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Abstract

This thesis proposes an improvement on segmentation of camouflageds diyect
combining information from multiple static cameras with overlappirgyvs onto a common
reference plane. Previous camouflage detection work relies omgla samera and focuses on
pattern recognition, gray level co-occurrence matrix (GLChjgutation, convexity detection
and operations such as connected components or morphology. These methodsairtake
implementation computationally expensive. The proposed work divergesties®a techniques,
taking advantage of the added information from several viewpoints. Bacidyisubtraction is
performed on each individual camera and then, the segmentation sesalsformed onto a
common plane using homography. A multiple camera view is gedelgteaveraging the
transformed views from each camera. This multiple camena Meused to achieve a better
segmentation of the camouflaged object. A multi-camera sumvedllaystem is developed in
Matlab as part of this research. The surveillance systelodes processes such as classification,
centroid calculation, tracking using a Kalman Filter and boundingatigett with a rectangle. In
addition, a graphic user interface was designed to be able to cfiooseseveral cameras,
viewpoints and motion detection methods.

Experiments were run to test the performance of the background siobtraethod
versus two other reference model methods. Tests were also obsdove the challenges faced
by background subtraction under camouflaged conditions. Additional experiownpare the
tracking from individual cameras to the results from the KalrRéter and Multi-Camera
Average. The computation time between the proposed method and GLCNswatudied. The
results indicate that a multiple camera surveillance syptemides an improved segmentation of
a camouflaged target and is capable of tracking targets moresteoisi than individual
cameras. Further results indicate that a multi-cameransysde perform faster than GLCM in

some circumstances.

Vi
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Chapter 1: Introduction

1.1 Background information

1.1.1 What is Surveillance?

In general, the term surveillance refers to the monitoring of behaVhis behavior can be
exhibited by many different sources ranging from people and auttasabianimals, plants, and
diseases. In clinical surveillance, for example, the goal doaltb monitor the behavior of a

salmonella outbreak using blood samples.

In contrast, this thesis focuses on systems surveillance. Thefgegstems surveillance is to
monitor the behavior of people and objects for security or social coBystems surveillance
uses a wide variety of monitoring methods. These forms inclugeseéapping, phone tapping,
CCTVs, GPS tracking, reconnaissance aircraft and computerlEnve, among other forms.
Currently, the most common form of surveillance is visual suavee. The goal of automatic
visual surveillance is to describe the events of a monitored adeth@n take appropriate action
[4]. Visual surveillance has become so widespread that camezas @ommon icon for

surveillance.

1.1.2 History of surveillance

The earliest reports of using video surveillance in public placed desed-circuit television
(CCTV) cameras and human monitoring. These reports date back to 1983nitéw Kingdom

was one of the countries that pioneered the use of extensive @Cmdnitor public areas. In
1975, video surveillance systems were installed in the Undergraam Stations and on major
intersections to monitor traffic flow. These cameras weretaotlg monitored by policemen.

Today, more than ever, cities and towns across the UK have cameras linkedetayiblarities.



The marketing of the video cassette recorder in 1977 allowed ar&logotogy to record and
use the surveillance as evidence. In the 1980s, American businesBesssbanks, mini-marts
and gas stations began using video surveillance to deter and catlesthj4l].

In 1990, the development of digital multiplexing enabled recording orradesaameras at once.
This allowed time-lapse and motion-only recording. This savedesipan videotapes. By the

mid 1990s ATMS throughout the US had video cams to record transactions.

The digital revolution brought many advantages to video surveillahice. price of digital
recording dropped. There was no longer a need to rewind and change vide@tsgies the
storage benefits, images could be manipulated, zoomed, enhanced and gbulplistkéy.
Deploying large numbers of surveillance cameras has becoam®reically and technically
feasible thanks to the proliferation of inexpensive cameras amdspigpd wired and wireless
networks [15]. This allowed the popularity of video surveillance to beneed into the
household. Commercializing surveillance cameras drove them to becmmnesmaller and
improve their resolution.

Recent terrorist threats have also triggered more researchhitarea of surveillance. Video
surveillance is increasingly being used as a way to fightorist threats and increase public
security, due largely to the actions of United States ldgrslainvolved in security and
intelligence services [15].

Currently, the most common type of sensor networks are camevarket[16]. These sensor
networks are everywhere and used in real-world applications sustnasllance, intelligent
environments and scientific remote monitoring [16pmeras are now required to do more
sophisticated tasks than simply recording and storing video. Faggnigan, biometrics and

multi-camera fusion techniques are recent research topics of intereatrfera networks.



Current and future research on video surveillance will develop on videgtiemand video
understanding. Cameras cannot only rely on detecting motion any@omgputer Vision and
Machine Learning are being integrated to not only detect antpljet also understand the
scene’s events. Analysis of traffic flow, highway accident detecconsumer demographic
compilation in shopping malls and amusement parks and counting endangefed ape only

few of the many commercial applications for networked video surveillance [12].

1.1.3 Analog vs. Digital

In the past, most visual surveillance systems have used analed-clozuit television (CCTV),
where the picture is viewed or recorded, but not broadcasted. CCT¥msydave been
popularized due to their inexpensive price and ease of use. Howaeepof their major
disadvantages is that they require expensive installations. A peedkimg through a typical
large city can expect to be video-taped hundreds of times perideg, miblic cameras have
become ubiquitous [4]. Today, CCTV can still be found in many publieeplaach as banks,

universities, streets and even home security systems.

This introduces another drawback of CCTV: the manpower required tovegosurveillance
cameras is expensive, even though surveillance cameras are afteajpiquitous [4]. The
attention span of a trained security guard watching CCTV monitoxerng limited. Many
distractions may occur, especially if the guard is giverorsdary tasks and must monitor
multiple screens. There are too few eyes to keep trackhaf goes on in the large number of

cameras [3].



Most of the time, the recorded video is used after a crime isndted as evidence, instead of

actually preventing the incident.

Another common problem with analog technology is that video tapes must be changed daily and
usually wear out after months of reuse. Additionally, recording at night owitight presented

challenges.

Alarm 1/O

Monitor

ﬂ

~ ‘ Multiplexor
. s s

B s
- ' 1 Time-lapse recorder
>

Camera

Fig. 1.1: Analog Surveillance System Block Diagram

Digital surveillance and camera networks address and solvg ofathe issues of analog
surveillance. Wireless networked cameras avoid expensive intast and are easier to install
than wired CCTV. Digital cameras can store video on a serveingadhe problems with video
tapes. Videos can be compressed to reduce transmission bandwidiloantbraeven longer
recording times. Image processing and computer vision techniqudse azsed to enhance the
video footage and make decisions about the scene in real time. Suoeeidoftware needs to

make decisions in real-time in order to be considered useful [4].
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Fig. 1.2: Digital Surveillance System Block Diagram

Finally, the price of digital cameras continues to drop as beEpme more popular. Hendy's
Law states that “The number of pixels per dollar found in digital camehadonble every year”
[40]. The demand for surveillance systems is also favorable.rdyst&at can process the video

from the rising number of CCTV cameras are “one of the top iterdemand” according to a

survey of hundreds of US security executives [3].



1.1.4 Challenges with M otion Detection

The problem of visual surveillance refers to using imaging sertsomonitor the activity of
targets in a scene [21]. These imaging sensors can rangehigbrend pan-tilt-zoom (PTZ)
cameras to low cost CMOS image sensors.

From a simplistic perspective, the visual surveillance problambe divided into two major
sub-problems: detecting and tracking targets [21]. Detectiorciacal step in the surveillance
problem. It is impossible to track undetected targets [21]. Furtherreorors in this detection
stage are propagated to other stages of the surveillance sydbenmon examples of these
errors are detecting objects that are not of interest or failingéotdebjects of interest.

In order to detect objects, surveillance systems seek differdratereen a reference frame and
incoming frames. This simple method works given the right conditioth @s a static
background and constant illumination. However, the results can varyodizetors such as
illumination changes, stop and go motion, and camera resolution. The fffiaudtgiin change
detection is that even under controlled conditions, scenes are continsobgygt to changes.
Seemingly “static” scenes can become dynamic by the chariges environment’s lighting,
target shadows, and sensor artifacts such as auto gain icorredditional difficulties are
introduced by natural motion, such as moving clouds and uninteresting matactnas tree

branches swaying in the wind [21].

Outdoor lighting, for example, is continually varying accordinghi time of day and weather
conditions. In the case of camouflaged targets, parts of the veligetatch the background and
other parts will not. Fragmentation of the detected object is teghethese are only a couple of
the challenges that automated motion detection faces. Addition&ssiog is used to minimize

these distractions from real objects of interest. The kind of agpnearies greatly, as many of



the surveillance solutions are application specific. Beforediteam of reliable automated
surveillance is achieved, many major technical challenges odsldvercome. These technical
challenges include not only object identification, tracking and arsalyout also practical
considerations such as camera placement, network bandwidth requiremssattation costs,

privacy concerns and robustness to changing illumination and weather @ond[d].

1.2 Related Work

1.2.1 Camouflage Breaking

There are several approaches to camouflage breaking. These bppraayg on a single camera
[21,23-28] and only a couple of them use image sequences insteddimfasges [25, 27]. Boult
et al. [21] present the Lehigh Omni-directional Tracking Sysfe®TS) which uses an omni-
directional camera in combination with background modeling and quasiaedneomponents
(QCC). QCC is a novel alternative to morphological processingtéikals into account pixel
intensities and pixel region areas to close gaps caused by fragmentation.

Bhajantri and Nagabhushan [28] developed a method to identify camouflagectsdbf
calculating texture parameters from a grey level co-oengg matrix (GLCM) and then
applying edge detection. The advantages of using the Co-occumettoed, followed by Canny
edge detection are that it is a simple algorithm and iteseat outline of the object. However, it
does not extract the target. This method must calculate the Gir@Mhen calculate each of the
parameters (energy, entropy, homogeneity, contrast and correlatrosddh image block. The
computation load that represents this intensive texture analysisdoegtch the goal of a real-

time implementation.



Another method discussed by Tankus and Yeshurun [24] presents biolegidahce which
suggests that detecting convexity can break camouflage. The dyrivased method assumes
that most foreground objects are convex. This method can locatecianelgobjects of interest
regardless of their color or camouflage. The advantages omttisod are its robustness and
precision in detecting foreground objects. However, the object is naiceed and the results
highly depend on a threshold that must be determined [23]. Even with dnaadacks,
camouflage breaking using convexity-based methods has been provemmiarédo@obust and

effective in many cases when compared to edge-based techniques [24].

Huang and Jiang [25] proposed a weighted region consolidation methodktie@draouflaged
objects with a similarly colored background. The object position ise@foy an active contour
model that includes shape and edge map information. A threshold thehidete potential
motion pixels must be set. The threshold can have a significantctinopathe results and

convergence of the iteration process.

Nyberg and Schutte [26] studied image texture features to thiazacthe spatial variations in

background and camouflaged targets. They found that it is possibl&ctoafimeasure of

similarity between camouflaged targets and the surroundings. Hogvealecting a suitable set
of features for general scenes is a difficult task. Furthermmiag many features produces
better results, but at the cost of a heavy computation load. Motiofiowad to be one of the

most helpful features in detecting camouflage.

The proposed work combines multiple views from a network of overlappingreamather than

calculating texture features such as convexity or GLCM.



1.2.2 Multiple Camera Surveillance

The possibility of obtaining data from multiple camera sens@paned the door for research
ranging from integrating the information to camera calibrationraadeling. Many papers have

been published on the topic of multiple cameras applied to the surveillance probl2@j.[11-

Stein et al. [18] used feature correspondences to determine tleracgeometry and self-
calibrate multiple cameras separated at large distan@sarRjeometric constraints are applied
to a moving object in the scene to align the multiple views gooand plane. A single global

coordinate frame is obtained from a set of distributed, un-calibrated cameras.

A framework for multi-camera video surveillance consistingdefection, representation and
recognition is developed by Jiao et al. [15]. The framework veased in a parking lot
surveillance application, showing that the spatio-temporal fusion sclewoh biased sequence-

data learning method are effective in identifying suspicious activiyscene.

Multiple camera systems have also been used extensively kgoaple or pedestrians in dense
crowds, as is the case in many urban surveillance scenarinse Reowds bring forth added

challenges, such as occlusion and the need for multiple trackers.

Davis and Mittal [20] present a multi camera approach to segrdetdct and track multiple
people in a cluttered scene. Their fully automated system ugamlsgynchronized surveillance
cameras and can use the evidence from many cameras to atdeuskd for detection and

tracking. Partial and full occlusions caused by the density of the crowesaiged in real-time.

A method for tracking people in a dense crowd using multiple cameras with ovegléipfis of

view is suggested by Eshel and Moses [36]. People’s heads akedtrac order to avoid



occlusions due to people standing in front of others. Intensity correlatiapplied to frames
from different cameras after the head tops are detected. Eft®dhis capable of tracking up to
21 individuals in a dense crowd and robust to occlusions and lighting condittars.and Shah
[37] describe yet another method of tracking people in crowded sCEmeis approach uses a
novel planar homography constraint to resolve occlusions and locate pdepledn the ground

plane. People are accurately tracked in each view.

Multiple camera systems have also been used to handle shadows, riscalad illumination
changes. Lim et al. [38] propose an alternative to detection ugngosmatching. A simple
subtraction of the intensity images obtained from stereo-gedlecanjugate pairs speeds up the
detection. A detailed analysis of errors due to false andeahidetections are presented, as well
as algorithms to eliminate them. This system resultastaand simple surveillance system that

avoids errors due to lighting changes and shadows.

In their paper, titled “Fast Lighting Independent Background Subdrdctvanov et al. [39] also

describe a background subtraction method that is invariant to illuorinelianges and can be
applied in real-time. A simplified stereo algorithm is used é¢gnsent the object from a
geometrically static background. This system requires twmane cameras with overlapping

fields of view and needs to calculate disparity fields between the cameras

The surveillance system proposed in this thesis is inspired bg previous studies. The main
difference lies in the focus of this research towards camged targets and the desire to
produce a real-time surveillance system with simple algostthat maintain computational cost

to a minimum, while still performing well.
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1.3 Project Overview

1.3.1 Project Scope

The problem of automated surveillance can be divided into severaskslkaccording to the
application. In general, two major subtasks must be done in order flarnpeautomated
surveillance: target detection and tracking [17]. More subtasksappgar depending on the
application requirements and algorithms being used. A surveillastensyisually performs the
following tasks: 1) use predefined models to identify multiple movenrgets 2) track the
identified targets over the monitored region 3) provide video data andsedieedback of a
tracked target to the operator [17].

This thesis addresses the problem of detecting camouflaged diyectsnbining views from
multiple cameras. For this research the surveillance taskevidivided into three main subtasks:
target detection, multi-camera integration, and tracking/cleasdn. However, most of the
focus will be in the first two subtasks and camouflaged object detection in particular
Surveillance software needs to make decisions in real timeler to be useful [4]. One of the
main goals of this system was to have it work in real-tim@nd@)multiple cameras generates a
lot of video data, which can slow down the implementation. Minimizing otwraffic within
the surveillance system should be one of the goals of the impkioent-or example, one way
to minimize network traffic is by transmitting and processamndy frames in which activity has
been detected [4]. Appropriate image resolution and algorithmtiselecere necessary to pick

the combination that gave the best performance in real-time.

Another important goal was to be able to create the system Gsimgnercial Off-The-Shelf

systems (COTS). USB webcams were used for this purpose.
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Finally, implementing highly complex computational algorithmaas the goal of this research.
The main idea is to discover the minimum computational algorithinctoa still perform the
tasks adequately. This preference of less computationally expahgorghms is due to the fact
that part of this research will eventually be used in cametasnwhere power constraints are an
issue. The algorithms need to be real-time and suitable for udeworost, low power,

embedded COTS systems [21].

Some system constraints are:

e Continually and naturally varying outdoor lighting.

Moving trees, brush and clouds.

e Targets use camouflage to blend in, so the system must be very sensitive.
Target fragmentation is expected since parts of the target will oftei mhatc
background. Large amounts of occlusion cause additional fragmentation.

e Targets consist primarily of persons and vehicles.

e The algorithms need to be real-time and use COTS.

1.3.2 Motivation

While testing segmentation methods on camouflaged targets, itamparent that their
performance did not provide good results. Due to similarities and riiispabetween the
background and the camouflaged target, the segmentation appearecntehmAfter

background subtraction and thresholding was applied on the image, it wasamowvhether the
blobs in the binary image belonged to a same larger objeftsevéral smaller objects were
being detected. The same situation was observed from differeméras However, the

segmentation information from each camera provided distinct sledibut the target. This
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observation led to combine together the segmented data from easfad¢arobtain an improved
segmentation of the target. In theory, this combined segmentation dtedidtter than any

single camera segmentation alone.

An added advantage of combining camera information is noise renfinak noise from a
single camera is not present in another view, noise can be reby@adraging the different
views. This also applies to image noise due to illumination changeshamging weather

conditions.

1.4 Outline

In Chapter 1, general background information regarding surveillancessred. A brief history
of surveillance, including its advantages, challenges and futdiscagssed. An overview of the
thesis project and the motivation to pursue investigation in this area expanded.
Chapter 2 focuses attention on the theoretical background necesseryetstand the intrinsic
details of the system. These topics range from reference subtraatdels and the Kalman filter
to algorithms on homography and classification. Chapter 3 gives ispéeifils on the system
physical construction and the software developed for this tHesiiscusses the mock scenario
setup, image acquisition procedure, and the entire system developmkmting Matlab code
snippets. Chapter 4 covers the different experiments attemptqutesahts the obtained results.
Chapter 5 discusses the conclusions of the research as wellfasitbevork and improvements

that can be done to this research.
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Chapter 2: Theoretical Background

This section covers several topics which are necessary to wardkerebw the designed
surveillance system works. We provide a review of referencelemtechniques, auto-
thresholding, pinhole camera model, homography, centroid and classificatvo techniques
for camouflage breaking discussed in the literary review are also expanded.

2.1 Reference Subtraction Models

In both nature and automated surveillance, motion is a key featuresatidgtobjects from their
background. A common approach to automated object detection is achieved doyingbs
differences between two or more frames and creating a differsnap. If no differences are
present in the video, nothing can be detected. Reference nuuiiste on this very simple
principle. Suppose we point a camera at a scene we wish to mamit@ssume no targets are
currently populating the scene. If we save this captured image as oancef@anage B, then any
change in this scene can be detected by simply performing labgipexel comparison between
our reference image B and any new incoming image [21]. In peadtiese differences can be
created by the target's movement, illumination changes, backgrowowkment or camera
hardware corrections. Therefore it is important to distinguinsHarge differences from the small
differences using a threshold. It is assumed that the inthgesre to be differenced are the
same size. The equation for a reference model is

1, if |Frame — Reference| > T
0, otherwise

d(x,y) ={

whereT is a predefined threshold adk,y)is the binary difference map.
The following three methods are techniques that were used to createaeierages and detect

differences in frames during this research.
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2.1.1 Background subtraction

The most intuitive and easiest method for motion detection is backgsulichction using a
reference background image. A background image of a static iscacguired and continuously
compared to every incoming image frame, as shown in Figure 2.1. The sta@tmmaents of the
image cancel each other out. Only the nonzero entries that correspamdving image
components remain. The resulting image can then be thresholdeck&b they possible targets.
The main drawback of this method is that an initial static backgrmonage is needed and is not
usually available in practical applications. Furthermore, even sescavhen the background
image is available, changes in illumination and background obgath, as tree branches and
sea waves can cause false detections. This is considered tmwecamplexity method. The

equation for background subtraction is

(1, iflfeoyt) —fxy te)| >T
doy) = {0, otherwise

whereT corresponds to a predetermined thresh@ky,t) is the current frame at timef(x,y,b)

is an initial static background taken at time 0 d@dy)is the binary difference map.

Fig. 2.1: Background Subtraction
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2.1.2 Frameto Framedifferencing

Changes in highly dynamic image sequences are commonly detacteght frame differencing
[7]. In this method, every incoming frame is differenced topitevious frame and if the
difference is greater than a threshold, the pixel is considerddreground. One advantage to
this method is that no initial background image is required. This meghpdomising as it
quickly adapts to changes in the background and has a small computaton&owever, there
are several drawbacks to this method. First, solid moving objectsoasegmented entirely, but
only their outlines, as seen in Figure 2.2. Second, an object can avaitiodeifat remains still.
The method only works in particular conditions of the object’s speed ame frate. Third, once
the object decides to move again it will create a diffegan the area it had been, called a ghost
image. This ghost image leads to a temporary false detettienmathematical expression for

frame to frame differencing is

(1, iflfeoyt) —fOoy, ti)| >T
d0xy) = {O, otherwise

whereT is a predetermined threshof(k,y,t) is the current frame at timef(x,y,t1) is the frame

at timei-1 andd(x,y)corresponds to the binary difference map.

Fig. 2.2: Frame to Frame Differencing
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2.1.3 Background Averaging

Another solution to the segmentation problem is creating a backgrouagkifrom several
captured frames. In earlier background averaging methodsakéeenes would be stored and
then averaged. This required having enough storage for the numfsamet to be averaged.
This storage can be avoided by using a running weighted averegey. iEcoming frame is
averaged with the previous mean background. The constawused to control how fast the

background evolves.

w=ax*fyt)+1—-a)i_,

wheret; is the current background average at timg_, is the previous background average at
timei-1, f(x,y,t) is the current frame at timeande is the learning rate for background
averaging. Figure 2.3 illustrates background averaging. As in the previous methdd§ame

is differenced with the background mean and then thresholded. This can be expressed

mathematically as

1, iflf(xy,t) —u| >T
dy) = {O, otherwise

Fig. 2.3: Background Averaging. The left part of the figure depicts a couplenoéérthat are

averaged in order to be subtracted to the current frame. The result is the segmagéed i
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2.2 Thresholding

The three reference subtraction models previously covered alltbhseshold valud to convert
the image map into a binary image of ones and zeros. If theetifie is greater than the
threshold, it is considered as a 1 in the difference map. Hassthan the threshold, it will be
considered as a 0. Thresholding has been popularized due to its eswspleshentation.
Global thresholding refers to using a single threshold value forhioée image. The success of
this method depends greatly on the image content and on how distiperrth@f the histogram
are. Fixed global thresholding can be useful in cases whereréshold can be set manually by
a human observer. Figure 2.4 shows the result of thresholding a geaysege with a fixed
global threshold. By observing the histogram of the grayscale jnaatieeshold value of 148
was chosen, since it best separates the parts of the histodmanfixéd threshold works well to

segment the apples and oranges from the table.

However, in dynamic scenes, a fixed global threshold does not offéietiality to adapt to
changes in the scene. A way to set the threshold automatgaklgessary to develop a real time
implementation. The following algorithm, shown in Table 2.1, details twofind the threshold

value T using only the image contents without a human observer [1].
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Table 2.1: Auto Threshold Algorithm

Auto Threshold Algorithm

1.

2.

Select an initial estimate for T.

Segment the image using T.

This creates two groups;@nd G. G; corresponds to the pixels greater than the
threshold and &corresponds to the pixels less than or equal to the threshold.
Compute the average gray level valuesuipd i, for each of the regions;@&nd G.

Compute a new threshold value:

1
=5+ (M1 + H2)
Repeat process starting from step 2, until the difference in T in successtientis

smaller than an error threshold.

A more elaborate method to set the threshold automatically isaaieyimages is called Otsu’s

method [31]. This method is un-parametrized and unsupervised and usescthile and first

order cumulative moments of the grayscale histogram.

2.3 Pinhole Camera M odd

The pinhole camera model is considered the ideal model of a aaiheloes not take into
account practical considerations such as geometric distortionsddayiskee lenses and the fact
that cameras have only discrete image coordinates. The refgidretween the coordinates of a
3D point and its projection onto an image plane is described by thel@iodimera model. To

simplify the pinhole camera model, the image plane is placedebatihe focal point of the
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camera and the object, to avoid having an inverted image. Figure 2.5 tsimopiahole camera
model. A point X from the 3D world is projected onto the image pl@methe right of Figure

2.5, the pinhole camera model is seen from a side view.
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Fig. 2.4: Thresholding: a) Grayscale image (top left); b) Histogram @bp ri

c) Binary Threshold Mask (bottom left); d) Image Result after Threshottbfh right)
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Fig. 2.5: Pinhole Camera Model

In order to find the 2Meight y at which the 3D point X will be projectetis necessary to loc
at the side view of the pinhole camera model. Sitiee point X has a 3D height of Y and is ¢

distance Z from the camera center C, it can bergbddlat the followingequation holc

The angle C is the same for the larger triangtathe smaller triangle. Therefore, t
following equation also holds if we look at the piox on the image plane, located at a distif

from the camera center

wherey is the vertical side of the smaller triangle givey

The same geometrical observations can be donbaddd horizontal location of the point x

the image plane. TH&D coordinates are mappen the 2D image plane as follo
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2.4 Homogeneous coor dinates and matrices

As an introduction to projective transformations the topic of homemen coordinates and
matrices will first be discussed. Homogeneous matrices ajatial transformations of images,
as is discussed in the following section. A 2D column matrix w@] can represent either a
vector between two points or the position of a particular point. deraio avoid confusion, a

third component is added. This third component will be 1 for a point amdtl@ei case of a

X X
vector. Thus, the point (x,y) is represente({ja}/and the vectorixyj is represented b[yyl For
1 0

Kx

X
a point [y] its homogeneous coordinates %K@/
K

for any nonzero constant K. Generally, K is

equal to 1. The overall scaling is not critical.

Homogeneous coordinates are used to write the action of a perspective asamenatrix. When
going from non-homogeneous to homogeneous coordinates a 1 is addeded tteordinate.
When going from homogeneous to non-homogeneous coordinates, the firgondmates are

divided by the third coordinate.
: X : ',4 B
Any 2D point can be represented by the vehdand transformed with a 2x2 mat[B( D]'

X
Adding an extra axis, z, the original figure can be writte[\y%and transformed using a padded
1

matrix such as
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A B 0
C D O
0 0 1

This matrix is called a homogeneous matrix and can be modified to add fractionsiplesaoft

z to the x and y components. For a translation, the following matrix would be used

1 0 0
0o 1 of
T, T, 1

where T, is the translation in the x axis, angli3 the translation in the y axis.

For scaling, the transformation matrix is

where §is the scaling in the x axis, angiS the scaling in the y axis.

Shearing an image can also be performed by a matrix transformation. The mat

allows shearing an image, wherg, @hd Sh are the shearing constants for x and y, respectively.
Rotation by an arbitrary angle is also possible using a matrix transgfonmahe matrix for this

operation uses r, which is the angle of rotation

cos(r) sin(r) O
—sin(r) cos(r) O}
0 0 1

The results of applying these transformations to an image are demahstrigigure 2.6.

23



Fig. 2.6: Examples of Spatial Transformations. a) Original Image (topb¢fTranslation (top

center); c¢) Scale (top right); d) Shear (bottom left); e) Rotation (bottgin) ri

2.5 Homography

From the pinhole camera model, 3D image points from real world skgeetprojected onto a
2D image plane, according to a viewer’s position and perspectivgelpants from one view
are related to the image points in another view by a planar hopiygrelomography plays a
key role in multiple view geometry and can be used for calibraitioage registration, image
mosaicking and other vision techniques. Homographies relate planar ameldo not recover

3D information.

A planar homography relates points on planes through a non-singetlar felationship. A non-
singular matrix is a square matrix that has an inverse. A g@apby matrix can be determined
by finding constraints to fix the 8 degrees of freedom in the mmsatA homography can be

estimated from 4 matching pairs of points from two views. Baeliching pair gives two

24



constraints and solves for two degrees of freedom. Thereforepithium necessary data to
calculate a homography are four corresponding pairs from two dist@mera views.
A homography is also called a planar projective transformationrofegive transformation
describes what happens to the positions of objects when the observer citsrigeation.
Figure 2.7 shows how a 3D object is projected onto each car#daimage plane. The planes
from each camera can then be related by a homography. Difteneretra views can be obtained
by using homographies, including completely new views as theafade top ground plane

view.

Ground Plane
View

Fig. 2.7: Homographic Correspondence between Different Views
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A planar projective transformation can be represented by a non-singular 8k3smawn below

x/l hyy  hiz hiz][x
x5 =h21 haz haz||X2
x's hs1 hz; hgsllXs3

This equation can be written simply as

x1 xl
x,|=H|[*2
' X
X'3 3

H is a 3x3, non-singular, homogeneous matrix, which means that onlgtibeof the matrix
elements is significant. There are eight independent ratios @mntmey nine elements of H.

Because of these eight ratios, a projective transformation has eight defgreesom.

Let the coordinates of two matching points on an plane be (x,y) and,(¥he projective

transformation can be written in inhomogeneous form as:

o = ﬂ _ hi1x + hi2y + hys
x's  hyix+ hs2y + hss

Y= Q _ ha1x + hyoy + hys
x's  hyx+ hs2y + hss

Each corresponding point is responsible for generating two equations for tlessieiH.
x/(h31x + h3oy + hg3) = hyix + hypy + hys
¥ (h31x + hgpy + hz) = hy1X + hypy + hys

Four point correspondences are sufficient to solve for H, as long as the four ponds are

collinear.
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2.5.1 An Example of Homography Matrix Computation

Suppose the correspondencesy) < (x,y") are known for four points, then H can be

determined. We can express a set of point correspondences using the following nota

x! !
X1, Y1 '1,}/'1
X2, Vo o X2Y,
X3,Y3 x'3,¥'
x4'y4 x'4, y'4-

For the following example, assume four pairs of corresponding coordinates are koow
example, the coordinate (1,1) in one image corresponds to the (2,1) in the other image plane,

(0,0) corresponds to (0,0) and so forth for all four pairs.

0,0 0,0
1,0 o 1,0
0,1 0,1
1,1 2,1

Using the first correspondence poiffs0) < (0,0) on the general transformation equation

X'y hi1 hiz his]pg X1h11 + y1hiz + hys
MY = ha1  hay  has I}’ll = [x1h21 + ¥1hoz + hys
1 h31 hsy hz3lltl X1h31 + y1hsy + hss

can be set as
0 hi1 hiz  his][0 hqs
A0 =[hz1 haz has||0f = |h2s
1 hs1 hsy hsslll h33

From which the first H matrix coefficient values can be calculated using

hs3 A
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Using the second correspondence pditi8) <> (1,0) andh,3 = 0, hy3 =0

X' hi1 hip hig]pxs Xzhi1 + y2hip + hy3
V5| = [hor haz  haz l)’zl = |x2ho1 + Y2hop + Ry
1 h3y hszy; hysltl Xah3y + Yahsy + has

can be set as

hll
h21

1 hi1  hyy 0111
A |0l =|ha1 hy, O [|Of=
1 hs1 hs; hsslll hs1 + hss3

h11 A2
=|0
Az

h21
Now, using the third correspondence poiittd) < (0,1) andh,3 = 0, hy3 =0, hy; = hg; +

h31 + h33

hss, hy,y = 0, we have

xX's hi1 hiz  hig]pxs X3hi1 + y3hiz + hys
As|y'5| = ha1 hay  hys l%l = [x3h21 + y3ha + a3
1 h31 hs, hgslltl X3hzy + Y3hsy + hss

can be set as

0 hs1 +hzs hiz 0770 hiz
1 h3q hs; hszlll hs; + hs3

hi,
hy,
hsz + hss3

4

Finally, using the last correspondence poifisl) < (2,1) and all the previously found

COﬂStraInt§113 = 0, h23 = O, h’ll = h31 + h33, h21 = O, hzz = h32 + h33, h12 =0 we arrlve to
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X'y hi1 hiz  his]xg X4h11 + Yahiz + hy3
Aa|¥'y| = ha1  hay  has l)’z}l = [x4h21 + Yahay + hos|,
1 h31 hsy hi3ltl X4h31 + Yahsy + hss

which can be rewritten as

2 hs1 + hs3 0 07m1 hs1 + hs3
Ay |1 = 0 hs; +hss 0 ||1|= hsz + hss3
1 hsq hs, hss111 hs1 + hsy + hss

By matrix multiplication, each row is multiplied by the column vector resyiin

22,
Ay

TakingA, as a constant and solving the above for H using simultaneous equations we get

hs1 + hs3
hsz + hs3s3
hs1 + h3y + hss

2 0 0
H=2110 1 0
0 -1 2

We can conclude that the forward transformation matrix H maps the correspondentselipoi

order to un-map the points, the inverse of the H matrix can be used.
2.6 TheDirect Linear Transformation (DL T) using point correspondences

Points and lines are the most common features used to estimatgraphies. One of the
methods that uses point correspondences is the DLT. Given a setiroRDd to 2D point
correspondences—xx’, H is to be calculated. The equation x’=Hx can be expresseatrirstof

the vector cross product agx¢Hx;)=0. Letting the jth row of the matrix H be denoted By h
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and lettingx'=(x;",yi’,wi") ", the cross product can be expressed as

y'ih3Txl- — W,ihZTxl'
Xi’ X HXi = W’ithxl' - x'l-h3Txi .
x'ihZTxl- - y'ithxl-

The previous equation can be rewritten in the form

o7 —w'ix;m oy T [hll
= 0.

W,ixl'T OT —x'ixl-T hz
—yixi" X" (i h?
We can rewrite this expression as
Ll'h = 0

th
wherei represents each correspondence point paig faken to be a 3x9 matrix and[h%T]
h3T

corresponds to a 9x1 vector formed by vertically concatenating each row of H.

Three equations are expressed in thematrix, however only two of them are linearly
independent and necessary to solve the equations. Each of the fourgp@apondences gives
two equations in the entries of H. Therefore, the equation can be reduced to

2
i

1
" —w'ix” }"ixiT] h ~0
W’ixl'T OT —X iXi h3
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With the four point correspondences, a set of Lh=0 equations can be dettrmhere L is the
result of stacking the rows of; from each correspondence and h is the vector of unknown

entries of H.

Table 2.2: Direct Linear Transformation Algorithm

Direct Linear Transformation Algorithm

Given n>=4 2D to 2D corresponding points>x’, the homography matrix H that will solve
Xi'=Hx; is to be found.
1. For each correspondence>x’ compute L. Only the first two rows are necessary.
2. Construct n 2x9 matrices Into a single 2nx9 matrix L.
3. Calculate the Singular Value Decomposition of L as UBlth D diagonal with positive
diagonal entries, arranged in descending order down the diagonal, then h is last cqlumn of
V.

4. Determine H from h.

2.7 Computation of Binary I mage Centroids

From geometry, it is known that the centroid of a figure ispthiat where all straight lines that
divide a planar figure into parts of equal moment intersectoinpater vision, the centroid is
defined as the average of all the foreground pixels on a binargirmatpyman’s terms, it is the
center of all the white points on a binary figure. The centia useful feature that can reveal
certain characteristics about an image. It can be used toniletea distinctive point on a blob

and use this information to track it.
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Fig. 2.8: Binary Image Centroid Result

Let the I(x,y) denote the intensity value in a binary image | at the pizeation (x,y),

1, foreground pixel

I, y) = {O, background pixel

The zero order moment for the foreground pixels is given by

Moo :EZI(xIY)
x y

Moo turns out to be a sum of all the foreground pixel values across the whole imyagecéled
the binary area of the image. The first moments of the imageamMd M, are also necessary to

calculate the centroid. These are found using

My, :ZZx*I(x,y)
x y

My, = ZnyY*I(xly)-
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Once the area and first moments of an image are known, the cemtrgjdcén be calculated as

2x 2y X * 1(x, )
MOO

x

Moo

<A

As an example, figure 2.8 indicates the centroid with a red dot for a segmentdd.vehi

2.8 Kalman Filter

The Kalman Filter is one of the most common tools used for stichestimation of a signal
from noisy sensor measurements. In essence, the Kalmang-dtset of equations that give the
optimal estimator that minimizes the estimated error covagiahbe Kalman Filter finds this
estimator by alternating through a prediction and correction podée Kalman filter uses a
form of feedback control. The current state is estimated and cethfa noisy measurements,
before being fed back to the filter. The two equations usetid¥alman Filter can be divided
into the time update (predictor) and measurement update equatiaestioo). The time update
equation calculates the a priori estimates for the next ssatg the current state and the error
covariance estimates. The measurement update equation incorponatgsneasurement to the
a priori estimate to calculate an improved estimate a posteriori.
The Kalman Filter equations attempt to estimate the statea discrete-time controlled process
given by the stochastic equation

X = AXp_q1 + Buy + wy_4

using measurements modeled as

Zy = ka + Vg-
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The matrix A is a nxn matrix that relates the previous stgte,; to the current state.

B is a nx| matrix that relates the control inputo the current statex,. This control input is
optional. In the measurement equation, the métrix a mxn matrix relating the current staje

to z,, which is the current measurement, and v, are independent random variables that
represent the process and measurement noise, respectively. Thesemeaisurements are
assumed to be white and drawn from a normal distribution. The processw)pihas a

covariance Q, while the measurement noisbas a covariance R.

p(w)~N(0,Q)

p(w)~N(0,R)
Some of the advantages of this filter over other estimation techniques alatinge emplicity
and robustness. Applications for the Kalman Filter exist in autonomous or assigtedio

and tracking in interactive computer graphics [34].

2.9 Classification

Classification refers to identifying a target after isHaen segmented from the background.
Such a classification could be used to distinguish the type oftadmjets activity. One of the
simplest ways of classifying a target is by its spdeatures. Once a blob has been detected,
features such as its pixel height and width can be calculated to detefhie object is a vehicle

or a person, for example. A simple classification algorithm is presenteabla Z.3.
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Table 2.3: Classification Algorithm

Classification Algorithm

1. Locate the blob’s outermost pixels on the x axigaxd Xignt.

2. Locate the blob’s outermost pixels on the y axig,and Yotom

3. Find the blob’s width by subtractinggk: - Xer.

4. Find the blob’s height by subtractinggy Yoottom

5. Calculate the ratio of the blob’s width/height.

6. If the ratio is greater than 1, the blob is classified as a vehicle.
7. If the ratio is less than 1, the blob is classified as a person.

8. Otherwise, the blob is unidentified.

Intuitively, blobs are classified by comparing the width-height ratio, uthdeassumption that

vehicles are more elongated than persons. Mathematically we represasstimgption as

Vehicle |Xright - Xleft|/|Ytop - Ybottom| >1
Blob = .PET'.S‘O.TL. ’ |Xright - Xleftl/lYtop - Ybottoml <1
Unidentified otherwise

This classification can be done for a single camera. When d&dtim@ multiple camera setting,
each individual camera can classify the blob independently andvarfter vote for the
corresponding classification. If a camera detects a vehiclaillitincrement the vehicle
classification vote by one. In a similar manner, if a cardetacts a person, it will increment the
person classification vote by one. If the total votes for theclelkiassification exceed the total
votes for the person classification, the blob will be classifeed &ehicle. If the total votes for

the person classification exceed the total votes for the vetheldylob is classified as a person.
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In the event of a tie, the blob is labeled as an unidentified olbjectn cameras, the voting

classification is represented as

n

n
( Vehicle, if 2 vehicle; > 2 person;
i=1

n n
Blob ={  Person, if Z vehicle; < Z person;
i=1

n n
\Unidentified,if Z vehicle; = Z person;
i=1 i=1

wheren corresponds to the total number of cameras neeéés;le is the individual vote from
camerd, if camera detected a vehicle amersonis the individual vote from cameraif

camerd detected a person.
2.10GLCM

As discussed in the literary review, the Grey Level Co-ocnaad/atrix can be used to perform
a texture analysis that can detect camouflaged defectsessitied by Bhajantri and
Nagabhushan [28]. The procedure for texture analysis is to firstfienGLCM of an image and
then use this matrix to calculate image parameters: enemgwypy, homogeneity, contrast and

correlation.

For example, the image in Figure 2.9 shows a 4x4 pixel imagesaodriesponding values in a
matrix. Each color receives its own number in the matrix. teroto calculate the GLCM, a
direction must be chosen to compare pixels across the matrixfget ofust also be set to know
which pixels will be considered in the process. In this exampée direction is east and the
offset is one. This means that the comparison will take placeebeta pixel and its immediate
neighbor to the right.
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... 0/0|1]|1
... 0/0|1]|1
02|22
21 2(3]3

Fig. 2.9: Simple example image for GLCM computation [44].

The GLCM will be created by counting how many times a pixel pansisting of a reference
pixel and its neighbor, is repeated across the matrix. For egathplcombination 0,0 is present
2 times in the image. The direction of the pair matters, gacakrelations between 0 and 0 do
not count. The result of the count for each combination will be placsatding to the matrix

indices shown in Figure 2.10.

Neighbor Pixel

Ref. Pixel| 0O 1 2 3

0 0,0/0,1{0,2/0,3

1 10/11/12|1,3

2 20/21(22|23

3 3,0/31|3,2 33

Fig. 2.10: GLCM Matrix Indices [44].

The resulting GLCM matrix is shown in Figure 2.11. The (0,0) location in the GLCM halsie

of 2 since the pair (0,0) occurs two times in the matrix between a pixel value aagjitbor to
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the right. In the same manner, the pair (3,3) only occurs once in the image and addigpla

the (3,3) location of the GLCM.

212,10
02|00
0] 0] 3|1
0] 0] 01

Fig. 2.11: GLCM Result [44].

As can be seen by this example, searching for pixel paiosathe image as done by the GLCM
is quite computationally intensive. Increasing the number of diredii@isre compared and the
pixel offset contributes to the computations. By itself, the GLCMsduos® detect camouflaged

objects, but it makes the calculation of texture features easier to calculate

2.11 Camouflage Breaking Using Quasi-Connected Components

Quasi-Connected Components is a novel alternative to morphological pmgcegsgeloped by
Boult et al. [21]. This method detects camouflaged objects by takittg account pixel
intensities and pixel region areas to close gaps caused bymengafion.
The basic procedure for QCC is shown in Figure 2.12. A high thresha@ddra low threshold

T, are applied to the difference image. Pixels that are bel@areTrejected, while all other pixels
are kept. However, from the remaining pixels, a distinction is rbatigeen the pixels greater
than T, and those between, &nd T. A down sampled image is created of the difference image,
which helps in detecting the blobs of interest. Two conditions must benmeder to accept a
region as a target. There must be a pixel greater than theéhnegihold and a minimum area

must be met. Figure 2.12 shows three different possible targetyelltw target is rejected for
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not satisfying the area criteria. The green blob does not &ay@ixels greater than the high

threshold and is also rejected in the final segmentation. The lbged ta kept since it satisfies

both conditions.

Difference Image D(i,j)

/.r-‘
b1
[ [N
W R W

\ yod
r.d |
\ /T
\ 7
\
\
N \rarea=1. not adde&“
TI < Pixels < Th \ to parent image y
Initial 4x4 red ;{ QCC Result,
Parent Image P(,j Labed image L(i,j)
g4] T |
5 O
S >Tk K Accepted region
area=20>min_area
Area < min_area 4 pixels:»Th

Fig. 2.12: QCC Process. Figure obtained from reference [21].
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Chapter 3: Implementation of a Real-Time Multi-Camera Surveillance System

3.1 Overview

In this chapter the implementation of an experimental multi-canserveillance system is
presented. The system is capable of real-time video procedsaigpat 10 to 15 frames per
second using QVGA resolution with five cameras working simultaneolBlye significantly,
the system was implemented with a low cost philosophy using coiaheff-the-shelf

components (COTS) and the power of the MATLAB processing environment.

One of the objectives of this research is to create a muhexaresearch platform that could be
easily replicated by others in the future. Besides the phy=iogponents of the system, a critical
component is the software necessary for its implementation. hirdason, this chapter is
written using a tutorial-like format in order to describe in deks software development. This
chapter gives specific details on the system physical cotistitand the software developed for
this thesis. It discusses the mock scenario setup, image acquisitcedure, and the entire

system development, including MATLAB code snippets.

A mock scenario was setup in the lab to allow for testing. Taeasio attempted to recreate an
event where a camouflaged vehicle is attempting to avoid detecteimiRary work was done
using a single camera acquisition and background subtraction methodsa/ofkiwas extended
to multiple cameras and additional processing such as clasisifi@and tracking was performed

on the video data.
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3.2 Multi-Camera Network Setup

In order to create a testing environment for image acquisitiomgck scenario was set up. The
scenario consisted of PVC tubing arranged in the form of a colbe.cemmercial off the shelf
(COTS) webcams were placed near each of the bottom corniires stfucture, facing the inside
of the cube. Another camera was placed at the top center foe @ibe. This camera was used
for calibration and to compare the results with a ground truth atgnisThe webcams used
were two Logitech Quickcam Deluxe for Notebooks and three LineCidotebook Pro
webcams. These cameras can operate at a 640x480 resolution, hiheesygstem works with
QVGA or 320x240 to improve performance in real-time. A remote-cdetraar was used as
the object to be tracked. Camouflaged fabric was laid on the ground esthdaxser the car. The
texture and colors between the target and background were almasit peatches, creating a

challenging camouflage scenario. The mock scenario is represenigdra §.1.

Fig. 3.1: Mock Scenario Setup
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3.3 Physical Characteristics of the Multi-Camera Mock Scenario

The dimensions of the PVC structure were desigmethat the cameras would have the s
distance to the center of the cube also maximizedhe field of view of the top came USB
extension cables were used to connect the USB webttahe PC. USB specifications lir the
maximum length of a USB extension cable. The maxrinangth for a USB 2.0 cable is
meters (16 feet 5 ites). This also was taken into consideration duttegdesign of the moc

scenario.

Fig. 3.2 Logitech Quickcam Deluxe for Notebooks and LiveC&lotebook Pr

The five USB cameras were connected to the porta ®C. The Pthad a 2.20 Ghz AMI
Athlon 64 X2 Dual Core processor, 1.93GB of available RAMI wa running Windows XF

and Matlab R2007b.

USB bandwidth issues were encountered when streawieo from all of the cameras at on
The cameras with the higher USB bandwidth conswnptwere found t be the Logitech
cameras. The two Logitech USB cameras were relddatevo dedicated USB ports on the fr
of the PC. The other three LiveCam! Webcams welteriethe back. This split the bandwid

load between two different USB controllers and edithe issue.

42



3.4 Selection of MATLAB as Development Environment

Several development tools were considered at the time the aeseas started: LabView,
OpenCV, and MATLAB. However, MATLAB was a clear choice due tevmus experience
integrating webcams and MATLAB. Labview was another stromglidate for a development
tool, but was not capable of supporting simultaneous multiple carmgugs#ion using webcams

[29].

For Image Acquisition using webcams two options were avail&itkzo for MATLAB (VFM)

[42] and the MATLAB Image Acquisition Toolbox [43]. Both work well fargturing frames
from a USB camera and support multiple cameras. The Image Amgui®olbox was chosen
due to the fact that more reference material and support xiste Image Acquisition toolbox

than for VFM.

3.5 System Architecture and Block Diagram

The system architecture is represented by Figure 3.3. Fiveasae connected to a personal
computer via the USB ports. The hardware device driver for theraaralows the cameras to
interface with the computer, while the Image Acquisition ToolboxdWware driver adaptor
interfaces the cameras with MATLAB. The Image Acquisition Borlalso contains functions
that start, configure and trigger the cameras. A video soureetdbjcreated for each camera.
Finally, an RGB image is returned into the MATLAB workspace by theovidput object where

it can be processed.
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Fig. 3.3: Surveillance System Architecture

The surveillance algorithm implemented in this thesis can be lyraksdicribed by the block
diagram shown in Figure 3.4. After initial calibration, each cana&quires the image. One of
three different motion detection methods is used, with a correspotiutgshold. The image is
then transformed to the top-view or ground plane. Then, the transformed fv@wseach

camera are averaged. Finally, additional processing such asatalguhe centroid, enclosing

the object with in a rectangle or classifying the object is done.
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Fig. 34: Surveillance System Block Diagram
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3.6 MATLAB Based Software Design for a Multi-Camera Surveillance System

This section describes each of the parts of the surveillance system dlomgplementation

details. The intention of this section is to explain how the system code worksdsyaio éollow
manner. For this purpose we have included code snippets where it becomes the mosintonvenie
and clear way to elucidate the implementation.

3.6.1 Image Acquisition

3.6.1.1 Single Camera Acquisition

The first step to develop a visual surveillance system apture video from a camera. The
MATLAB Image Acquisition Toolbox 3 has many features that aléapturing video frames in
many different ways. For example, it is possible to acquirsglessnapshot, an interval of

images triggered by an external event or continuously acquire images.

The basic procedure for acquiring an image using the MATLAB Image gitiqui Toolbox 3 is

the following

1. Install the Image Acquisition Device. This involves installing software drivers required
by the imaging device, connecting the device to the PC and tekangt is working
properly.

2. Retrieve Hardware Information. Hardware information such as the adaptor name and
device ID are necessary to identify the device that is going sxtessed. An adaptor is
the software that will be used by the toolbox to communicate wa&hcamera device

drivers.
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3. Create a Video Input Object. A video input object represents the connection between

MATLAB and an imaging device. Many aspects of the image aton can be

configured by modifying the video object’s properties.

4. Acquirelmage Data. First, the video object must be started. This prepares the @dmject

data acquisition. Data acquisition will not begin until a triggeexiscuted. A trigger can

be executed automatically or manually, depending on the device pespé&iitally, the

acquired frames are stored into memory or a disk file. Theesacan then be brought

into the MATLAB workspace and processed.

5. Clean Up. Once the image acquisition process is finished, the variablesdeulobjects

involved with the acquisition must be removed and cleared from the woeks$pdree

resources.

Following the steps mentioned above, the USB camera drivers wdgedleths Hardware

information was retrieved and before acquiring any of the imapgescamera was initialized.

The following code creates a video object namield, sets the image resolution to capture at

QVGA (320x240) and sets the trigger to manual. A manual trigger nileamsiage capture will

not be automatic, but will be triggered by a line in the code ‘trigger(vidl)'.

In order to have

imaghwinfo
info=imaghwinfo(

‘winvideo'  );

dev_infol=imaghwinfo( '‘winvideo'  ,1);
vid1l=videoinput( 'winvideo' 1, 'RGB24_320x240'
get(vidl)

triggerconfig(vidl, 'manual’ );

set(vidl, ‘'FramesPerTrigger' 1);

set(vidl, 'TriggerRepeat' Inf);

);

more control of the capturing process and avoid capiunagg frames that
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could not be processed, the image acquisition was triggered maimsadly a while loop. The

following code starts the camera and continuously captures and displaysramew f

start(vidl);
while (1)
trigger(vidl);
imagel=getdata(vidl,1);
figure(1);
image(imagel);

end

As mentioned in the Clean Up step of image acquisition, to freerdsources used during

acquisition, the video object must be stopped and deleted when it is not needed anymore.

stop(vidl);
delete(vidl)
clear vidl

After executing the code, a variable caliethgelhas been created. This variable is a matrix

containing the captured images through time.

3.6.1.2 Multiple Camera Acquisition

Once single camera acquisition is working, the extension topteuttameras is straightforward.
The same code can be used to trigger acquisition from sewarsdras. However special
considerations must be taken to minimize the time differencegebertthe instant when each
camera is triggered. The camera acquisition must be done leg.skrpt, all the cameras need
to be started before starting the while loop. Second, when a @amerggered, the other
cameras should also be triggered in the following lines of codeirntmnine time differences

between different cameras. Then, the results of the acquisitidmecdisplayed for each camera.
Finally, each camera needs to be stopped and their video object déletethllowing code

shows a simple image acquisition loop for two cameras.
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start(vidl); start(vid2);
while (1)
trigger(vidl); trigger(vid2);
imagel=getdata(vidl,1);
image2=getdata(vid2,1);
figure(1);
subplot(1,2,1); image(imagel);
subplot(1,2,2); image(image2);
end

The acquired images are stored in variabtesyel andimage2 . From this point the images
can be further processed using other MATLAB tools. Once the processinghed, the clean

up stage can be performed with the code shown below to free system resources.

stop(vidl); stop (vid2);
delete(vidl); delete(vid2);
clear vidl

clear vid2

3.6.2 Processing of RGB images

When the image is captured as an RGB image, it is stolglAIFiLAB as alengthx widthx 3
matrix. The third dimension represents the different color bandsedgegreen and blue. For this
particular case, the matrix dimensions were 320x240x3. When capwoliem there is a fourth
dimension to the stored matrix. This fourth dimension represents the nahflemes that have
been acquired. In this case it is storedeagthx width x 3 xframes.Figure 3.5 illustrates how a

video stream is structured in MATLAB.
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Fig. 3.5: Video stream structure

3.6.3 Calibration

Calibration is an important step to ensure the accuracy oféasumng device. In the case of
cameras, calibration is important to infer the position, rotatiocotmr range of a camera. For
example, to take advantage of the different viewpoints from multateeras, some added
information must be known about the camera’s location. Calibratidveisfore necessary. This
system uses calibration to determine how each camera viaesrétaa bird’s eye view of the
scene. Knowing this information is important to be able to apply hapbgr transformations to
each of the views and combine their data. Camera calibratiom iiself another research
problem. The focus of this work is not on calibration. The method desichiere is a quick way
to use MATLAB to calibrate the cameras. Other calibratioimaige registration techniques can

be used [1].

For calibration, a known object is placed in the view of all theetam The known object was a
magazine with a unique color at each corner: yellow, green, red, lhlee, images are captured

from each camera. At least four corresponding points between eagaidgramera and the top
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view camera are selected by the user. This must be done in a sequentiagetedéng one point
from a ground camera and then one point from the top view camera until ablegsvihts have
been selected for each camera. The code below inputs the fmoagea ground camera,
imagel , and the image from the top view camedamage5 , to thecpselecttool shown in
Figure 3.6. The optional parameter “wait, true” pauses the eracnitthe MATLAB code until
the user has finished selecting the corresponding points. cpeelecttool returns the

corresponding points in a 4x2 vector for each camera.

[input_pointsl, base_ pointsl]=cpselect(imagel,image 5, 'Wait'" , true);

Fig. 3.6: Correspondence Point Selection for Calibration
These corresponding points are then used to obtain the homograptigrinatien matrices
using themaketform()  function, which generates a geometric transformation structurg. Thi

structure contains the homography matixwhich maps the points from one view to the top
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camera view. A homography matritk must be found for each camera. The MATLAB code to

obtain this transformation for camera 1 is given by

tform1 = maketform( 'projective’ ,input_points1,base_pointsl);

where the “projective” parameter specifies that the transformatmojesctive and not of
another kind, such as an affine or a box transformation. A similar computation vatjiead
for each camera in the network. We note that the computation of these matricesesjoingd
during the setup of the system. Once these transformations are found, they cardl@ndtore

reused during the multi-camera processing of the video.

3.6.4 Motion Detection

Detecting motion is analogous to detecting changes in an infiagee changes may occur in the
spatial or temporal domain. It is known that a significant andcditfiresearch problem in
automated surveillance is change detection [7]. There are mathpas for detecting moving
objects. The different methods can be classified into two main grblgi®on-based and spatio-
temporal. The spatio-temporal methods include edge detection andtirshed algorithm. The

motion-based include optical flow and change detection.

Having a real-time application in mind restricts the allowaldenputational load for these
methods. The thesis thus focuses its attention on change detectimusnetarticularly low to

medium complexity background subtraction methods. Other higher conypiesdhods, such as
representing pixels as a mixture of Gaussians, Mean Shift basetatton and kernel density

estimators [6] are not considered in this work.
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3.6.4.1 Segmentation

In essence, finding targets is a change detection problem [21].MWic has been detected, it
iIs necessary to determine if it was caused by an objectesést (i.e. a vehicle or person) or an
uninteresting object (i.e. camera or illumination noise, tree brammlement, waves in water.)
The goal of segmentation is to subdivide an image into its to&stiregions or objects. The
degree of subdivisions depends on the problem being solved. When the objatésest are
distinguishable, the segmentation process should stop [2]. For a smyien detection
example, the goal of segmentation is to detect the foreground oljedtshe background
objects, given an image frame from a fixed camera.

A popular method for change detection is image differencing, followedthresholding [9].
However, differences can be attributed to objects of interest &gtmamd dynamics. Deciding
which values of the difference map are considered information (@enmtargets in the scene)
and which values are not (i.e. camera noise) is a question thabenftaxzed with this method. A
threshold must be applied on the difference map in order to obtain a binary image [8].

One of the most difficult challenges in image processing ggneating nontrivial images
correctly. The accuracy of the segmentation many times detsrthe success or failure of the
computerized analysis procedures [2]. The result of the analysisdiepgeeavily on the

segmentation quality, since image segmentation is usuallyrghestep to image analysis [10].

3.6.4.2 Reference Models

Several methods such as active background subtraction and tempaentidition exist for
detecting, tracking and classifying moving targets such as rtsjnvahicles and wildlife [17].

Subtraction of a background model, followed by thresholding is onkeo$itnplest and most
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common types of change detection [14, 21]. The main advantage ohoefen®del methods is
their simplicity. There is no need to model the geometry or photgroka scenario. This makes
the system operation faster and allows it to operate in rddfgrent environments without
having to undergo extensive calibration routines [21].

For this system, three low-complexity reference model methaglsngslemented. Since the
system deals with static cameras, background subtraction riculealy attractive method due
to its applicability to our scenario. The following code descrthesmplementation of real-time

background subtraction.

trigger(handles.vid);
yback=getdata(handles.vid,1);
yback=rgb2gray(yback);

while (get(handles.pbStop, 'UserData’ )==0)
trigger(handles.vid);
y=uint8(getdata(handles.vid,1));
yg=rgb2gray(y);
y=im2bw(abs(yg-yback),get(handles.slider1, 'Value' ));
axes(handles.cam);
imagesc(y);
end

First, the camera is triggered and an image of the static fmagcidynot containing any moving
objects is obtained. This image is converted to grayscale and siditeel variableyback . A
while loop continuously triggers the camera storing the currenefrargrayscale to the variable
yg. Afterwards, the absolute difference between the background and tfseajeaimage is
calculated and a binary image is obtained from this differenicgy twse im2bw() function.

Finally, the result is displayed and the while loop continuously repeats thesgroce

Another method that was explored was temporal differencing. Thilsocheés very similar to
background subtraction, but a previous frame is used as the refevendasract. The following

code describes how this is implemented in MATLAB for a single camera.
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while (get(handles.pbStop, '‘UserData’ )==0)
trigger(handles.vid);
y=uint8(getdata(handles.vid,1));
yg=rgb2gray(y);
diff=im2bw(abs(yg-ypast),get(handles.sliderl, ‘Value' ));
ypast=yg;
axes(handles.cam);
imagesc(diff);

end

Every time the while loop executes, it triggers the cameraeagdires the new frame, storing it
in y. Then, the image is converted from RGB to grayscale and storgd.iThe absolute
difference between the current frame and the previous framalaslated and the result is
converted to a binary image usimg2bw() . The result is displayed and the current frame is
stored inypast so it can be used for a subsequent calculation of the tempdieiedde.
Finally, another approach to motion detection was attempted usinggrdaad average as our
reference model. This method uses a weighted running average to thdapackground
reference to changes in the scene caused by lighting or namngiather conditions. The

following code describes how this is done.

while (get(handles.pbStop, ‘UserData’ )==0)

trigger(handles.vid);

y=uint8(getdata(handles.vid,1));

yg=rgb2gray(y);

alpha=.25;

ymean=alpha*yg+(1-alpha)*ymean;
diff=im2bw(abs(yg-ymean),get(handles.sliderl, ‘Value' ));
axes(handles.cam);

imagesc(diff);

end

As in the previous reference models, a while loop continuously captures and conveneghe i
to grayscale. A constaatpha is set to .25. This means that every new frame accounts for .25
of the updated average, while the previous average accounts for .75 of the updatgel ave

running average is calculated, using the previous avgragan, the current imaggg and the
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alpha constant. This running average background is differenced with the incoming inthge a

the results are displayed.

3.6.5 Automatic Global Thresholding

The attentive reader will have noticed that tim2bw() function used in all three reference
model methods has an added parameter that has not been discussedrahiggepas the
threshold or level at which the image difference will becortteeeia 1 or a 0 in the final binary
image. Determining the appropriate threshold for any of theseoaieis a challenge, since the
threshold distinguishes significant changes. The ideal threshhld vall be high enough to
avoid detecting noise, yet low enough to detect targets [21].

A human observer can determine the adequate threshold value to gpsetatient an object.
However, it is not practical to have an observer present adjustirigrdshold level constantly.
The threshold value must be set automatically by the surveillance systéns. $ystem, a global

threshold is set for every incoming frame usinggtes/thresh() function.

diff=im2bw(abs(yg-ymean), graythresh(abs(yg-yback)) );

Critics of the thresholding technique argue that thresholding is sensitive ¢ocanoisllumination
variations, and does not take into account local consistency propertles diange image [6].
This is true for a single camera. However, from the reslitgined in this thesis it was
concluded that averaging the result from multiple cameras helpserdurieffect of illumination

and noise on the final segmentation.
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3.6.6 Virtual Ground Plane

From the calibration stage, a homography matixwas found for each camera. This
homography matrix maps the points from each camera view to a@otom camera view [19].
By applying this homography to every incoming frame, a virtualigd plane view of the scene
can be created. The ground plane was selected as the planeh@wiect all the camera views
since most outdoor surveillance scenes consist of targets moving about on the ground [19].
This virtual ground plane serves two purposes. First, having a ground yidamellows for
better scene understanding. For example, tracking an object czasiee when done from an
orthogonal view to the ground plane (i.e. a top view of the ground planelydimamany arbitrary
viewpoint. Second, having all the cameras projected to a common plaws #ie system to
combine the data from each of their views and improve on singleraahata. This then, sets the
stage for global scene analysis [18]. The incoming frame &ach camera is transformed to the
ground plane view by applying the homography matrix for that specidimera. The
homography matrix is applied by using the 2-D spatial transftom imtransform()

function on the grayscale imagg using the following MATLAB code

[resl xbackl yback1]= imtransform(yg, tform1, 'Size' ,[240 320], 'Xdata" ,[1
320], 'Ydata' ,[1240]);

Additional parameters such &ize ’, ‘ Xdata ’, and 'Ydata ' are added to keep the image size
constant. The transformed image is returne@&l , which corresponds to the virtual ground

plane resulting from transforming the view from camera 1 to the top camera view
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3.6.7 Multi-Camera I mage Fusion

The information from each camera view exists on its own planeamtbt be combined until it
is put into a common plane with another camera view with overlapping fields of nienddr to
combine all four camera views, they are projected onto the ground ydargea homographic
transformation, as described above. The information from each c&réen combined into a
multiple camera view, by averaging the transformed contributi@ms éach individual camera

as seen in Figure 3.7. This can be expressed as follows

1 n
M= 521 Ha(I(6,))

wheren corresponds to the number of camera nofey) is the current frame artd, is the

homography matrix that map&,y) to the top view plane.
3.6.8 Additional Processing

After the multiple views have been combined to obtain an improved segfioanbf the

camouflaged target, additional processing is performed on the seghimage to assist in the
object detection. Such additional processing includes calculatingcghtoid, creating a
bounding box around the object, classifying the target as a vehigtgson and finally, tracking

its trajectory using a Kalman filter.
3.6.8.1 Computaiton of Centroids Using Binary I mages

The object centroid is an image feature that can prove to be vely,uss it represents the
center of the target. Each centroid is calculated for eackressrindividual segmentation. The

centroid is also calculated for the result of the multiple cansegmentation. The centroid is
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calculated every time the while loop repeats. So for everyeirahere is a corresponding

centroid. The code below describes how the centroid is calculated for a smglaca

B IO O
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Multi Camera

Average
Multi Camera 4 Threshold
Background Results
Subtraction

Fig. 3.7: Multiple Camera Data Averaging. The current frame feaoh camera view is
transformed via an homography to a common plane. The views are aveyagmedbine their
data and background subtraction is performed. After thresholdingpca spgmentation of the

camouflaged object is obtained.
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t=t+1,
[rows,cols] = size(yg);

X = ones(rows,1)*[1:cols]; % Matrix with each pixel set to its x coordinate
Y =[1:rows]*ones(1,cols); N VA

areal = sum(sum(yQg));
cx(t) = sum(sum(double(yg).*X))/areal;
cy(t) = sum(sum(double(yg).*Y))/areal;

First, the two matrices X and Y are created that will bmesgary to compute the centroids. The
size of X and Y must match the image size. X is a maitith each pixel equal to its x
coordinate. Y is a matrix with each pixel set to its y coordin@ihey correspond to part of the

first order moments.

The total area of the binary image is calculated by udmegsum function twice. This is
equivalent to its zero-th order moment. Afterwards, the centroy) @alues are calculated
taking advantage of the previously calculated X and Y matritles. output of the centroid
calculation is shown in Figure 3.8. The vectoxsandcy contain the x and y locations of the
centroid respectively for t frames. Keeping track of the oadrfrom each camera view will be

useful when analyzing the results and using the Kalman filter.

3.6.8.2 Computation of Target Bounding Boxes

In many motion detection applications, a bounding box is drawn aroumigteted object. This
is done to aid the human observer in detecting areas where tngéisated. It can also be used
to create a region of interest on which additional processing capgdded without considering
the whole image. The required information to draw a bounding reetanglind the target is the
top left and bottom right pixels of the result of the segmentaifiba.code below shows how the

x and y coordinates for the top left and bottom right points of the esgigioh target are located.
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First, the columns of the binary image are added using the sunmofunthen, using the find
function, the indices of the values that are greater than zenetareed. The index with the
minimum value will correspond to the x coordinate of the top left pohm. SBme is done for the

y coordinate, except the image is transposed so that the rows are summed irtkeadlomns.

xleftl=min(find(sum(ygt)>0));
yleftl=min(find(sum(ygt')>0));
xrightl=max(find(sum(ygt)>0));
yrightl=max(find(sum(ygt")>0));

Fig. 3.8: Example of Real-Time Centroid Computation. The centroideofarget is signaled by

ared star.

The process is repeated to locate the bottom right point, but thenomaxndices are desired in
this case. After these two points are located, rdetangle() function is used to plot a

rectangle in a MATLAB figure using the following code.
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if isempty(xleftl)==0

rectangle(  'Position’ J[xleftl,yleftl,xright1-xleft1+1,yright1-
yleft1+1], 'LineWidth' ,2, 'LineStyle' , -, 'EdgeColor ,'r" );
end

The ‘Position ' parameter requires the top left rectangle coordinates and its hedhtidih.
An additional condition is added, so that the rectangle is only plotted if coordinagtesAexi

example of this operation is shown in Figure 3.9.

Fig. 3.9: eaI-Time Rectanle Output
3.6.8.3 Target Classification

After the target has been segmented it can also be &ds<ifiassification refers to identifying
the target and categorizing it. For example, an automated lfameeisystem could trigger alerts
when a vehicle other than white appears. In this system, a spassification algorithm is used
to classify the target into three categories: person, vetialeidentified. The procedure is fairly
simple and uses the width to height ratio of the target torditerif its shape is elongated

horizontally or vertically. If the shape is elongated horizontéllis assumed to be a car. If the
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segmented area is vertically elongated, it is assumed t@érsan. If neither condition applies,
the target is categorized as unidentified. The code below showthbalassification is done. If
the width to height ratio is greater than one, the object is dieshd@rizontally and thelcar

flag is set to one. If the ratio is less than one,wheerson flag is set to one, since it is

assumed a person is detected. If neither of the conditions apply, both flags atxero.

if (xrightl-xleft1+1)/(yrightl-yleft1+1)>1 && (xright 1-xleft1+1)<315
vlcar=1;
vlperson=0;

elseif  (xrightl-xleft1+1)/(yrightl-yleft1+1)<1 && (xright 1-xleft1+1)<315
vlcar=0;
vlperson=1;

else
vlcar=0;
vlperson=0;

end

The classification algorithm is simple and executed by eaotera individually. However, the
accuracy of the results is greatly improved when the @leetson results from each camera are
taken into account. This is done by a voting process. Each camesa atterding to its own
classification whether the target is a person, a vehicle analentified target. The votes from
each camera are tallied for each the vehicle and the pdessification. Finally, the total votes

are compared to make a simple majority decision.

3.6.8.4 Kalman Filter
In some surveillance applications, it is desired to track tlgetartrajectory. This is done to
predict the direction the target is moving in. This information camniged to ready and activate

cameras that are expected to capture the moving target. Each indoachera keeps track of
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the object’s centroid as mentioned before. These centroids repdetanpoints useful for
tracking. However, in practice, these data points are corruptedibe due to camera artifacts,
illumination changes, or other factors. This is where the Kalmker comes into play. The
Kalman filter can take the centroids from all the camerasestichate the current and future
direction of the target, modeling the target’s trajectory. Agerg the centroids can also model
the trajectory, but averaging is more susceptible to deviations diie prvesence of noise in the
images. The Kalman filter provides more robustness in the peesgihaoise than simply
averaging. In order to implement the Kalman Filter, thisesgstises the Kalman Filter Toolbox
[32]. The function was modified to take in the centroid values, insi€g@nerating a random
signal with white noise. The y values were subtracted 240 dudféoedices in the axis when
MATLAB plots an image. The (0,0) coordinate in a MATLAB imageaighe bottom left corner
of the image, while the (0,0) coordinate in a MATLAB matrixtle top left corner. This

processing step is described in the following code.

% Make a point move in the 2D plane
% State = (x y xdot ydot). We only observe (X y).

% This code was used to generate Figure 15.9 of "Ar tificial Intelligence: a
Modern Approach”,
% Russell and Norvig, 2nd edition, Prentice Hall, 2 003.

% X(t+1) = F X(t) + noise(Q)
% Y(t) = H X(t) + noise(R)

Ss =4; % state size

0S = 2; % observation size

F=[1010;0101;0010;0001j;

H=[1000;0100];

Q = .1*eye(ss);

R = 1*eye(0s);

initx = [160 120 50 50]; %(position 10,10 and velocity 1,0)
initV = 50*eye(ss);

X=cxmv;

y=240-cymv;

[xfilt, VAilt, VVAilt, loglik] = kalman_filter(x, F , H, Q, R, initx, initV);
[yfilt, VAilt, VVAilt, loglik] = kalman_filter(y, F H, Q, R, initx, initV);
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The center of the image 320 x 240 image was chosen as thestattalg point for the Kalman

filter. The coordinates of this point is (160, 120) and are set imitke  variable.

3.6.9 Graphic User Interface (GUI)

In the early stages of the research, video from each camerdispayed in its own MATLAB
figure. This was undesirable, since it created a clutterellswace and generating all the video
slowed the performance of the surveillance system. Furthermoraghaseo feedback from all
the cameras causes a loss of attention span, making it difbckétep track of the activity [17].
Another problem with the system was that it required differentegieof code to be run in
specific sequences in order to calibrate, initialize camanalsbegin processing. This caused
confusion from a new user perspective. As the surveillance sysietimued to take form, the
necessity to develop a graphic user interface (GUI) to help urgeract with the system in a
visual form became obvious. Besides making the system more user-friendb/tla¢so ran the
code faster than previous versions, since only video from selected cameras was show

The GUI, shown in Figure 3.10, provides different push buttons for calibratemingtand
stopping the system. It also has list boxes that allow thetssleof the camera to be displayed,
or the combined multi-camera view. Another list box allows thecsefe of three different
background subtraction methods to be used and the rectangle, @tesiftr centroid features.
The rectangle feature displays a box around moving objects incéme,swhile the centroid
feature calculates the target’s centroid. The GUI also dispheeyresults of the classification as a
string. The GUI for this thesis was created using MATLA&aphic user interface tool (guide).
There are two steps to creating the GUI. First, a .figrfilest be created which contains the

visual aspects of the GUI. Buttons, text, scroll bars and images can be added to ldnoGUI
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Fig. 3.10: Graphic User Interface
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Chapter 4: Camouflaged Target Segmentation and Tracking

Throughout the research, several scenarios and experiments areeleced to compare
reference model methods and test the segmentation and trackingnaederof the proposed

scheme against another camouflage detection method.

4.1 Evaluation and Comparison of Reference Models

In order to determine the most accurate reference model fopplicaion, the three reference
models introduced in Chapter 2 were evaluated using a single caviidea sequences were
captured and segmented using the three different reference roodsidered for this research.

The results from each segmentation method were visually compared.

The background subtraction model proved to have more advantages than thesfetieecce
models, even though it is the simplest of the three. One of the adyantages is that even
without target movement, differences were still visible malsegmentation possible. In the
background averaging method, if the target sits still for a eooiplrames, it would be averaged
with the background and disappear from the final segmentation. In $beotdrame to frame
differencing, if the target stopped moving it would also disapfrear the segmentation, after
only a couple of frames. Another problem with the frame to frarfiereincing is that only the
bounds of the object are detected, so a complete segmentation abjtice is never really

achieved for uniformly colored objects.

In order to have more evidence supporting the used of background subtraittenthan the
subjective comparison, the computation times for each referencel madleod were also
computed for images of the same size. The computation times fomeztbod were recorded

and plotted in Figure 4.1. The computation times varied slightly éaehthe experiment was
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done, so three different trials were run for each reference mbukelresults clearly indicate that
background averaging takes the longest to compute, while framane fdifferencing and
background subtraction have very close computation times. On closertimspgocan be see
that the frame to frame differencing is slightly slowefhe results of this experiment and
previous observation of segmentation results made background subtrhetmeldcted method

of segmentation for this application.

Trials

- Background Subtraction i

[ 1Frame to Frame Differencing
- Background Averaging

| | | I I |

10 20 a0 40 50 GO 0
mSecs

|___J I

=

Fig. 4.1: Reference Models Computation Time. Background Subtraction is trst fagtef the

three reference models considered.



4.2 Comparison of Background Subtraction under Camouflaged and Non-Camouflaged

Conditions

In this section we compare the segmentation results of a cagedftarget to those of a non-
camouflaged target on both a camouflaged and non-camouflaged backgroumes fmoan a
single camera were acquired for each of four cases: a non-dageslfvehicle on a non-
camouflaged background, a camouflaged vehicle on a non-camouflagegrduad, a non-
camouflaged vehicle on a camouflaged background and a camouflagee wehéctamouflaged

background. Background subtraction was applied on each case and the resultsnpareat

First, the two cases with the non-camouflage background wees.tdsgure 4.2 shows the
image used as the static background in the reference modek Bigudepicts the camouflaged
vehicle in the scene, while Figure 4.4 shows the result of tHegtmacd subtraction. A fairly
decent segmentation of the camouflaged vehicle results from this Aea even better
segmentation results in the case of a non camouflaged objecte Mdgbirshows a non-
camouflaged vehicle on a non-camouflaged background. Again, background sutiacti
performed resulting in Figure 4.6. The segmentation covers mo#teof/ehicle, with the
exception with a small fraction of the hood, due to lighting effeStadying these images
demonstrates that using a non-camouflaged background does not present i pyible

segmentation.
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Fig. 4.2: Background Reference Image for Non-Camouflaged Condition

Fig. 4.3: Camouflaged Vehicle on Non-Camouflaged Background
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Fig. 4.4: Background Subtraction Result of a Camouflaged vehicle on Non-Camduflage

Background

Fig. 4.5: Non-Camouflaged Vehicle on Non-Camouflaged Background
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Fig. 4.6: Background Subtraction Result of a Non-Camouflaged vehicle on Non-Cayedufla

Background

In the case of a camouflaged vehicle on a camouflaged backgrountudimsidiffers. Figure
4.7 is the background used for the camouflaged background casesoAfleged vehicle was
placed on the camouflaged background as seen in Figure 4.8. Backgrounctisabivas then
performed resulting in the image in Figure 4.9. This segmentatffers from fragmentation,
confirming previous knowledge of this problem. For the case of a non-clagedfobject on a
camouflaged background, background subtraction resulted in a more defgredntation of the

vehicle.
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Fig. 4.7: Background Reference Image for Camouflaged Condition

Fig. 4.8: Camouflaged Vehicle on Camouflaged Background
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Fig. 4.9: Background Subtraction Result of a Camouflaged vehicle on CamouflagedoBadkgr

Fig. 4.10: Non-Camouflaged Vehicle on Camouflaged Background
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Fig. 4.11: Background Subtraction Result of a Non-Camouflaged vehicle on Camouflaged

Background

4.3 Segmentation of Camouflaged Tar gets Using a M ulti-Camera Networ k

In this section we present one of the main results of thissthesihis scenario, video from each

camera is segmented individually and transformed through a homographyéotéiptview. The

camera views are then averaged. Through this experiment the goal of improving the

segmentation of a camouflaged object by combining data from different sensashieved.

Figure 4.12 presents a typical set of frames obtained from theraanetwork for a camouflaged

target. The images in Figure 4.13 show the segmentation obtained hbsingat¢kground

subtraction algorithm on the video from the individual cameras. Judnintpe images, it is

unclear whether there is a single object or multiple objectshémnbre, the shape of the object

varies greatly and is difficult to determine. The segmentatiorgube combined data shows a
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more defined shape following the form of an ellipse or rectamgleh could be identified by an

operator or classification algorithm as a vehicle.

Fig. 4.12: Acquired Images from Cameral (top left), Camera 2 (top right), C8r(imrttom

left) and Camera 4 (bottom right)
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Fig. 4.13: Segmentation Results for Cameral (top left), Camera 2 (top rightgr& 3 (bottom

left) and Camera 4 (bottom right). Notice the presence of noise in Camera 4.

Another result from this experiment is that camera noise can be reducedinakisegmentation
by combining the data from different cameras. As shown in theesggtion from camera 4 in
Figure 4.13, camera noise can be present in the image. Howener,tlse noise is present in
only one of the views it can be reduced or even eliminated whentéérala different sources

is combined.
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Fig. 4.14: Multi-Camera Segmentation obtained by Combining the Transf@etgdentation

from Each Camera

In Figure 4.14, we present the camouflaged target segmentabitaned through the
combination of the projected frames from multiple camera sertSach. frame from Figure 4.12
was projected to the ground plane view using the homographic transtrndaiscribed in
Section 2.5. The ground plane was derived using the calibration procddaceed in Chapter
3. The projected frames were combined using their arithmedtiage. As seen in Figure 4.14,
we achieve a better representation of the object than the segiorefitom any of the individual
cameras. This was observed in general for all sequences, tvbeezget overlapped the field of
view of all the cameras. The proposed real-time system achteweduflage segmentation at a

rate of 10 to 15 frames per second.

This experiment also proved that projective transformationarageequate method of mapping

the information from individual cameras onto a single plane. The groame jproved to be a
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good choice for this common plane, as a bird’s eye view can providenation regarding the
orientation and direction of the target. The result after combithiegrojective transformations
from each individual camera is shown in Figure 4.16. This imagecaapared to the ground
truth video data acquired from the fifth top view camera, shown ar€&ig.15. Although there
are areas in the combined view that the fields of view of theithdil cameras do not cover,
both images are strikingly similar. This indicates that theeptje transformations were
successful and a virtual ground plane view was attained. As previmesiyioned there is,
however, one drawback to the projective transformation mappings: it is assutibe thgect is
planar. This assumption does not apply when the camera and the object areraé telegation,
resulting in distortions in the segmentation. Maintaining the cartegher than the target and

pointed downward towards the monitored area help decrease these distortions.

Fig. 4.15: Ground Truth Image Obtained from the Top View Camera Used For Comparison
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Fig. 4.16: Multi-Camera Average obtained by Combining the Transformed ViemsHach

Camera

4.4 Homogr aphy Using a Camera Node as a Reference Plane

Using the homography matrices from the calibration step, thesviirem each individual camera
was transformed to a top view camera perspective. The resuhs afegmentation were very
satisfying, as it proved the hypothesis of the research. By aomgbthe information from

several cameras, an improved segmentation was achieved for a legaduarget, as mentioned
in the previous experiment. The final result was better thanohnye individual camera
segmentations. The top view camera data was used as the gudabrtd which the results were

compared. These positive results encouraged experiments on other refearase pl

Experiments were also done to test the possibility of using a ground cantteeaeference view
for the homographies. Concerns were raised about the unfeasibhifvioiy a top view camera

for calibration in a real life scenario. The homographies waleulated for a ground camera.
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The results were successful in terms of combining the multiplesvto a ground camera view.
However, having a side view of the ground plane did not prove to be as aévastag the top
view. The top camera view is more attractive in terms of pteggethe results and tracking the

target.

4.5 Evaluation of Different Camera Arrays

Previous experiments had only focused on using camera sensors teaf #é@ccorners of the
mock scenario. Organizing the camera sensors in different weayd lead to improved results
or reduced infrastructure costs. For example, setting up rakkrea on one post could be less
expensive than setting up a post for each camera. Experimentstheeegore done using
different camera arrangements. The tests involved setting wanmeras in a vertical array and a
horizontal array. Some problems were observed with these aaati@ns. In the vertical array
case, there was no horizontal change of perspective, so whemsiegniiee camouflaged target
the segmentation from each camera was similar to the otlhezs.e@l advantage of combining
the camera views comes when each camera can detect fragrhém camouflaged object that
are unigue from the other views. In the vertical configuration, this mea the case. For the
horizontal array, the problem was that the cameras had a reductppneg field of view. The
areas of the scene where more cameras overlap will have festiés. In the horizontal array,
only two cameras overlapped at a time near the edges of theffieldw. The horizontal and

vertical camera arrays are illustrated in Figure 4.17 and Figure 4.18treslyec
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Fig. 4.17: Mock Scenario with Vertical Camera Array

Fig. 4.18: Mock Scenario with Horizontal Camera Array

The idea of using different camera arrangements to improve foarid) subtraction has been
previously researched [38, 39]. lvanov et al. [39] use two views to cengeéor differences

between conjugate pixels to distinguish between background and foregidwenihtensities of
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the conjugate pair will change the same way if they both viewgbackd, but differently if one
camera views background and the other foreground. This methast snfh simple, but results
in missed and false detections generated by homogeneous foregroects.dbom et al. [38]
propose a sensor configuration that eliminates most of the faleetides. The configuration
consists in setting the reference camera as the lower tivtheameras in a vertical array. This
configuration eliminates most of the false detections, but msegttions remain. No mention
of camouflaged objects is found in the two papers. However, sSiteesities are being
compared from conjugate pixels to detect foreground objects, it is likelhtbatystem will also
fail to detect camouflaged objects, given that pixel intensitfesamouflaged objects blend in

with the background.

4.6 Tracking of Camouflaged Targets

In this section, we present tracking of camouflaged targets osingulti-camera network. For
this experiment, the camouflaged vehicle followed a path over theuflaged background. We
implemented a multi-camera tracking algorithm based on the dafilter. In this scheme, the
centroids of the segmented images were calculated at eaehframe for each camera. The
average of the centroids was used as observations for the Kalteanvhich in turn estimated

the target trajectory.

This experiment was repeated three times for differen¢di@jies. The first two trajectories
followed a curve, while the third trajectory circled the obseraszh. Figures 4.19 through
Figure 4.24 show the results of the first trajectory. Thersddrajectory was tracked in Figures
4.25 through 4.30. The results of the third, more challenging trajeicitowing a circular path,

are shown in Figure 4.31 through 4.36. The top view camera wasassin@ ground truth to
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which compare measurements. The top view camera is not immun@aéocacaoise, but it is the
only camera that covers all of the observed area and is thetiedockosest measurement to the
ground truth. We should emphasize that the top view camera was useorasol view, which

was not included in the computation of the multi-camera trajectory estimation.

It can be observed that in some cases, individual cameras hawg déviations from the ground
truth. This is likely due to the fact that the object was outsidéheffield of view of that

particular camera. The presence of noise in the camera couldaBsthbute to these errors.
These deviations are particularly noticeable in the circulg@ctay of Figures 4.31 through
Figures 4.36. In all three experiments, the multi-camera awenag) Kalman filter appear closer

to the ground truth than any of the individual cameras.

In figure 4.19 we compare the trajectory of the ground truth, th&-oauhera centroid average
and the Kalman filter tracking results for camera 1 only. Adke trajectories are as seen from a
top view. The x axis range is from 0 to 320, while the y axis s R40. These dimensions
correspond to the image resolution being used by the cametas. lie observed that camera 1
does not perform well for the first part of the trajectory. Hosvexcamera 1 improves its
accuracy afterwards and follows the ground truth line more cloBely the same trajectory,
camera 2 does a much better job. Camera 2 stays very olabe tmulti-camera centroid
average. These results are shown in Figure 4.20. The tracking feswésnera 3 are shown in
Figure 4.21. This camera has a large error at the very begiohithe trajectory, but quickly
changes to follow the path of the ground truth moderately well. Gafneseen in Figure 4.22, as
large errors at the beginning and final of the trajectory, batddss a fairly close tracking to the

ground truth in between.
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Fig. 4.20: Comparison of ground truth, multi-camera centroid average and Kalnkamgtfac
camera 2 for the first trajectory.
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Fig. 4.21: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki
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Fig. 4.22: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki

camera 4 for the first trajectory.
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Each of the previous plots show the position for the centroids for an indizalmra (in blue)
compared to the ground truth (in black) and the Multi-camera avéiraged). A comparison
between individual cameras can be done by comparing these plotésdiydooking at the
following plot. Figure 4.23 shows the centroid positions for all the casnthroughout the
trajectory. Each camera is represented by a color. The Multi-carenaga and ground truth are

also represented.

*  Multi
Cam1

200 - ; : Cam2

’ ¢+ Cam3
Camd

¢+ Gnd Truth

150{— =

100 — F g —

]
] 50 100 150 200 260 300

Fig. 4.23: Tracking results for all Cameras for the first trajectory

To conclude the plots for the first trajectory, the multi-canaexage of the centroids from each
individual camera and the result of the Kalman filter trackirey slrown in Figure 4.24. The
Multiple camera average and the results of the Kalman FRiteewery close to the ground truth

path.
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Fig. 4.24: Multi-Camera Average and Kalman Filter Comparison for the Fagciory

A second trajectory was chosen for the camouflaged vehicle omitheufiaged background to
test the tracking of the surveillance system. The results dfrdéloking are presented for each
individual camera in the following plots in Figures 4.25 through 4.28. lddali cameras at
times perform good tracking, but other times are subject to noisgars due to their limited
field of view. Camera 1 in Figure 4.25, for example, does a good johakirtg the path of the
vehicle in this second trajectory as opposed to a mediocre trackimgtlfre first trajectory,
shown in Figure 4.19. Figure 4.26 shows the tracking results for c@nétee first half of the
trajectory was completely missed, while the second half ierclosthe path indicated by the
ground truth. For camera 3, the first and last third of the patimased. This camera appears to
have performed better during the middle section of the path. Feetoad trajectory, camera 4

tracks the vehicle fairly well, except for a slight deviation towards the end.
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Fig. 4.25: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki
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Fig. 4.26: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki
camera 2 for the second trajectory.
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Fig. 4.27: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki

camera 3 for the second trajectory.
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Fig. 4.28: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki

camera 4 for the second trajectory.
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Fig. 4.29: Tracking results for all Cameras for the Second Trajectory
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As plotted for the first trajectory, the centroids of each ofctmaeras were plotted for the whole
trajectory. Each camera is identified by a specific coldre Tulti-camera average and the

Kalman Filter are also included in Figure 2.29.

Finally, for the second trajectory, the multi-camera averagendigms were compared to those
of the Kalman Filter. Judging from Figure 4.30 it is diffictdtdetermine the better of the two,
since both start off very close to the ground truth and deviate towsedsetond half of the

trajectory.

During the previous experiments, the vehicle crossed through the oéiite monitored area.
The center of the monitored area is where all of the canmens overlap, so the best results for
the segmentation are obtained in that area. In areas closer to the greiomlgta couple cameras
overlap or only a single camera, if any, monitors the area. Dukigoa more challenging
trajectory is one that does not necessarily cross this tantia and follows a counterclockwise
perimetrical path. Such a path was used to test the trackthg fiollowing figures: Figure 4.31
through Figure 4.36. Figure 4.31 shows how camera 1 fails to track thet abjbe beginning
and end of the trajectory. The multi-camera tracking is mare tio the path shown by the
ground truth. Camera 2, shown in Figure 4.32, appears to do a better jatkofg the vehicle,
but also has large errors at the first and third quarters dfdfeetory. Camera 3 also has large
errors as seen in Figure 4.33. These errors even appear legdrdth previous cameras. By
simply observing the tracking done by camera 3, it would be diffiolthow that the trajectory
was circular. Camera 4, shows better results than camera 3Jjllbmisses a great part of the

middle of the trajectory.
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Fig. 4.31: Comparison of ground truth, multi-camera centroid average and Kalnkamgtfac
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Fig. 4.32: Comparison of ground truth, multi-camera centroid average and Kalmangracki

camera 2 for the third trajectory.
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Fig. 4.33: Comparison of ground truth, multi-camera centroid average and Kalmangracki
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Fig. 4.34: Comparison of ground truth, multi-camera centroid average and Kalmangrfacki

camera 4 for the third trajectory.
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Fig. 4.35: Tracking results for all Cameras for the Third Trajectory
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Fig. 4.36: Multi-Camera Average and Kalman Filter Comparison for the Thijecioay
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As in the previous trajectory experiments, the multiple camemage points were also
compared to the Kalman filter results. Both the multi-cameexrage and the Kalman filter
appear to perform better tracking than any of the individuakecas. There are some variations,

but in general the tracked vehicle’s path matches the ground truth observations.

So far, the graphs have only been compared visually. Even thoughdiseage evident in cases
such as the circular trajectory, it is good to have a quantitadasure of the results to help with
the comparisons. The mean squared error (MSE) for each individuatacaras calculated with
respect to the ground truth camera. The MSE for the Multi-Camed Kalman Filter tracking
was also calculated. Since, the centroid has two values per coer(hnamnd y) the Euclidean
distance between the points on the trajectories was calculatedl$B for each trajectory was

plotted in Figures 4.37 through 4.39.

The MSE plot of the first trajectory (Figure 4.37) revediat tthe most unreliable camera is
Camera 4, with Camera 1 following as second worst. Camerah2 lsest out of the individual
cameras. However, the Multi-Camera Average and Kalman Filter loaver errors than Camera
2. The Multi-Camera Average is better than the Kalman Filbgr a slim margin.
The second trajectory MSE plot shows that now Camera 4 (most alnheelin previous
trajectory) is now the best out of the individual cameras. Cath&ady far the worst. For this
trajectory example, the Multi-Camera and Kalman Filtdlr gtoduce lower mean square errors

than the best individual camera, Camera 4.
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Fig. 4.37: Mean Square Errors for each Tracking Method for First Trajectory
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Fig. 4.38: Mean Square Errors for each Tracking Method for Second Trajectory
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For the third trajectory, the results are similar. Out of the individual cameras, Camera 3 is
the worst, while Camera 2 follows closely. Camera 1 and Cambeve a mean squared error
comparable to the Multi-Camera Average and the Kalman Filtex.Klalman Filter appears to

have performed slightly better than the Multi-Camera Average on this occasion.

Comparing the different mean squared errors for each ohtke trajectories showed that the
individual cameras are an unreliable source for tracking. Depemwdirte trajectory, a single
camera can have varying performance. The previous plots showdivadual cameras have the
highest mean squared errors. Both the Multi-Camera average aia@lthan Filter had lower
MSEs for all three trajectories. The Multi-Camera avetzagethe best results overall, while the

Kalman filter is a close second.

Mean Squared Error for Each Camera vs. Ground Truths
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Fig. 4.39: Mean Square Errors for each Tracking Method for Third Trajectory
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4.7 Complexity Comparison with Gray Level Co-Occurrence Matrix

Finally, the computation time of the GLCM and Multi-Camera caflage detection methods
were compared for three different image sizes. The GLCM was daidwath an offset of 1 and
with all eight neighboring pixels. The GLCM calculates the i@stt correlation, homogeneity,
and energy for a single image. The multi-camera detectioccutesebackground subtraction for
four images, applies a different homography matrix to each nde@erages the transformed
views. It is important to mention that the calculation of the hoapigr matrices is assumed to
be known for this experiment. The homography matrix calculation icowgidered for this
comparison as it only needs to be done once offline. The computatioriotireach of these
procedures was calculated using the Matlatoc function. Tests were run for three different
image sizes. The image was scaled to a larger size bisgupic interpolation. The results of
this experiment are summarized by Figure 4.40. In the casmalfer images, calculating the
GLCM is faster than applying a homography to each camera. Howas the image size
increases, the computational burden of the GLCM calculation becomerisbiti appears that
the GLCM calculation exponentially takes longer as images bedarger, while the Multi-
camera method also takes longer as the image size in¢reaséasa linear fashion. The results
observed in this experiment encourage using the proposed method for egmalgfiection over

GLCM if a multiple camera network is available.
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Chapter 5: Conclusions and Future Work

Creating this surveillance system involved both theoretical andigalacbnsiderations. There
are many positive results from this research that encourage fork in the area of camouflage
breaking using camera networks.

The main conclusion and contribution of this thesis is that camouflaggetdaan be detected
without computationally expensive texture analysis if multiplearasare used. By using these
extra sensors and infrastructure, the algorithms can be sedpdifiowing them to run in a real-

time application.

Another conclusion is that by using multiple cameras, the obsemvabise due to quick
illumination changes, changing weather conditions, and shadows can bedreflbseis a

noticeable advantage over a single camera system.

The results found by this research can be used to implement thesthas and methods on a
wireless vision sensor network (VSN) without much computational load.c@hieration step
could be done previously to avoid solving for the DLT online. Furtheemaorstead of
transmitting back the whole image, perhaps only certain imag@&dsasuch as the centroid and
object variance in x or y could be transmitted. This would save on seoser and bandwidth

resources. This idea is depicted in Figure 5.1.
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Fig. 5.1: Vision Sensor Surveillance

Other future work that could be done to improve this system is ta dg&erent kind of cameras

other than webcams. IP cameras or omni-directional cameras @taidthe system to have

more flexibility in terms of implementation. Using wireldBscameras for example could make

deployment easier. Omni-directional cameras could achiever lavgelapping fields of view,

thus improving results.
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The camera calibration method used for this system is done manfatlifferent camera
calibration technique could be used. This could be done automaticalhguivithe human

intervention, making the system even more autonomous.

As far as tracking, the Kalman filter could be implemented non-centralized fashion. A
central Kalman filter can be decomposed into n micro-Kalmgerdilachieving the same results

for the estimate of the state [33].

Despite the promising results obtained by this study, furthek vgonecessary to translate the
system to a commercial application particularly to improveaksistness [5]. Eventually, a real
world application would determine several constraints that thensysteuld have to address.
However, this thesis has helped to study the different tasks, mpedl@nd outcomes that can be

achieved by a multiple camera surveillance system operating inmeal-t

Finally, a side contribution of this work is the creation ofow Icost real-time multi-camera
system that can be easily implemented by other researcierssted on doing research in this
area. The mock scenario and camera arrays can be slighdified to be used for stereo vision,

3D reconstruction or other multi camera research.
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