construction, and provides a reasonabjgoximation of a region’s perimeter.
Region separation can then be computed using #tendie between the nearest edges of
the two ellipses (measured along the line thatrelddrom one region’s centroid to the
other). If one region occludes the other, the distadbecomes negative and represents the

extent of overlap.

Hard-Coded Behavior Descriptors Algorithm

During every video frame that an active objectrisspnt, a separation distance is
computed between that region, and every other fotggl region in the image.
Separation is measured as the distance (in pikelsyeen the nearest edges of the
ellipses representing the two regions. The regi@t presents the shortest distance is
labeled as an interaction candidate if the separas smaller than the average radius of
the ellipse representing the active region. If theeraction lasts for five or more
consecutive frames, then the system obtains thhesfmonding behavior-labels, makes the
corresponding deductions, and initiates any prograch response. All labels and

responses are manually specified during the mamtedtouction phase.
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lll.v.2 HMM-Based Behavior Descriptors

Like many of the high-level components of our systeurHard-Coded Behavior
Descriptor algorithm (Section Ill.v-lll.v.1) was written as @aceholder to provide the
minimum functionality necessary to operate a cotepgtomated surveillance system.
Although the algorithm worked well in our simpleesarios, we recognize that it lacks
the flexibility and automation necessary for areliigent system. In this subsection, we
present an algorithm that can potentially allowodat to learn interaction-types by
observing people engaging in those interactionseOearned, the robot could recognize
subsequent displays of the interaction, and evgagghumans in a way that mimics the
learned interaction. The algorithm described irs thilbsection was not created by the
author of this dissertation, but was included tondestrate how the system can be
extended to operate on more complex problems. Aerdetailed description of the HMM
can be found in R. Kelley's paper (Kelley, King,va&koli, Nicolescu, Nicolescu, &

Bebis, 2008).

lll.vi Automated Response

The primary purpose of an automated surveillanséesy is to reduce the amount
of time it takes for authorities to respond to d¢niai activity. One approach has been to
increase the amount of interaction that occurs éetwhumans and the computer.
Systems have been designed to alert authoritiey éuge an unusual event is perceived,
with the expectation that humans will respond binig the system if the event was a

genuine threat or a false call. In the case of Isefaall, the system could learn to
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disregard a similar event in the future (SillitoREsher, 2008). This approach might be
useful during development and may reduce respoinsestin settings with a large
number of dedicated security staff, but this datstively little to assist authorities in the
recognition, pursuit, or apprehension of perpetsatdVNithout requiring additional
hardware, a system may be able to zoom in a cantereake higher resolution
photographs or communicate with other cameras tp the path of the fleeing
individual. However, if the intent is to develogudly automated system, the architecture
should also possess the capabilities to solve npraslems or even engage criminals on
its own. The inclusion of robots to a system ig¢fare a logical extension.

Many of our scenarios involve interaction with oae more robots. This is
primarily what motivated us to develop a systent toalld be used on moving platforms.
Using the same system on both the static and nolootted cameras allows models to be
transferrable from one to the other. In cases wilaetheft is observed, this makes it
possible for models that had been created of tlspesi to be transferred to a patrol
robot, which could use the information to approacipursue the person. Alternatively, a
stationary robot could act as the surveillance camatil it becomes clear that a person
is in need of assistance. The robot could themgpnto action and assist the human
without losing track of its existing models of thisual scene.

We used several robots to validate our approaciveter the one that was used
most frequently was the Pioneer 3DX mobile robdtisTwas equipped with a SICK
LMS-200 laser rangefinder, front and rear sonad, ampan-tilt-zoom camera. For robot

control we use the Player/Stage/Gazebo robot dewiegface (Gerkey, Vaughan, &
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Howard, 2003). The following sections provide dstabout our robot control, mapping,
and localization algorithms. Most of our robot cofg are hard-coded behaviors, though
to keep with the format of previous subchaptersaige provide details on an approach
that could increase automation by allowing robotkeairn behaviors on their own. Using
this approach, a programmer would only need tondefilesirable and undesirable

outcomes and the system would use simulation to ptaysical behaviors.

l1l.vi.1 Obstacle Avoidance Behavior Fusion

The mobile robots used in our experiments were Iggppvith an obstacle
avoidance behavior and a waypoint seeking beha&isimple fuzzy system was used to
fuse the output of these behaviors. The obstaatkedamce behavior used laser range-
finder information to identify objects that weretkn the path of the robot. The output of
the behavior is the turn angle and speed necessayoid the closest of those objects.
The waypoint seeking behavior points the robotmdirection that would bring it closer
to a target. The recommended speed produced Iptaheer is always the maximum.

The fuzzy system fuses the two behaviors in a Way takes the nearest obstacle
into consideration. If an obstacle is dangerouklge to the robot, the obstacle avoidance
behavior is executed exclusively (Obstacle avoidameight = 1, Waypoint seeking
weight = 0). If the nearest obstacle is reasontlyrom the robot, the waypoint seeking
behavior is executed with full weight. If the oljjéalls within the fuzzy region between
near and far, the output angle and speed are atidonof the fuzzy weights

corresponding to the distance activation functisrslaown inFigure 111-33, followed by
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the related equations. This fuzzy system was usedllitrials that involved waypoint

seeking (including both static and dynamic waym)int

Wq=1 Near Far
Wi=Wog= e === === -
Wo =0

1
Unsafe Distance Safe Distance

Figure 111-33: Distance-dependent activation funcion.

OutputAngé= A *w, + A, * W,
A; = Recommended angle to avoid object

A, = Recommended angle to face waypoint
w; & W» = Values of the activation function

OutpuBpeed=S*w, +S,*w,
S; = Recommended speed to avoid object

S; = Recommended speed to face waypoint
w; & w», = Values of the activation function

lll.vi.2  Mapping & Navigation

A considerable amount of work has been done irig¢e of robot mapping and a
considerable amount of software is available tovaltobot mapping and navigation. The
software used in this thesis is available as piattie"Simple Mapping Utilities (pmap)”

from the Player software (Howard, 2004).
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The pmap package provides several utilities foerldmsed mapping in 2D

environments. The components are as follows:

1)

2)

3)

4)

Laser-stabilized odometry (lodo):This library maintains a record of recent laser
readings and will make corrections to the robaismetry readings such that the

current laser readings will be most consistent widviously obtained readings.

Particle-filter-based-mapping (pmap): This library maintains a particle filter
representing a set of approximately 200 maps, whieh produced by adding
Gaussian noise to the predicted measurements. khapsdeviate significantly
from expected measurements are removed from coasime and replaced with

copies of more consistent maps in the set.

Relaxation over local constraints (rmap):This provides a post-processing step
that uses an "iterated closed point algorithm” ¢fine a map so that there is
increased consistency between repeated observaifoine same features. This
step is supposed to provide a solution to the "ldoging” problem, allowing a
robot to provide an accurate correspondence whegtutns to a location that it

has already mapped.

Occupancy grid mapping (omap):This converts the laser readings taken during

the mapping process to be converted into an oc@ypgund.

Though effective in simulated environments and imak real-world

environments, the Player mapping software perforpaatly in the hallways used in our
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experiments. Two major oblems were encountered. First, the hallways werddng to
be accurately mapped by the software. Odometrysaccumulated quickly and straig
halls were mapped as being gently curved. Sectvedobp in the environment was t

big for the rmap poidn of the algorithm to produce accurate correspods

Figure 111-34 : Original mapping result using a particle filter with 200 particles.

Figure 11I-34 shows the map recorded by Player's software befadification. This
map was made using 200 particles in the partidterfiOdometry errors resied in
curved corridors andfailure toclose the loop.

The inaccuracies produced by the Player software we® large for the map to |
useful in actual trials. Plus, maintaining 200 safmmaps in the particle filter was t
slow to be implemented on the robot in real timerdsponse tthese problems, w
developed an algorithm that improved the speedaadracy of the results by making

minor assumption regarding the architecture ofldbeding. This assumption was tf

most walls would be straight, parallel, and wouldetat rightangles. Since the va
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majority of modern buildings meet this criteriaistassumption should not be considered
unreasonable. If a building did not meet the aatethe mapping system would
automatically resort to building a traditional map.

This assumption was applied as a secondary fittidhe map particles maintained
by player. As the maps were generated, a line-tietealgorithm was used on each map
to identify regions where wall measurements cowadpd to linear regions. When linear
regions were located, they were used to judge ¢haracy of subsequent measurements.
Subsequent measurements that were consistent hatloliserved linear regions were
assigned higher accuracy readings, increasing fibieapility that the maps containing
those measurements would be maintained.

A simple algorithm was used to implement this lnitga Linear regions were
identified within an 8x8 meter area surrounding tbkot on each map and tallies were
made of the number of predicted wall-segments wmate consistent with the linear
portions. If the number of consistent measuremamtthe best of all maps became
significantly greater (beyond a predefined thredhdhan the number of consistent
measurements in the worst of all maps, the worgt wes replaced by a copy of the best
map. Although this algorithm should function fands intersecting at any angle, the line-
detection algorithm was simplified and the accura@s improved using the added

assumption that lines could only intersect at rayigles.
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Figure 111-35: Modified mapping results using a particle filter with 20 particles

Figure 111-35 shows the generated map using the modified Playféware. This may
was generated using only 20 particles (one tentth@mumber of particles used in 1
previous map). This reduction iracked particles allowed mapping to take placesa-
time on a robot. It should be noted that if thigoaithm is applied to regions containi
no linear segments, it will default to the standawapping algorithm, though performar
will degrade sincesignificantly fewer particles are useCorridors appear straight a
loop closure was success

lll.vi.3 Target Seeking & Followinc

During all scenarios involving robot responsesptelare provided a map of th
environment. Using Play-provided functions,hte robots use this map to estimate t
own location and orientation, as well as the laratf other objects in the environme
Waypoints represent destinations that a robot adtlvely seek out. We allowed targ
to be selected either manually wtomatically, depending on the experimental deme

Manual waypoints are selected using a graphicat uderface that allowed users
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apply a mouse-click to a desired location on th@.nRobots patrolling the environment
communicate among themselves to determine the {obobbots) that are best suited for
the task (based on robot-type and proximity). Thoskots then converge on the

destination.

Figure 111-36: Example showing multiple robots se&ing multiple waypoints.

Figure 111-36 contains a screenshot showing multiple robots cmiwg on targets.

Waypoints are shown as white plus-signs insideredleircles. Robots appear as ced

greenvarieties. Red and green lines connect robots ¢ thestination waypoint. The
pictures scattered around the image are videos taigen different parts of the hallway.
Colored cylinders visible in these images corresipgonwaypoints on the map.

In addition to static waypoints, our software addlows waypoints to be assigned

automatically by our behavior recognition softwaféor example, if our system
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determines that a person has engaged in quest®aativity, then a waypoint is created
at the location of that person. As the person motres coordinates of the waypoint is
adjusted accordingly. This adjustment can be mgdadprimary detection system or by

a robot that is in pursuit.

Figure [1I-37: Examples of a robot pursuing a persn.

Figure 11I-37 shows screenshots from two pursuits. The purstbgt estimates the
subject’'s position within its own field of view ardtaws a red rectangle around the
estimation (top images). The robot also estimdtestibject’s position on the global map
and displays it using a red and white symbol (bottmages). The robot’s own position
is estimated and drawn on the map using a greebaym

Target Seeking & Following Algorithm

The player software provides a wave-front planrafgprithm that can be used to
guide robots to a specific destination. The alfonioperates by dividing the known map

into a matrix of square regions, which are assiguallies that corresponds to the



183

minimum distance from that location to the tarJdte algorithm begins by assigning the
value ‘0’ to the square that represents the ddstimaSquares that are immediately
adjacent to the initial square are assigned a vallug, the next set of adjacent squares
are assigned a value of ‘2’, and so on. This paestinues until there are no more
adjacent squares to be filled. When complete, tmdge squares that are reachable from
the destination will contain a value. At runtimbe twave-front planner will iteratively
advance the robot toward the adjacent square thatios the lowest value until the
destination is reached.

When seeking stationary targets in an unchangingramment, the wave-front
planner is guaranteed to identify the shortest faithin a given map resolution). The
main disadvantage to the algorithm is that it isegally not possible to make local
changes to the plan. If an obstruction is iderdifog if a target moves, a new wave-front
must be generated for the entire map. Dependinth@mesolution and size of the map,
frequent re-planning can interfere with real-tinpeation.

In our scenarios, we wanted to make it possiblerdtwots to track and pursue
moving objects in real time. Our goal was to hawe or more robots converge on a
person of interest using coordinates supplied bysgatem. If movement was observed,
we wanted their position to be updated in real tithene of our robots was in pursuit,
that robot should also be able to continually updle position of the person to allow
other robots to intercept. Because of the amoutitred required for the traditional wave-

front planner algorithm to operate in our enviromingand because the Player version
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was not designed to allow any re-planning at al§,decided to write our own version of
the planner.

Our planner was optimized specifically for a hafwenvironment (characterized
by long narrow interconnected corridors). In thisvieonment, robots are relatively
constrained to large-scale motion in one dimengioa direction of the corridor), though
on a small-scale, complex maneuvering may stilhbeessary to avoid objects. Using
this assumption, it is possible to greatly simptiig way a map is represented. Instead of
representing every square decimeter of traverssiidee, the map can be reduced to a
simple connected graph. The graph is designedamtitdes appear at intersections and
at the ends of hallways. Additionally, nodes areced so that there is a direct line of
sight between every node, and all nodes directlgneoted to that node. For our
scenarios, the simplification was significant. Wsan matrix of .125 square-meter blocks
to represent the floor-plan, our map required ato8¢h,000 individual elements. Using a
connected graph, the same floor-plan only requéetbdes (shown ifrigure 111-38).
Although this representation is particularly walited for hallway floor-plans, it should
be noted that this type of representation can led @ any environment. In addition to
reducing storage and processing demands, a graphiraireases the flexibility of the
system. If a robot is attempting to navigate to afethe nodes and encounters an
obstruction, it is relatively simple to eliminatket connection from the graph, while
searching the remaining graph for the next-shortege. The main disadvantage is that a
shortest path will not be guaranteed, although niéipg on how the graph is constructed,

the difference may be insignificant.
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Figure 111-38: Example graph representation of thehallway environment.

Figure 111-38 shows the graph that is produced for our hallwayirenment. Graph
nodes are represented using red circles. Linksepresented using blue lines.
The following sub-sections will provide details bow we constructed the graphs

and how we used the graph for waypoint seeking.

ll.vi.3.1 Map Graph Construction

The idea behind our graph construction algorithms via identify a graph
containing a set of nodes that represent pointhinvia given map that correspond to
intersections, dead-ends, and hallway regionsgif burvature. The results of our graph
algorithm were shown in the previous sectigig(re 111-38). Since our environment
primarily consisted of narrow interconnected casrg] we found that acceptable points

could be extracted from a skeletalized represamtatnf the original map. Image
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skeletalization involves the iterative erosion oxegls from a region’s perimeter (as
shown inFigure 111-39), until the width is reduced to a single pixel. Tép@aph-node

detection algorithm is summarized after the image.

Figure 111-39: Results of our skeletalization algeithm.

Figure I11-39 shows a skeletalized version of the hallway emritent. Blue lines
represent the skeleton. Red circles represent rfodesl at skeleton intersections. Black
circles represent nodes found at skeleton endfoléere, the majority of the black
nodes are found at the ends of very short skelextensions (short blue lines). Almost
all of these are culled from our final graph beeatgey either fall too close to a wall or
too close to the base of the extension. After tliekonodes are removed, most of the
corresponding red nodes are subsequently removealibe they do not represent either
intersections or endpoints.

Graph Node detection algorithm:

1) Skeletize Map: Reduce a map to its minimum skeletal structureFigure

111-39, the skeleton is shown in shown in blue.
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2) ldentify Nodes: Check every pixel that lies along the map skelelba.pixel is
connected to a skeletal pixel on only one sidet pineel is marked as an end-
point-node. If a pixel is connected to three orrfgkeletal pixels, that pixel is
marked as an intersection-point-node. Otherwise,pilxel will be connected to
two skeletal pixels and will be ignored. Fgure [11-39, end nodes are shown

using black circles and intersection nodes are shasing red circles.

3) Cull Nodes Near Walls: A characteristic of the skeletization algorithmtlist
small narrow bumps will be detected as extensionthé skeleton. We use a
simple threshold to eliminate any nodes that feltlose to a wall, that they could
not be safely visited by a robot (threshold is™a4 the width of the hallway). In
Figure 111-39, these unsafe locations appear as black circleseiately adjacent

to walls.

4) Cull Nodes Near Other NodesBYy the same principle as that mentioned in (3),
wide irregularities will produce shorter extensidhat have endpoints closer to
the base of the extension. We find that very shottensions provide little
additional information about the environment, so uge the same distance

threshold mentioned in (3) to also eliminate no@dated to these features.

5) Cull Nodes on Straight Paths:Under certain conditions, we do not require that
the graph be minimized (a graph is minimized atfterremoval of nodes that are
connected to exactly two other nodes). However, dee want to remove

unnecessary nodes if their two connecting nodesvahen line-of-sight of each
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other. Two nodes are considered to be within lifasight, if one could step along
the entire connecting line that spans between tlhathput leaving the portions

of the map accessible by a robot (the light-grayipo).

Subdivide Curve Paths:We wanted every node to be within line-of-sigheath
of its connecting nodes. If two nodes were fourat thd not satisfy this criterion,
then an additional node was added along the skeledth that spanned the two
nodes. If the criterion could be satisfied by addamly one node, then the node
was added to the point that maximized visibility doth existing nodes (if an
additional node was added between existing nodeand ‘B’, and there was a
region where both ‘A’ and ‘B’ was visible, then theint of ‘maximum visibility’
was determined to be half-way between the pointravbaly ‘A’ was visible, and
the point where only ‘B’ was visible). If the cniten could not be satisfied by
adding only one node, then a node was added tpdiné¢ on the skeleton that fell

halfway between the two nodes. Each new segmenthegasecursively tested.

Create a Map-to-Graph Translation Array: After a graph has been generated
and minimized, we create a fast-access array tilatvaa robots in the
environment to identify the graph node that is ekigo its position on the map.
This array contains the same dimensions as theénaligccupancy map and is
produced at the same resolution. At the final stafenitialization, for each
location on the map, we store a reference to therese graph node (with

distances measured only across traversable spacepresentation of our Map-
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to-Graph translation array is shown kigure 111-40. Specifics about how this
information is used to locate and track waypointdl Wwe provided in the

following section.

Figure 111-40: A representation of our map-to-graph translation array.

Figure 111-40 shows how a robot can efficiently find the neaggsiph node by using its
location as a query. Graph nodes are representeslbked circles, with corresponding
regions being illustrated using a similar colornés between nodes are added only to
help visualize the underlying graph.

[ll.vi.3.2 Dynamic Waypoint Seeking

We used waypoints in two different types of expemts. Manual waypoints are
useful for moving robots from on point to anoth&ruser can select a location in the
environment using a GUI, and one or more robot$ eahverge on that point. These

waypoints are represented only by coordinates emtap, and are not necessarily related
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to physical objects. Once the robots reach thestination, the waypoint is removed and
the robots wait for additional commands.

Dynamic waypoints are assigned automatically dutimg activity recognition
phase of our experiment. These waypoints diffethat they are physical objects that a
robot can locate in its environment using its sens@nce the robot has identified the
object, it uses its localization information aneé timeasured distance and angle from the
object to continually update the position of theyp@nt. The robot then makes the
necessary adjustments in its orientation to maintes approach. Even if the person
disappears around a corner, the robot will stilvarge on the last known location of the
waypoint until visual contact can be regained. &lternating adjustment of waypoint
position and travel direction produces a realistoking chase.

The algorithm for pursuing the waypoint is relatiwsimple when using the graph
described in the previous section. The robot usesviap-to-Graph Translation Array to
identify the graph-node that is closest to its posiin the environment (This is referred
to as the primary-node. This is always consideoelet within the robot’s line-of-sight.).
It then goes through the adjacency list of thatenadd identifies the set of connected
nodes that are within the robot’s line-of-sight {nected-nodes). As was mentioned
previously, nodes are generated using the constlah each node is within the line-of-
sight of their adjacent nodes. This is done to §isnfhe way that a robot determines if a
node is within its own line-of-sight. Basically, tiie angle between the connected-node
and the primary-node is similar to the angle betw#e connected-node and the robot

(allowable error is within the width of the hallwaythen the connected-node is
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determined to be in the line-of-sight of the robblhe robot then stores the list of all
node-pairs that are within its line-of-sight (abde-pairs will contain the primary-node
and one of the connected-nodes).

Once the robot establishes its own position ambegibdes, it repeats the test on
the waypoint. If the waypoint returns one of thensanode-pairs as the robot, then the
waypoint is considered to be within the robot'sshof-sight and the robot will approach
the waypoint directly (even if there is some enmrthis assumption, it will be close
enough that the robot's obstacle avoidance routuile ensure that a safe path is
followed). If the waypoint is not within the robst’line-of-sight, it will conduct a
recursive search of the graph to identify the segeef nodes that produces the shortest
distance to the destination. The robot will thendorected toward the first node in that
sequence. Since the graph search can be done ektreuickly, it is conducted at every
time step. It should be noted that our definitidrvigibility ensures that before any node
in the sequence is actually reached; subsequemsnwil always become visible. This
ensures that the robot will not attempt to posititself at the exact location of each
intermediate waypoint before continuing on to tlextnthus producing a more natural

and efficient path through the environment.

lll.vi.4  Behavior Acquisition Using Genetically-Evolved NN

Designing robots that autonomously respond to dynamnvironments has been
such a difficult challenge that it was largely iged until relatively recently. In solving

this problem many researchers have largely abamdibreetraditional techniques of rigid
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plans and hard-coded controls and replace them seitisor-dependent, highly reactive
behaviors. This offers the robot a distinct advgataver planning-based strategies,
which usually require perfect world models and getrfiocalization techniques for safe
locomotion. Instead, reactive robots only needahgity to sense and respond to their
immediate surroundings. If these surroundings cbatige robot can adapt its behaviors
to the new situation.

Typically, the design of a reactive control algomt is accomplished using a set
of simple behaviors, which are each designed toraptishing a very specific goal. Such
behaviors could include avoiding obstacles, wallofeing, seeking out landmarks,
seeking out open spaces, seeking out other roétatsDepending on the design strategy,
robots may switch between its various behaviorst aray use a weighting scheme to
determine the extent that each behavior determisestions. Although this approach to
robot control is much more flexible than traditibnaethods, it still requires a
considerable amount of hard coding and heurisfRsearchers must engage in the
laborious process of separately coding each okiimgle behaviors and then determine
an appropriate way to fuse these behaviors, giegiaiao environmental conditions. Each
of these steps can be time-consuming, error prame,subject to researcher biases and
impatience.

In this section, we discuss how a genetically esdlmeural network could take
the idea of reactive control a step further to elate the laborious process of coding and
fusing behaviors. Instead of coding the robot tacteto its environment, a genetic

algorithm could allow a naive robot to be placedmenvironment, where it would react



193

to its own interaction with the environment. A roloould attempt to fine-tune behaviors
that prove effective, while abandoning those thatless effective. If a researcher wanted
the robot to learn a new task, they would simplecsly the feedback criteria. For
example, to train a robot to follow another rol@tesearcher would only need to define
the desired distance the robot is expected to miajndlong with a numeric reward scale
that the robot could use to define its own succé&hs. robot would then train itself the
behaviors necessary to identify the target in theirenment, orient itself in the right
direction, and pursue the target at a safe speesl. W show that this approach is
effective at training a robot such tasks as safebying about its environment, waypoint
seeking, strategy building, pursuit, cooperatiomg @vasion. This technique can even
make it possible for robots that have learned dikte incorporate this knowledge into
the learning additional skills.

Another interesting thing with this approach isrgsemblance to the evolution of
biological systems. To emphasize this similaritye will show how different fitness
criteria can allow the emergence of life-like belbas. We will discuss five different
robot interaction scenarios including individuahgeetition, team competition, predator-
prey relationships, mutualistic relationships, gadasite-host interaction.

In the following sub-sections, we will discuss thienulation environment, the

learning algorithm, and some results from our grial
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lll.vi.4.1 Simulation for Behavior Acquisition

Although the current implementation is entirelysimulation, the simulation has been
made to closely resemble a real environment armsllelieved that robots trained in the
simulation should fair reasonably well in the re@lrld. The map used for the simulation
was generated from laser data acquired by drivingket through the halls of the
computer science building. The drivable area iuaB0 by 50 meters and is represented
at a scale of 1 pixel per .125 meters. This maghswn as figure 1. The rough color
texture is only used to aid the researcher in lonadentification and is not currently

used by the robot.
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Figure IlI-41: Simulated robot environment.

Figure 111-41 contains a screenshot of the system in actionegewption of the symbols
are provided in the following section.
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[ll.vi.4.1.1 Map Entities

Since the primary goal is to train robots to operata dynamic environment. The
simulation had to contain a sufficiently dynamicality. This was achieved by
simultaneously operating and training eight robeithin the same simulation. Each
robot was considered an obstacle to every othestrabd created a very unpredictable

setting. Graphic representations of the map’s corapts are as follows.

Living robots can be one of two types representgded and green. In
. heterogeneous populations, the colors represefdrehit specialties or
tasks. In homogenous populations, colors may reptesobot teams.
Robots view their environment through a set of eegexplained below)

and respond to the environment by manipulating thesition.

. Y Dead robots are represented as hollow circles aedirecapable of
movement, though these robots are still considerestacles to other

robots. A robot dies when it hits a wall or anotiaot.

ﬂ.I Waypoints represent goals to the robot. If a rgjats sufficiently close to

the center of the waypoint, that goal is consideatthined. In this
simulation, red waypoints are goals to green rolaot$ green waypoints

are goals to red robots.
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.. If the goal represented by a waypoint can be sadisfThen the
satisfaction of that goal will cause the waypointdeactivate and turn

dark.

Em Some waypoints represent complicated goals, wteghire the visitation

of multiple robots. An ‘X’ represents a waypoini@athhas only partially

been satisfied.

lll.vi.i4.1.2 Robot Sensors (26 total)

The robots are only aware of locally accessiblermfation. They do not have any
global knowledge of the map and do not know thatioos of waypoints or other robots
unless those objects are sufficiently close andratke robot’s line of sight. If an object
is just around a corner, the robot will be unawafats presence. The robot contains
sensors to detect its own speed, the location stiackes, the location waypoints, and the

location of other robots. Sensor specifics are shbalow.

e 1 Speed SensorThe robot receives an accurate measure of its own
speed. Due to the imposition of momentum, this dpedl not
necessarily equal the speed commands being sehé lvgbot.

o Provides: Measurement of speed (meters/sec)

e 7 Laser Sensors For computationally efficiency, the laser used in

simulation provides less information than a reaHditaser. In the real-
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world, the laser takes up to 361 measurements W85 degrees
coverage, providing an angular resolution of 0.§rdes.

o Activated by walls or other robots

o Provides: Straight-line distance (meters)

o Total Coverage: 180 degrees in front of robot

0 Resolution: 30 degrees

0 Range: 8 meters.

4 Team Robot SensorsThis low-resolution device will not provide an
accurate angle to an object, but will provide acuaate distance. The
angular resolution is only good enough to deterniiriee object is in
front, behind, left, or right.

0 Activated by the presence of same-colored robots

o Provides: Straight-line distance (meters)

o Total Coverage: Overlapping coverage of 360 degrees

o0 Resolution: 120 degrees

0 Range: 24 meters

4 Opponent Robot Sensors:
o Activated by the presence of opposite-colored rebot

o0 Specification match the sensor above

4 Team Waypoint Sensors:

o0 Activated by the presence of same-colored waypoints
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0 Specifications match the sensor above

e 4 Opponent Waypoint Sensors:
0 Activated by the presence of opposite-colored waypo

0 Specifications match the sensor above

e 2 Internal Memory Sensors The conventional reactive-architecture
does not contain any internal state. Robots onBpoed to their
immediate surroundings. Though this can produceceffe behaviors,
it also limits what a robot can accomplish. In #&empt to offer robots
some ability to store current state informatiorese memory sensors
were added. These sensors simply report the valfidsio output
neurons, producing a limited amount of recursion tie neural
network.

o Always active
o Provides: A capped approximation of two output ealu

o Range: Values are capped to a range of -10.0 @ 10.

ll.vi.4.1.3 Robot Output Commands (10 total)

For every iteration of the simulation, robots reesi information from their
available sensors, they processes the data, amldiggraan output, which controls their
steering and drive mechanisms. The robots are ally to issue a limited number of

commands to their motors. These are as follows.
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e 5 Steering Angles:
o -15° (right)
o -5° (right)
o 0° (straight)
o 5° (left)

o 15° (left)

e 3 Speed Velocities:
o 0.02 meters/sec
o 0.1 meters/sec

o 0.5 meters/sec

e 2 Internal Memory Outputs: Recursively fed to thi@t2rnal memory sensors

In an attempt to increase the simulation’s realisommands to the motors do not
generate instantaneous changes. Instead, the nwatbrespond by the amount that is
half-way between the robot current state and thaested state. For instance, if the robot
is traveling at 0.1 meters/sec and it receives mncand to go 0.5 meters/sec, the
resulting speed will be .3 meters/sec. After theneand has been issued to the motors,
the robot’s position will be updated on the magh# movement placed the robot onto a
wall or another obstacle, that robot is considesmeecked and will be disabled for the

remainder of the trial.
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lll.vi.4.2 Genetically-Evolved NN Algorithm

Robot-learning was accomplished using the “Neurhd#iam with enforced sub-
populations” (ESP) algorithm. Gomez demonstrated this algorithm works well for
general learning tasks (Gomez & Miikkulainen, 1998)d Bryant successfully applied it
to a multi-agent computer game that required agent®mpete for resources on a 331-
cell playing grid (Bryant & Miikkulainen, 2003). Ehalgorithm contains a simple feed-
forward neural network containing an input layer, autput layer, and a single hidden
layer of neurons. Each neuron produces a floatoigtputput, which is the summation
of its inputs multiplied by its input-weights. Theetwork is trained by systematically
adjusting these weights. Weights are modified usiggnetic algorithm that treats the set
of weights as a single-dimensional chromosome. {haetic algorithm maintains
populations of these chromosomes, and modifiesdhees using mutation and crossover
functions. The fitness for each chromosome is datexd by evaluating the fitness of the
neural network of which it is participating. Chrosoones corresponding to high-fithess
networks have a higher probability of surviving smbsequent generations, thus
preserving the set of weights that most benefitedieural network.

The novel feature of the ESP algorithm is that esstiwork is made up of several
chromosome sub-populations, which are evolved ieddently of one another. The
number of sub-populations is determined by the rarmebhidden cells in the network. In
the example shown in figure 2, there are six hiddelts, and therefore six separate
populations that make up this network. The numbealieles in each chromosome is

determined by the number of input weights entetireghidden cell, plus the number of
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output weights exiting the cell. To evaluate a mentdf the chromosome population, the
represented weights are applied to the hiddertleaticorresponds to its population. Five
more chromosomes are randomly selected from tlespective populations and the
network is evaluated. The resulting fitness is gis=mil to every individual that
participated in the network. This process is repegatintii every member of each

population has been evaluated a sufficient numbgmes to estimate its contribution.
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Figure 111-42: Representation of hidden cell breethg populations.

Figure 111-42 shows that each cell in the hidden layer is tdkem a population of cels
that are separately trained and scored based on ah#ity to function with other
randomly selected cells. Image is a modified versali a graphic in (Bryant &
Miikkulainen, 2003).

ll.vi.i4.2.1  Application of ESP to robot control

Each robot controller consisted of a fully-conndctiree-layer neural network
similar to the one described above. The networktaioad 26 input neurons
corresponding to the 26 input sensors, 10 outputams corresponding to the 10 output
commands, and 6 hidden neurons. Additionally, teevark contained bias neurons in
the input and hidden layers that propagated a valfieone (multiplied by the

corresponding weights) to the downstream neurons.
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There were 37 weights associated with each hidéemon, containing weights
from the 26 input neurons, 1 input-bias neuron, d@ddutput neurons. These weights
were stored as a 37-allele long, one-dimensionadnsbsome. New robots were given
weights that were initialized to random values tesw -1 and +1 such that there was a
high likelihood of values close to zero and an egutially lower likelihood that values
would be close to £1. Mutation could change theghves from their original values but a
restriction was applied that capped the rangesd®iwl.0 and +1.0. Each of the hidden
neuron chromosomes was maintained in a separatpagultation. Six sub-populations
contained chromosomes from the 6 hidden neurons argkventh sub-population
contained the chromosome associated with the hiddas-neuron. For the current
implementation, each population contained 51 imtligis. This number was selected
somewhat arbitrarily to produce sufficiently longaining-curve graphs in a tractable
amount of time. Bryant suggested that better resudtild be obtained using much larger
populations (500+ individuals) (Bryant & Miikkulaam, 2003) but this has not yet been
investigated for the current project.

During each learning cycle, a neural network wasesmbled by randomly
selecting a set of chromosomes from each of theldeh-cell populations. The network
was evaluated and the resulting fithess value weaengto each chromosome that
participated. This process was repeated for anotfagdomly selected set of
chromosomes until all chromosomes got a chanceatticjpate in 10 networks. The

chromosomes final fitness is the average of akk\vdluation opportunities.
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l1l.vi.4.2.2 Evaluation

The fitness for each neural network was determmmedsing it as a controller for
one robot simulation trial, which included 7500 obimovement iterations. During each
iteration, input neurons received the values of ribieot’'s sensors and the network’s
output neurons directed the robot’s motors. Atdtat of the trail, the robot was placed
in a random location of the environment, along veiétven other robots and as many as
10 waypoints. The robot was then driven using #agral network until it crashed or until
the trial-duration elapsed. This process was regeaiultiple times from multiple starting
points until all hidden cells had the opportunitylte evaluated 10 times, for each of the
51 individuals in the population. Consequently, Sti@ls were executed for every
generation of individuals. Throughout each triathndss points were assigned to or
deleted from each robot. Whether the robot gainddst points depended on whether its
behavior matched that, which was expected by theareher. Details about each of the

specific training environments will be describedly.

ll.vi.4.2.3 Mating

After the set of evaluation trials was completeadlividuals from each sub-
population were mated using an elitism breedingtsgy. The one individual with the
highest fithess continued to the next generatiashanged. 24 breeding pairs were then
selected to produce 24 pairs of offspring for thextngeneration. Selection was
determined using a normalized roulette-wheel gisatehe roulette-wheel provided

high-fitness individuals with a high probability pérticipating in a breeding pair, while
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low-fitness individuals were given a low probalylitndividuals were bred with a 75%
probability using single-point crossover. MutatiatEurred with a 1% probability on the
resulting offspring.

To further introduce genetic variability, two “oidsr” individuals were added to
the subsequent population. Depending on the trgipirase, these individual were either
modified versions of the most fit individuals (mbed, in such a way that every allele
was changed a small amount from the original), lewytwere extracted from the
population of another robot of the same type. Tdemetic sharing was used as a
mechanism to allow individuals to either evolveapdndently, or to evolve as a team.
This was necessary because of the way robots wared. Before robots were placed
into a complex learning scenario, they were fimght basing obstacle avoidance
behaviors. During this initial training, robots wemot allowed to share genetic
information with the hope that they would each depetheir own strategies and
personalities. For all subsequent scenarios, ramotthe same team (represented by the
same color), were allowed to share their best @djod members with others on the
same team. It was believed that this would helptreduce beneficial genetic variability

into populations that had already converged dutiiegnitial obstacle avoidance training.

ll.vi.i4.3  Experimentation

Robots were placed in six different training scessato demonstrate their ability

to autonomously learn a variety of tasks. Thesenaoes were Obstacle-Avoidance,
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Individual Waypoint-Seeking, Team Waypoint-Seekingredator-Prey Interaction,
Mutualistic Pursue-Pursued Interaction, and PacaBiirsue-Pursued Interaction.

A population of 51 robots was trained in each sdengor between 100-300
generations. The robots placed in any given scenaere physically identical to those
placed in any other scenario. All robots possesisedsame set of sensors and produced
the same output control, with one exception: A f@whe scenarios required a diverse
group of individuals. This was accomplished by dymegulating the top speed of one
group of individuals to be slightly slower than ethrobots in the scenario. When going
into the scenario, the modified individuals hadyobéen trained on their non-modified
equipment and had to adapt to the modificationtherfly.

Although the robots were physically identical, thay had different learning
backgrounds. The only scenario that was run onamhg initialized robots was the
Obstacle-Avoidance scenario. All other scenariosewan on robots, which had already
learned basic obstacle-avoidance techniques.

Scenarios were analyzed qualitatively by visualbgerving the behavior of the
robots at different stages in training and quativiédy by observing the resulting learning

graph. The specifics for each scenario are asvistlo

l1l.vi.4.3.1 Obstacle Avoidance Scenario

The Obstacle Avoidance Scenario was intended hteabots safe navigation. Robots

placed in this scenario had no prior driving exgece and contained neural networks
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with randomly initialized weights. The robots pogidns that were trained in this

scenario were used as seed populations for alegulesit scenarios.

Setup:
Four green robots, four red robots, five green ways, and five red waypoints

were placed at random locations across the sinonl&imvironment.

Fitness Evaluation:

Robots were encouraged to drive fast and to ex@deege portion of the map.
The fitness function was (Fitness = DistanceTray&léreaExplored). It should be noted
that the robots were not explicitly punished foastring, though crashing indirectly
reduced their fitness by preventing them from esgfarther. Robots did not receive any
reward for crossing waypoints. The waypoints wemngpdy placed in the environment so

that the robots would get used to their presence.

Qualitative Evaluation:

When the robots were first exposed to the map, @b0% drove directly into a
wall, 30% sat in one place and spun, and 10% dralvdeast a short distance.
Surprisingly, a select few preformed quite well teir first attempt. These robots
usually drove parallel to a nearby wall, and woelen follow it around corners. Most
robots drove quite slowly.

After twenty generations, the robots seemed touged to their environment.

Their mastery of following walls was good but apeeaunable to avoid other robots.
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Robots at this point seemed to have learned tlegt ¢buld get more points by driving
fast. Spinning behaviors were replaced by smakgutar-circle behaviors, which
apparently allowed them to log more miles.

After 100 generations, the robots had almost cotalylenastered wall-avoidance.
They still had occasional collisions with each othat appeared to be “aware” of each
other’s presence. Robots would drive at top speest of the time but would frequently

slow down when approaching corners, dead endgher mbots.

Quantitative Evaluation:
Robots displayed a rather linear learning curve thay have leveled off by the

hundredth iteration. It is unknown what would hénag@pened in future generations.

Pop: 51 Cross: 0.7 Learning Obstacle Avoidance
Mutate: 0.01 Fitness: Map Explored
22750
19500
16250
13000
9730
6500

3250

0o
MIN: 17973

MAX: 22621 439 20 30 40 50 60 70 80 90
Iterations

Figure 111-43: Obstacle Avoidance learning rates.
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ll.vi.4.3.2 Individual Waypoint-Seeking Scenario

The Waypoint-Seeking Scenario demonstrates thabtsothat are previously

trained in an obstacle avoidance behavior, coulflitiber trained to engage in a task.

Setup:
The environment was divided into three sectionse ©ection contained only red
robots and red waypoints. A second section condaimly green robots and green

waypoints. The third section acted to create am@pea between the other two.

Fitness Evaluation:

Robots were encouraged to find all waypoints ofdpposite color as quickly as
possible. Every robot that drove sufficiently cloge the appropriate waypoint was
awarded an increase in fitness that was propoftimnéhe amount of time left in that
trial. When a robot discovered all five waypoinits, accumulated fitness value was

doubled and it was removed from the map.

Qualitative Evaluation:

As an accidental consequence of the waypoint agdmic algorithm, all
waypoints tended to appear in the centers of thhedoos. Consequently, the robots
learned rather quickly to drive rapidly around thap, while maintaining this position.
Although this strategy was effective at finding \waints, it was also effective at crashing

into other robots.
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After about 100 iterations, the robots seemed toekgloring the map very
systematically. Robots stayed to the center ofctireidors when approaching waypoints
and moved to the left side of the corridors whepragaching other robots. Most robots

could very quickly eliminate all waypoints.

Quantitative Evaluation:

The obstacle avoidance learning somewhat prepaeedobots for this new task.
On the first generation, they were already exptpramd finding waypoints reasonably
well. For some reason, their performance droppeshddly for the first fifteen
generations. It is hypothesized that this decreasea result of the new influx of genetic
material from teammates or it may have been a cpmsee of learning to move toward
the centers of corridors to find waypoints. Afté& denerations, the robots improved for a

while, stabilized, and then continued further uthté session ended.

Pop: 51 Cross: 0.75 Individual Waypoint Seeking
Mutate: 0.01 Fitness: Time to discovery
61250
52500
43750
35000
26250
17500

8750

0o
MIN: 57820

MAX: 64234 g 38 58 78 97 117 136 156 175
Iterations

Figure IlI-44: Individual Waypoint Seeking learnin g rates.
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ll.vi.4.3.3 Group Waypoint-Seeking Scenario:

The Group Waypoint-Seeking Scenario demonstratestegly development.
Robots do not directly gain an advantage from thetions but do directly suffer losses.
This creates a situation where robots are condlidbetween the selfless desire to
accumulate points for their team and the selfiskirdeto be safe and have others

accumulate points for them.

Setup:
The environment was divided into three sections@bjdct were placed the same

way that they were in the Individual Waypoint-Segkscenario.

Fitness Evaluation:

Robots teams were encouraged to find all waypowfitthe opposite color as
quickly as possible. If any robot on a team diseesewaypoint, every living member of
that team is rewarded with an increase in fitneasis proportional to the amount of time
left in that trial, while every member (living oedd) on the opposite team receives a

penalty equal to half the amount.

Qualitative Evaluation:

Like in the previous experiment, early stages a$ timme were quite chaotic.
After a hundred, or so iterations, however, theotsbreally appeared to develop a
strategy. As mentioned, robots received a stiffgttgnfor dying, so most moved quite

carefully when around other robots. Robots alsanseketo hover around their own
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waypoints with the possible dual-goal of protectthgir own life while blocking their
waypoint from the opposite team. When robots wosée® an opening toward the

opponent’s waypoint, they would race at full spaeohtercept the waypoint.

Quantitative Evaluation:

As in the previous scenario, Performance droppeep$y early in the trial. In this
case, the drop is likely due to the robots selfiglsire to get more points by driving
slower and living longer. This behavior was harmtiolthe team because waypoints
discovered later in the trial were worth fewer gein The green team was the first to
recover from the drop and dominated the field foowt 45 generations. The red team
then gained control and dominated through the nedeatiof the run. Following the initial
drop in fitness, combined fithess for the two teamsreased steadily through the

experiment and did eventually exceed the initidlles.

Pop: 51 Cross: 0.75 Teams Competing Fof Waypoints

Mutate: 0.01 Fitness: Speed (& Waypoibt Dis ‘ 'y

1462

1225

288

750

512

R73

38

—200

POP1: 1278
26 53 80 107 134 161 188 215 242

AVE: 1034 Iterations

Figure 111-45: Team Waypoint Competition learning rates.



212

[ll.vi.4.3.4 Predator-Prey Scenario:

The Predator-Prey Scenanie@monstrates the acquisition of pursuit and evasion
strategies. Here, a small group of predatory robmist capture individuals from a fast

group of prey robots. Prey robots must develogesgras of survival.

Setup:

The environment was divided into three sections.o Tpvedator robots were
placed on one side of the map and six prey robete wlaced at the opposite side. For
this scenario, prey robots were not destroyeday ttrashed into each other and predator

robots were unaffected by any robot. Robots welleejuired to avoid walls.

Fitness Evaluation:

Predator teams were encouraged to quickly see&ralitlestroy prey robots while
prey robots were simply encouraged to survive. &wmdrobots that intercepted prey
robots were rewarded with an increase in fitness i proportional to the amount of
time left in that trial. Prey robots were assigrefitness that was equal to the number of

iterations they survived. All robots received adiss of zero if they crashed into a wall.

Qualitative Evaluation:

It didn’t take long for the prey robots to discovleat they were prey. After only a
few generations, they were starting to show dodging fleeting behaviors. It is unclear
when or if the majority of predators learned thesyt were predators. Many just appear to

drive around at top speeds. In later generatiomsespredators were found to reverse
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direction if a prey was following them and many Wwbusk getting close to a wall if a

prey was trapped there.

Quantitative Evaluation:
After the initial generations, the learning curvies both predators and prey
remained quite flat. This is most certainly duethie fact that both predators and prey

were getting better at their job at about the seate

Pop: 51 Cross: 0.75 Predator—Prey
Mutate: 0.01 Fitness: TimeToKill/TimeSurvived

1750

1300

1250

Prey: 435  4q 39 59 79 89 119 139 159 179
Average: 991 Iterations

Figure 111-46: Predator-Prey learning rates.

[11.vi.4.3.5 Mutualism Scenario:

The Mutualism Scenario demonstrates cooperationo Tgsimilar groups of

robots must work together to accumulate points.

Setup:



214

The environment was divided into three sectionso Gwouper robots were placed
on one side of the map and six groupie robots wkxeed at the opposite side. For this
scenario, robots were not destroyed if they crashtx each other but they were still

required to avoid walls.

Fitness Evaluation:

Groupers were encouraged to have groupie robdtsyiolg them. Groupie robots
were encouraged to follow grouper robots. If thetatice between the following robot
and followed robot was between 2 and 6 meters &ritlei groupie was facing the
grouper, both robots received a point for the ttera Grouper robots could receive

multiple points if they were pursued by multipl@gpie robots.

Qualitative Evaluation:

Within 20 iterations, groupies were regularly olvger attempting to pursue their
groupers, though they often failed at the task.rQlazens of iterations, the groupers
appeared to be assisting the groupies by redubeigdpeed. By the hundredth iteration,
robots were behaving very productively. Groupiesmid nice tight clusters behind
groupers and groupers all drove at their minimutowadble velocity to facilitate the
collection of groupies and when groupers were natsyed by a groupie, it would
frequently sit in one spot and spin until a grougpproached. The grouper would then
move in the opposite direction of the groupie. Afteo hundred iterations, groupers
learned that they could make the most points if thieick together. Even if a grouper

possessed all the groupies, it would still speetbugatch the other grouper.
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Groupers and Groupies steadily increased theeggrihroughout training.

Pop: 51 Cross: 0.75 Mutualisum
Mutate: 0.01 Fitness: Time Spent Together

1750

1500

1250

1000

750

500

250

1]

Groupie: 668 ,, 22 34 45 57 68 79 91 102
Average: 1324 Iterations

Figure [lI-47: Mutualism learning rates.

I11.vi.4.3.6 Parasite-Host Scenario:

The Parasite-Host Scenario demonstrates pursuiteaadion

. Similar to the

predator-prey scenario but here, robots are nopeting against each other and may be

able to cooperate to achieve their goal.

Setup:

The environment was divided into three sectionso Twst robots were placed on

one side of the map and six parasite robots weaeefl at the opposite side. For this

scenario, robots were not destroyed if they crashtx each other but they were still
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required to avoid walls. The host robots used is shenario had only been trained on the
obstacle avoidance task. The parasite robots hddiadhlly been trained as groupies
under the previous scenario. Although the pardisitess conditions are slightly different

than the groupie conditions, they were similar gfioto give the parasites an advantage.

Fitness Evaluation:

Hosts were encouraged to evade the parasites.iteadsots were encouraged to
remain in the proximity of host robots. If the diste between the parasite robot and host
robot was less than 3 meters, the parasites rete@veoint for the iteration. The host
robot automatically received a point during eveeydtion but lost a sixth of a point for

every parasite it had acquired for that iteration.

Qualitative Evaluation:

The robots used in these experiments have a detiag for slow speeds, but not
one to allow them to stop. Early in the trainingsts exploited this fact and were to loose
many of their parasites by entering into a spinalvedr. This behavior essentially halted
the forward movement of the host and parasitesmoed past. It didn’t take long before
parasites adapted to this behavior. In responsasipes started displaying a circling
behavior around the host. When this happened, losipletely stopped with the spin
behavior and began a new behavior, where they woolkke at minimum speed when not
infected and then when they were infected, theyle&v@eek out their teammate in an

apparent attempt to attract the parasites to him.
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Quantitative Evaluation:

Throughout the game, hosts steadily lost their athge over the parasites.

Pop: 51 Cross: 0.75 Parasite/Host
Mutate: 0.01 Fitness: TimeOnHost/TimeWithoutParasites
875
750
825
500

375

250

125

0

Parasite: 526 ,, 24 36 48 80 72 84 26 108
Average: 498 Iterations

Figure 111-48: Parasite-Host learning rates.

l1l.vi.4.4 Discussion & Future Work

Even in simulation, the presented approach denetestrthat ESP can be a
powerful and flexible learning tool. In a matter affew hundred generations using 51
individuals, behaviors can emerge that are bothptexn productive, and have a strong
similarity to natural animal behaviors. It is ratheemarkable that neural networks
containing only 26 input cells, 6 hidden cells, dfdoutput cells can produce actions that
go beyond basic reactive behaviors and almost apjpede carefully planned out
strategies as was shown in the team waypoint sgeé&sks. The network even managed
to overcome inadequacies that a professional pmagex would have had a very hard

time overcoming. For instance, the resolution ef dppponent robot detection device was
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extremely poor. It really only indicated if the appent was in front of, beside, or behind
the robot. Yet somehow, the pursued robot was tabdlddge and avoid the predator as if
it had perfect knowledge of the predator’s location

In addition to being robust enough to learn compéesks, the ESP algorithm also
proved to be incredibly flexible. One network witbh modifications could be trained to
handle a large variety of different task. This copbtentially be the ideal tool for robot
development. By simply defining a set of approgriatiteria, a researcher could let a
robot teach itself how to complete a task. If aidated world was sufficiently similar to
the real world, a robot that was given a task caihdply “think” through the request
until it was sufficiently confident that it coulcctally achieve it. The robot would then
proceed in the real world until it ran into an upegted situation that required more
internal processing.

Most research in the field of neural evolution Haeen done in simulated
environments, many of which are far simpler thaa énvironment presented here. This
work brings a real-world application for neuroeuaa well into the realm of
possibilities. Everything in the simulation has beesigned so that it would have a real-
world counterpart and most of the behaviors haveady been implemented by this
researcher using non-neural network approachesdimg obstacle avoidance, pursuit
behavior, and waypoint seeking. There would s@lebnumber of hurdles to be overcome
before this extension into a real environment issgae but it is certainly well within

reach.
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Chapter IV Experimental Validation & Results

We have incorporated various components of ourrdgos into full functioning
systems, presented here with a brief descriptioth@fdetails, results, and images. Most
of our scenarios begin with the automated monitph an individual as that person
interacts with different objects. The system th#anapts to identify the person’s actions
(Section Chapter IV-IV.i.1). In cases where thentifeed behaviors require robot
interaction, the related robot response routinaiigated. The response may be in the
form of aid provided by a helper robot (Section gtea IV-1V.i.2), or a patrol robot may
be summoned to investigate the person’s preseneagage in pursuit (Section Chapter
IV-IV.i.3). In our final section, we propose a mulbbot architecture that allows
patrolling robots to autonomously communicate betwthemselves for the purpose of
responding to events in a way that minimizes ttstadice traveled by robots capable of

handling the task (Section Chapter IV-1V.i.4).

IV.i.1  Action Recognition

This section contains examples of our basic aatemognition systems. Images
from three different scenarios are shown. In twahef scenarios, a robot was positioned
so that it could view a tabletop that a person wsiag while they engage in activities
that were related to eating or doing homewdsigqre IV-1). In the third scenario, the
robot watched a person who sat on a couch andgexsimed a trashcan fire. In all

scenarios, the system tracked a subject’s handaagpérson reached toward and moved
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various objects. Object models and action labelevassigned manually during an off-
line process described @hapter Il and are listed in a table found in each of the

following sub-sections.

Figure IV-1: Setup used in our tabletop demonstraons.

Figure IV-1 shows the robot (lower left) looking down at tladle using its red stereo
camera (top left) while the user manipulates okject the table’s surface.

For display purposes, we show the environment ftbenrobot’s point of view
and detected objects are highlighted by outlinimg tegions using color-coded ellipses.
The system also provides a list of all objects #ratvisible to the system. When the hand
approaches one of the objects, the hand is comsiderbe “interacting” with that object

(shown on the image using a blue connecting lifkg names of interacting objects are
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highlighted with color and appear to rise from tise The system also provides a label
describing the predicted action below the objechadigure 1V-2 shows an example

screenshot from our homework scenario. Here, aopeis reaching toward an open
laptop while the system predicts that the likelyiac will be that the user intends to

“operate” the laptop.

hand

Homework reaching

mouse

bottle (full)
laptop (open)
operate

book f open »5

Figure IV-2: Screenshot taken during a tabletop senario trial.

Figure IV-2 shows the system during its operation. The tophtefige shows the robot’s
point of view, with detected regions outlined usklfipses. The blue line between the
hand and laptop suggest that an “interaction” hasnbdetected between those two
objects. The lower-left image displays the resaftsur segmentation algorithm. The list
on the right shows recognized objects that arectidewithin the robot’s field of view. If
objects are found that are part of an interactibose names are shown to rise out of the
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list. The predicted action is shown below the higfitled object and suggests that the user
will “operate” the laptop.

In our videos, the output resembles the screenshotvn in Figure I1V-2.
However, to provide more compact illustrations, sequent images in this paper have
been edited to show only the system’s view of theirenment and the name of the
current object of interaction. This configuratidioas us to fit six screenshots in a single

image.

IV.i.1.1 Homework Scenario

In the Homework scenario the robot watched a table as a persarhesl toward
and moved four homework related objects: a bodlptop; a mouse; and a bottle. For
two of the objects, changes in the object’s statddcbe detected (the book and laptop
can be “open” or “closed”), while the remaining tafjects were found in only one state.
The recognized objects, states, and action labelssammarized inTable 3. The

corresponding screenshots are showhrigure 1V-3.
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Table 3: Programmed reactions to recognized objestin the ‘Homework’ scenario.

Numbers and colors in the left column corresponithéorelevant frames and objects from
Figure IV-3.

Object (State) Predicted
Action
Hand
Book (Closed) Open
Book (Open) Read
Laptop (Closed) Boot
Laptop (Open) Operate
5 | Mouse Click
6 | Bottle Drink

botile (full)

Figure IV-3: Screenshots taken from our Homework’ scenario.

Figure 1V-3 shows the state of the system at six points dutlir@gscenario: 1) User
reaches toward a book. 2) User opens the books8) Reaches toward a laptop. 4) User
opens the laptop. 5) User moves a mouse. 6) Uses tadrink from the bottle.
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IV.i.1.2 Eating Scenario

In the ‘Eating scenario, the robot watched a table as a pemsached toward and
moved three food related objects: a pitcher; asglasd a plate. For two of the objects,
changes in the object’s state could be detectezl dlass and plate can be “empty” or
“full”), while the remaining object was found in lgnone state. The recognized objects,
states, and action labels are summarize@laible 4. The corresponding screenshots are

shown inFigure IV-4.

Table 4: Programmed reactions to recognized objestin the ‘Eating’ scenario.

Numbers and colors in the left column corresponithéorelevant frames and objects from
Figure IV-4.

Object (State) Predicted
Action
Hand
Glass (Empty (none)
Glass (Full) Drink
Pitcher Pour
Plate (Full) Eat
6 Plate (Empty) Throw-Away
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paper—plate
eat (full)

Figure IV-4: Screenshots taken from our Eating’ scenario.

Figure IV-4 shows the state of the system at six points duhegscenario: 1) User has
just placed an empty glass. 2) User begins pouhagitcher into the glass. 3) User has
finished filling the glass. 4) User drinks from tgkass. 5) User eats from the plate. 6)
User picks up empty plate.

IV.i.1.3 Fire Scenario

In the ‘Fire’ scenario, the robot watched a couch as a peesached toward and
moved two objects (a bag of chips, and a fire gxiisher). Both objects could be found
in only one state. The recognized objects, stapd, action labels are summarized in

Table 5. The corresponding screenshots are shoviigare 1V-5.
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Table 5: Programmed reactions to recognized objestin the Fire scenario.

Numbers and colors in the left column corresponithéorelevant frames and objects from
Figure IV-5.

Object (State Predicted
Action
Hand
Extinguisher Extinguish
1,6 | Snack Eat

Figure IV-5: Screenshots taken from our Fire scenario.

Figure IV-5 shows the state of the system at six points duttiegscenario: 1) User
reaches into the bag of chips. 2) User eats the 8hiUser notices that a trashcan fire has
started. 4) User reaches for the fire extinguisBgiJser extinguishes the fire. 6) User
reaches into the bag of chips.
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IV.i.2 Robot Interaction

The examples in this section are intended to show dur architecture could be
used by a service robot to visually monitor humatioas and provide assistance when
needed. In our demonstrations, we used the Naa,reltoch is a small bipedal robot
with an onboard camera and processagyre 1V-6). The robot stood on the table in
front of a user and watched that person as theggatyin homework and eating related
behaviors. When the robot identified known objeotsactions, the robot provided

commentary and assistance.

S5

Figure IV-6: An image of the Nao Robot crouching o a table.
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IV.i.2.1 Homework Scenario

In the Homework scenario, the robot watched a table as a pemsached toward
and moved three homework related objects: a botdptap; and a paper. For two of the
objects, changes in the object’s state could bectld (the book and laptop can be
“open” or “closed”), while the remaining object wésund in only one state. The
recognized objects, states, and robot responsesswaranarized inTable 6. The

corresponding screenshots are showigure 1V-7.

Table 6: Programmed responses to recognized objesadn the ‘Homework’ scenario.

Numbers and colors in the left column corresponihéorelevant frames and objects from
Figure IV-7.

Object (State) Robot Response
Hand
Book (Closed) “Hey, | know that book. It is aboabots.”
Book (Open) “Are you going to read for a long time®K | will be quiet
then.”
Laptop (Closed) “| see you need to start your coeplu

Laptop (Open) “I will get some rest while you ayping.”
Laptop (Closed) “OH, you are done working... Exeetl”

5 | Paper “Do you need a pen for your writing?”

6 (Hands user a pen) “Here you go.”
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Figure IV-7: Screenshots taken from our NaoHomework’ scenario.

Figure IV-7 shows the state of the system at six points duttregscenario: 1) User
reaches for a book. 2) User opens the book. 3) tésmhes for a laptop. 4) User opens
the laptop. 5) User reaches for a paper. 6) Raamignizes that the user has reached for
the paper and hands user a pen.

IV.i.2.2 Eating Scenario

In the ‘Eating scenario, the robot watched a table as a pemsached toward and
moved three food related objects: a bottle; a glasd a plate. For two of the objects,
changes in the object’s state could be detectezl dlaiss and plate can be “empty” or
“full”), while the remaining object was found in lgnone state. The recognized objects,
states, and robot responses are summarizda@he 7. The corresponding screenshots

are shown irFigure IV-8.
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Table 7: Programmed responses to Recognized objedh the ‘Eating’ scenario.
Numbers and colors correspond to the relevant fszane objects froriigure 1V-8.

Object (State) Robot Response
Hand
Bottle “Do you have a glass for your drink?”
Glass (Empty) (none)
Glass (Full) “Be careful. You do not want to spifi the table.”
Glass (Full) “Soda makes cavities.”
Plate (Full) “l see it is time for lunch... Wouldy like a fork?”
(Hands user a Fork) “Here you go.”

Plate (Full) “That food you are eating looks yuminy.

5 | Plate (Empty) “Do you want me to throw away thetgPd

6 (Takes plate from user, turns, walks, and drop# ithe table)

Figure IV-8: Screenshots taken from our Eating’ scenario.

Figure IV-8 shows the state of the system at six points duttiegscenario: 1) User
reaches for a full plate. 2) Robot recognizes thatuser has reached for a full plate and
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hands user a fork. 3) User pours a bottle intoagggl4) User drinks from the glass. 5)
User reaches for an empty plate. 6) The robot r@zeg that the user has reached for the
empty plate and takes the plate from the user.

IV.i.3 Robot Pursuit

In these examples, the surveillance system waggmesito recognize when
people interacted with luggage in suspicious wéythe system identified a suspicious
event, it would dispatch a chase robot to purseepérpetrator. Our specific scenarios
involved the detection of theft activities and wheperson might be abandoning a bag.

For both surveillance and chase, we used the sitmwn inFigure IV-9.

Figure IV-9: The robot used for activity detectionand chase.

Figure IV-9 shows the Pioneer 3DX mobile robot equipped wittamera and SICK
laser rangefinder running the Player/Stage/Gazeadjmtr device interface (Gerkey,
Vaughan, & Howard, 2003).
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IV.i.3.1 Theft Scenario

In the first part of theTheft scenario, the robot watched a room as a person
entered and set his bag on the table. As long #gerbmained within control of the
original person, the system would passively mortit@ room. If, however, an unknown
person acquired the bag, the system would sigratl ahtheft has occurredrigure

IV-10).

Figure IV-10: Screenshots taken from our Theft’ scenario.

Figure IV-10 shows the state of the system at six points dutiegscenario: 1) User
places a bag on the table. 2) A second personseiiteroom and grasps the bag. 3) The
second person takes the bag out of the room. Thexnan the bottom shows the
interactions between the bag (green-2) and eathedfwvo people (red-0 & blue-1). The
system has correctly identified that person ‘0’ Haspped off the bag qrop-off), and
has created an alert after person ‘1’ has takesgssfon &teal).

In the second part of th&@heft scenario, a patrol robot was summoned to pursue

the suspect that stole the bdgglre 1V-11). Once the robot identified the person, it



233

displayed a rectangle around the target and updh&gerson’s location on the map. If
the person was not currently in view, the robotvdréoward the person’s last known
location. Otherwise, the robot drove toward thesper The chase continued until the

person exited through a door.

Figure IV-11: Screenshots taken from our Theft' chase sequence.

Figure IV-11 shows the state of the system at six points duhiegscenario: 1) The thief
has just exited a room with the stolen bag andsyiséeem summons the nearby patrolling
robot to that location. The robot identifies thegom in the hall as the suspect and begins
updating the person’s position on the map as tihgopewalks toward the robot. 2) The
suspect has just passed the robot and the robaotitmes! to follow. 3) The suspect heads
for the nearest exit and the robot, being unabtgpen the door, stops at that location.

IV.i.3.2 Abandoned Bag Scenario

In the first part of theAbandoned Bdgscenario, the robot watched the hallway

as a person entered and set his bag on the fleolory the bag remained within control
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of the person, the system would passively monherHall. If, however, the person left

the bag, the system would signal that almandoned badias occurredRigure 1V-12).

Figure IV-12: Screenshots taken from our Abandoned Bag’ scenario.

Figure IV-12 shows the state of the system at six points duhegscenario: 1) User the
robot’s field of view. 2) The person places the baghe floor and remains close to that
location. 3) The person begins to walk away from Hag. The matrix on the bottom
shows the interactions between the bag (green&jrenperson (red-0). When the person
is close to the bag, the system correctly iderstifteat the bag isAttended When the
person begins to walk away from the bag, the syst@mectly identifies that the bag has
been abandoned

In the second part of thé&bandoned Bdgcenario, the robot that was watching the hall
initiated pursuit of the person who abandoned tg Gigure 1V-13). If the person was
not currently in view, the robot drove toward thergon’'s last known location.
Otherwise, the robot drove toward the person. Thase continued until the person

exited through a door.
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Figure IV-13: Screenshots taken from our Abandoned Bag’ chase sequence.

Figure IV-13 shows the state of the system at six points duhagscenario: 1) A person
has just abandoned a bag and walked out of thd’solield of view. The robot records
the person’s last know location to the map andrizetp drive to that location. 2) Once
the person is in the robot’s field of view, it dw rectangle around the suspect and
updates the waypoint during the pursuit. 3) Thesasheads through an unlocked door
and the robot, being unable to open the door, sibfigat location.

IV.i.4  Automated Multi-Robot Dispatch

There are many applications where a single robotildvde insufficient to
complete a desired task. The task may require nmdtion or equipment that cannot be
carried by a single robot, or the task may be sbhahmultiple robots must work together
to complete it. In a two-robot scenario, it migle possible for a single human user to
select the properly equipped robots, direct thet®ho the job’s location, and guide them

through the task. However, as the number of robats the number of available tools
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increases, the problem of selecting and directitgts becomes increasingly impractical
unless the robots are capable of handling parhefidb for themselves. Even a limited
amount of autonomy can still greatly simplify theganization of a robot team. If robots
are endowed with awareness of their own capalsligied can communicate with other
robots, then a group of robots could decide fcelfitthe best way to distribute a task.
Furthermore, if robots are provided with knowledgetheir environment and of their
current position, then they could direct themseteethe tasks location.

This scenario demonstrates the extent that ourtsodan autonomously localize,
self-organize, and respond to events in an optwey. Although our architecture is
capable of autonomously directing robots to emergaituations (shown in the previous
set of demonstrations), we chose to use a GUIlItavals to control the occurrence of
multiple simultaneous events. The system was viatlasing four Pioneer 3DX robots
in the corridors of the second floor of the SEMIthmg at UNR. Each robot was
provided a copy of the floor map shownhigure 111-35. During the experiment a user
would select a series of red, green, and red-gnespoints at different locations in the
environment by applying mouse-clicks to the GUle®ystem would then broadcast the
waypoint’s position to all robots within range. Baobot that received the information
would determine if it was available to handle thskt (not currently engaged in another
task) and if it was equipped to handle the taski(tholor matched the color of the
requested waypoint). If the robot was able to acteptask, it would broadcast a signal
to the other robots to indicate its intent and réguired cost of its actions (in this case,

cost was a function of distance from the roboth® waypoint). If another robot could
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accomplish the task more efficiently, then thatatolwould broadcast its own bid to its
teammates. Once the robots discovered their besflidste, that candidate would
communicate the information to the GUI and wouldibe=xecuting the task.

At the start of the experiment all robots were laesl by placing them on a
predefined starting point in the environment. Thewver the period of 14 minutes, 11
different waypoints were issued to the robots.Jerg instance, the correct (correct color
and closest distance) robots responded to the sezgfligvaypoints. All the robots made it
to their waypoints successfully and no robot calhs occurred. Two screen shots of the

GUI with superimposed images from video feeds hoavs inFigure 1V-14.
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Figure 1V-14: Screenshots from the multi-robot exgriment.

Figure 1V-14 shows the state of the system at two points dutilegscenario: Robots
appear as red and green circles. Waypoints appgeeairces centered on white crosses.
Red, green, and red-green lines are drawn betwdmis and their respective waypoint.
Each red waypoint (i.e. 3) will require the attentof one red robot, each green waypoint
(i.,e. 4 & 5) will require the attention of one grembot, and each red-green waypoint
(i.,e. 1 & 2) will require the attention of one radd one green robot. The images on the
East, West, and South portion of the map are cagptirom video cameras placed in the
hallway. The image on the North portion of the mags captured from a camera that was
mounted on one of the green robots (i.e. 6).
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Chapter V  Conclusion

Despite the fact that modern surveillance systelnge hbecome increasingly
sophisticated in terms of video quality, and thabrlity to detect basic intrusion events,
they are still limited by the extent that humansn caonitor the video feeds.
Consequently, there is significant motivation fasearchers to produce intelligent
monitoring systems that automatically detects aesponds to various events. This
dissertation discussed several novel algorithmisdbald be useful for producing such a
system. Our system was designed from the bottomoupse a novel set of image
processing algorithms. We described a unique das$-pegion detection algorithm that
could segment an image while simultaneously produca hierarchy of MSER
detections. Our region-set offered several unigdealatages including fast operation,
dense coverage, and temporal stability. It alsdlit@ed efficient computation of
additional features including line segments, can&ontours, color histograms, and
others. Our region tracking could track all imaggions through every frame of the
video feed, in real time. This was accomplishedniatching sub-regions around each
region’s perimeter to those in subsequent framesedfound segmentation was achieved
by identifying regions that display consistent rontithat differs from the background.
Regions were modeled and classified using simpler dostograms compiled from the
contained pixel-clusters. Simple pre-defined intéoas were identified between people

and objects using proximity measurements and velatiotion vectors. If the interaction
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information suggests that a theft or other thre@thinbe occurring, the system was able
to dispatch one or more automated robots to inya&ior pursue an individual.

We found that our system offered certain advantanyes traditional systems,
including the ability to detect, track, and ideyntlighly deformable object from non-
stationary cameras, in real time using a standaptiop. We successfully tested our

system in a number of real-world activity-recogmitiscenarios.
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