
Silhouette Lo okup for Mono cular 3D Pose
Tracking

NicholasR. Howe�

Smith College, Northampton, MA 01063, USA

Abstract

Computers should be able to detect and track the articulated 3-D poseof a human
being moving through a video sequence.Incremental tracking methods often prove
slow and unreliable, and many must be initialized by a human operator before
they can track a sequence.This paper describes a simple yet e�ectiv e algorithm
for tracking articulated pose, based upon looking up observations (such as body
silhouettes) within a collection of known poses.The new algorithm runs quickly,
can initialize itself without human intervention, and can automatically recover from
critical tracking errors made while tracking previous frames in a video sequence.

Key words: monocular tracking, articulated tracking, posetracking, silhouette
lookup, failure recovery

1 In tro duction

Researchers have worked for decadestowards the goal of a computer system
that can track the articulated poseof a moving human being from monocular
video input (1; 2; 3). An e�ective posetracking system would immediately
enableapplications in security, ergomonics,human-computerinteraction, and
many other �elds. Yet a recent study concludedthat none of the automated
tracking methods tested could successfullytrack a moderately di�cult exam-
ple (4). Recovery from tracking errors thereforedeservesmore than the scant
research attention it hasreceived (5) to date. Furthermore, currently popular
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approachesbasedupon particle tracking are slowed by the needto propagate
multiple samplesat each frame. Research into non-incremental, recoverable
tracking mechanismstherefore�lls a pressingneed.

This paper develops a lookup-basedapproach to pose tracking, focusing in
particular on silhouette lookup. This approach, hereafter referred to as SiLo
tracking, o�ers signi�cant advantages over currently popular methods using
parameter optimization and particle tracking algorithms. The SiLo tracker
described in Section 2 requiresno human input for initialization. Even if it
makesgrave errorsduring di�cult sectionsof a video, it canautomatically re-
cover to track the correct poseon subsequent frames.Furthermore, although
the implementation describedhereis not optimized for speed,the approach in-
vites signi�cantly faster implementations than thosebasedupon optimization
and particle tracking.

Several developments contribute to enabletheseadvances.The many-to-one
silhouette-to-poserelationship hasin the past proved a barrier to the develop-
ment of silhouette-basedtrackers. The new technique exploits temporal con-
tinuity to choosethe best hypothesisamongmultiple candidateposesat each
frame, via a Markov chain formulation. Relieved of the burden of �nding the
perfect match, simpleyet e�ective metrics make feasiblethe rapid retrieval of
candidatesilhouettes.Finally, smoothing and optimization basedupon poly-
nomial splinesensurethat the trackedoutput formsa plausiblehuman motion
that matchesthe observations.

The sectionsthat follow describe each of thesecontributions in more detail.
Section2 describesthe SiLo tracking algorithm and placesit in the context of
previous work. Section3 describes experimental results using the algorithm.
Section 4 concludeswith an analysisof the approach's strengths and weak-
nesses,and a discussionof future work.

2 SiLo Tracking

The algorithm described below takesasits input raw video from a single�xed
viewpoint, assumedfor simplicity to contain a single human being entirely
within the cameraframe and unoccludedby other objects. Multiple subjects,
partial visibilit y, and cameramotions make the already challenging problem
more di�cult. Although this paper will at times indicate how such additional
complicationsmight be addressed,they fall beyond its focus,and the experi-
ments will all useinput that conformsto the assumptionslisted above.

For each frame Fi in the input video, the algorithm producesas output a
vector � i , specifying the pose of a parameterizedarticulated model of the
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humanbody. (The model includeshead,neck, torso,upper and lower armsand
legs,handsand feet. It uses35 parametersto specify the angular orientations
of the �fteen rigid body parts, plus two for translation in the image plane
and one for scaling.) Data from the input video passthrough multiple stages
during generationof the output pose:background subtraction and silhouette
extraction, silhouette lookup, Markov chaining, and smoothing. The sections
below describe each of thesestages.

2.1 SilhouetteExtraction

A number of cuesdistinguish the humanbeingin a videofrom the background.
Thesemay includeappearance,motion, and heat emission(if infrared cameras
are available (6)). The experiments below use motion segmentation because
there exist well-studied techniques that are straightforward to apply under
appropriate conditions (i.e., static cameraand background). Any of a number
of techniquesmay be usedto model the background and perform background
subtraction (7; 8), including some that can identify human subjects mov-
ing against dynamic backgrounds (9). The experiments presented below use
a static estimation of the background, generatedby robustly measuringthe
meanand devianceof each pixel over time while excludingoutliers. In applica-
tions wheretemporal batch processingis impractical, oneof the dynamically
updated background models cited above can be used instead without other
signi�cant changesto the algorithm. Regardlessof the background model cho-
sen,comparingthat model with each frame of the video yields a set of pixels
that deviate strongly; theseare labeledas foregroundand the remaining pix-
elsasbackground. Further operationson the pixel labelsmitigate small errors
and yield the observed silhouette for that frame. Simple morphologicaloper-
ations have commonlybeenusedfor such cleanup, but this work insteaduses
a graph-basedmethod that yields slightly cleanersilhouette boundaries(10).
Under the assumptionsstated above, foregroundpixels should correspond to
the human subject in the frame. However, there are occasionallysmall errors
due to poor contrast, re
ection, shadowing, and other e�ects. If the set of
foregroundpixels is disjoint, then the subsequent processingstepswork with
the largest connectedforeground component. Figure 1 shows some sample
silhouettes,including someexamplesof the (rare) failures.

2.2 SilhouetteLookup

Successfulsilhouette lookup requirestwo ingredients: a knowledgebaseof sil-
houettesassociated with known poses,and an e�cien t heuristic for comparing
the known silhouetteswith thoseobserved in the video input. This work uses
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Fig. 1. Sample silhouette extractions, showing someof the failure modes. At left,
re
ection causesan extra spot (removed in postprocessing).At center and right,
hair is labeled as background.

Fig. 2. Body model for arti�cial renderings (shown: foot). Parts are rendered as
smoothly-varying extrusions between ellipsoidal endpoints with aligned axes,gen-
erating realistic body shapesfrom simple poseparameters.

data from the CMU Motion Capture Database to populate the knowledge
base,or silhouette library. Motion-captured posesare transformed to a stan-
dard scaleand orientation, then arti�cially renderedfrom di�erent viewpoints
using a genericbody model. (SeeFigure 2.) For each pose,the library stores
silhouettescomputed from multiple views. The experiments described herein
use36 parallel projections at 10� intervals of azimuth around the subject and
0� of elevation, but other views can easily be included depending upon the
anticipated cameraviewpoint.

Early versionsof the systemsimply storedall viewsfor every frameof motion-
captured data, leading to redundancy in the silhouette library. Storing the
silhouettesof multiple nearly-identical posesdegradesperformancein several
ways. Clearly, it increasessearch time. More subtly, it can decreasethe inde-
pendenceof the top hits retrieved from the library for a particular query, so
that the e�ective number of candidateposesretrieved is lower than the num-
ber requested.This meansthat the correct poseis lesslikely to be amongthe
k top hits retrieved, for any �xed k. For this reason,during library construc-
tion each new posemust be comparedagainst all thosecurrently stored, and
discardedif it fails to di�er signi�cantly from someposealreadyin the library.
Since the motion of a single body part can change the silhouette, a poseis
consideredsigni�cantly di�erent if either endpoint of any body part di�ers by
morethan a chosenthreshold.(The amount of frame-to-framechangeobserved
in typical motion capture data motivatesthe choiceof both this thresholdand

4



0 1
0

p

2p

0 1
0

p

2p

(a) (b)

Fig. 3. Turning angle representation for a simple shape (a). For this �gure, the
perimeter trace (b) starts at the bottom of the curved section and proceedscoun-
terclockwise. The turning angle metric measuresthe area betweentwo such traces,
(c).

the number of di�erent viewsgeneratedfor each pose.)

Once stored in the library, silhouettes must be retrieved using one or more
shape retrieval heuristics.Many commonheuristicsusedfor generalshape re-
trieval prove insu�cien tly sensitive to the preciseorientation of armsand legs,
which are crucial in this application. Furthermore, while many shape retrieval
heuristicsstrive for rotation invariance,gravit y ensuresthat rotation is highly
signi�cant for human poses.This work incorporates two heuristic similarity
measures:the turning anglemetric and the chamfer distance.Although both
work individually, a combination of the two (using summed retrieval ranks
(11)) appearsmost e�ective.

The turning angle metric is sensitive to the length and orientation of ex-
tended limbs, and has been shown to correlate well with human notions of
shape similarity (12). In brief, the turning anglemetric measuresthe integral
of the di�erence betweentwo normalizedfunctions, whereeach function is de-
rived from a silhouette by taking the tangent trace madeduring onecomplete
circuit around the silhouette's border (seeFigure 3). A single trace records
the tangent angle at equally-spacedpoints around the silhouette, beginning
at the highest point (usually the top of the head) and proceedingclockwise.
Typically around 150 points are sampled,depending on the compactnessof
the shape. Becausethe turning anglemetric is not rotation invariant, its use
hereassumesthat a commonrotational referencepoint exists; standard �lm-
ing convention justi�es making this assumption.(The vertical axis in physical
spacecorrespondswith the y axis in most videos.)The expedient of using the
topmost point to start implies a minor instabilit y if two separatebody parts
are closeto topmost, but this di�cult y may be addressedby ensuring that
the silhouette library includesseparateexamplesof similar poseswhereeach
distinct part gets to be topmost. Using this approach, no unusual problems
appear in the experiments for sequenceswherethe arms rise above the head.
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The chamfer distancecomparestwo setsof pixels (the boundariesof the sil-
houettes, in this case)by taking the sum of the distancesfrom each pixel in
oneset to the nearestpixel in the other set.

� (S1; S2) =
X

p2 S1

min
q2 S2

d(p;q) (1)

Note that this is related to the Hausdor� metric, which takes a maximum
rather than a sum. It is asymmetric, i.e., � (S1; S2) 6= � (S2; S1). For silhou-
ette retrieval, the experiments below use the chamfer distance between the
boundary points of the observed silhouette and the boundary of the library
silhouettes.This one-way chamfer distancecan be found rapidly by precom-
puting the distancetransform of the observedsilhouetteboundary and usinga
chain-code representation of each library silhouette boundary to samplefrom
it.

Using the selectedcomparison heuristic or combination of heuristics, each
silhouette extracted from the input frames identi�es a set of silhouettes in
the knowledgebasethat appear closestto the observed silhouette: the library
\hits". The posesassociated with thesehits becomethe candidatesin the next
processingphase(Markov chaining). Dependingon the coveragedensity in the
silhouette library, the number of hits within a �xed similarity threshold varies
widely at di�erent points in a video clip. As a supplement or alternative to
using a �xed threshold, the number of hits can be ki con�ned to lie within
boundskmin and kmax , such that kmin < ki < kmax at all frames.In practice,
setting kmin = kmax � 50 often works satisfactorily, but this dependson the
density of coveragein the library.

If the library population is sparse(due to a scarcity of relevant motion capture
data), it can be augmented via the notion of kinetic jumps (14). Simply put,
a family of related posescan generateidentical silhouettesunder orthograhic
projection, and thus a number of candidate posescan be generatedfrom a
single library pose.The simplest example involves a simultaneous left-right
inversion of the pose and re
ection of the line-of-sight axis (see Figure 4).
Thus a set of library retrievals may be augmented by computing the family
of kinetic jumps, then pruning physically impossibleand duplicate poses.In
practice, this canbe usefulif the library coverageis sparse,but produceslittle
or no bene�t when the posesof interest are denselyrepresented in the library.

The discussionabove hasassumedthat simple linear search will su�ce for re-
trieval of the candidatesilhouettes.Indeed,the metrics usedcanbe computed
rapidly enoughthat linear search is usedfor all of the experiments presented
below. However, retrieval speedbecomessigni�cant if operation nearreal-time
speedsis desired,or if the poselibrary becomessu�cien tly large. Including
many di�erent types of motion in the poselibrary will swell its size,as will
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Fig. 4. Right-left ambiguity for silhouettes.The two poseson the left produceexactly
the samesilhouette when viewed from the side under orthographic projection. The
transformation from one poseto the other is called a kinetic jump.

including sihouettesseenfrom nonzerocameraelevations.

Some research has looked at sub-linear retrieval using parameter-sensitive
hashing (15) or the triangle inequality (16), resulting in techniques which
can be applied here.For the tracking application onecan alsotake advantage
of the temporal connectionsbetween frames to restrict the number of poses
that must be examined.Posesvery dissimilar to the candidatesfor the pre-
vious frame will be rejected in the chaining phase(as described below), and
thereforeneednot be consideredfor retrieval. If the poselibrary is augmented
during creationsothat each entry contains a table of pointers to all other poses
within a chosensimilarity threshold, then thesepointer tablesmay be usedto
quickly search the subsetof posesthat aremost similar to the candidatesfrom
the previous frame. Consideration of the maximum plausible human motion
in a single frame suggestsa suitable threshold choice. Judicious useof these
strategiesshould allow the implementation of much larger pose libraries in
practical applications.

2.3 Markov Chaining

Becausethe relationship of possibleposesto observed silhouettes is many-
to-one, and the retrieved posesare only approximate matches to the actual
observations, silhouette lookup returns multiple possibleposesfor a singleob-
served silhouette.There exist techniquesthat implement one-to-onemappings
of silhouettesto poses(17), but thesewill have di�cult y when they encounter
a posethat di�ers from the oneembodied by their mapping, as must happen
sooner or later. Nevertheless,any tracker must ultimately weed through the
profusionof possibleposesto settle on a singlemost likely posein each frame,
and Markov chaining provides the appropriate mechanism.

Markov chaining exploits the temporal dependencyof human motion to elim-
inate unlikely posesequences,retaining the singlechain of poses(one for each
frame) that simultaneouslymaximizesboth the per-framematch to the obser-
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vations and the temporal similarity betweensuccessive frames.The problem
may be stated in terms of error minimization, with the goalof minimizing the
function E stated below.

E =
nX

i =0

� (� i ; Si ) + �
nX

i =1

� (� i ; � i � 1) (2)

Heren represents the number of framesin the video, � represents the matching
error betweenthe silhouette corresponding to the poseparameters� i and the
observations in a given frame Si , � represents the motion di�erence between
two di�erent setsof poseparameters,and � servesasa weighting factor. The
remainderof this sectiondiscussesthe choiceof functions for � and �.

One potential choice for � is the energy function used to rank silhouettes
for retrieval. Although an asymmetric chamfer distance was used for rapid
retrieval, at this stagethe number of posesto be consideredis small enough
to allow the useof the symmetric function, and this providesgreatersensitivity
to the precisesilhouette observations. Thus the chaining stageusesa � that
appliesEquation 1 symmetrically over the border pixelsof the two silhouettes:

Let P� i = BorderPoints(Render(� i ))
and PSi = BorderPoints(Si );

� (� i ; Si ) = � (P� i ; PSi ) + � (PSi ; P� i ) (3)

The choice of motion di�erence function � o�ers an array of possibilities
dependingupon the degreeof physical realismdesired.The simplest functions
merely reward solutionsthat changeaslittle aspossiblefrom oneframeto the
next, perhapsin termsof each joint's angularparametersweighted by the mass
and moment of inertia of the a�ected portions of the body. A more physically
realistic criterion would measurethe changein linear and angular momentum
of body parts in 3-D space,or perhapsthe power requiredto transition between
frames.However, properly implementing any criterion basedupon changein
velocity or momentum requires the use of a stochastic chain with two-state
memory in place of a Markov chain, which increasesthe complexity of the
computation. In mostcases,the simpler format yieldsexcellent results,and the
extra computation of the morephysically plausiblemodelsappearunnecessary.
Except for the synthetic-data experiment, all the results presented below use
the simpler di�erence function.

� (1) =
X

j 2 P ar ts

M j j@x j (� i ; � i � 1)j + I j j@' j (� i ; � i � 1)j (4)

Here M j and I j are the massand moment of inertia, respectively, of the j th
body part, while @x j and @' j are the translation and rotation of the part
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betweenthe posesspeci�ed by parameters� i � 1 and � i . By contrast, the two-
frame function looks like the following.

� (2) =
X

j 2 P ar ts

M j j@x j (� i ; � i � 1) � @x j (� i � 1; � i � 2)j

+ I j j@' j (� i ; � i � 1) � @' j (� i � 1; � i � 2)j (5)

As noted above, using the simpli�ed � (1) makesthe sequenceof frame poses
into a Markov chain, where the likelihood of a particular pose in frame i
dependsonly upon the poseassignedfor framei � 1, and not on the posein any
precedingframes.The minimum of Equation 2 canbe found e�cien tly usinga
forward-backward (Viterbi) dynamic programmingalgorithm, given the �nite
set of ki possiblesolutions at each frame generatedduring silhouette lookup.
This minimum-energysolution servesas the basisfor further smoothing and
optimization.

As a �nal note, although the Markov-chain approach works for most normal
cases,it can run into trouble if poor quality video input leadsto intermittent
failures of the foregroundsegmentation. A single frame with a grosserror in
the observed silhouette can causeall the posesretrieved for that frame to be
far from any of the retrieved posesin the surrounding frames.This situation
will be readily apparent asa spike in the Markov chain energyat that frame. If
detected(perhapsby examiningthe per-frametransition energy�(� i ; � i � 1)),
the situation can be dealt with in one of two ways. One possibility is to al-
low \skipp ed" frames in the chaining process,computing the energy for the
skipped framesby interpolation. (This canbe viewed asaugmenting the set of
retrieved posesfor a particular framewith additional candidatesgeneratedvia
linear combinations of two retrievedposes,onefrom a precedingframeand one
from a succeedingframe.) Allowing skipped framesincreasesthe complexity
of the chaining process,but hasbeenimplemented and run successfully.

Another approach is simply to requiresomeor all of the candidateposesto lie
near the posesgeneratedfor the previousframe,by choosingthe best matches
from a restricted set of silhouettes selectedfor their proximit y. Including a
near-neighbor for each posefrom the precedingframe will ensurecontinuity,
but may waste resourceson candidate solutions with low probability, while
leaving insu�cien t resourcesfor the more likely solutions. This is analogous
to the problem faced by particle-tracking methods (18), which solve it by
weighting the chanceof perpetuating any given tra jectory accordingto how
well it �ts the data available. For the experiments herein,a pool of candidates
is chosen from the subset of all poseslying near somecandidate from the
preceding frame, without requiring a nearby candidate for every preceding
pose. This allows for continuity of the best tra jectories while allowing the
more unlikely tra jectories to die out. Nevertheless,if all the new candidates
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Fig. 5. Schematic illustration of candidate poseselectionfor a new frame. One pool
of candidates (A) is chosenfrom those lying near the candidates for the preceding
frame (dots; gray areashowseligible neighborhood). A secondpool is chosenwithout
restriction (B), and may be any distance from the precedingframe's candidates.

are selectedin this manner, then the abilit y to recover from tracking errors
may su�er. (The solution may get trapped in an unlikely area of parameter
spacefar from the true solution.) Thus it also makessenseto include in the
pool of candidatessomeposeschosenwithout restriction, to allow recovery
from grosserrors.Figure 5 illustrates theseconsiderationsschematically. (The
readermay recall that Section2.2alsoproposedrestricting the candidatepool
to posesnear the previous frame's candidtates, for faster library searches. If
speedis essential, then the inclusion of unrestricted candidateposesfor error
recovery may be performedonly periodically, rather than at every frame.)

As a note, the experimental resultspresented in Section3.4suggestthat the set
of retrieved candidatesolutions tends to convergeto the most likely possibil-
ities rather than diverge.Indeed, there is usually substantial overlap between
the candidateschosenwith and without restriction. If a low-quality foreground
segmentation is ambiguousenoughto permit many di�erent candidateposes,
then tracking may not be feasiblein any case.

2.4 Smoothing and Optimization

Markov chain minimization producesa solution that is consistent both from
frame to frame and with observations made at each frame. However, it is
still madeup of posesretrieved from the knowledgebase,which typically do
not exactly match the posesin the true solution. Usually, a rendering of the
proposedsolution appearsjerky and occasionallyinconsistent with the input
video where no pose in the knowledge baseexactly matches the true pose.
Two �nal processingstepsaddresstheseconcerns.

The �rst stepeliminatesjerkinessthrough a temporal smoothing of the Markov
chain solution. The vector � i of poseparametersat framei canbedecomposed
into its individual components, each viewedasderiving from a one-dimensional
function of the frame number � j (i ) plus someerror � j (i ). Assuming that the
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Fig. 6. Samplesmoothing of singleparameter dimension� j (i ). The �nal curve (solid
line) smooths out the individual Markov chain points (crosses).Two of the overlap-
ping spline curvesare shown (dotted lines).

underlying component functions � j shouldbe smooth, � j (i ) canbe modeledas
a seriesof smoothly interpolatedoverlappingpolynomial splines(seeFigure 6).
Taking � 0

i = (� 1(i ); � 2(i ); :::; � m (i )) eliminates the error term and yields a
smoothed solution. The experiments described in this paper build the � j (i )
usingquadratic splinesof eleven framesin length and smoothly overlapped by
�v e frames.(Examination of real motion capture data indicatesthat splinesof
this sort can readily model real human motion with negligibleerror.) Given a
frame rate of 30 Hz, eleven-framesplinesenforcesmoothnessover a timescale
of about one-third of a second.

It is worth noting that the useof splinesin this capacity causestrouble if the
mapping from parameters� i to joint positions contains singularities. In such
cases,poserepresented by the smoothed spline curve may di�er greatly from
the unsmoothed pose despite the small distance in parameter space.This
work usesan Euler-like representation of the joint angles,and encountered
such problems in its early stages.The joint angle repesentation employed
herein has sincebeenmodi�ed to ensurethat the singularities occur outside
the range of motion for each individual joint. (As an alternative, one might
usequaternionsor another singularity-free joint anglerepresentation, but this
would increasethe number of parametersneededand thus signi�cantly slow
the optimization step described below.)

The result of the smoothing processmay still not exactly match the observed
silhouettesin all places,depending upon how closelythe posesin the knowl-
edgebasecan match the actual posesobserved. Parametric optimization can
increasethe match betweenthe observations and the proposedsolution. This
is implemented asa simplexsearch via Matlab's fminsearch function, sincethe
discretenessof the silhouette observations makesgradient-basedsearch unre-
liable. To maintain the smoothnessof the solution, the optimization proceeds
on the parametersof the m polynomial splines(createdduring the smoothing
processdescribed above) that generatea smoothed block of eleven framesat
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once.The energycriterion is simply Equation 3 summedover all 11 frames:

E =
i 0+10X

i = i 0

� (� i ; Si ) (6)

Optimization typically takesmuch longer than the precedingstepsfor a rela-
tively small improvement in the accuracyof the results, soapplications (such
as activit y and gait recognition) not needingextreme precision may choose
to forego it. Furthermore, if allowed to proceed to a conclusion, optimiza-
tion may in certain casesdiscover physically unlikely posesthat nevertheless
exhibit slightly lower energythan much morephysically probableones.Incor-
porating a term in the energy equation to evaluate a priori poselikelihood
would discouragesuch behavior. Unfortunately, good probabilistic models of
human poseare still a subject of research. A more expedient way to avoid the
problemis to cut o� optimization beforeit hasthe chanceto exploreposestoo
far from the initial solution. In this manner, optimization correctsgrossmis-
matchesbetweenthe proposedsolution and the observations without straying
too far from known poses.

2.5 Related Work

A largebody of work on posetracking precedesthis paper, dating back to the
early 1980's(1; 2; 19; 20; 21; 22; 23). A 2001survey lists many contributions
(3), and divides the work into categoriesaccordingto the problem addressed
and approach taken. This section will focus on other research into full 3-D
articulated posereconstructions from monocular video input, sincethat is the
target of the current work.

Recent e�orts have usedmodels of probable posesand motions, appearance
models for body parts, and sophisticatedoptimization routines together with
particle-basedtracking algorithms (21; 22; 14). As mentioned previously, ap-
proachesof this sort encounter di�culties with initialization and error recov-
ery, and can be slow to operatedue to the number of samplesthat needto be
maintained. More recent work usesbottom-up detection of body parts based
upon appearancepriors to locate and track subjects (24; 25). This can allow
for automatic initialization without the use of background subtraction, but
usually introducesother assumptionsabout the appearanceof the tracking
subjects (e.g.,body parts have coherent appearance).Assembling peoplefrom
their parts is di�cult, and while the initial results appear promising, more
research is necessaryto de�ne the full capabilities of the approach.

Therehasbeensomeprior interest in usingsilhouettesfor poserecognition(26;
27; 28), but the reported resultsdo not present completed3-d reconstructions

12



of video clips. One exceptiondoesinclude results for a singlevery short (19-
frame) sequence(23). The latter work is similar in spirit to that described
here, using edgeimagesinstead of silhouettes to retrieve a single pose per
frame. It applies a completely di�erent retrieval metric (shape context (29))
and doesnot addressthe issuesof frame-to-framechaining consideredherein.
A more completecomparisonof the two methods would make an interesting
subject for future research. Another recent paper developsan elegant method
for regressionfrom silhouettes to poses(17), but by implicitly de�ning the
silhouette-to-poserelationship as one-to-one,it limits the variety of human
posesthat it can handle.

Recent research has also looked at the use of silhouettes for tracking hand
pose(30; 31). The hand-tracking work makesthe one-to-oneassumption,and
further di�ers from the resultspresented hereinby presumingthat only a small
number of key poses(e.g.,sign-languagesymbols) needbe preciselyidenti�ed,
with intervening frames�lled in via interpolation. In a similar vein, repetitiv e
full-body motions such as walking have been reducedto a small number of
key poses,with the problem further constrained by a learned model of the
transition probabilities (32). By contrast, this work usesa knowledge base
with broad coverageto retrieve the best matches for every frame, allowing
the motion to develop arbitrarily without having to passthrough key poses.
The large number of degreesof freedomin the human body would seemto
inhibit the identi�cation of key posesin free-formmotion such asdance.(On
the other hand, key poseshave also beenapplied for full-body estimation in
certain limited domains,for examplein the analysisof tennis serves(33).)

The useof silhouette lookup here sharessomeideas in commonwith recent
work by Shakhnarovich et. al. on lookup-basedapproachesto poseestimation
(15). Their work usesedgefeatures rather than silhouettes, applied to the
rapid estimation of upper-body posefrom single imagesrather than videos.
They use parameter-sensitive hashing to achieve sub-linear retrieval speeds,
and increasethe precisionof the retrieval prediction, by interpolating between
the top retrieval results. Both of theseideasshould prove equally useful with
silhouette lookup, although the Markov chaining and smoothing stepsalready
achieve results similar to thoseof the interpolation process.

Finally, somepreviouswork has looked at the useof temporal Markov chains
for simpler problems.Kwatra et. al. usetemporal chains to label body parts
protruding from the edgesof human silhouettes, and for generating simple
posedescriptorssuch as standing, sitting, bowing, etc. (34). This work uses
similar ideas,but takesthem much further.
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3 Exp erimen tal Results

Quantitativ e evaluation of 3-d posereconstructionis notoriously di�cult, and
standard test sets have yet to emerge.It is di�cult to obtain ground truth
calibrated with real video. This sectionthereforebeginswith quantitativ e re-
sults for synthetic input for which ground truth is known. Further experiments
apply the methods described above to real video clips without ground truth,
but representing a wider rangein di�cult y.

3.1 Synthetic Data

Synthetic input can be easily generatedfrom motion capture data, using the
samerendererthat produceslibrary silhouettes.This experiment usesa fresh
set of motion-capture data, not made available to the systemduring library
generation.The renderergeneratesa sequenceof foregroundsilhouettes,one
for each frame, and thesethen serve as the queriesfor the lookup stage.Be-
causethe test sequencewas not seenby the system during library creation,
the library should not contain any exact matchesto the test silhouettes.The
chosensequenceshows one hundred framesof a personwalking in side view
(much like the Walk-Straight clip described later).

Figure 7 summarizesa comparisonof the tracking results with ground truth.
Twenty points of interest on the body form the basisof the comparison.The
�gure displays the root-mean-squaredeviation of the tracked solution from
the ground truth in the cameraplane and along the line of sight. Units are
pixels (by comparison,the human �gure is around150pixels tall). Becausethe
reconstruction of coordinates along the line of sight can only be determined
only up to a constant term, the reconstuction is normalized along this axis
so that the meanposition over the entire sequenceequalsthat of the ground
truth. The errorsdisplayed are thereforeresidualsre
ecting di�erencesin limb
position and orientation betweenthe reconstructedposeand the groundtruth.

The �gure revealsseveral interesting patterns. While the line-of-sight error is
the greatest, it is within a factor of two of the visible dimensions.It risesat
the extremities of the body, due to accumulation of errors at previous joints
in the kinematic chain. The two image-planedimensionsexhibit the highest
error in the arms, which are frequently occluded by the body and therefore
more di�cult to reconstruct accurately.

Synthetic data can also answer questionsabout the importance of the body
model used for tracking. Figure 8 shows three variant inputs created from
the ground truth sequence,simulating both under- and overweight subjects,
and increasednoisein the background subtraction. Below each input appears
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Fig. 7. RMS error in the reconstruction of selectedbody points for a 100-frame
sequenceof synthetic data, ascomparedto ground truth. By comparison,the human
�gure usedfor this experiment is approximately 150 pixels tall.

Normal Thin Heavy Noisy

Horizontal 1.5 1.2 3.4 1.1

Vertical 1.0 1.4 1.2 0.9

Line-of-sight 1.9 1.9 3.4 1.7

Fig. 8. Synthetic data with varying body models: Sample silhouettes (top), with
RMS error averagedover all body points (bottom).

the meanerror observed in a reconstruction using the standard body model.
All the experiments yield qualitativ ely correct results, clearly reproducing the
walking behavior. The quantitativ e resultsare alsomostly similar, with minor
variation for three of the four inputs. Only the overweight walker gave the
system noticeable di�cult y, evident in a greater variation from the ground
truth.

3.2 Real Video Data

Four videoclips rangefrom easyto moredi�cult to track. Walk-Straight shows
a subject walking from right to left, while Walk-Circleshows the samesubject
walking in a circle. Both clips wereoriginally generatedand usedto test other
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Fig. 9. Walk-Straight clip and its reconstructed posein selectedframes.

tracking algorithms (22), although lack of a ground truth precludesquantita-
tive comparisons.Two other clips, Dancer-Leap and Dancer-Arabesque, show
a ballet dancerperforming short routines. The turning of the dancer'sbody
in theseclips makesthem di�cult for many tracking algorithms to follow.

Figures 9-12 summarize the tracking results for the trial clips. The system
tracks Walk-Straight well, making no signi�cant errors.On the other two clips
the system tracks the bulk of the sequencewith high �delit y, but tracking
failures appear at several points. Analysis of the failures reveals two distinct
modes:ambiguity problems(where the silhouette cannot distinguish between
a multitude of plausiblesolutions)and retrieval problems(wherelookup in the
knowledgebasereturns no posesmatching the actual motion). The discussion
below examineseach in turn.

3.3 Error Analysis

Ambiguity problems appear in the latter third of Walk-Circle: the tracked
motion and the true motion su�er from a right-left reversal. This cannot be
completelyavoided in any systembasedsolelyupon silhouette measurements;
mathematically, a simultaneousleft-right inversion of the poseand re
ection
about the line-of-sight axis producesan identical silhouette, as illustrated in
Figure 4. Similar ambiguities causeproblems in the Dancer-Leap clip when
the dancer'sbody turns. The tracked silhouettematchesthe observations, but
closeinspection shows that the tracked direction of rotation doesnot match
reality. It is possiblethat the useof additional cuesbeyond silhouettematching
(such as optical 
o w) could control this sourceof error.

Retrieval failure appearsin the Walk-Circle clip around frame 30, as the sub-
ject turns away from the camera.Closeinvestigationof the framesimmediately
following the point of error indicatesthat noneof the posesreturned during the
retrieval stepareclosematchesfor the actual pose.Indeed,the next 40 frames
or so consist of posesfor which the retrieval metric doesnot adequatelydis-
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Fig. 11. Dancer-Arabesqueclip and its reconstructed posein selectedframes.

tinguish the correct poseamongsta multitude of incorrect poseswith similar
silhouettes.The continuity term of Equation 2 dominates,and the recovered
posetrack is correspondingly confused.Research into di�erent silhouette re-
trieval mechanismsmight addressthis problem, but there alsoappearsto be a
particular problem with �gures moving toward or away from the camera:the
limb movements in such casesoften do not producesilhouettesthat are very
distinct from oneanother. Nevertheless,around frame 80 the tracker recovers:
a sequenceof frames provide good matches, and the tracked motion closely
resemblesthe actual motion oncemore.The spontaneousrecovery shows that
the system can regain the correct track even after essentially losing it com-
pletely. The Dancer-Arabesqueclip also shows intermittent tracking failures
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and recoveries.However, in this caseit is causednot by a failure to retrieve
the best existing posesfrom the library, but simply becausesomeof the poses
in this sequencehave no closecorrespondancesin the poselibrary. Expand-
ing the amount of motion capture footageavailable at library creation would
presumablyaddressthis problem.

3.4 IncrementalBehavior Analysis

The algorithm usedfor theseexperiments processesvideoclips in batch mode,
rather than incrementally frame by frame. Although batch analysis o�ers
computational advantages (4), the algorithm can also be modi�ed to allow
incremental processing.One may reasonablyask whether such a changewill
in
uence the solution. In particular, how far down the Markov chain doesa
choicemadeat oneframe show any e�ect in practice?The experiments in this
section investigate this question empirically for the Walk-Straight clip, and
�nd that the answer in most casesis fewer than ten frames.

Figure 13 shows the results of an experiment designedto test how quickly
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for the full clip. No solutions di�ered by more than eight �nal frames.

the Markov chain solution convergesfrom an erroneousinitial starting point,
chosenat random from the poselibrary and repeated over 1000 trials. The
plot shows that after only ten frames, all starting points converge on two
fairly stable (and high-quality) solutions, and after 45 frames all reach the
samesolution, regardlessof initial conditions.

Giventhat the Markov chain solution convergesquickly regardlessof the start-
ing point, onemight alsoaskhow the endpoint of the chain cana�ect the �nal
result. This is particularly important for incremental processing,since theo-
retically, the addition or deletion of a few frames at the end of a clip could
changethe entire Markov chain solution back to the initial frame.Fortunately,
Figure 14 shows empirically that choosinga di�erent endpoint a�ects at most
the last ten frames or so. This suggeststhat incremental processingis fea-
sible, with the proviso that results less than one-half secondold should be
consideredtemporary. Applications requiring stable results can implement a
half-seconddelay, asthe solution for the most recent framesawaits the arrival
of additional data beforecommitment.
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4 Conclusion

The SiLo tracker demonstratessuccessfulself-initialization and error-recovery
for three-dimensionalposetracking from monocular video. It infers realistic
depth information missing from the two-dimensionalinput. Like many other
current algorithms for monocular 3-D pose tracking, it makes someerrors,
but unlike most techniquesit canrecover automatically and regainthe correct
track on subsequent frameswithout human intervention.

Despitethe positive resultspresented in this paper, silhouette lookup remains
an essentially simpleapproach to a di�cult problem. The tracker described in
the precedingsectionsusesno models of motion or body appearance(other
than those implicit in the knowledgebase).Any method basedupon silhou-
ettes alonelacks the abilit y to explicitly track body parts with no edgesinci-
dent on the silhouette'soutline, andcannotdistinguishbetweensomeclassesof
solution (such asthosein Figure 4). For this reason,future work shouldexam-
ine hybrid approachesthat augment silhouettelookup with motion modelsand
incremental, texture-basedtracking of individual parts. The two approaches
have complementary strengths, and each may support the other where it is
weak.

The experiments in this paper useactivit y-speci�c knowledgebasestailored
towards walking and dancing.Even so, the gapsin the knowledgebasesome-
times impact negatively on the �nal tracked pose.For the future, generatinga
general-purposelibrary of posesthat achieveseven coverageof the parameter
spacewithout redundancywill prove a signi�cant research challenge.Another
related challengewill be to reducethe time required for silhouette lookup by
investigatingand incorporating algorithms that o�er sublinearretrieval speeds
(15).

The key contribution of this work lies in the messageit carries about ap-
proachesto posetracking: niceresultscanbeachievedby comparatively simple
methodsbasedupon retrieval rather than prediction. Insteadof generatingre-
sults by incremental frame-after-frameprocessing,the SiLo tracker combines
simultaneous recognition/retrieval at every frame with subsequent Markov-
basedtemporal reconciliation. This allows the stronger portions of the input
to dominate the result, rather than the weakest. The SiLo tracker demon-
strates impressive reliabilit y in tracking di�cult motions of a singlesubject in
monocular video. With further research, this may prove only the beginningof
what lookup-basedtrackers can achieve.
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