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Chapter 1

In tro duction and Framew ork

The goal of human motion tracking, in asfew words aspossible,is to know where

someoneis. Speci¯cally, we want to know where someoneis in three dimensions

given a seriesof video sequencesfrom multiple cameras.Commercialmotion tracking

systemsusually employ various optical or magnetic markers, and thus are solving

a lessdemanding subproblem: instead of tracking human beings, they're tracking

bright points and inferring the human being. We are attempting to track human

motion with minimal assumptionsabout clothing or imagebackgrounds.

1.1 The Problem of Human Motion Estimation

Tracking with minimal assumptionsis a demandingtask. In Figure 1.1, we seean

illustration of many prominent di±culties.

² Poor image qualit y: Grainy imagesresult in noisymeasurements, and motion

blur obscureslimb edges.

² Self-Occlusion: Evenwhena subject is in plain view, limbsareoften obscured

by other parts of the body. By consequence,any e®ective tracking systemmust

be robust to the momentary disappearanceand reappearanceof limbs.

² Inaccurate body mo del: At a certain level of detail, any model of the human

body will be inaccurate. Peoplecomein varying proportions, and a good model

must be robust to wide variation in human appearance.

1
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Figure 1.1: Human motion trac king is a demanding task.

² Lo ose clothing: Evenwith an accuratebody model, looseclothing ambiguates

limb location and muddlesappearance.

² Lim b-lik e structures: Without constraints on scenebackground characteris-

tics for a capturesequence,it is easyto misidentify miscellaneoussceneelements

as subject substructure.

² Bad ligh ting: Excessively dim or excessively bright lighting conditions make

feature detection more challenging.

An e®ective tracking systemmust model a great deal of uncertainty. In this work

we present a systemdesignedto track humans using video sequencesfrom multiple

cameras. We frame the problem as a Bayesianinferencetask (Section 1.4) and use

a particle set (Section1.5) to model the rather ornery distribution of potential body

con¯gurations given our input video sequences.First, however, we will discussthe

body and cameramodelsat the heart of our tracking system.

1.2 The Bo dy Mo del

Limbs in the body are represented as tapered cylinders, scaled independently

along each basis vector. The hands and feet are not included in the body model
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Figure 1.2: The body mo del: The body model asseenfrom four viewing anglesin
the visualizer.

Figure 1.3: Parameterizing the body: Á describesthe rotational and translational
quantities usedto describe a con¯guration of taperedcylinderswhich, in turn, serves
to model the body of the subject.

used throughout this work. The skeleton is arranged hierarchically, and each joint

is parameterizedby a number of Euler angle rotations. (The speci¯cs of the pa-

rameterization can be seenin Table 1.1) This kinematic model is prone to infamous

singularities,[11] and tracking results would bene¯t from a switch to a well-behaved

parameterization. Quaternions, which e®ectively eliminate the kinematic singulari-

ties, are one possibility; the twists and exponential maps proposedby Bregler and

Malik[1] are another.

In addition to the dynamic rotational parameters,each limb may be translated

somestatic distance from its parent joint. This translational o®setis useful when

modeling limbs that are connectedschematically but separatedfrom one another in

space(such as an arm and the torso, or the headand the torso).
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Join t # prms Join t # prms Join t # prms
World Position 3 R. Shoulder 1 L. Shoulder 1

World Rotation 3 R. Elbow 1 L. Elbow 1
R. Hip 1 L. Hip 1 R. Knee 1

L. Knee 1 Neck 2

Table 1.1: Speci¯c body mo del parameterization: The 16-dimensionalstate
spaceis broken into 6 global translation and rotation parametersand 10 intrinsic
model parameters.Becausethe subject is walking in the tracking sequence,we need
not model the full rangeof motion at the hip or shoulder.

1.3 The Camera Mo del

In the ¯eld of synthetic computer graphics, a linear camera model is typically

su±cient for generatedimagery. Speci¯cally, a line in spacewill typically project to a

line in the ¯lm plane. However, evenspecial-purposelensesdesignedfor usein motion

capture applications have signi¯cant defects,especially in the corners,and the linear

model is no longer adequate.Our systemallows a cameramodel to exist in multiple

\levels of detail." All tracking calculations are performed with a procedural non-

linear cameraprojection, user-level cameraactions1 are performedby a slightly less

complicated model, and certain functions | silhouette edgedetermination, screen

projectionsof three-dimensionalmodels,et cetera| are the realm of an even simpler

camerainterface. This allows for the easyincorporation of new cameramodelswhen

necessary, and keepsresponsetimes quick for the interactive visualizer.

We used the Tsai camera model[17] for all camera calculations involved with

tracking and two-dimensionalvisualization. Unlike a tradition linear cameramodel,

the Tsai model accounts for lens distortion and common defectsin charge-coupled

devicemanufacturing. The actual center of projection is often not at the center of

the CCD array, and without a robust cameramodel, tracking in three dimensions|

especially with multiple cameras| would be prohibitiv ely di±cult.

1Only the three-dimensionalvisualizer allows for viewer motion
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1.4 Bayesian Inference

Given a seriesof images~I t = f I 1; I 2; ¢¢¢; I tg, we want to determine the model

parameterizationÁt at time t. We would like to samplefrom the distribution p(Át j~I t ),

which is known as the posterior distribution.

Wewould liketo reformulate p(Át j~I t ) to incorporatethe temporal prior distribution

p(Át jÁt ¡ 1) and an imagelikelihood p(I t jÁt ). Wemakea ¯rst-order Markov assumption

and arrive at the following:

p(Át j~I t ) =
Z

p(Át ; Át ¡ 1jI t ; ~I t ¡ 1) dÁt ¡ 1

Bayes' rule, in general,states that

p(AjB) =
p(B jA)p(A)

p(B)

We apply Bayes' rule to the integrand, yielding

p(Át ; Át ¡ 1jI t ; ~I t ¡ 1) =
p(I t ; ~I t ¡ 1jÁt ; Át ¡ 1)p(Át ; Át ¡ 1)

p(I t ; ~I t ¡ 1)

We observe the appearanceof the temporal prior p(Át jÁt ¡ 1). We transform the

above and apply Bayes' rule to p(~I t ¡ 1jÁt ¡ 1), eventually yielding

p(Át j~I t ) = ·p (I t jÁt )
Z

p(Át jÁt ¡ 1)p(Át ¡ 1j~I t ¡ 1)dÁt ¡ 1

A complete proof is given in Sidenbladh[14]. Many of the terms in the above

relation have individual signi¯cance.

² p(Át j~I t ) is the posterior distribution. In words, the posterior represents the

probability of model con¯gurations given the input imagesequence~I t .

² p(I t jÁt ) is the likelihood distribution. We carefully examinethe likelihood term

later in this document. Essentially , given a model parameterization Át , the

likelihood speci¯es the probability that onewould seethe imageI t .

² p(Át jÁt ¡ 1) is the temporal prior distribution. The prior distribution \predicts"

a subsequent model con¯guration Át conditioned on a previous model con¯g-

uration Át ¡ 1. The prior distribution usedin our implementation is basic, and
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there is much room for improvement here.2

² p(Át ¡ 1j~I t ¡ 1) is the posterior at time t ¡ 1. This expandsrecursively until t = 0,

at which point the model con¯guration is a known quantit y.

1.5 Particle Filtering

We want to model the posterior, p(Át j~I t ). We note that, in the relation above, the

posterior for time t is dependent on the posterior for t ¡ 1. The recursive de¯nition

stops at time t0, as the initial con¯guration is given to us. We model the posterior

distribution as a particle set[6], and run Condensa tion [8], beginningat time t0.

Given a set of k particles, we associate a parameterizationÁs
t with the sth particle

at time t. We also store a weight at each particle which indicates its importance in

the larger distribution. These weights are normalized such that the weights of all

particles sum to 1.

For each time step t, we perform the following operations:

1. Take k samples
©

Á1
t¡ 1; ¢¢¢; Ák

t¡ 1

ª
from the posterior distribution at time t ¡ 1.

(To sample from the particle set, we pick a random number between 0 and

1, then ¯nd the particle whoseweight occupiesthat spacein the cumulative

particle weight distribution)

2. Propagateeach particle through the prior distribution to generatek particles
©

Á1
t ; ¢¢¢; Ák

t

ª
.

3. Propagatethesek particles through the likelihood p(I t jÁt ).

4. Assigna non-normalizedweight to each particle basedupon its imagelikelihood

and the probability of the prior propagation.

5. Normalize all weights and repeat this processfor time t + 1.

This is the essenceof Isard and Blake's Condensa tion algorithm, cited above.

2Sidenbladh, Black, and Fleet present a more intelligent prior distribution in their ECCV2000
paper[16]
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Figure 1.4: The advantages of multiple cameras: With multiple cameras,we are
more likely to ¯nd a good view of each limb in a body parameterization.

1.6 Tracking with Multiple Cameras

In monocular tracking, depth ambiguities are among the most prominent dif-

¯culties. With only one camera, any motion perpendicular to the ¯lm plane will

be di±cult to detect. Sincewe are given multiple calibrated cameras,many depth

ambiguities canbe resolved.[9][5] However, in somecases,only onecamerahasa non-

occludedview of a limb, and in such circumstanceswe are reducedto the monocular

case.

We have establishedthat multiple camerasincreasethe likelihood of observing

limb motion in the ¯lm plane. Additionally , our likelihood determination will be

more accurate when we view limbs from an amenableangle. When tracking, we

boost the relative importanceof limbs which are most visible from any given camera.

This topic is addressedin more detail in Section3.2.1.



Chapter 2

Taking Image Measuremen ts

The Bayesianapproach to human motion estimation placesa heavy burden upon

the likelihood term, p(I t jÁt ). Without a robust likelihood model, tracking will break

down quickly; when imagescorrelatewith a candidatebody parameterization(which

is stored in a particle), it is essential that the likelihood model reward such a param-

eterization. Moreover, the likelihood model must penalizea body parameterization

that is implausiblewith respect to an imageof the subject at the appropriatemoment.

The posterior distribution | at least from the standpoint of particle ¯ltering |

should exhibit the following characteristics:

² Local maxima should appear for parameterizationswhich project a maximal

number of limbs onto limb-like structures in the image

² The likelihood for the entire model should not penalizetoo harshly for a single

unlikely limb. The limb can be occluded by an object extrinsic to the model

itself (like a tree or a desk),or turned away from the camera.

² If most but not all of the model is aligned properly, the particle should not be

given an excessively low likelihood; it should just be measurablylesslikely than

a better parameterizationwith greater imagecorrelation.

² As parameterizationsgradually vary from the ideal to utter misalignment, the

associated likelihoods should gradually tend towards a minimum. If the tran-

sition is too sudden,the particle ¯lter will not naturally convergetowards the

ideal parameterizationsand will instead have to ¯nd such parameterizations

8
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through stochastic good fortune. In a search spaceas largeasthe human body,

this is not practical.

2.1 Measuremen t Functions

Any likelihood model clearly must consider the image I t in order to estimate

p(I t jÁt ). Our likelihood model createsdynamic mappingsbasedupon simple scalar

measurements extracted from an image or images. The likelihood model can be

broken down into two distinct steps:

1. Usean imageand a model con¯guration to make a measurement.

2. Use such a measurement, conditioned on past measurements, to determine a

non-normalizedlog likelihood.

We factor out the secondstep by making certain assumptionsabout the measure-

ments attained in the ¯rst step. Namely, we assumethe following:

² All measurements are real numbersbetween0 and 1.

² A larger measurement value indicatesa greater likelihood for the given sample.

We reformulate the likelihood p(I t jÁt ) in terms of a measurement function m(I t )

as pm (m(I t ; Át )j ~mk). We de¯ne the vector ~mk as the last k measurements from the

measurement function m. We de¯ne ~m = ~m1 In most respects thesemeasurements

behave like non-normalizedlikelihoods, but it is more productive to think of them as

energyvalues. In Section3.1 we discussthe processof likelihood determination given

a set of outputs from a measurement function. First, we must expandour discussion

of the measurement functions themselves.

2.1.1 The Appropriate Scale of a Measuremen t Function

In order to determinethe ¯nal probability p(I t jÁt ), weattempt to ¯nd independent

subsetsof I t | call them I t1; I t2; ¢¢¢; I tk | and compute

p(I t jÁt ) = p(I t1 [ I t2 [ ¢¢¢[ I tk jÁt ) = p(I t1jÁt ) ¢p(I t2jÁt ) ¢¢¢p(I tk jÁt ) :
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In Sidenbladh[14], the \independent" likelihood termseach consideronly a pixel in

the original I t ; however, for most measurement criteria, the likelihoods of neighboring

pixels are not independent. When measuringoriented edgedetection, for instance,a

strong responsefrom one pixel on the edgeof a proposedlimb location is certainly

dependent upon the edgelikelihoods of other pixels incident to the proposedlimb

silhouette. Consequently, merely taking the product of the per-pixel probabilities is

not su±cient.

In fact, it is more correct to assumethe opposite: namely, that all the samples

are completelydependent. In this case,we must take the kth root of the composite

formulation of p above:

p(I t jÁt ) = p(I t1 [ I t2 [ ¢¢¢[ I tk jÁt ) = (p(I t1jÁt ) ¢p(I t2jÁt ) ¢¢¢p(I tk jÁt ))
1
k

This is a better approximation than our ¯rst attempt, but ultimately it also is

theoretically incorrect and ine®ective in practice; a measurement at one place on

a projected limb does not necessarilypredict all other measurements for that limb

projection. So, if we are to break I t into pixel-level subsets,we can neither assume

complete independencenor complete dependence. The exact probabilistic interde-

pendencebetweenthe individual likelihoodsp(I t1jÁt ); ¢¢¢; p(I tk jÁt ) cannot be feasibly

computed.

We step around this problem by recordingour discretemeasurements at the scale

of individual limbs, and not at the level of individual pixels. This, too, is not the-

oretically ideal, as individual limb likelihoods are also neither entirely independent

nor entirely dependent; however, this formulation is an improvement. The number of

probabilistic approximations madeis signi¯cantly smaller,and assuch this approach

may have greater theoretical viabilit y. The prohibitiv ely large number of incorrect

dependencyestimationswhile evaluating likelihoods per-pixel results in an eccentric

posterior distribution for the particle set. Sections3.2.3and 4.2 addressthis topic in

greater detail.

One could potentially take measurements at the scaleof a singleparticle; in this

case, we would be examining only the trivial subset of I t , so there would be no

presumption of dependenceor independence. However, it is impractical to model

this mapping while only consideringthe low-dimensionaloutput of a measurement

function (which in turn considersthe high-dimensionalspaceof imagesand body
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con¯gurations). This approach would requiremeasurement criteria far moreadvanced

and stateful than thosepresented in this document.

2.1.2 Image Pyramids

All input frames are treated as \image pyramids." Instead of merely storing

the given raster data, the imagesbuild self-representations at various scales. Each

successive scalehas half the linear resolution of the previous scaleand represents

a Gaussianblur of its lower neighbor in the pyramid. Many measurement functions

generatemoremeaningfulresultsat higher pyramid levels,asthe successively \lo wer"

low-pass¯ltering helps to compensatefor insu±ciencies in the body model or, to a

lesserextent, the cameraprojection. (SeeFigure 2.1)

2.1.3 Occlusions

Many limbs in any given body con¯guration will be either partially or entirely

occluded by other limbs or objects extrinsic to the model (tables, chairs, trees, et

cetera). It is di±cult to determinethe appropriate \measurement" for such limbs; an

occludedobject hasan unde¯ned appearance.The model as a whole must still have

a likelihood, so we cannot simply discard such cases.Assigninga measurement of 0

(or any other constant) would alsobe incorrect, asa hidden limb is not necessarilyin

the wrong place| such an action would favor limbs that are visible over limbs that

are not, though the visible versionsmay not line up well with imagefeatures.

Such limbs and points shouldbe treated as if they wereneither particularly likely

nor unlikely, but completely averageand unremarkable; this way, a limb will not

be rewarded or penalized if partially or fully occluded. We elaborate on this in

Section3.1.4;to summarize,we take the medianvalueof recent outputs for the given

measurement function over the given imageset.
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(a) (b)

(c) (d)

Figure 2.1: Images at Multiple Scales: In (a) we seethe original sourceimageat
the lowest \p yramid level". In (b), (c), and (d), we seesuccessively higher pyramid
levels. In this work, we never considerpyramid levelscoarserthan that shown in (d).
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2.2 Speci¯c Measuremen t Criteria

Now that we have establishedthe role of the measurement function in the like-

lihood formulation, we will examineseveral measurement criteria in depth. As dis-

cussedin Section2.1, the likelihood term p(I t jÁt ) canbe rewritten asp(m(I t ; Át )j ~mk),

where m(I t ; Át ) is a measurement function. (The likelihood p(mj ~mk) is addressed

more carefully in Section 3) In our case,m must be a mapping to a scalar from

the spaceof parameterizationsÁ and imagesI . It would be reasonableto de¯ne

the codomain of m as a low-dimensionalvector space(as mentioned in the previous

subsection),though for the sake of simplicity we do not do so.

As mentioned previously, all measurements are taken per-limb. Each limb is

parameterizedby some[potentially trivial] subsetof Át and a number of static pa-

rameters. Thesestatic parameters| length, non-uniform scalingfactors, radii, ¯xed

translational o®sets,et cetera | de¯ne the generalappearanceof the limb, and the

dynamic parametersÁt ordain its position and orientation in the world. Each image

I t is associated with a speci¯c camera,and the respective cameraparametersareused

to project the limb into the imageplane. Becausethe limbs are modeledas tapered

cylinders, the silhouette along the body of the limb appears as a pair of projected

line segments.

Each measurement function is givenboth the imageand the limb location in image

space.Information about occlusionsis alsoincluded in the limb description,asmany

points on the limb may not be visible due to self-occlusionsin the model. Some

measurement functions consideronly points along the side silhouettes of the limb,

and othersconsidera larger collectionof points on the interior of the limb projection.

2.2.1 Orien ted Edge Detection

Given the 2-dimensionalprojected shape of a limb, we can look for edgesin the

image corresponding to the lateral edgesof the limb in question. This is perhaps

the most obvious measurement, and one of the ¯rst utilized in model-basedhuman

motion tracking.[12] We perform this task at multiple pyramid levels for a number of

samplesdistributed evenly along the limb projection silhouette.

In particular, we employ a \steered" edgedetector. This routine examinesthe
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Figure 2.2: Trial measuremen t locations: The positions shown here correspond
to the domain of the measurement function plots. An ideal measurement function
would show a peak near frame 4. (This corresponds to domain value 240) For an
exampleof such a plot, seeFigure 2.3
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Figure 2.3: Orien ted edge measuremen t results: Both plots correspond to ori-
ented edgemeasurement valuesalong the path illustrated in Figure 2.2. The plot on
the left demonstratesthe variation in responsestrength and characteracrosspyramid
scales. The plot on the right combines measurements from all pyramid levels. The
peak at the center is the actual limb location in the image, and the false peaksat
either side are the result of a \half-detection" when the right edgeof the projected
limb lay on the left edgeof the actual limb (and vice versa)

gradient of the image with respect to an edgeangle µ. Speci¯cally, for a pyramid

level ¾and the subsequent imageI ¾, we designateits ¯rst partial derivativesof image

brightnessas I ¾
x and I ¾

y . (SeeFigure 2.4) Given an orientation µ, we can determine

the steerededgemeasurement g at a position (x; y) in the imageusing the following

formula:1

g(x; y; µ; I ¾) = sin(µ)I ¾
x (x; y) ¡ cos(µ)I ¾

y (x; y)

We do not take a ¯xed number of samplesper limb, but take a ¯xed number of

samplesper unit length along the lateral silhouette edgesof the limb. (SeeFigure

2.5) We take the absolutevalue of each computed sub-measurement g along a limb,

then divide by the number of samplestaken.

In general,the edgedetection is more e®ective at the higher pyramid levels. Be-

causeadjacent pixelsarenot assimilar near the top of imagepyramid, edgeresponses

arelarger. Additionally , limb representations arerarely borderedby perfectly straight

1When using imageswith multiple color channels,we apply g(x; y; I ¾) to all channelsand choose
the channel component with the maximal absolute value
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(a) (b) (c)

(d) (e) (f )

Figure 2.4: Orien ted edge detection: Images(a) through (f ) demonstrateoriented
edgemeasurements at the lowest pyramid level given an identical sourceimageand a
changingparameterµ. (The pixel intensitiesarenegatedfor printabilit y) Speci¯cally,
µ =

©
0; ¼

3 ; 2¼
3 ; ¼; 4¼

3 ; 5¼
3

ª
in the images(a) through (f ) respectively.
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(a) (b)

Figure 2.5: The constancy of measuremen t frequency in one-dimensional
image space: Both (a) and (b) show the actual pixel locations of the individual
oriented edgesub-measurements for a limb parameterizedfurther and closer to the
camerarespectively. The number of samplestaken in the imageper unit distanceis
constant.

lines in the actual image,and thus the coarserimagescalesbetter model the uncer-

tainty of appearancein the models.

The ¯nal edgemeasurement, for a limb, is a function of the limb projection L, the

image I , and its ¯rst partial derivativesof image brightness. · represents the max-

imum possiblevalue of r , and division by c· guaranteesthat the ¯nal measurement

value lies between0 and 1. We de¯ne the measurement function as follows:

Measure-Edge (L; µ; I )

1 µ Ã The angleof the limb silhouette edge

2 a Ã 0

3 c Ã 0

4 for ¾Ã f 1; 2; 3; 4g

5 do for Samplepoints (x; y) on lateral silhouette of L

6 do if (x; y) is not occluded

7 then c Ã c + 1

8 a Ã a + g(x; y; I ¾)

9 return a
c·
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Note that c will equalzeroif (and only if ) all sampledpoints areoccluded. In this

case,the medianmeasurement is assignedto this limb. (More detail can be found in

Section3.1.4)

Ignoring any occludedpoints, this algorithm reducesa summationover n positions

(x; y) 2 silhouette(L):

Measure-Edge (L; µ; I ) ¼
1

4n·

4X

¾=1

X

(x;y )2 sil(L )

sin(µ)I ¾
x (x; y) ¡ cos(µ)I ¾

y (x; y)
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Figure 2.6: Orien ted ridge measuremen t results: The plot corresponds to ori-
ented ridge measurement values gathered along the path illustrated in Figure 2.2.
Becausethe oriented ridge measurement is scale-speci¯c, there are not separateplots
for each pyramid level. As seenin the oriented edgemeasurement plot, there are
notable falsepositiveson either sideof the actual leg in the image.

2.2.2 Orien ted Ridge Detection

Where edgedetection examinesthe ¯rst partial derivativesof an image,ridge de-

tection examinesthe secondpartial derivatives. \Ridges" arebumpsin the brightness

function of the image. We want a way to detect such bumps of the appropriate scale

and orientation for any given limb in our image. The ridge measurement is only valid

for a singlescale.There are two steps: ¯nding the appropriate scale,then taking the

oriented secondderivative.

Sidenbladh[14] determinedthe following formula to computethe imagescalefactor

s for a limb of pixel width w:

s = Max (0; ¡ 24:0 + 4:45¢w)

We then determine the appropriate 0-indexedpyramid level ¾accordingto the fol-

lowing formula:

¾= log4(3 ¢s + 1)

Now, given a pyramid level ¾ and thus the image I ¾, we designateits second

partial derivatives of image brightnessas I ¾
xx , I ¾

xy , and I ¾
yy. Given an orientation µ,

we can determine the steeredridge measurement r at a position (x; y) in the image
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Figure 2.7: Orien ted ridge detection: Hereweseea sourceimagewith the oriented
ridge responsesuperimposedin white. The measurement is parameterizedby the left
calf. The calf respondswell, aswe would hope. Though it is di±cult to see,there are
alsostrong false-positive measurements in the background at either sideof the limb.

using the following formula:2

g(x; y; µ; I ¾) =
¯
¯(sin2(µ))I ¾

xx (x; y) + (cos2(µ))I ¾
yy(x; y) ¡ 2sin(µ) cos(µ)I ¾

xy

¯
¯

In Sidenbladh[14] and Lindeberg[10],the ridgemeasurement includesan analogous

subtractive term oriented at µ+ ¼=2. In theory, this term prevents the ridge response

from misidentifying blobs as ridges in the image. Unfortunately, many legitimate

ridgesare alsoweakenedor eliminated in the process,and as such we do not employ

the subtractive term.

As with background subtraction and template matching (which are discussedin

subsequent sections),we take a ¯xed number of samplesper unit area in the image.

2When using imageswith multiple color channels,we apply g(x; y; I ¾) to all channelsand choose
the channel component with the maximal absolute value
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(SeeFigure 2.9) Thus, limbs which appear larger in projection will be sampledmore

carefully. · represents the maximum possiblevalue of r ; dividing through by c·

ensuresthat the ¯nal measurement value lies between0 and 1. So, given a limb L

of width w, an image I , and its secondpartial derivatives of image brightness, we

perform the ridge measurement as follows:

Measure-Ridge (L; µ; I )

1 µ Ã The angleof the limb silhouette edge

2 a Ã 0

3 c Ã 0

4 ¾Ã log4 (3 ¢(Max (0; ¡ 24+ 4:45¢w)))

5 for Samplepoints (x; y) uniformly acrossL

6 do if (x; y) is not occluded

7 then c Ã c + 1

8 a Ã a + r (x; y; I ¾)

9 return a
c·

As with the oriented edgemeasurement function, the median measurement is as-

signedif c = 0 at proceduretermination. This algorithm alsoreducesto a summation

over n positions (x; y) 2 silhouette(L) when we ignore occlusions:

Measure-Ridge (L; µ; I ) ¼
1

4n·

X

(x;y )2 sil(L )

g(x; y; µ; I ¾)

where¾is de¯ned as above.
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2.2.3 Background Subtraction

For stationary cameras,we can usethe static elements in a sceneto help us de-

termine what is foreground and what is background in a given image. Since the

visible portions of the model will necessarilybe in the foreground,background sub-

traction is an excellent way to prune the parameterspace.Results improve with the

incorporation of background subtraction.[3]

For our test data, background images| imageswherethe subject is not present |

were provided. Such imagescould be generatedautomatically given enoughfootage

of a scene;for each pixel, one could compute the median intensity value over time

and consider this to be the background. In either case,we can test whether any

pixel in the source image di®ers signi¯cantly from the corresponding pixel in the

background image. The background subtraction criterion presumesthat the areasof

di®erencebetweenthe sourceand background imagescorrespond with someportion

of the model projection. Given that presumption,a background imagecaneasilyrule

out many model con¯gurations. (Figure 2.8shows the resultsof per-pixel background

subtraction)

The measurement processis straightforward. A seriesof locations are chosen

uniformly3 acrossthe limb projection. At each samplelocation, the brightnessvalue

of the image at that location is comparedto the respective brightnessvalue of the

background. If thesevalueslie within an experimentally-discoveredthreshold of each

other, then an accumulation value is incremented by a value i inverselyproportional

to the number of samplestaken at non-occluded positions. (i is, speci¯cally, the

reciprocal of the number of samplestaken. This guarantees that the measurement

function will not generatenumbers larger than 1, as per the constraints outlined

above)

Where the oriented edgemeasurement function only examinedpixels incident to

the projected silhouette edgesof the test limb, the background subtraction mea-

surement function examinespixels inside the [convex] silhouette. In fact, the edge

pixels are of the least meaning,as this is wherethe tapered-cylindrical limb model is

weakest.

As with the oriented ridge criterion, the background subtraction measurement

3The processis outlined in greater detail in Section 2.2.4
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(a) (b) (c)

(d) (e) (f )

(g) (h) (i)

Figure 2.8: Background subtraction per camera: Images(a), (b), and (c) show
the ¯rst of many input imagesfrom each of the three camerasusedin this dataset.
Images (d), (e), and (f ) show the [provided] background imagesfrom these three
cameras,and (g), (h), and (i) represent the negateddi®erencebetween (a)/(b)/(c)
and (d)/(e)/(f ) respectively. Note that portions of the background-subtractedimages
| like the right calf in (i) | appear nearly as white as the background proper.
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(a) (b) (c)

Figure 2.9: The constancy of measuremen t frequency in two-dimensional
image space: Images(a), (b), and (c) show the actual pixel locationsof the individ-
ual background subtraction sub-measurements for a limb parameterizedfurther and
then increasinglycloser to the camera. The number of samplestaken in the image
per unit area is constant.

function takes a number of samplesproportional to the projected area of the given

limb L. (SeeFigure 2.9) In other words, limbs with smaller projection areasusing

a given camera will have fewer terms in their measurement summation, and thus

have a smaller computational footprint. Likewise,larger projection areasearn more

computational resourcesand thus a moreaccurateestimation given the greater input

¯delit y.

Speci¯cally, given a limb L, an imageI , a background imageB, and a threshold

º , the background subtraction measurement is de¯ned as follows:

Measure-BGSubtr (L; I ; B )

1 a Ã 0

2 c Ã 0

3 for ¾Ã f 1; 2; 3; 4g

4 do for Measuredpoints (x; y) on body of L

5 do if (x; y) is not occluded

6 then c Ã c + 1

7 if jI ¾(x; y) ¡ B ¾(x; y)j > º

8 then a Ã a + 1

9 return a
c
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Figure 2.10: Background subtraction measuremen t results: Both plots corre-
spond to background subtraction measurement valuesalong the path illustrated in
Figure 2.2. The plot on the left demonstratesthe variation in responsestrength and
character acrosspyramid scales. The noisy results at the lowest pyramid level are
due to threshold contention. The plot on the right combinesmeasurements from all
pyramid levels. There is a noteworthy falsepositive asthe measurement ¯nds the left
leg despitethe incoherenceof orientation.

As we have seenbefore, c will equal zero if (and only if ) all sampledpoints are

occluded. In this case,the median measurement is assignedto this limb.

Small variations in the CCD responsesover time add noise to the images. The

low-pass¯ltering that takesplacein the imagepyramid largely compensatesfor this,

so it is important to considerall pyramid levels.
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2.2.4 Template Matc hing

Like the background subtraction measurement function, the template matching

measurement function examinespoints within the limb boundary, and not on the

silhouette as in the edgeand ridge measurements. Template matching is unique in

that it examinestwo image/limb pairs: oneat the current moment in time, and one

from the ¯rst capture frame.

The template matching measurement assesseswhether a given limb projection

correlateswith the samelimb in the ¯rst frame; this initial image of the limb acts

as a template, hence\template matching."[2] The computation is done at multiple

scales,as small variations in shadingand texture are lessproblematic at the higher

pyramid levels.

Speci¯cally, given an imageat time t and an imageat time t0, we determine two

limb projections, L t and L t0 . We parameterizeboth 2D limb projections in terms

of scalarsa and b, 0 < a;b < 1. A pair of two-dimensionalbasis vectors (~ut ;~vt )

and (~ut0 ;~vt0 )4 are constructedfor both limbs; ~ut runs along L t 's silhouette edge,and

~vt runs betweenthe points a fraction a along L t 's two silhouette edges.(~ut0 ;~vt0 ) are

de¯ned similarly. We ¯nd points (x t ; yt ) = a¢~ut + b¢~vt and (x t0 ; yt0 ) = a¢~ut0 + b¢~vt0 . A

singlecomponent of the template matching measurement function at position (x t ; yt )

within L t and (x t0 ; yt0 ) within L t0 can be expressedas follows:

b(x t ; yt ; x t0 ; yt0 ; I t ; I t0 ) = 1 ¡
jI t (x t ; yt ) ¡ I t0 (x t0 ; yt0 )j

·
The scaling factor · is de¯ned to be twice the maximal possiblepixel intensity

value; dividing by c· (below) guaranteesthat the ¯nal measurement lies between0

and 1. The \1 ¡ " preservesthe property of increasinglikelihood: we want to reward

limb con¯gurations that show the least change between I t0 (x t0 ; yt0 ) and I t (x t ; yt );

hence,a matching template.

For imagesI t and I t0 , limbs L t and L t0 , and the · speci¯ed above, the complete

template matching measurement function is de¯ned as follows:

Measure-Templa te-Ma tching (L t ; L t0 ; I t ; I t0 )

1 a Ã 0
4In actualit y, ~ut and ~vt are paired with an origin point Pt to de¯ne the projected limb coordinate
system. For the sake of notational clarit y, Pt will be elided in this discussion.
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Figure 2.11: Template matc hing measuremen t results: Both plots correspond to
template matching measurement valuesalong the path illustrated in Figure 2.2. The
t0 frame is shown in Figure 2.2,and L t0 is positionedover the right calf of the subject.
The t frame (the secondframe) appearsmany times in Chapter 4. The plot on the
left demonstratesthe variation in responsestrength and character acrosspyramid
scales. The plot on the right combines measurements from all pyramid levels. As
with the background subtraction measurement function, there is a noteworthy false
positive as the measurement ¯nds the left leg despitethe incoherenceof orientation.

2 c Ã 0

3 for ¾Ã f 1; 2; 3; 4g

4 do for Measuredpoints (x t ; yt ) and (x t0 ; yt0 ) on body of L t and L t0

5 do if (x t ; yt ) and (x t0 ; yt0 ) are not occluded

6 then c Ã c + 1

7 a Ã a + b(x t ; yt ; x t0 ; yt0 ; I ¾
t ; I ¾

t0
)

8 return a
c

Again, if c = 0 at proceduretermination, the median measurement value is used

instead. Ignoring occlusions,for n position pairs in I t and I t0 , this measurement can

be approximated by a simpler summation.

Measure-Templa te-Ma tching (L t ; L t0 ; I t ; I t0 ) ¼

1
4n

4X

¾=1

X

(x t ;yt ;x t 0 ;yt 0 )2 L t ;L t 0

b
¡
x t ; yt ; x t0 ; yt0 ; I ¾

t ; I ¾
t0

¢
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2.3 Measuremen t Tradeo®s

All of the measurement criteria described thus far have relative strengths and

weaknesses.The oriented edgeand ridge measurement functions do not easilydistin-

guishbetweenlimbsand other objectswith straight sides,and the other measurement

functions do not check limb orientation. In general,we want implausible model con-

¯gurations to be cleanly and routinely rejectedby at least onemeasurement model.
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(a) (b) (c) (d)

(e) (f ) (g)

(i) (j)

Figure 2.12: Coun tertop misiden ti¯cation: The plot domain is illustrated by the
limb positions in images(a) through (h). The oriented edgemeasurement function
generated(i), and the background subtraction measurement function generated(j).
There are prominent peaks in (i) due to the strong edgeon the countertop. The
background subtraction measurement function recognizesthat theseimageareasare
nearly identical to the background, and thus doesnot make a similar mistake. This
illustrates the deductive capacity of background subtraction.
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(a) (b) (c)

(d) (e) (f )

(g) (h)

Figure 2.13: Orien tation misiden ti¯cation: The plot domain is illustrated by the
limb positions in images(a) through (f ). The oriented ridge measurement function
generated(g), and the background subtraction measurement function generated(h).
Becausethe spinning limb is positioned | at least partially | within the model
torso, there are many prominent peaks in (h). However, since the limb is oriented
incorrectly, the ridge measurement function doesnot respond signi¯cantly.



Chapter 3

Dynamic Lik eliho od Determination

In the previoussection,weexaminedthe notion of a genericmeasurement function

basedon someheuristic criterion. We can think of these measurements as energy

values,but not asprobabilities.1 In order to eventually measurethe relative likelihood

of a given particle, we must devisea method to map from the raw measurements to

probabilities. This wasdiscussedat the beginningof Chapter 2; speci¯cally, we want

to de¯ne p(m(I t ; Át )j ~mk) for each distinct measurement function m.

In Sidenbladh[15],the likelihood wastrained usinghand-marked limb positions in

a variety of test images.This technique requiressigni¯cant user intervention, and in

the attempt to model all imageswith onedistribution, input sequenceswith unusual

statistical properties (very bright, very dark, et cetera) will often yield inaccurate

likelihood information. Partly for thesereasons,and partly dueto the lack of training

data for the newly devisedmeasurement functions, thesetrained likelihoods werenot

used in this work. With appropriate training data and an adequately automated

marking process,the trained likelihoods would be a desirableaddition to the tracking

framework.
1In fairness, they do resemble probabilities in many ways: they must take on values between 0
and 1, and the higher valuesare generally more probable. However, no larger presumptions are
made about the relative likelihood associated with a given measurement

31
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(a) (b)

(c) (d)

Figure 3.1: Measuremen t function histograms: Plots (a), (b), (c), and (d) rep-
resent the measurement function histograms for oriented edge detection, oriented
ridge detection, background subtraction, and template matching respectively. These
histogramswereconstructedafter tracking three frameswith 1000particles.

3.1 Building a Distribution

As measurements areextracted from an imagesequence,webuild histogramsfrom

the return valuesof each measurement function. (SeeFigure 3.1) The codomain of

the measurement functions | namely the range [0,1] | is broken into a number

of histogram buckets. With each measurement, the appropriate histogram bucket

counter is incremented by one. Over time, this builds an \energy distribution," which

we must useto construct an appropriate likelihood mapping.

It is tempting to hand-craft a [potentially] intricate procedural solution to this
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problem. A complicatedpiecewiselikelihood mapping could be devised.However, it

is certainly simpler, more e±cient, and debatablemore e®ective to build a Gaussian

mapping over the measurement codomain. In order to de¯ne the Gaussian,we must,

of course,determinethe meanand variance¹ and ¾.

3.1.1 Finding the Mean

Weremember that the \b est" possiblemeasurement for any measurement function

will be given a value of 1. We thus infer that the likelihood must be maximized for

any measurement m = 1. ¹ must be greater than or equal to all measurements;

otherwise, the greatestmeasurement will not have the greatestprobability. For the

set of all measurements M = f m1; m2; ¢¢¢; mkg, the mean¹ is de¯ned as

¹ ¸ Max (M )

The variance¾is lessobvious. Variancedetermination will bediscussedin Section

3.1.3.

3.1.2 False Positiv es and False Negativ es

As demonstratedearlier, noneof the measurements areperfect. With the eventual

motivation of variance determination for the measurement-speci¯c Gaussiandistri-

butions, it would be illuminating to addressthe topic of measurement failure.

Measurement functions return two forms of \bad data": they may either return

a high value for a tested limb con¯guration that is not, in fact, projected onto the

desiredlimb in the image,or the measurement function may return a low value when

a tested limb con¯guration does, in fact, project onto or near the proper limb in

the image. As one might intuit, we denote these two failure caseclassesas \false

positives" and \false negatives" respectively.

Both falsepositivesand falsenegativesbeget undesirabletracking results. If we

usea diversesetof measurement criteria, it is unlikely that all measurement functions

will return a false positive for a bogus limb parameterization. Thus, false positives

in one measurement function will likely be \recognized" as such by at least one of

the other measurement functions. If any one measurement fails, the given particle
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can (and will) be penalizedby multiplication with a low probability for the given

measurement.

That said, many of the strongest responsesfor somemeasurements lie on table

edgesor improperly rotated limbs. (SeeSection2.3) Thus, falsepositivesoften result

in disproportionately high likelihoods for \bad" particles. When the next set of

particles are generated,thesemistakesare \propagated"2 forward at the expenseof

better parameterizations.Falsenegativesare alsodamagingfor self-evident reasons;

if a measurement function is not able to recognizea valid limb parameterization,then

tracking su®ers.

The choiceof variancefor our likelihood mapping will be a tradeo®betweenfalse

positivesand falsenegatives. If our variance is too large, there will be little proba-

bilistic di®erencebetweenvalid and invalid parameterizations. If our varianceis too

small, many good particles will be thrown away.

3.1.3 Finding the Variance

Variance determination is di±cult to generalize. With the edge measurement

function, we want to discard virtually all particles with measurements below a cer-

tain threshold. However, with the background subtraction, the top half of the mea-

surement histogram is worth keeping; in that case,we needa comparatively larger

variance.

We could specify a static variancefor each measurement function. This would be

an acceptablesolution in many ways. However, such a schemewould be inadequate

in certain situations:

² Many measurement functions will return results at di®erent scalesfor di®erent

input imagesets. For instance,edgeswill be lesspronouncedin imagesthat are

generallydarker.

² If or when tracking breaksdown in a sequence,we would like the variance to

grow and the likelihood mapping to be more forgiving in an e®ort to sample

2The mistakesare actually made when sampling the the posterior, which is not a proper propa-
gation.
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Figure 3.2: Variance with respect to ¸ : The non-decreasingfunction (shown in
both plots) represents the cumulative plot of the measurement histogramvalues. The
relationship between¸ and ¾can be seenin the plot above. The successively smaller
Gaussiandistributions correspond to ¸ valuesof 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8. The
horizontal lines corresponding to each ¸ value intersect the cumulative plot directly
above the domain value ¾measurement units from the mean¹ = 1:0.
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more broadly from the posterior particle distribution. A ¯xed variancemakes

this an impossibility.

Still, there must be someuser-dependent parameter to indicate the relative size

of variancesfrom distinct measurement likelihood mappings. In this work, we de¯ne

the variance ¾ such that the top (1 ¡ ¸ ) fraction of the measurements lie within ¾

of the mean ¹ . Thus, if mmax is the maximal measurement and m¸ is the smallest

measurement such that a fraction ¸ of the measurements are smaller, the variance¾

is de¯ned such that

¾= mmax ¡ m¸

So, for background subtraction, ¸ is relatively small, and for edgedetection ¸

is relatively large. (SeeFigure 3.2) The heuristic ¸ has a signi¯cant e®ecton the

eventual quality of tracking results. If set too low, the particle ¯lter will waste

particles on unlikely con¯gurations; if set too high, the particle distribution becomes

eccentric and tracking is consequently ¯ckle. Using a particle ¯lter to model the

posterior, we de¯ne an eccentric distribution such that a relatively small number

of particles hold a relatively large portion of the weight acrossall particles. An

eccentric posteriorexpresseslessinformation about the actual posterior,and is usually

inaccurate. Finding an appropriate value for ¸ is an experimental process| our

results can be found in Section 4.2. As we shall see,an appropriate choice of ¸

enablesrobust tracking through heterogenousdata sets.

Adjusting to Changes in Image Statistics

The above method for variance determination is robust to certain changesin

image statistics. In many situations, images from a single sequencewill become

darker, lighter, or noisier over time; in most situations, imagestaken from distinct

tracking sequenceswill have remarkably di®erent statistics. A dynamic mappingwith

a ¯xed variancewould not be an e®ective method in this case;as imagesget darker,

for instance, one would hope that the variance for edgedetection would constrict

automatically. (SeeFigure 3.3)
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(a) (b)

Figure 3.3: Orien ted edge variance with respect to image brigh tness: The
domain in theseplots are measurement values. The jaggedplots are oriented edge
measurement histograms, and the Gaussiansare likelihoods | conditioned on the
measurement histograms| for given measurement values. The plot in (a) shows the
likelihood mappingfor the oriented edgemeasurement givenour normal test sequence
as input. The plot in (b) shows the samedistribution when the input imageshave
half of their original brightness. The mean and variance dynamically adjust to the
changein imagestatistics; the edgesin the darker imagewill be lesspronouncedin
the measurement function, but the oriented edgelikelihood will not be a®ected.

(a) (b)

Figure 3.4: Variance of lik eliho od mapping with respect to trac king ¯delit y:
Plot (a) shows the background subtraction measurement histogram and likelihood
Gaussianfor normal tracking. In (b), we propagatethrough the prior 5 times before
taking the next set of measurements. This results in lessaccurateparticle and limb
proposals. The histogram is consequently more chaotic, and the variance of the
likelihood mappingdynamically expandsto compensatefor the compromisedtracking
e±cacy.
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Adjusting to Changes in Tracking E±cacy

We would like our generatedmappings to accommodate poor tracking results.

If the tracking degradesor the prior distribution p(Át jÁt ¡ 1) is unable to accurately

predict body position, the measurement functions will generallyreturn lower values.

We would like to seethe likelihood mappingsbroadento increasethe search spacein

this scenario.

To test this, we repeatedly propagate through the prior distribution for a test

particle, thereby magnifying any inaccurate predictions in the prior. After a ¯xed

number of samplesfrom the prior, wetakea measurement andadd it to our histogram.

We ¯nd that the variance of the given measurement's likelihood mapping increases

with respect to \normal" sampling. Thus, as tracking ¯delit y su®ers,the mapping

adjust accordingly. (SeeFigure 3.4)

3.1.4 Details of the Measuremen t Lik eliho ods

To summarize,given a singlemeasurement function m we can determinea likeli-

hood (a log likelihood, moreprecisely)for that measurement by evaluating a Gaussian

parameterizedon past measurements and a heuristic ¸ . This mapping is de¯ned with

respect to a speci¯c measurement function, but adjusts dynamically to changing im-

ageand tracking conditions.

In order to make this system e±cient, we only recalculate the mean and vari-

anceperiodically. The actual likelihood mappingsare built upon the last k samples.

Smallerk valuesallow for shorterperiodsof adjustment to changesin imagestatistics,

et cetera, though the measurement histogram will not be well populated if k is too

small.

If a measuredlimb is entirely occluded,no measurement canbefaithfully extracted

from the input imagesequence.Given this caseof total occlusion,we do not know if

the limb is likely or unlikely. We assumethat the measurement for the given limb is

the median of all measurements taken thus far for the given measurement function.

moccluded(L) = Median (f All previousmeasurements from mg)

After assigningthis measurement value, we evaluate the measurement likelihood
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mapping as per usual. In the absenceof other information we must guarantee that

occludedlimbs neither increasenor decreasethe relative likelihood for their particle;

assigningthe median measurement is the theoretically appropriate mechanism for

maintaining the relative likelihood of model con¯gurations (i.e., particles) with and

without occludedlimbs.

3.2 Building the Distribution Across All Particles

We have shown how to compute a [non-normalized]likelihood for one measure-

ment. This value is speci¯c to a singlemeasurement function, a single limb, a single

camera, and a single particle. However, there are multiple distinct measurement

functions, limbs, cameras,and particles. In Sidenbladh[14], log probabilities are ac-

cumulated for each particle and then normalized acrossthe distribution afterwards.

Sidenbladh also restricted input to monocular sequencesand the scaleof the indi-

vidual measurements was smaller.3 We instead form a particle distribution for each

measurement, normalize those distributions, then combine to form a single cumula-

tiv edistribution acrossall particleswhich we then normalizeonelast time. After that

¯nal normalization, we can samplefrom the cumulative distribution in the particle

¯lter. Simply adding the probabilities together is not e®ective due to the di®erences

in the Gaussiandistributions for the distinct measurement likelihood mappings.

3.2.1 One Particle, One Measuremen t Function

We will approach this problem from the top down. We must calculate the like-

lihood | or, more speci¯cally, the log likelihood | of each particle for each mea-

surement function. We begin by outlining the \naiv e approach," and then go on to

describe heuristics that generally improve tracking results.

3Measurements in this work are taken per limb, but in Sidenbladh[14] they are taken far more
frequently; each examinedpoint in the imagehad a one-to-onecorrespondencewith an accumu-
lated log probabilit y. This distinction is discussedmore carefully in Section 2.1.1
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The Naiv e Approac h

One could iterate over all limbs and accumulate the log likelihoods. The ¯nal log

likelihood l for an image I , the set of limbs B = f b1; b2; ¢¢¢; bkg, and measurement

function m would thus be

log(l (I ; B ; m)) =
kX

i =1

log(½(¹ (m); ¾(m)) (I ; bi ))

This does, in fact, work, but we can improve our results signi¯cantly by adding

two relative limb weighting heuristics.

Man ual Lim b Weights

Somelimbs are easierto detect than others. Namely, the outermost extremities

are the easiestto spot. Additionally , if the calves,forearms,and headare in the right

position, we expect that the torso, thighs, and upper arms are also approximately

correct. Thus, we track with non-uniform limb weights. (SeeFigure 3.1)

We can formulate the original model likelihood, for the time being, as a product:

l (I ; B ; m) =
kY

i =1

½(¹ (m); ¾(m)) (I ; bi )

We then de¯ne a set of exponents E l = f el1; el2; ¢¢¢; elkg such that

1 =
kX

i =1

el i

k

k =
kX

i =1

el i

We reformulate the original model likelihood as

l (I ; B ; m) =
kY

i =1

(½(¹ (m); ¾(m)) (I ; bi ))
eli

And observe that the original formulation is a special case,where el i = 1 for all

1 · i · k. This new formulation allows the user to specify the relative importance

of various limbs. For instance,the headis crucial to successfultracking, whereasthe

torso is nearly impossibleto track e®ectively with our measurement models; thus, we

could assigna high value to ehead and a low value to etorso . In practice, this heuristic

substantially improvestracking results.
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Lim b Weight
R. Thigh 0.392157

R. Calf 1.307190
L. Thigh 0.392157

L. Calf 1.307190
Torso 0.065359

R. Up. Arm 0.065359
R. Forearm 1.960784
L. Up. Arm 0.065359
L. Forearm 1.960784

Head 2.483660
Sum 10

Table3.1: A static lim b weighting heuristic: Each limb is assigneda static weight
in the body model. Theseweights are then normalizedsuch that the sum acrossall
limbs is equal to the number of limbs in the model. The pre-normalizedvalueswere
determinedexperimentally.



42

Lim b Weight
R. Thigh 1.055356

R. Calf 0.877345
L. Thigh 1.000584

L. Calf 0.665880
Torso 0.944177

R. Up. Arm 1.114166
R. Forearm 0.839794
L. Up. Arm 1.244135
L. Forearm 1.031666

Head 1.226896
Sum 10

Lim b Weight
R. Thigh 1.294253

R. Calf 1.434852
L. Thigh 0.871124

L. Calf 0.442202
Torso 1.093947

R. Up. Arm 0.723565
R. Forearm 0.910396
L. Up. Arm 1.114277
L. Forearm 0.768695

Head 1.346688
Sum 10

Lim b Weight
R. Thigh 1.756245

R. Calf 1.434011
L. Thigh 0.563740

L. Calf 0.254320
Torso 1.011449

R. Up. Arm 0.419396
R. Forearm 0.864819
L. Up. Arm 1.578187
L. Forearm 0.791437

Head 1.326396
Sum 10

Table 3.2: A view-dep endent lim b weighting heuristic: Each limb is assigned
an initial weight of 1 ¡ j cos(µ)j, whereµ represents the anglebetweenthe limb axis
and the vector to the camera.The weights are then normalizedsuch that the sum of
all weights equalsthe number of limbs in the model.

View-Dep endent Lim b Weights

The manual limb weighting heuristic demonstrablyenhancesmodel likelihood de-

termination. We can augment thesestatic weighting coe±cients with dynamic infor-

mation about the camera-limb relationship. As the camera'sview vector approaches

the axis vector of the limb in world space,the reliabilit y of any measurement informa-

tion degradessigni¯cantly: the silhouette detection is inadequatefor acute viewing

angles.The limb model's faults aremost apparent whenviewedalongthe axis. Thus,

we can generateand normalize a secondlimb weighting heuristic basedon the dot

product of the view vector and the limb axis. (SeeFigure 3.2)



43

As in the static case,we de¯ne a set of exponents Ev = f ev1; ev2; ¢¢¢; evkg such

that, for limb axis vbi and cameraviewing vector vc,

evi =
k
·

(1 ¡ jvbi ¢vcj)

where

· =
kX

i =1

(1 ¡ jvbi ¢vcj)

We can seethat

X

i =1

kevi =
k
·

X

i =1

k(1 ¡ jvbi ¢vcj) =
k
·

¢· = k

and we reformulate the original model likelihood as

l (I ; B ; m) =
kY

i =1

(½(¹ (m); ¾(m)) (I ; bi ))
ev i

If all limbs are viewed from the sameincident angle, then this is identical to the

original formulation. Otherwise, limbs which are expectedto have the most accurate

measurements are prioritized in the log likelihood summation. Likewise,any limb

which is barely visible due to the view angle will be play an inconsequential role in

the ¯nal likelihood. Kakadiaris[7] proposesa more advancedtechnique along these

lines.

Merging Heuristics

We can easily mergethesetwo heuristics. (SeeFigure 3.3) We de¯ne the set of

exponents E = f e1; e2; ¢¢¢; ekg such that

ei =
k
·

el i (1 ¡ jvbi ¢vcj)

where

· =
kX

i =1

el i (1 ¡ jvbi ¢vcj)

Again,
X

i =1

kei =
k
·

X

i =1

kel i (1 ¡ jvbi ¢vcj) = k
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Lim b Weight
R. Thigh 0.424211

R. Calf 1.175526
L. Thigh 0.402195

L. Calf 0.892192
Torso 0.063254

R. Up. Arm 0.074642
R. Forearm 1.687819
L. Up. Arm 0.083349
L. Forearm 2.073443

Head 3.123369
Sum 10

Lim b Weight
R. Thigh 0.500963

R. Calf 1.851279
L. Thigh 0.337183

L. Calf 0.570539
Torso 0.070572

R. Up. Arm 0.046678
R. Forearm 1.761920
L. Up. Arm 0.071883
L. Forearm 1.487681

Head 3.301302
Sum 10

Lim b Weight
R. Thigh 0.698835

R. Calf 1.902044
L. Thigh 0.224320

L. Calf 0.337326
Torso 0.067078

R. Up. Arm 0.027814
R. Forearm 1.720619
L. Up. Arm 0.104664
L. Forearm 1.574621

Head 3.342680
Sum 10

Table 3.3: Merged heuristics for relativ e lim b weighting: The heuristics de-
scribed in Sections3.2.1and 3.2.1are combined into a mergedheuristic. The static
limb weights are multiplied by the geometricterm 1¡ jcos(µ)j, then normalizedsuch
that the sum of all weights equals the number of limbs in the model. This is the
heuristic usedwhen generatingthe results for this paper.
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As before,

l (I ; B ; m) =
kY

i =1

(½(¹ (m); ¾(m)) (I ; bi ))
ei

We return to the log domain for numerical stabilit y, yielding

log(l (I ; B ; m)) =
kX

i =1

ei ¢log(½(¹ (m); ¾(m)) (I ; bi ))

3.2.2 Merging Lik eliho ods Across Measuremen t Functions

Becausethere is neither a guaranteenor eventhe slightest possibility that the non-

normalizedlikelihoods sumto one| onecannot naively multiply the non-normalized

particle likelihoods acrossall measurement functions. Instead,we must normalizethe

particle weight distributions for each measurement function individually, then merge

them afterwards.

Thus, for any measurement function m, we have an initial distribution of n non-

normalized log likelihoods (one for each particle). Before normalization, we must

transform each likelihood log(¼i
orig ) in the measurement-speci¯c distribution as fol-

lows:

LogMax = Max (log(¼1
orig ); log(¼2

orig ); ¢¢¢; log(¼n
orig ))

¼i
trans = eLogMax ¡ log(¼i

orig ) For all 1 · i · n

¼i
norm =

¼transP n
i=1 ¼trans

For all 1 · i · n

We compute¼1;¢¢¢;n
norm for each measurement distribution, then multiply the distribu-

tions together per-particle4 and renormalizethe cumulative distribution onceagain.

The cumulative particle distribution becomesmore eccentric as more likelihoods

are mergedin. By multiplying the likelihoods, we presumethat they are independent

acrossmeasurement criteria; in many cases| namely for the edgeand ridge likeli-

hoods | this is not the case. It is thus sometimesmore e®ective to only useeither

the edgeor ridge measurement criteria. Plots and morediscussionof eccentricit y can

be found in Section4.2.
4This \m ultiplication" is done in the log domain for numerical stabilit y
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3.2.3 The Final Particle Distribution

After taking measurements, building measurement likelihood mappings,evaluat-

ing thesedistributions, building particle distributions, merging them, and normaliz-

ing, we have a distribution over the particles for the current moment t. Throughout

the results chapter, we often refer to the \b est" or most likely particles; theseare,

as onemight expect, the particles with the greatestweight in the posterior distribu-

tion. With pre-trained likelihoods, one often endsup with an undesirableposterior

distribution in which nearly all of the cumulative weight is sharedbetweena small

collectionof particleswithin the larger particle set. (Section4.2contains plots of such

eccentric distributions) The dynamic measurement mappingsallow us to generatea

¯nal particle distribution with varied levels of eccentricit y.



Chapter 4

Results

Having presented the theoretical framework and the details of our likelihood

model, it is now appropriate to present our tracking results. The input sequence

comesfrom the MoBo Database[13] at CarnegieMellon University. There weremany

camerasin the room, but only threewith accuratecalibration information. The initial

body con¯guration was speci¯ed manually. All camerainput frames were synchro-

nized.

Our results are presented in several sections. In Section 4.1, a single limb is

tracked as an illustration of the particle ¯lter. Section 4.2 demonstratesthe e®ects

of ¸ on tracking results and the eccentricit y of the associated particle distributions.

Section 4.3 illustrates the troubles involved with monocular tracking. Section 4.4

presents the experimental resultsof measurement model combinations on lower-body

tracking; both the quality of the motion estimation and the eccentricit y of the particle

distributions change substantially with the incorporation of multiple measurement

models. Finally, Sections4.5.1 and 4.5.2 show our best e®ortsto estimate human

motion given the techniquespresented in this document.

47
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4.1 Illustrating the Particle Filter
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We try to track a single limb through this 90-frame sequence. The posterior

distribution is modeledwith 150 particles, and at each frame we display the n most

probable limb con¯gurations (as determined by our weighted particle set). In the

¯rst imagearray, n = 75 (the better half of the particles), and in the second,n = 10.

The limb projection corresponding to the most likely particle is drawn in blue with

an orangeborder. The other limbs are drawn in colorsranging from greento orange

to red; greenlimbs are more likely and red limbs are lesslikely.

We only considerimagesfrom a singlecamera.The oriented edgeand background
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subtraction measurement modelswereenabledfor this sequence.

The ¯rst frame shows all particles set to the manually-determined initial param-

eterization. Throughout, we notice that the greenparticles generally correlate well

with limbs or | at the very least | limb-like structures in the image. The back-

ground subtraction measurement criterion keepslimbs on the body, and the edgeand

ridge criteria weedout particles that arealignedpoorly. The prior had to be adjusted

slightly for this test, as there was insu±cient variancein the prior for the positional

velocity1.

As the left leg occludes the right leg, the tracking breaks down as one might

anticipate. By frame 10, there are highly probable particles on both legs. From

here on, with someexceptions,we seethe particle ¯lter successfullytrack both legs

simultaneously. The occlusioncreatedambiguity, but both legsare thus considered

for the remainderof the monocular sequence.

It is worth noting that many of the limb con¯gurations | and even the more

probablelimb con¯gurations | may seem\shorter" than other limbsbecausethey are

turned away from the camera.Theseparticles are poor matchesin three dimensions,

but they are plausible here due to the lack of depth information in a monocular

setting.

Without the rest of the lower body to provide guidance, tracking a single calf

is impractical without multiple cameras. As we will see later on, increasing the

parameter space| perhapssurprisingly | improves tracking results by providing

certain positional constraints on limbs.

1Variances for angular and positional velocity priors are distinct from one another. There are
only 3 positional parameters,all of which pertain to the root of the model skeleton. In this case,
the \ro ot" (the knee) acceleratesmore rapidly through spacethan when tracking the full body.
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4.2 Ideal ¸ Values

The ¸ heuristic wasintroducedin Section3.1.3. The variance¾for a measurement

likelihood p(mj ~m) is inverselyproportional to the choiceof ¸ for that measurement.

As mentioned earlier, there are two opposingidealswhich determineour choicefor ¸ :

1. We require that ¸ be large enoughfor roughly optimal tracking results when

using a given measurement criterion.

2. Given the above precondition, we require that ¸ be assmall aspossible(in the

interestsof a \healthy" particle distribution).

To determine an appropriate ¸ value for each measurement function, we try to

track the lower body using a single measurement function for likelihood determina-

tion. Wetrack with multiple cameras,but for clarity the tracking resultsarepresented

from the perspective of only onecamera.1000particles wereusedthroughout.

4.2.1 Plotting Eccentricit y

In this sectionwe will present ¯gures which graphically represent the eccentricit y

of a particle distribution. To createthe plots, the following stepsare taken:

1. A set L = f ¼1; ¼2; ¢¢¢; ¼ng is built from the normalizedparticle likelihoods.

2. The set L is sorted to generatethe new L s, alsoof cardinality n.

3. For each of n items in L s, a point ( k
n ;

P k
i=1 L si ) is plotted, and a line drawn

from the previousplotted point.

In other words, we make a cumulative plot of the particle distribution. Due to

the sorting step, the rate of changefor the cumulative plot must always be positive.

Additionally , the points (0; 0) and (1; 1) will always appear in the plot. If all particles

haveequallikelihood, the plot will be linear. If the cumulative likelihood is distributed

among only a small fraction of particles | in other words, if the distribution is

eccentric | the plot will approach the point (1; 0), though it can never reach this

point sincethe normalizeddistribution must sumto 1. For an exampleof theseplots,

seeFigure 4.1.
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4.2.2 Orien ted Edge Detection

The oriented edgeresults for ¸ = f 0:6; 0:7; 0:8; 0:9; 0:95g can be seenin Figure

4.1. Tracking was roughly comparablefor ¸ = 0:9 and ¸ = 0:95, and was slightly

worsewhen ¸ = 0:8. In the latter case,tracking wasunable to recover after frame 32

becausemuch of the weight in the particle setwasessentially wastedon particles that

were far from the legs. Tracking was ine®ective for the ¸ = 0:6 and ¸ = 0:7 cases.

Ultimately, we chose¸ = 0:9 as per the heuristicsoutlined above in Section4.2.

4.2.3 Orien ted Ridge Detection

Again, we test the oriented ridge measurement for ¸ = f 0:6; 0:7; 0:8; 0:9; 0:95g can

be seenin Figure 4.2. The tracking results are generally unimpressive for the ridge

measurement, but they are more \precisely unimpressive" for ¸ = f 0:9; 0:95g. In

addition, the ridge responseis prone to falsepositives,and this motivates the choice

of a high ¸ value. Thus, we de¯ne ¸ = 0:9.

4.2.4 Background Subtraction

We test ¸ = f 0:3; 0:4; 0:5; 0:6; 0:8g for the background subtraction measurement.

For ¸ > 0:5, we seean unacceptablyeccentric particle set. Tracking is adequatefor

¸ = 0:4 and slightly more precisefor ¸ = 0:5. As such, we set ¸ = 0:45 for the

background subtraction measurement.

4.2.5 Template Matc hing

The template matching resultsfor ¸ = f 0:3; 0:4; 0:5; 0:6; 0:7g canbeseenin Figure

4.4. The resultsareexcellent acrossthe board, though the posteriorvarianceis smaller

when ¸ > 0:4. We thus set ¸ = 0:45.
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Frame ¸ = 0:6 ¸ = 0:7 ¸ = 0:8 ¸ = 0:9 ¸ = 0:95

5

10

15

25

30

Figure 4.1: Orien ted edge trac king results with respect to ¸ : The distributions
(top) are plotted accordingto the speci¯cations in Section4.2.1. The tracking broke
down shortly after frame 30 for ¸ = 0:8.
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Frame ¸ = 0:6 ¸ = 0:7 ¸ = 0:8 ¸ = 0:9 ¸ = 0:95

7

15

23

31

Figure 4.2: Orien ted ridge trac king results with respect to ¸ : The distributions
(top) are plotted accordingto the speci¯cations in Section4.2.1.
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Frame ¸ = 0:3 ¸ = 0:4 ¸ = 0:5 ¸ = 0:6 ¸ = 0:8

5

15

25

32

45

Figure 4.3: Background subtraction trac king results with respect to ¸ : The
distributions (top) are plotted according to the speci¯cations in Section 4.2.1. The
tracking resultsweregenerallyequivalent for ¸ > 0:4, though the eccentricities for the
higher ¸ valueswould prohibit robust tracking with multiple measurement models.
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Frame ¸ = 0:3 ¸ = 0:4 ¸ = 0:5 ¸ = 0:6 ¸ = 0:7

3

7

11

15

Figure 4.4: Template matc hing trac king results with respect to ¸ : The dis-
tributions (top) are plotted accordingto the speci¯cations in Section4.2.1.
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Frame: 5 10 15 20 25

Camera1:

Figure 4.5: Tracking results when considering camera 1 exclusiv ely.

Frame: 3 6 9 14 15

Camera1:

Camera2:

Camera3:

Figure 4.6: Tracking results when considering camera 2 exclusiv ely: By the
end of the sequence,the model has veeredo®coursewith respect to cameras1 and
3.

4.3 Mono cular Tracking

In the sequencespresented in this section, we use 1000 particles to track the

lower body. The edgeand background subtraction measurement criteria were used

throughout. As onemight expect, the resultsthat appearreasonablefrom the primary

camera are lesscoherent from the other viewing angles. Multi-camera results are

available in Section4.4; even though fewer particles wereusedin thesemulti-camera

trials, there are substantial improvements in tracking accuracy.
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Frame: 1 3 5 7 9

Camera1:

Camera2:

Camera3:

Figure 4.7: Tracking results when considering camera 3 exclusiv ely: Camera
3 has little chanceof tracking the legsin this sequence,asnearly all of the motion is
perpendicular to the ¯lm plane. Tracking breaksdown rapidly.



59

4.4 Com bining Measuremen ts

Frame: 3 6 9 12 15

E/R:

E/BgS:

E/T:

R/BgS:

R/T:

BgS/T:
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Frame: 3 6 9 12 15

E/R/BgS:

E/BgS/T:

R/BgS/T:

All:

In this sectionwe try to track the lower body with 500particlesand all 3 cameras.

The secondand third camerasare not shown here. The results (and the cumulative

posteriordistribution plots in Figure 4.8) arelargely self-explanatory, but a fewpoints

are worthy of special emphasis:

² In the backgroundsubtraction and templatematching combination, the tracking

results are very good even though the posterior distribution is quite eccentric.

The eccentricit y is largely due to the dependencybetween the measurements

and the breadth of the histograms;the tails of the likelihood Gaussianapproach

zero,and only with thesetwo measurement criteria do the measurements often

map to the low tails of the likelihood.
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2 Meas:

3 Meas:

4 Meas:

Figure 4.8: The e®ect of measuremen t combinations on the posterior dis-
tribution: The cumulative plots of the posterior distributions becomemore eccen-
tric as additional measurement criteria are considered.Note that for measurements
which are increasinglydependent probabilistically, the cumulative distribution is es-
pecially eccentric. (E.g., background subtraction and template matching) The magni-
¯ed (right) cumulative plot for the posterior distribution after using 4 measurements
is given context by the plots for 3 measurements.
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² The combination of all four measurement criteria performsnotably worsethan

someof the 3-way combinations. This, too, is due to the increasein invalid de-

pendencyassumptionsand extremely low tail valuesfor somelikelihood Gaus-

sians.
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4.5 Extended Tracking Results

4.5.1 Tracking Mo dulo Arms

Frame: 0 2 4 6 8

Camera1:

Camera2:

Camera3:

Frame: 10 12 14 16 18

Camera1:

Camera2:

Camera3:
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Frame: 20 22 25 26 28

Camera1:

When tracking the lower body with the edgeand background subtraction mea-

surement criteria, the legs tend to creep up into the torso. We can addressthis

problem by incorporating the template matching measurement, but we can alsosta-

bilize the legsby adding the torso and head to the model. The head constrainsthe

model, and the legscannot climb up the body as seenin parts of Section4.4. It is

interesting to note that, at least in this case,increasingthe parameter search space

actually improvestracking results substantially .
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4.5.2 Full-Bo dy Tracking

Frame: 0 1 2 3 4

Camera1:

Camera2:

Camera3:

Frame: 5 6 7 8 9

Camera1:

Camera2:

Camera3:
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Ultimately, weareunableto track the full-body through the entire input sequence.

Tracking breaksdown oncethe subject's left arm occludeshis torso, at which point

the edgesare harder to ¯nd. In addition, the subject's right arm is only visible from

camera3 for many frames. Consequently, its motion | which is perpendicular to

camera3's ¯lm plane | is not easily tracked. Given a fourth view from the subject's

right side,tracking the full body would probably be much easier.Even after the arms

are lost, the legs, torso, and head maintain adequatetracking. These results were

generatedusing 12000particles, but 5000particles worked nearly as well.



Chapter 5

Conclusions

Wehavedocumented a systemdesignedto track a human through videosequences

with few input preconditions. We usea model-basedapproach basedupon Bayesian

inference,and approximate the posterior distribution with a particle set.

We found that the particle ¯lter is lesse®ective when the particle distribution

becomeseccentric. To help guard against such a circumstance,we broke likelihood

determination into two steps: one for a raw measurement, and one for a dynamic

likelihood mapping. This mapping was parameterizedby the heuristic ¸ . By experi-

mentally optimizing ¸ , our particle distribution waswell-behavedandweconsequently

achieved improved tracking results.

Additionally , we found that multiple cameras| asonewould expect | stabilized

tracking in three dimensionsby disambiguating limb locationsin the depth dimension

for any onespeci¯c camera.

5.1 Future Work

This work focusedprimarily on the sub-problemof likelihood determination. As

such, with minimal work, onecould build many other tracking models[4] around the

likelihood system proposedhere. Speci¯cally, belief propagation holds promise for

human motion tracking: limb parameterizationsare independent, and joints have

greater °exibilit y due to a spring-like messagepassingframework.

None of the measurement functions were of signi¯cant procedural complexity.

67
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Countless measurement criteria could be devised which would, on their own, re-

turn more reliable information than those presented in this work. In particular,

we would like to incorporate a measurement basedupon optical °ow from frame to

frame,[1][14] as well as a measurement designedto ¯nd median distancesto strong

properly-oriented edgesfor a given limb con¯guration.

Were we to take the median value for each pixel over the image sequence,we

could dynamically determine the background images. With automatic background

subtraction and multiple cameras,we should be able to signi¯cantly constrain the

search spacefor initialization, even in input sets without provided background im-

ages.Usinga body model with independent limb parameterizations,wecouldpropose

potential initial con¯gurations for the body rather than hand-initialize the poseour-

selves.
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