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Abstract computer vision also provides a compelling alter-
native to other sensing modalities in terms of cost,
A method for recovering a part-based descriptigntrusiveness, accuracy and reliability. These of-
of human pose from single images of people is dgn competing requirements make it unlikely that
scribed. It is able to perform estimation efficiently ‘one size fits all’ approach will be successful.
in the presence significant background clutter, largrere we focus upon the largely ignored problem
foreground variation, self-occlusion and occlusiosf automatic estimation of the transformation and
by other objects. This is achieved through two keysibility of a set of body parts from highly un-
developments. Firstly, a new formulation is prcconstrainedsingleimages. In particular, we intro-
posed that allows partial configurations, hypotheuce the partial configuration formulation that al-
ses with differing numbers of parts, to be madews pose hypotheses with varying numbers of visi-
and compared. This permits efficient global sarpte parts to be made and compared. This part-based
pling in the presence of self and other object occlepproach can be contrasted with lower detail pose
sions without prior knowledge of body part visibilparametrisations such as global position and scale
ity. Secondly, a highly discriminatory likelihoodor a body contour, which are popular for highly un-
model is proposed comprising two complememonstrained applications such as surveillance and
tary components. A boundary component improvegmart environments. The advantage of a part based
upon previous appearance distribution divergenggproach is that occlusion can be explicitly mod-
methods by incorporating high-level shape and agited and efficient part based global search tech-
pearance information and hence better discrintiiques can be employed. The partial configuration
nates textured, overlapping body parts. An intespproach is also applicable to scenes containing oc-
part component uses appearance similarity of boglyision of people by other objects. It can also be
parts to reduce the number of false-positive, mulgontrasted with highly detailed pose descriptions,
part hypotheses, hence increasing estimation efich as 3D surface structure, which occur in cer-
ciency. Results are presented for challenging in&in medical and professional sports analysis appli-
ages with unknown subject and large variations gations where the emphasis on accuracy and detail
subject appearance, scale and pose. usually results in a more costly, intrusive system
that requires highly constrained environments and
off-line operation in order to be beneficial. This
focus on a medium level of detail and highly un-

constrained images is arguably the most promis-

Human pose estlm_atlon, i rell_able and efﬁm_enﬁ,]g in terms of future, large scale applications such
could form the basis of many important appllcaé computer games, virtual reality and high band-
tions. In addition to being necessary for automat dth human compl’Jter interfaces and would al-

analysis when only images are available as NP more detailed automated interpretation of pose
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make strong assumptions regarding the backgrounénts, and (iii) a computationally feasible estima-
scene, subject’s appearance (clothing), viewpointi®n scheme that searches for probable pose hy-
temporal dynamics, self-occlusion and occlusigrotheses. The aims of the work described here are:
by other objects [40, 38, 16]. Indeed, in spite of
considerable research into human tracking, mos}'
tracking systems remain limited to constrained
scenes and rely upon strong temporal pose con-
straints and therefore manual (re)initialisation. In

contrast, this paper focuses on the task of estimab  The development of a formulation that allows

ing human pose fromsingle real-world images of efficient, accurate global estimation in such
poorly constrained scenes. This is clearly a more gnditions.

challenging task since temporal information is ab-

sent. Furthermore, given images containing restric-This emphasis on the formulation and likelihood
tive, partial information due to occlusion, the aim its central to the spirit of this and previous work [50]
to estimate the body pose of the visible portion. It &d distinguishes it from other research that usu-
assumed that the system is not required to reco@dly concentrates on prior constraints and efficient
personal metric details such as body sizes. search techniques.

Most existing pose estimation systems follow The paper is organized as follows. Section 2
an analysis by synthesigaradigm in which posereviews the most relevant previous work. Sec-
models are hypothesised and compared to imagésn 3 describes the pose estimation problem to be
Bayesian probability often forms the basis of su@fdressed, making explicit certain operational as-
systems for a number of reasons. Firstly, the praglimptions. Sections 4 and 5 describe the over-
abilistic logic provides a coherent framework foall formulation and the likelihood model. An em-
modelling the inherent uncertainty in the image arrical investigation of the likelihood is presented
system. Secondly, Bayes rule allows the depeh-Section 6. Section 7 describes a pose estimation
dency between model and data to be reversed &stieme and applies it to real-world images. Finally,
thus the principled use of this paradigm. Thirdlyjzection 8 discusses the system as a whole, sum-
probability theory allows the construction of an efnarises its advantages and limitations and suggests
ficient system since decision making can proceedsame directions for future research.
the presence of limited data and assumptions. Fi-
nally, B_aye3|ar_1 Sta..tIStICS a_llows additional, perha@ Previous work
subjective, prior information such as pose con-

straints to be incorporated in a principled mannex, gizeaple literature exists that is concerned, in
something which is particularly important in Iightsome way or another, with the estimation of hu-

of the complex appearance of people in imag&gan pose from images. Exhaustive coverage would
Many human tracking systems build upon this Spgg inappropriate here. Instead, work most relevant
tial framework by assuming a Markov relationg, the formulation of pose estimation systems and
ship between frames and thereby obtain a tempafRbjinood models is reviewed. Much of the litera-

prior. Taken together these approaches are es§fks is concerned with human tracking rather than
tially the probabilistic manifestation of the modelggiimation from a single image but certain compo-

based architecture proposed early on by O’RoUrkgnts such as likelihood models, are still relevant
and Badler [45]. here.

In this Bayesian framework, components that
must be (_jeveloped in order to cqnstruct su_ch as¥S1  Formulation
tem are (i) a pose model that, by incorporating prior
knowledge, describes the variation of human sha@®ndy modelling for pose estimation has been for-
(ii) a likelihood model that discriminates incorrecinulated using a variety of approaches. Some con-
pose hypotheses from correct ones (i.e. those thahtrate on modelling the appearance in the im-
correspond to people) based upon image measwage whilst others explicitly model the physical 3D

Efficient discrimination of a single person

with a complex, unknown appearance from
a cluttered, unknown scene that possibly oc-
cludes body parts.
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structure and acquisition system. Some model thé]. The shape parameters of these geometric part
body as a whole whilst others decompose the bopgmitives are often fitted manually or to specific
into component parts. cases using multiple views (e.g. [26]). Inter-subject
Image contour models and silhouettes are pagriability is usually ignored. A notable exception
ticularly relevant in applications where the backs [59] whose detailed, high-dimensional, human
ground is known or can be estimated. For exammodel used anthropometric data to specify a prior
ple, silhouettes have been used to recover baaly part sizes. However, intra-scene variation due to
parts from walking sequences [20]. An active comon-rigid deformation and clothing motion was not
tour model with interactive correction has beemddressed.
used to recover a 3D body model [64]. Baumberg It is common to consider the body as a tree struc-
and Hogg [3] used contour modes of variation toire, with the torso as the root, and to chain the
track pedestrians. Contour shape models have alsodel-to-image transforms hierarchically, thereby
been combined with 2D part models to estimate 3fapturing the kinematic structure of the human
pose [4] and over multiple viewpoints [44]. Suchody. Various parameterisations of 3D part trans-
hybrid models help disambiguate self-occludinfprmations have been proposed. Hierarchical 3D
poses such as the hands moving over the bddgnsformations with rotations parameterised using
and thereby resolve a key disadvantage of the cdéhler angles have been used [63] but suffer from
tour representation. Rosalesal.[52, 53] inferred singularity problems which arise when changes in
possible 2D joint locations from Hu moments oftate become unobservable. A 2D scaled prismatic
silhouettes using a learning architecture that imparameterisation avoids such problems [6, 43]. The
plicitly represented the part-based nature of tlR® twists and exponential map formulation used in
human body. Given multiple views, expectatiorrobotics linearises the kinematics and removes the
maximisation was used to find the most consistesibgularity problems [5]. Such problems can also
3D pose and the associated views. be avoided by using a random sample estimation
In order to tackle the problem of contodetec- scheme such as particle filtering that does not rely
tion, MacCormick and Blake [31] proposed a prohipon local derivatives [11].
abilistic discriminant based upon a likelihood ra- More flexible joint representations than simple
tio of edge measurements due to foreground aradative orientation have been used with a resulting
background clutter. This approach has similaritiéscrease in state dimensionality. Relative transla-
to the one adopted in this paper. When combinédn of parts constrained by spring forces has been
with importance sampling it allowed global sandsed for the shoulder. Alternative ball and socket
pling of an image containing low-dimensional tajoint parameterisations have been investigated [1].
gets (head and shoulders). This partially address®ghase space representation was considered for
the problem of automatically initialising contouthe arm [39]. Finally, part-based transformations
models but was not practical for more varied olalso allow existing inverse kinematics techniques
jects. The approach was extended to discrimindtebe applied [66].
occlusion events from weak measurements [32]. Three-dimensional part models account for self-
The structure of the human body is well undescclusion by representing depth and using hidden
stood and anthropometric data are readily avadldrface removal. In order to account for self-
able [18]. A part-based description is natural sin@eclusion with 2D part models, depth ordering can
it corresponds to our rigid bone structure. THme used [49]. It is possible to track through self-
shapes of individual parts are commonly modcclusions without predicting them explicitly by
elled using geometric primitives. Cardboard pe@ropagating multiple hypotheses [6]. Furthermore,
ple models use 2D rectangular patches [25, @ven with a detailed 3D model it can be difficult
Others have used 2D ribbons [30] or 2D elliptto describe the appearance of partially occluded
cal blobs [65]. Early work by Hogg [21] used 3Dparts. This prompted work on actively choosing
cylindrical primitives. Others have subsequentljiewpoints from which to compute the likelihood
used cones with elliptical cross-sections [63based upon part visibility [26]. One significant ad-
super-quadrics [36] or tapered super-quadrics [2@ntage of physically motivated 3D models is that

3



hypotheses can easily be related between mufi)-it should be highly discriminatory, especially
ple views [17]. However, the focus of this papesince the number of incorrect instances is much
is on monocular estimation. There are problenerger than the number of correct instances, and (ii)
inherent in uncalibrated monocular estimation @fshould allow efficient sampling and search tech-
3D pose even when 2D joint point locations angiques to be applied. These goals can be compet-
known[62, 2, 41]. ing. From the point of view of discrimination the
Part-based models allow constraints on the bodyeal likelihood model would be a delta function on
such as joint angle limits to be encoded. Beyorilde correct model configuration. In reality, the like-
simple joint angle limits, priors over whole poséhood is usually multi-modal and complex. Fur-
can be defined [27]. Physically motivated 3D modhermore, there is a tradeoff between model gener-
els also allow constraints based upon part intetity and discrimination. For example, better dis-
penetration to be expressed [59]. crimination becomes possible when prior knowl-
In conclusion, a part-based representation is natige of foreground appearance is available. How-
ural given our prior knowledge of human bodsgver, a key problem in human pose estimation is
structure. In comparison to contour-based modelgat there is in general limited information avail-
using this prior knowledge on the form of the bodgble regarding the foreground and background ap-
removes much of the burden of learning highlgearance.
varied shape models, implicitly accounts for non- Two categories of likelihood model can be iden-
linear changes resulting from self-occlusion and dified: (i) those that are based upon differences
lows easier encoding of pose constraints. Furthér-appearance of the foreground and background
more, a part-based parameter space is easier taaimund the boundary, and (ii) those that model the
terpret and allows constraints to be encoded mapgpearance of object foreground.
easily than contour descriptions. In comparison
to 3D physical models, view—oriented_models arg, ¢ Boundary Models
more compact since (absolute) depth is not param-
eterised. The 3D models allow multiple views tbikelihood models based upon appearance differ-
be related and self-occlusion and perspective efices across the model boundary are popular for
fects to be modelled explicitly but these advantagbsman tracking since they can exhibit a good de-
come at the expense of increased dimensionalifiee of invariance to changes in foreground and

and problems with ambiguities. background appearance. Early work by Hogg [21]
used a threshold on the magnitudes of Sobel fil-
22  Likelihood ter responses to detect edges and projected model

boundary segments were then inspected to find

Due to the complexity and variation of humaedges within a specified distance and relative ori-
appearance, building a general but discriminatogptation. Gavrila and Davis [17] used a similar ap-
likelihood model is difficult and still a topic of ac-proach but employed a robust variant of a chamfer
tive research. Various likelihood models have beéistance transform computed from detected edges
proposed. Those based on cues such as optical flovorder to provide a smooth, broad search func-
and background models are not mentioned becatisa. Wachter and Nagel improved on this ap-
their use is excluded by the problem characterigroach by matching model edges directly to filter
tics outlined in Section 3. It should be noted thaesponses and actively selecting strong model can-
strongly discriminatory likelihood models are nodlidates based on the overlap with similar parts [63].
as important for trackers using temporal constrairfEsirthermore, due to the limitations of intensity
on typically short, manually initialised sequencesdge cues in real world images, a foreground tem-
as they are for the global pose estimation problgptate was also employed to stabilise tracking.
considered here. A different approach to boundary modelling in-

Any likelihood model should be evaluatedolves casting model normals and inspecting gra-
within the context of the entire pose estimation sydients along these ‘measurement lines’. Mac-
tem. Nevertheless two desiderata can be identifi€brmick and Blake [31] developed a probabilis-
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tic formulation of this approach based on modvhich requires more complex models of bound-
elling distributions of features on the foregroundries. A generic approach to colour edge detection
and background. In order to deal with occlusiolis provided by the compass operator (Ruzon and
which is manifested as groups of weak boundafpmasi [54]). Here the divergence between colour
measurements, this scheme was extended to inabstributions either side of a circle’s oriented bisec-
porate a Markov random field learnt from previou®r is mapped, heuristically, to edge strength. Mar-
occlusion instances [32]. tin et al. [34] improved on this approach by com-
Konishiet al.[28] emphasised the importance dbining intensity, colour and texture features and by
both principled statistical modelling and descridearning the mapping from ground truth segmen-
ing filter responses from the non-boundary edgeations in a similar manner to the work of Kon-
To accomplish this, ground truth segmentationshi et al. described above. In particular, colour
were used to learn the probability density fun@nd texture gradients were formulated using the
tions (PDFs) of multi-scale filter responses both oyf measure between colour and texton [33] dis-
and off object boundaries. Then a ratio betwedributions either side of the boundary. Although
these PDFs, the likelihood ratio, was used to prtitis approach, whereby the image is filtered be-
vide a nonlinear mapping from edge features tofare fitting the high level geometric model, pro-
measure of the edge strength. In comparison witlded good performance in a statistically sound
standard model-based techniques excellent restdignulation it is unable to account for large scale
were reported and this represents the state-of-tkexture changes often present in human clothing.
art in ‘bottom up’ intensity edge detection. SidenFhe author comments the performance of localised
bladh and Black [57] applied this approach to hipottom-up boundary models at finding boundaries
mans by learning PDFs of intensity edge featurasreal-world images is significantly lower than hu-
for points around human boundaries and for poimsan performance. This is not surprising given
on the background. Likelihood ratios were thetiat texture can occur over large scales and that
combined by assuming independence. Howevertire high human performance depends upon having
contrast to previous work, it was reasoned that tlerge regions either side of the boundary. Meri
important edge information is contained in the oral [42] combined these statistical boundary detec-
entation and scale of the edges rather than in tien methods with a normalised cuts segmentation
magnitude and therefore the image should be catheme. Some of the resulting regions correspond
trast normalised. A conclusion of their work that it0 salient parts that ‘pop out’ and can drive pose
relevant here is that statistical models of colour aedtimation. When assembling poses from these
texture would improve results. salient parts inter region appearance is also used.
In contrast to the above approaches that compard&kesearch pertaining to ‘top down’ colour and
model projections to simple local filters, Ronfad texture boundary models has been surprisingly
al. [51] trained support vector classifiers for wholémited, especially for human pose estimation.
parts (and one for the whole body) based upon o8hahrokniet al. [56] used zero and first order
entation and scale specific Gaussian derivative fitarkov processes along measurement lines to
ters (a 2016 dimensional feature vector per imagedel texture and determine the most likely po-
location). However, this system was unable to asition of a texture boundary (assuming the line
count for self-occlusion. The false part detectiocrossed the boundary). Their results on tracking
rate (in contrast to person detection which makegid, textured objects in cluttered scenes empha-
use of grouping) was reported to be approximatedysed the limitations of intensity edge cues. The
80% (although this does not include confusion bdéermulation allowed fast local tracking. However,
tween parts). using texture on measurement lines assumes that
Much of the work relating to boundary detectiothe texture can be described by this line, which can
relates to the gradient of intensity images. Humée violated when the surface undergoes non-rigid
clothing however is usually colourful and makingleformation, for example. In this paper, a bound-
use of this information should improve discrimiary likelihood model is introduced at the level of
nation. Furthermore, clothing is usually texturebody parts, along with a model of inter-part simi-
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larity in order to improve localisation of large scal&idenbladhet al. [57] learnt the distributions for
textures correct and incorrect poses of ridge features for-
mulated in terms of second derivative filters at the
scale of the body part. A clear example of the dis-
criminatory power of larger scale foreground struc-
A description of the absolute appearance is usure is provided by similarity templates, concate-
ally unavailable, primarily due to the variability innations of relationships between pairs of pixels in
clothing. In tracking scenarios, foreground appeain image window [61]. These have been used for
ance can be assumed to be known from either m@edestrian detection but relied upon limited vari-
ual initialisation [6, 63] or previous frames but willation in pose and were slow to evaluate. Relation-
vary due to lighting changes and clothing motionships between pairs of foreground features have not

One case when absolute appearance is kndween used for more detailed, part-based pose es-
with some certainty is skin although this is sensitii@mation. In particular, the relationship between
to illumination and is often only applicable to théody parts which usually have a similar appear-
head and hands. In relation to human pose estinasice, has not been used to enhance discrimination.
tion, template matching and texture distributionis this paper, the similarity between the appearance
learnt off-line have been used to detect naked pexf-opposing body parts is used to improve discrim-
ple, their limbs and torsos [14, 22]. Pagkal.[46] ination of larger configurations and thereby con-
used a segmentation scheme and then appliedtrain the estimation.
colour classifier to detect skin coloured body parts. Finally it is important to note that foreground
Pfinder used clusters in colour-position space &ppearance models are of independent interest for
find the head and hands in a real-time implememacking specific people through occlusions and
tation [65]. However, foreground regions were firgjroup interactions [35, 19].
segmented using a background model. Face detec-
tion methods have_z been combined with other I|kelz3 Estimation
hood modules to improve performance. For exam-
ple, [37] represented the face and upper body usi@grrent human pose estimation methods can be
local gradient orientation features. broadly categorised as either combinatorial or full

In the case when clothing appearance informstate space search. The combinatorial approach is
tion is available, Sidenbladbt al. [58] proposed adopted in most single image pose estimation sys-
learning a linear subspace representation of the sems and consists of finding candidate body parts
face texture for a particular subject from a set aind then grouping these as determined by inter-part
views. Ground truth for a 3D cylindrical shapeonstraints. This approach usually makes assump-
model was provided by a motion capture systetions regarding the form of the optimisation func-
which was in turn used to project the image ontmn in order to efficiently combine the parts. In
the model surface. Regions on the surface wearentrast, full state space search approaches attempt
weighted by visibility. This model allowed rotatiornto find all possible body parts simultaneously and
about the limb’s major axis to be recovered if themake no such assumptions. However, they are usu-
limb’s surface had distinguishing non-symmetrially only applicable when strong prior information
features such as an emblem. However, the appaagarding pose is available, such as a motion esti-
ance had to be learned off-line and was subjeatate in a tracking scenario. Another point of dif-
specific. In contrast to this off-line appearance eferentiation is that of solution representation, some
timation, Ramanan and Forsyth [48] used motioppse estimation systems estimate a single pose and
appearance consistency and kinematic constraiat®cal estimate of uncertainty (e.qg. [63, 22]) whilst
to find a colour representation of the foreground apthers estimate multiple solutions, modelled either
pearance of individual limbs automatically beforsemi-parametrically [6] or non-parametrically as
tracking. particle sets [59, 10].

Human appearance has other properties that car good general example of the combinatorial ap-
be used to discriminate it from the backgroungroach is pictorial structures [13] which have been

2.2.2 Foreground Models
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applied to human pose estimation in indoor scene$ frontal and profile upper body views and frontal
Pose estimation is formulated as a global enertpg views. As expected using joint classification
minimisation problem with energy comprised of af parts greatly improved performance. Mai
per part term and an interaction term. By assumiiad)[42] used salient parts identified from a bottom
that the interactions between parts can be modellga segmentation scheme to drive a combinatorial
as a tree, the problem can be solved in time lingamse estimation method. Whilst this system pro-
with the number of assemblies using dynamic preided good results on the cropped sports test im-
gramming. The solution is a MAP estimation ofges it is not clear how successful the approach will
pose. be with larger uncertainty in scale.

The combinatorial approach to human pose esti-The second estimation approach, that of search-
mation has since been most actively developed img the full dimensional state space makes no as-
Forsythet al. Early work described the use of a hisumptions regarding inter-part relations such as
erarchical grouping scheme, called a body plan, feelf-occlusion and is the most popular approach for
detecting of naked humans and animals [14, 1BJuman tracking where a temporal prior is available.
These body plans employ a sequential classifiddewever, this approach usually requires manual
tion approach based upon cylindrical algebraic diitialisation and re-initialisation upon failure to be
composition in which a decision surface in highomputationally feasible. It is therefore only con-
dimensions (e.g. corresponding to a whole heidered briefly. One set of approaches uses either
man) can be projected to multiple lower dimenrecal gradient (e.g. [63]) or hierarchical-best-first
sional spaces (e.g. corresponding to single pastsarch schemes (e.g. [17]). Whilst efficient, such
and pairs) to improve efficiency. For example, inecal approaches are not feasible when significant
dividual part detections with many false positivescclusion occur, fast irregular motions are present
were fed into a pair-wise classifier which in turn fedr large amount of background clutter is present.
into a three-part classifier, each stage further prufdrthermore, such models can have problems with
ing the candidates. The topology of the classificaingularities [43, 11]. Cham and Rehg [6] over-
tion network is fixed prior to learning the individ-come these problems by recovering the multiple
ual classifiers. A sequential classification approablgpotheses and tracking these using local Gauss-
was also described by loffe and Forsyth [23] bidewton search. An alternative approach is that
relied on binary classification of limbs rather thaof sampling importance resampling and a non-
estimating likelihoods. A new approach to estimgarametric particle representation such as Conden-
tion was then proposed based upon drawing assesation [24], whereby samples are drawn from the
blies proportional to a likelihood of the full (fixedtemporal prior for diffusion and resampling. How-
size) assembly. In order to efficiently draw sampleser, blind application of such methods requires a
from this likelihood, a set of marginal likelihooddarge number of particles for good results. There-
was proposed and assumed to be independenfosé, many techniques have been proposed to in-
other parts (an important limitation). Assembliesrease efficiency by taking advantage of the struc-
were then built in a fixed order (torso, upper limbsure of the human form. For example, Deutscher
lower limbs) by re-sampling the marginal likeli-al [9] used ideas from simulated annealing to more
hoods. Due to inter-part constraints, such as trediably estimate the global structure of the poste-
requirement of parts to be distinct, this model ntor distribution. The formulation resulted in an au-
longer has a tree structure and cannot be inferr@thatic soft partitioning of the search space and
using dynamic programming. In later work the sinised genetic algorithm-style cross-over operators
gle tree model was criticised as a representatitimtake advantage of the (semi-) hierarchical nature
due to the inability to represent self-occlusion @f the problem [10]. Choo and Fleet [7] applied
frequent, significant phenomenon in human potiee hybrid Markov Chain Monte Carlo (MCMC)
estimation). A mixture of trees representation washeme whereby a local potential is defined that
proposed to address these deficiencies without speeds acceptance without biasing the sampling be-
sort to full state space search [22]. haviour. In addition, multiple Markov chains were

[37] learnt a set of classifiers for combinationgsed to efficiently explore the multi-modal poste-
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rior. [29] used a data driven MCMC scheme to eseolour the focus is upon this modality (instead of
timate the pose of the upper body. Sminchisesicumonochromatic, range or infrared modalities). The
aldeveloped a set of novel sampling schemes tltalour signal can be noisyllumination. The im-
explicitly model characteristics of the distributiongages can have complex illumination from multiple
found in monocular human tracking. One sucdsources. lllumination might be so poor that certain
technique, Covariance Scaled Sampling [59], satmedy parts cannot be distinguished based on local
ples deeply along the directions of largest uncerisual appearance. Strong cast shadows and self-
tainty since in monocular tracking, the authors reahadowing can occur.
son, itis in these directions that alternative maxima
are likely to be found. Another algorithm, Kine- )
matic Jumping [60], was proposed to flip the oried  FOrmulation
tation of parts in order to escape local maxima that
occur in monocular estimation. Such local maxinq%_ central thesis of this work is that the limitations
are related to poses that cannot be reliably discri@f-current pose estimation systems when applied to
inated even when joint positions are known [62]. real world images are symptomatic of a poor pose
representation and that these limitations cannot be
resolved efficiently, if at all, by simply improving
3 Image and Scene Characteristicsthe likelihood model and estimation scheme. As
discussed in the review, the structure of the human
To begin the discussion of the work presented Rody can be naturally described using part-based
this paper the assumptions regarding the image &@gomposition. The part parameters used here cor-
scene are made exp”citSubject_ A Sing|e per- reSpond to a level of detail suitable for many appll-
son is assumed to be present in an unknown p&géions where the input is monocular, cluttered and
that is to be recovered. The appearance (e.g. cld@w quality. In common with previous part based
ing) of this person is unknown. Clothing can bapproaches our formulation has an easy to interpret
loose fitting and therefore have a complex outlinBarameter space, models self-occlusion and allows
Furthermore, clothing can be textured in complé@nstraints on the body to be encoded. However, in
ways and at many scalesScene. Images are of contrast to previous part-based approaches the ap-
indoor or outdoor scenes. These scenes have Bffach described here does not constrain the num-
known structure and can contain clutter at simil&@er of parts or rely upon knowledge of the part visi-
scales to the human body. Different types of sceR#ity prior to estimation. The key point here is that
lead to differences in the shape of typical objec@édthough using a fixed number of body parts seems
that are visible (and presumably also differencesensible physical model given that the majority of
the pose of the person). Objects in the scene d¥Pple have a known fixed number of body parts,
have a textured appearan€cclusion. In addition considering the number of body parts as variable
to self-occlusion, the person might be partially od¢eads to a betterisual modeandgreater efficiency
cluded by other objects in the scene, a key difficulfyince a 3D model of the scene is usually unavail-
in visual pose estimatiorViewpoint. Itis assumed able, and requiring one would limit the applicabil-
that the scale of the person is known only approiy of the system, other object-occlusion cannot be
imately. Furthermore, it is assumed that the claBedicted in the same manner as self-occlusion.
of viewpoint (e.g. overhead, profile) is known, al-
though_the system _should_ be able to_be re}rained&a Partial Configurations
work with another viewpointPerspective.lt is as-
sumed that perspective effects are weak. In partikey element of the formulation developed here,
ular, it is assumed that these effects are small whasined partial configurations, is that the number of
compared to intra- and inter-person shape variabilypothesised body parts can vary. Possible par-
ity. Perspective effects could be modelled if thigal configurations include single part hypotheses,
intrinsic camera parameters were knowviodal- full body hypotheses and everything in between.
ity. Since the majority of existing images are i partial configuration includes pose hypotheses
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for some non-empty subset of the set of a perach hypothesis is to a statistical process describ-
son’s body parts. Its parameter space dimensionalg the background class. From the point of view of
ity varies with the number of parts in the configuraestimation efficiency, the key point is that whilst al-
tion. It should be emphasised that the posterior diswing the number of parts to vary greatly increases
tribution of partial configurations does not treat ththe number of possible pose hypotheses, the rela-
parts independently (both the likelihood and pridionship between configurations can be used to dis-
constraints use pairwise part potentials). A configroportionately increase sampling efficiency and
uration will be denoted” and its parts indexed byperform global estimation. In general, configura-
70rj. tions with large numbers of parts are more strongly
Clearly, for this approach to be useful it must bdiscriminated from the background than configura-
possible to compare partial configurations of diftons with small numbers of parts (although find-
fering dimensionality. Moreover, larger correct hying larger configurations can be more difficult).
potheses should be preferred to smaller correct fiyrerefore, large correct configurations tend to have
potheses. Consider how hypotheses in a fixed shigher posterior ratios than small correct configura-
state space are usually compared. The most popoans. This is due to the structured form of appear-
lar approach is to find the maxima of the posteri@nce and pose of people which is modelled using
p(C|I) wherel denotes the image. It usually sufinter-part pose and appearance constraints.
fices to compute the likelihood and prior, ignoring
the eyidence. This assumes howgver that the imqgg Modelling Part Pose
contains (at least) one subject, since if such a tar-
get did not exist a maximum would still be foundPartial configurations can be applied to 2D or 3D
and the system would have no idea if this was cqrart parameterisations. A depth-ordered 2D model
rect. This approach is not applicable in the cageadopted here since the application is to monoc-
of partial configurations since essentially multiplelar data and this avoids the genuine ambiguities
models exist (some of which may not have a cahat exist with 3D monocular estimation and gives a
responding instance). Computing the normalisimgore compact state space, both of which ease esti-
factor, the evidence, for each combination of pantsation. As mentioned previously it is assumed that
and thereby computing posterior probabilities th#te uncertainty in 2D shape due to limited perspec-
can be compared is not computationally feasibletive effects and 3D shape variation is comparable to
Instead, the problem is treated as one of discritite uncertainty due to clothing and intra-personal
inating between people and backgrouadeach variability.
point in the state spaceThe state space is there- We first emphasise that the partial configurations
fore augmented by a class labele {0,1} that formulation is non-hierarchical: there is no single
labels the hypothesis as either for a persoe=(1) root body part and parts in a kinematic chain are of-
or for a background process (= 0). An opti- ten missing. Although this removes the automatic
mum classification for a particular pose is founkinematic behaviour, it is not clear whether this be-
by choosing the class with the highest probabilityaviour eases estimation anyway. Whilst it might
(assuming uniform risk) [12]. This is equivalenbe argued that a non-hierarchical representation re-
to forming the logarithm of the posterior ratip, sults in a higher dimensional state space it is worth
given in Equation (1) and classifying hypotheses asting that complex joints like the shoulder cannot
people wherp > 0 and as background otherwise.be adequately modelled using relative orientation
alone and pose models often use relative transla-
( ) tion to allow a better fit.
p = hlm The transformation of the 2D body part model
( ) p(C,0=1) into image space is a restricted affine transforma-
+1In : (1) tion and is similar to the scaled prismatic parame-
p(IIC,v =0) p(C,v=0) terisation [6, 43]. However, in this system the parts
Posterior ratios allow hypotheses from multiplshare a common scale parameter. Equation (2)
models to be compared based upon how differagites the transformatiori;(x), for a point on the
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ith part. The interpretation of this transformation is
straightforward: a part model is translated so that
its centre is ata;, b;) and then rotated bg; in the
image plane. An extension, denoted &y is ap-
plied to model rotation out of the image plane and
the part is scaled by a common scale faator

cosf; e;siné; a;
Ti(x) = s —sin®; e;cosb; ]X+< >
(2)

4.3 Probabilistic Region Templates for
Parts

The use ofad hoc geometric primitives as part
models limits generality and does not address
uncertainty due to inter-person variability, intra-
person variability, clothing and non-rigid deforma-
tion. However, modelling such variation explic-
itly is not necessary in order to solve for the de-
sired pose descriptionProbabilistic region tem-

platesare proposed here as an alternative. They %gure 1: Examples of manually segmented part

code shape uncertainty explicitly and do not malfgreground. The rows correspond to torsos, heads,
hard distinctions between the foreground and ba 5per arms, lower arms, upper legs and lower legs

ground of hypothesised parts. In addition to the
variations identified above, part shape uncertainty
is also introduced by un-modelled perspective dfon (2). Limb training examples were extracted
fects and 3D shape variation. In general, shaffem fully extended parts (i.e. with the major
model uncertainty is due to un-parameterised va@ixis of the part approximately parallel to the im-
ation (in contrast to pose uncertainty which is irege plane). Fig. 1 illustrates typical segmentations.
herent in the problem). Twenty training examples were used for each limb

A part’s shape is represented as a probabiligart (making a total o160) along with20 for the
tic region template, denoteN;, computed from torso and40 for the head. Note that training seg-
aligned training data by estimating a mean imagjentations were deliberately not re-scaled to nor-
from manually specified binary segmentation imalise for changes in the physical size of the sub-
ages (see Fig. 2). Each point M; represents ject, in order to account for this variability.
the probability of that point being on the part. The rotation about each limb part's major
These non-parametric templates thus encode shagie was not parameterised since these rotations
uncertainty based upon marginalisation over uphanged the shape and appearance very little. Fur-
parameterised shape variation. Opting not to gaermore, the limb part templates were constrained
rameterise a degree of freedom, and marginalisittgbe symmetric about their major axis. This was
over it, reduces the size of the state space. For caghieved by flipping the training segmentations and
venience, probabilistic region templates are treatesing the flipped versions for learning as well.
as having infinite extent although they are illus-
trated and implemented_ as finite masks thatinclugdey  prqpapilistic Self-occlusion
all the non-zero probabilities.

Specifically, probabilistic region templates werBepth ordering is used to account for self-
estimated from manually specified part segmentaeclusion. Since the depth ordering is not known
tions aligned using the 2D transformation of Equarior to estimation in most cases, the ordering must
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These equations will be used to form likelihood
measurements. In particular, the probability of a
part being visible at a point in the image can be
used to determine a weight that is used to form
a distribution that describes the appearance of the
body part.

45 Pose Prior

A simple hard constraint prior can be based on up-
per and lower bounds on the relative pose of anchor
points defined on pairs of body parts. Such a prior
can be learned from data. This prior embodies scale
and translational invariance. It does not directly in-
corporate constraints upon the absolute or relative
orientation of body parts. A more specific model,
defined in terms of global pose, would improve dis-
Figure 2: The probabilistic region templates, all &imination but such models require more data to
the same scale, that result from marginalising ovestimate and are not the focus of this work.

the foreground segmentations and enforcing sym-For each part, a set of anchor points is defined
metry around the vertical axis. that corresponds to the position of idealised joints
in the body. These anchor points are specified man-

) ) . ually. The limb has an anchor point at each end, the
be included as part of the pose hypothesis. Singe, | pas 4 single anchor point at the neck and the

shape is modelled using probabilistic region terg;.q, has anchor points at the neck and limb joint
plates, a hypothesised configuration gives rise Qg | et the vector (specified in Cartesian co-
probabilistic assignment of part [abels to points ig inates) that connects the anchor points between
image_space. More spec_ifically, &% d_eno_tg the partsi andj be (m; ;,n; ;). The prior probabil-

set of image points at which thé" part is visible. ity that the pair is correct is considered to be a top

. . .th .
Furthermore, leg 1 denotlteréthat thg™ partis ¢ function over the relative position of these an-
closer to the camera than thié part according t0 o\ noints. The prior over background poses is

the hypothesised depth ordering. The probabilifys, ,nsidered to be uniform, but over the entire

that the:*" part will be V'S'tfle ata poink in the y\a0e The prior probabilities of being a person or
image plane (i.e. the parts foreground probabys,coround,P(v), are unimportant because only
ity at that point) is determined by the inverse pagt inqie maximum is sought. They would become
transform, as shown in Equation (3). important for detection and scenes containing mul-
tiple people. The prior on the pose as a whole
is formed by assuming part independence and is
given by Equation (5):

P(x € P;|C) =M;(T; ! (x))

(2

<[Ta-mr ') @

gl
p(Coo=1) o [] plmijlo=1)p(nilo=1)
The probability that no part will be visible at a 4,J:j>1
point x given the hypothesised configuration can (5)

wherei andj index the parts in the configuration,
C. Body parts are also constrained to lie within the
image.
The parameters of the prior, namely the mini-
P@i:xeP|C)=1— ZP(X e P|C) (4) Mum and maximum relative horizontal and vertical
- displacements, were determined frd0 images

be computed using Equation (4) wheréndexes
the parts in the configuration.
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of standing, walking, pointing, waving and sittind.2 Part Boundary Model
poses from various viewpoints (i.e. not always face

N ; As remarked in the review section, the majority
on). People were always upright in these image

Part elongation was constrained such that 0.7 o% boundary based object Iocallsayon methods rely
. upon bottom up boundary detection (i.e. edge or
for any hypothesised part.

localised filter ). Furthermore, much consideration
has been given to how to compare feature distri-
5 Likelihood butions and what features to use. In contrast, the
focus here is on using the high-level model to cap-
In this section the probabilistic part based shapge large scale texture and predicting where strong
model is used to inspect the image and det@ontrasting boundaries are likely to occur. This can
mine support for the partial configuration hypotthe seen as a natural progression of the feature di-
esis. Clearly, it is not feasible to learn the joinfergence approaches to larger scales by condition-
PDF of measurements conditioned upon model Rag upon the high level model. This difference in
rameters,p(I|C,v), due to the large number ofemphasis is particularly important for human ap-
parameters. In the interests of generalisationpg@arance modelling where large scale textures of-
highly parameterised model must be establishggh occur and where there is often weak boundaries
that encodes conditional independencies, repgtween body parts (i.e. there is a the discrepancy
senting, for example, invariance to position argktween the structural part model and the visual
foreground appearance. This Section develops ty§undaries in the image). For example, whilst the
such models. The boundary model discriminat@gematic structure is described by boundaries at
people using short range appearance differenggg neck, elbow, shoulders, hips and knees the vi-
that occur along the model boundary. In contragfual boundaries often occur on a part (e.g. a T-shirt
the inter-part model discriminates people bas@ﬂdmg midway along the upper arm) or not at all
upon long range appearance similarities betwegflg. the usual lack of a boundary between the up-
body parts. Both likelihood models are formulategler arm and torso).
in terms of the divergence of appearance distribu-|n order to account for the difference between
tions formed from regions in the image induced ky kinematic and visual boundary the notion of spa-

the high-level shape model. tially dependent contrast is introduced. Many mod-
els of contrast are possible, here a straightforward
5.1 Foreground Appearance model based upon the expected contrast between

et()jody parts is developed. This model assumes all

Let f(I,x) denote a local image feature comput :
i . oints on two body parts are equally contrasting
at locationx in imagel. A foreground appearance, . . . )
ggnormg visibility). The extent to which a pixel

model for a part is based upon marginalising fex is expected to contrast in appearance withithe

tures over its foreground region, weighted by V'Sb'art is given by Equation (7):

bility:
Fi(z)= Y  P(xeP|C)  (6) .
L Ii(x) = P(3j : x € Pj|C)+> _ ai;P(x € P;|C)
x:f(I,x)=z 7
The appearance distributions are represented using (7

joint intensity-chromaticity histograms (3D distriwhere a;; are weights that encode prior expecta-
butions). A histogram representation is used foon of part contrast with other parts. Note that
speed of computation and because the distributiong = «;; anda;; = 0. These weights could be es-
are often multi-modal. For scenes in which thimated from representative data or, as in the case
body parts appear small, semi-parametric densilyexperiments reported in Section 7, subjectively
estimation methods such as Gaussian mixture mégsbecifically,«;; = 0.1 when: and; were adjoin-

els would be more appropriate. In general, localg limb segmentsg;; = 0.5 between other com-
filter responses could also be used to represent lfirations). It is important to understand that using
appearance, e.g. [55]. more discriminatory features, such as orientation
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dependent texture features, will result in higher eldeffrey distance, the Bhattacharyya measure and
pected contrast between points. the Minkowski metric. Alternatives have been pro-
As one might expect, varying the size of thposed specifically for comparing histograms in-
contrasting region gives a tradeoff between sha@leding histogram intersection, the quadratic form
specificity and obtaining a good estimate of tr@nd the Earth mover’s distance, the latter two be-
contrasting appearance. For the results presentegi global measures of histogram similarity. (See
here the contrasting appearance distribution is éX4zichaet al. [47] for a comparison of distribu-
tracted from a region of approximately equal ard®@n similarity measures in the context of texture
(in the probabilistic sense) to the foreground reéegions.) Based on its success in colour based
gion. This choice is supported by the fact thétacking [8], the Bhattacharyya measure is adopted
the discrimination (as determined by the inducdwere. The divergence measure between ithe
likelihood ratio described below) is weaker whepart's foreground and background appearance is
larger and smaller regions are used (although bgtven by Equation (9).
ter weighting schemes could exist). In particu-
lar, this region is formed for each part by finding D; = Z V Fi(z) x B;(z) 9)
the Euclidean distance such that all points with z
P(x € P;|C) = 0 that are within a distancé of a ~ The Bhattacharyya measure is related to the like-
point with P(x € P;|C) > 0, in addition to those lihood non-linearly. Therefore, the distributions
with P(x € P;|C) < 1, give an equal (probabilis-of divergence between foreground and background
tic) area to the foreground. For example, in the cagppearance are learned for correct £ 1) and
of the lower arm this is all those points in the magkcorrect ¢ = 0) configurations in a supervised

within 3 pixels of a foreground point. fashion. In particular, @ = 1 distribution is esti-
mated from data obtained by manually specifying
Bi(z) = Z T;(x) 8) thg t_ransf(_)rmatlon parameters to align the probg—
x:f(Lo)=2 bilistic region template to be on parts that are nei-

ther occluded nor overlapping. The= 0 distri-
Finally, to complete the model of a contrastingution, which encodes the likelihood of observing
region, consideration must be given to the evalua-part-shaped object in the class of scenes under
tion of partial configurations that do not describeonsideration, is estimated by generating random
all possible body parts. In such cases ¢ixpected alignments elsewhere. The ratio of these two dis-
pose of the missing body parts can be used to abibutions, Equation (10), defines a log-likelihood
tain contrasting regions. For example, when deatio, [, for a partial configuration based on the re-
tecting single body parts, performance can be imjion divergence measures for its parts.
proved by distinguishing positions where the back-
ground appearance is most likely to differ from the
foreground appearance. For example, a region &t = Z(IDP(DHU =1) —=Inp(Di|v = 0)) (10)
the top of the lower arm where it usually joins the ‘
upper arm can be identified as an adjoining regi@dmy single-part hypothesis that results in a his-
and would be expected to have similar appearartogram divergence with log-likelihood above zero
to the part. It is important to note that this is onlys morelikely (i.e. not taking into account the prior)
important, and thus used for, better bottom-up idete- be a body part than not be a body part.
tification of body parts. When the adjoining part In order to obtain a smooth log likelihood func-
is specified using a multiple part configuration, thgon, /,, and interpolate/extrapolate the learnt data,
standard model of contrast described above is eaparametric function was fitted to the data. In par-
ployed. ticular, it was expected, and confirmed empirically,
Once the foreground and contrasting appeararibat a Boltzmann sigmoid function, with a func-
distributions (histograms) are formed there atmnal form given in Equation (11), would provide
many measures that could be used to compare themood fit for the boundary ratio (correlation coef-
including x?, the Kullback Leibler divergence, thdficient 0.96). This is the function used to ‘score’
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a single body part configuration and is plotted in Specifically, inter-part divergence PDFs for pairs
Fig. 3. This learnt sigmoid function acts as a sofif opposing limb parts expected to have similar ap-
classifier for body parts based upon the divergengearance were learned from examples with correct

measure. and incorrect pose. In particul&) pairs of upper
and lower arms and legs were used. Their correct
b—a pose was manually specified and incorrect poses
S X) = a—l—ﬁ (11) . .
1+ e were generated by drawing from the pose prior of

Equation (5). Fig. 4 shows plots of these two PDFs
modelled as Gaussians. The resulting likelihood ra-
5.3 Inter-Part Model tio function is also shown. It can be seen that this

Since the part boundary likelihood ratio will usutodel strongly penalises opposing part pairs that

ally result in many false positives, it is useful to erfe not similar in appearance.

code relationshipbetweerthe appearance of body

parts to improve discrimination. For example, 84 Combining the Models

person’s upper left arm will often have a similar

colour and texture to the upper right arm. Longhe log-likelihood ratios/; and!l,, are combined

range structure provides a mechanism for discrimssuming conditional independence. Notice that

inating large correct configurations from large irthe relative importance of the models is implicit in

correct configurations and thereby pruning incotke likelihood ratio which allows principled fusion

rect hypotheses. of the different models. The overall log-likelihood
The model of inter-part similarity encodes disratio is the sum of the boundary and inter-part com-

similarity using the divergence between pairs @onents.

parts. Since rotation about a limb’s major axis is

not parameterised (since it cannot usually be ac-

curately recovered) and clothing can move relati@ Empirical Investigation of Like-

to the part’s surface, image texture on two limbs lihood

can be very different. Matching texture features

is further complicated by the rotation of textUrgetore considering full pose estimation it is use-
features on the surface of the limb relative to the 1 investigate the likelihood models by comput-
image plane. Therefore, in the same way as @ hoiections resulting from the variation of parts
part boundary model, colour histograms are used{g, interesting configurations. This allows an un-
represent appearance and divergence between §fsianding of the sensitivity to different types of

parts’ foregrounds as given by Equation (12). Fiyyger. Furthermore, an intensity edge model to
ture work might investigate texture features in adyiow a more quantitative evaluation of the new
dition to colour to enhance discrimination of bOd}Soundary likelihood model.

parts, especially overlapping parts with oriented

For these tests and the pose estimation results
texture.

that follow the images were obtained using a range
of still and video cameras. It was assumed that
Fij = Z \/ Fi(z) x Fj(z) (12) the intrinsic camera parameters were unknown and
z constant (between scenes and cameras). The typi-
ﬂl resolution of the input images wé40 x 480

PDFs of the divergence measure were learnt sirfi i
els. The colour appearance histograms &&d

larly to the part boundary case. Equation (13) giv@éx
the inter-part log likelihood ratiol-, that results INS.
from these two distributions.

6.1 Comparison to Intensity Edge Model

Iy = Z(lnp(}"ijw = 1)~Inp(F;;Jv = 0)) (13) The proposed part boundary likelihood ratio was
(i) compared to an intensity edge-based model for
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Figure 3: Left: A plot of the learnt PDFs of foreground to baadund appearance similarity for the
v = 1 andv = 0 part configurations of a head template. Right: A plot of a Baknn sigmoid function
fit to the log of the likelihood ratio data for head, lower arnddower leg parts. It can be seen that the
distributions are well separated.
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Figure 4: Left: A plot of the learnt PDFs of foreground apese similarity for paired and non-paired
configurations. Right: The log of the resulting likelihoatio. It can be seen, as would be expected, that
more similar regions are more likely to be a pair.

single body parts. Rather than make assurmgmd partly predictable way. For example, bound-
tions about the form of the model boundary to bary segments around the joints neighbouring sim-
matched to image edges (for example, a fixed vaitarly clothed parts will have low magnitudes. A
ance Gaussian [63]), the learned probabilistic neodel of this structure can be used to improve dis-
gion templates were used. The spatial gradierimination. The single part response was inves-
of a probabilistic region template provides an etigated here using manually selected segments of
timate of the mean spatial gradient for a part (sinexpected high magnitude, similarly to some other
the derivative is a linear operator). A response systems (e.g. [57]). Part-specific response distri-
formed by convolving the derivative of the probbutions were learned in a supervised fashion from
abilistic mask with the image. Image edge magody part training data for correct < 1) and in-
nitude and orientation were computed usihg 3 correct ¢ = 0) part pose. Only the magnitude of
Sobel filters. the component of the filter response orthogonal to

The magnitudes of edge responses correspomﬁ model was used for discrimination. The likeli-
ing to a body part boundary will vary in a structureHOOd ratio for the part as a whole was computed by
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assuming independence of the individual measutmns between parts to prune larger incorrect config-

ments. urations, relatively simple estimation schemes can
yield useful pose estimation results. The partial
6.2 Single Part Likelihood Ratios configuration formulation allows bottom-up sam-

pling to focus pose search, making global estima-
Fig. 5 shows the projections of log-likelihood ratiogon feasible whilst still allowing for self-occlusion
for single part configurations onto typical imagegnd inter-part appearance relations). Since the
containing significant clutter. Results are showfjrycture of the model does not allow exact infer-
for both the part boundary model (computed ugnce due to inter-part relations, techniques such
ing Equation (10)) and the comparative edge-basggl dynamic programming cannot be applied. In-
model. The first image shows the response forsfead an iterative combinatorial search with local
head while the other two images show the responsgimisation is employed. This approach, although
to a vertically-oriented limb filter. It can be seefegs efficient than methods such as pictorial struc-
that, in comparison to the intensity edge model, thgres [51] and mixtures of trees [22], is more flex-
proposed part boundary method is highly discrinple and it is feasible because of the strong like-
inatory and produces relatively few false maxim@hood model developed. The search scheme pre-
Fig. 6 illustrates the typical spatial variations of thgented here is relatively straightforward. Neverthe-
part boundary and the edge-based likelihood ratigsss it succeeds in obtaining interesting pose esti-
The edge-based response, whilst indicative of thetion results thus demonstrating the strength of
correct position, has significant false, positive l0ghe formulation and likelihood model.
likelihood ratios. . Recall that it is assumed that exactly one per-

Although the part boundary ratio is more expenyn, s present in the image. The pose estimation

sive to compute than the edge-based ratio (approyfnhlem can thus be treated as one of global max-
mately an order of magnitude slower in the currephisation. It is also assumed, as is common with
implementation), it is far more discriminatory angipner pose estimation systems, that the scale pa-
as a result, fewer samples are needed when Rgfyeter is known to a good approximation. The
forming pose search, leading to an overall perfqfioge| based approach makes incorporate this in-
mance benefit. The edge-based method did not ¥s&nation straightforward.
contrast normalisation or a multi-scale approach aSThe most important body parts, in terms of infor-
expounded in Ref. [57] and this may partly explaig,ation content and for human computer interface
its relatively poor performance. control, for example, are the outer limbs and the

head. Furthermore, the torso and upper limbs are
6.3 Inter-part Likelihood Ratios usually harder to identify due to a lack of contrast
Fig. 7 shows the projection of the inter-part ”ke\év(l;tr?equgggggrrgréejﬁgsio-Egsrr]?i]:‘?/r?ﬁ;hﬁezza:: q
lihood ratio for a typical image and shows it t0

be highly discriminatory. It limits the possible?_urer limbs (i.e. the lower arms and lower legs).

pose configurations if one limb part can be founohls also makes labelling of parts simpler. Future

reliably and helps reduce the likelihood of incof 'O could improve the search scheme to find the
aining parts.

rect large assemblies. This enables larger incorr€l
configurations to be pruned, making deterministic,
combinatorial search more feasible. 7.1 Search Algorithm

. . 7.1.1 Coarse sampling
7 Pose Estimation
First, the parameter spaces of single part pose con-

A central thesis of this work is that by improvindigurations was uniformly sampled. Specifically,
the formulation and likelihood models, the estimdranslation parameters were sampled edgpixels
tion problem can be eased. In particular, by beind part orientations every/4 radians (which was
ter discriminating individual parts and using relasufficient because limb part templates were sym-
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Figure 5: Various input images (left), the projection of hdary divergence likelihood (middle) and
intensity edge likelihoods (right) for correctly sized amiented part configurations. The top row shows
the projection for the head model. Here the divergence ndeglieatly reduces the number of false
positives. The middle row shows the projection for the lovegrmodel. Here the clutter from the salil
masts distracts the localised intensity edge model. Thenatow shows the projection of an arm model
to an indoor scene. Here the door frame provides strongecligit both models.
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Figure 6: Comparison of the spatial variation (plotted ftwoaizontal change of 200 pixels) of the learnt
log likelihood ratios for the model proposed here (left) dnel edge-based model (right) of the head in
Fig. 5. The correct position is centered and indicated by#rdcal bar. Anything above the horizontal
bar, corresponding to a likelihood ratio bfis more likely to be a head than not.

metric about their major axis). Part configurationgduce the number of hypotheses in highly clut-
with log-likelihood ratios greater thaff;, were re- tered environments and achieve reasonable search
tained. The main purpose of the thresh@lds to times (possibly at the expense of incorrect an-
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Figure 7: Investigation of a paired part response. Left:naage for which significant limb candidates
are found in the background. Right: the projection of thelikglihood ratio for the paired response to
the person’s lower right leg in the image.

swers). For most experiments it was kept constdntsome maximum configuration siZeparts in the

at a conservative value. Parts were allocated inésults reported here. Evaluation of a configuration
tial labels based upon the division of the imaga any stage in this combinatorial search involved
into quadrants. However, this initial labelling igart labelling, evaluation of the prior and, for those
unimportant because as subsequent search iderdnfigurations with non-zero prior, evaluation of
fies larger configurations labels are re-hypothesisin likelihood ratio/. Part labelling was performed
and better constrained. At this stage the head dmdfirst selecting an anchor part, the head if present
some outer limbs were often found (if unoccludeaind otherwise the upper left part . Other parts were
and not camouflaged) along with false positivéabelled based on their position relative to this an-
due to background clutter. chor part. Parts are labelled as left or right accord-
ing to their relative positions in the image frame.
The search was elitist in that the best configura-
tion was kept irrespective of whether it passed later
Each part configuration was locally optimised bgrouping stages. At each stage of grouping, the
iteratively proposing random perturbations and aieter-part pose and appearance relations reduced
cepting them when the posterior ratio increasélde number of possible parts under consideration.
(this was found to perform better than a numerifter each grouping stage local optimisation was
cal gradient based local search). Translation waarformed. After the final grouping stage the best
perturbed by up t@ pixels in each direction, ori- configuration was locally optimised f@00 itera-
entation by up td 2° and elongation by up tb0%. tions prior to output, including the global scale fac-
Depth order was also searched in order to accotmt which was perturbed by up %. Every stage
for self-occlusion by proposing part movements up the search involves a rehypothesising of part la-
and down a layer. Part configurations with simildrels. For very small configurations (e.g. an up-
pose were merged. per arm) the labelling is highly unconstrained and
prone to error. However, for larger configurations
the prior constraints make the labelling more likely
to be correct. The labels at any stage (e.g. sin-
Part candidates are then iteratively grouped to bugte part stage) in the search are only important for
larger pose configurations. This began with evdhat stage to be able to return a MAP estimate of
uation of all possible pairs of (locally optimisedpose. Representing distributions over part labels
parts. Those pairs with likelihood ratio lower thafand pose) is deferred for future work.

T were discarded. Triples were then formed from A limitation of this 'feed-forward’ inference
all the parts in the retained pairs. This continuestheme is that parts that are significantly occluded

7.1.2 Local Optimisation

7.1.3 Combinatorial Search
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by other part(s), and therefore have weak likeliem was not overly sensitive to the correct choice.
hood responses, are never hypothesised laternnparticular, baggy clothing and perspective ef-
the search. Future work could develop sampliffigcts cause changes in relative scale between body
schemes that, given the pose of a set of body paparts (breaking the assumption of a common single
form larger configurations that account for the lacicale). The model showed good generalisation over
of contrast and self-occlusion. changes in scalef00% variation). It was observed
from these results that pose estimation in indoor
scenes was more problematic due to clutter from
man-made objects such as door frames. Scenes
Pose estimation was evaluated on a set of imvith large amounts of clutter caused long run-times
ages with characteristics described in Section 3 (idele to combinatorial explosion in the number of
cluttered indoor and outdoor scenes, various uarger configurations.
known subjects in various poses without constrain- Since much of the information about pose is con-
ing either clothing or lighting). Figures 8 and Qained in the smaller sub-configurations, especially
show the pose configurations with highest posterigrthe outer limbs, finding small numbers of parts is
ratio found within a fixed maximum run-time. Al-not as significant a drawback as one might initially
though inter-part links are not visualised here, wassume. Moreover, these results compare favorably
emphasises that these results represent estimatesgitf other state-of-the-art pose estimation systems
pose configurations with inter-part relationships that require more restricted scenes and assume that
terms of appearance and pose. Closer inspectinore is known about the appearance (e.g. [22, 23]).
of the input images reveals the presence of JPH{particular, these other systems also often only
encoding artifacts. find three to five body parts.

Histograms were built efficiently by projecting
scan-line segments and iteratively computing the
mask co-ordinates inside these segments. 18e Conclusions
colours in the image were preprocessed into his-
togram bins. The implementation sampled singlgvo fundamental problems of visual human pose
part configurations with scale = 1 at approxi- estimation were focussed upon: (i) discriminating
mately 3K H z from an typical image with resolu-a subject with complex, unknown appearance from
tion 640 x 480 on a2GHz PC. Run-time for a com-a cluttered, unknown scene that possibly occludes
plete pose estimation ranged franminutes, when parts of the subject using a single image, and (ii)
limited part candidates were identified, to the majermulating the pose estimation problem such that
imum 2 hours, when many part candidates wegdficient, accurate global estimation is possible in
identified in heavily cluttered scenes. such conditions. This is in contrast to the majority
of published research on human tracking and hu-
man pose estimation which has focused upon the
estimation problem. The strategy adopted here was
The results support the hypothesis that it is posti- ease the estimation problem by improving the
ble to efficiently find highly informative partial so-formulation and likelihood model.
lutions in real-world images using a strong single- The first main contribution was the partial con-
part and inter-part likelihood model. Furthermordiguration formulation that allows pose configura-
the system was able to recover pose in the prégns with variable numbers of parts to be compared
ence of other-object occlusion. The largest com a principled manner. Adopting such an approach
figurations presented in the results happen to hdwaes two key advantages. Firstly, it allows other-
four parts. Although five part configurations werebject occlusion to be modelled when the structure
hypothesised they gave lower responses. For @lithe scene is unavailable (which is the case in the
the test images the head, arms and legs were @reat majority of applications). Other-object occlu-
rectly labelled. It was difficult to identify a singlesion is common in real world images of people but
‘correct’ scale for some images however, the sylsas been largely ignored in previous work. Sec-

7.2 Empirical Evaluation

7.3 Discussion of Pose Estimation Results
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Figure 8: Pose estimation results. Notice the large varain clothing appearance, the loose fit of
some clothing and degree of background clutter. Also natiegoresence of other object occlusion. The
only complete failure was the final image where a reflectioth@background provided a strong part
response.

ondly, encoding pose using partial configuratiortd freedom that have little effect on the appear-
allows more efficient and flexible search schemasce. This probabilistic region formulation was
to be implemented. In particular, it allows bottomfurther developed to model self-occlusion and ex-
up part hypotheses to be used to focus the seapeltted contrast.

for larger configurations without making restrictive ) o o
assumptions about self-occlusion, other-object oc-The sécond main contribution was an efficient,
clusion or inter-part relations. This was combinddf@hly discriminatory, spatial likelihood model
with a novel shape model that, when transform&@mposed of two complementary components. The
into the image using the pose parameters, encoggsndary component allowed good discrimination
the uncertainty in visibility of parts at points in thé€f body parts based upon divergence between fea-
image and forms the basis of the measurement pi¢e distributions in regions induced by the high-
cess. This probabilistic approach is important f&#vel shape model encoded using probabilistic re-
efficient pose estimation where there is significafion templates and taking into account inter-part
un-parameterised variation due to factors such @trast. The use of high-level shape allowed bet-
clothing and inter-person variability. Moreover, ader discrimination in the presence of complex, tex-
ditional gains in efficiency can be made by contured appearance than models based upon bottom-

bining similar part models and removing degreé boundary measurements. The inter-part compo-
nent enabled efficient discrimination of larger con-
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Figure 9: Pose estimation results. Notice the large scalegds that are present as well as the variation
in pose (sitting, standing, jumping). Also notice the preseof other object occlusion. Two of the
images show patrtially incorrect results and one is compléteorrect (due to strong clutter from the
bookcase).

figurations by exploiting the long range appearancelt was demonstrated that by building upon this
similarity between parts. foundation a straightforward search scheme is able
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to recover a large amount of information about thg9] J. Deutscher, A. Blake, and I. Reid. Artic-
pose efficiently and globally. Such an approach
could be used to automatically initialise and re-
cover human trackers without relying upon ad-hoc
models or assumptions of visibility.
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