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Abstract
Markerless vision-based human motion analysis has the potential to provide an inexpensive, non-obtrusive solution for the estimation
of body poses. The signiﬁcant research eﬀort in this domain has been motivated by the fact that many application areas, including surveillance, Human–Computer Interaction and automatic annotation, will beneﬁt from a robust solution. In this paper, we discuss the
characteristics of human motion analysis. We divide the analysis into a modeling and an estimation phase. Modeling is the construction
of the likelihood function, estimation is concerned with ﬁnding the most likely pose given the likelihood surface. We discuss model-free
approaches separately. This taxonomy allows us to highlight trends in the domain and to point out limitations of the current state of the
art.
Ó 2007 Elsevier Inc. All rights reserved.
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1. Introduction

1.1. Scope of this overview

Human body pose estimation, or pose estimation in
short, is the process in which the conﬁguration of body
parts is estimated from sensor input. When poses are estimated over time, the term human motion analysis is used.
Traditionally, motion capture systems require that (electromagnetic) markers are attached to the body. These systems
have two major drawbacks: they are obtrusive and expensive. Many applications, especially in surveillance and
Human–Computer Interaction (HCI), would beneﬁt from
a solution that is markerless. Vision-based motion capture
systems attempt to provide such a solution, using cameras
as sensors. Over the last two decades, this topic has
received much interest, and it continues to be an active
research domain. In this overview, we summarize the characteristics of and challenges presented by markerless
vision-based human motion analysis. The literature is discussed, with a focus on recent work. However, we do not
intend to give complete coverage to all work.

Human motion analysis is a broad concept. In theory, as
many details as the human body can exhibit could be
estimated. This includes facial movement, movement of
the ﬁngers and changes in skin surface as a result of muscle
tightening. In this overview, pose estimation is limited to
large body parts (trunk, head, limbs). Note that, in human
motion analysis, we are only interested in the conﬁgurations of the body parts over time and not interpretations
of the movement. This means that pose recognition, which
is classifying the pose to one of a limited number of classes,
and gesture recognition, which is interpreting the
movement over time, are not discussed in this overview.
For some applications, the positioning of individual body
parts is not important. The entire body is tracked as a
single object, which is termed human tracking or detection.
This is often a preprocessing step for human motion
analysis, and we will not discuss the topic in detail in this
overview. Surveys of literature on related ﬁelds can be
found in [78,25] (gesture recognition), and [125] (face
recognition).
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In the remainder of this section, we summarize past surveys and taxonomies, and describe the taxonomy that is
used throughout this overview.
1.2. Surveys and taxonomies
Within the domain of human motion analysis, several
surveys have been written, each with a speciﬁc focus and
taxonomy. Gavrila [27] divides research into 2D and 3D
approaches. 2D approaches are further subdivided into
approaches with or without the explicit use of shape models. Aggarwal and Cai [4] use a taxonomy with three categories: body structure analysis, tracking and recognition.
Body structure analysis is essentially pose estimation and
is split up into model-based and model-free, depending
upon whether a priori information about the object shape
is employed. A taxonomy for tracking is divided into single
and multiple perspectives. Moeslund and Granum [63,64]
use a taxonomy based on subsequent phases in the pose
estimation process: initialization, tracking, pose estimation
and recognition. Wang et al. [121] use a taxonomy similar
to [4]: human detection, human tracking and human
behavior understanding. Tracking is subdivided into
model-based, region-based, active contour-based and feature-based. Wang and Singh [120] identify two phases in
the process of computational analysis of human movement: tracking and motion analysis. Tracking is discussed
for hands, head and full bodies.
Currently, we see some new directions of research such
as combining top–down and bottom–up models, particle
ﬁltering algorithms for tracking, and model-free
approaches. We feel that many of these trends cannot be
discussed appropriately within the taxonomies mentioned
above. We observe that studies can be divided into two
main classes: model-based (or generative) and model-free
(or discriminative) approaches. Model-based approaches
employ an a priori human body. The pose estimation process consists of modeling and estimation [100]. Modeling is
the construction of the likelihood function, taking into
account the camera model, the image descriptors, human
body model and matching function, and (physical) constraints. We discuss the modeling process in detail in Section 2. Estimation is concerned with ﬁnding the most
likely pose given the likelihood surface. The estimation
process is discussed in Section 3. Model-free approaches
do not assume an a priori human body model but implicitly
model variations in pose conﬁguration, body shape, camera viewpoint and appearance. Due to their diﬀerent nature
in both modeling and estimation, we discuss them separately in Section 4. We conclude with a discussion of open
challenges and promising directions of research.
2. Modeling
The goal of the modeling phase is to construct the function that gives the likelihood of the image, given a set of
parameters. These parameters include body conﬁguration

5

parameters, body shape and appearance parameters and
camera viewpoint. Some of these parameters are assumed
to be known in advance, for example a ﬁxed camera viewpoint, or known body part lengths. Estimating a smaller
number of parameters makes the problem more tractable
but also poses limitations on the visual input that can be
appropriately analyzed. Note that the relation between
pose and observation is multivalued, in both directions.
Due to the variations between people in shape and appearance, and a diﬀerent camera viewpoint and environment,
the same pose can have many diﬀerent observations. Also,
diﬀerent poses can result in the same observation. Since the
observation is a projection (or combination of projections
when multiple cameras are deployed) of the real world,
information is lost. When only a single camera is used,
depth ambiguities can occur. Also, because the visual resolution of the observations is limited, small changes in pose
can go unnoticed.
Model-based approaches use a human body model,
which includes the kinematic structure and the body
dimensions. In addition, a function that describes how
the human body appears in the image domain, given the
model’s parameters, is used. Human body models are
described in Section 2.1.
Instead of using the original visual input, the image is
often described in terms of edges, color regions or silhouettes. A matching function between visual input and the
generated appearance of the human body model is needed
to evaluate how well the model instantiation explains the
visual input. Image descriptors and matching functions
are described in Section 2.2. Other factors that inﬂuence
the construction of the likelihood function are the camera
parameters (Section 2.3) and environment settings (Section
2.4).
2.1. Human body models
Human body models describe both the kinematic properties of the body (the skeleton), as the shape and appearance (the ﬂesh and skin). We discuss both below.
2.1.1. Kinematic models
Most of the models describe the human body as a kinematic tree, consisting of segments that are linked by joints.
Every joint contains a number of degrees of freedom
(DOF), indicating in how many directions the joint can
move. All DOF in the body model together form the pose
representation. These models can be described in either 2D
or 3D.
2D models are suitable for motion parallel to the image
plane and are sometimes used for gait analysis. Ju et al.
[44], Haritaoglu et al. [33] and Howe et al. [38] use a socalled Cardboard model in which the limbs are modeled
as planar patches. Each segment has seven parameters that
allow it to rotate and scale according to the 3D motion.
Navaratnam et al. [70] take a similar approach but model
some parameters implicitly. In [40], an extra patch width

6

R. Poppe / Computer Vision and Image Understanding 108 (2007) 4–18

parameter was added to account for scaling during in-plane
motion. In [16,1], the human body is described by a 2D
scaled prismatic model [68]. These models have fewer
parameters and enforce 2D constraints on ﬁgure motion
that are consistent with an underlying 3D kinematic model.
But despite their success in capturing fronto-parallel
human movement, the inability to encode joint angle limits
and self-intersection constraints renders 2D models unsuitable for tracking more complex movement.
3D models most often model segments as rigid, and
allow a maximum of three (orthogonal) rotations per joint.
For each of the rotations individually, kinematic constraints can be imposed. Instead of segments that are linked
with zero-displacement, Kakadiaris and Metaxas [46]
model the connection by constraints on the limb ends. In
a similar fashion, Sigal et al. [99] model the relationships
between body parts as conditional probability distributions. Bregler et al. [13] introduce a twist motion model
and exponential maps which simplify the relation between
image motion and model motion. The kinematic DOF can
be recovered robustly by solving simple linear systems
under scaled orthogonal projection.
The number of DOF that are recovered varies between
studies. In some studies, a mere 10 DOF are recovered in
the upper body. Other studies estimate full-body poses with
no less than 50 DOF [3,5]. But even for a model with a limited number of DOF and a coarse resolution in (discrete)
parameter space, the number of possible poses is very high.
Applying kinematic constraints is an eﬀective way of pruning the pose space by eliminating infeasible poses. Typical
constraints are joint angle limits [118,21] and limits on
angular velocity and acceleration [124]. The fact that
human body parts are non-penetrable also introduces constraints [105].
2.1.2. Shape models
Apart from the kinematic structure, the human shape is
also modeled. Segments in 2D models are described as rectangular or trapezoid-shaped patches (see Fig. 1(a)). In 3D
models segments are either volumetric or surface-based.
Volumetric shapes depend on only a few parameters. Commonly used volumetric models are spheres [74], cylinders
[34,87,93] or tapered super-quadrics [19,28,47] (see
Fig. 1(b)). Instead of modeling each segment as a separate
rigid shape [15], surface-based models often employ a single surface for the entire human body (see Fig. 1(c)). These
models typically consist of a mesh of polygons that is
deformed by changes to the underlying kinematic structure
[5,45,9]. Plänkers and Fua [79] use a more complex body
shape model, consisting of three layers: kinematic model,
metaballs (soft objects) and a polygonal skin surface.
The parameters of the shape model, such as shape
lengths and widths, are sometimes assumed ﬁxed. However, due to the large variability among people, this will
lead to inaccurate pose estimations. Alternatively, these
parameters can be recovered in an initialization step, where
the observed person is to adopt a speciﬁed pose [15,6].

While this approach works well for many applications, it
restricts use in surveillance or automatic annotation systems. Online adjustment of these parameters is possible
by relying on statistical priors [30] or speciﬁc key poses
[18,8]. Cheung et al. [17] and Mikić et al. [61] use a number
of cameras and recover segment shape and joint positions
by looking at motion of individual points. Krahnstöver
et al. [49] report similar work for the upper body using a
single camera but only seem to support movement parallel
to the image plane.
The likeliness of the model instantiation given the image
can be calculated when functions are available that
describe how the model instantiation appears in the image
domain and calculate the distance between given image and
synthesized model. We describe model appearance in the
image domain, and the matching functions, in Section 2.2.
2.2. Image descriptors
The appearance of people in images varies due to diﬀerent clothing and lighting conditions. Since we focus on the
recovery of the kinematic conﬁguration of a person, we
would like to generalize over these kinds of variation. Part
of this generalization can be handled in the image domain
by extracting image descriptors rather than taking the original image. From a synthesis point of view, this means
that we do not need complete knowledge about how a
model instantiation appears in the image domain. Often
used image descriptors include silhouettes, edges, 3D
reconstructions, motion and color. We describe these next.
2.2.1. Silhouettes and contours
Silhouettes and contours (silhouette outlines) can be
extracted relatively robustly from images when backgrounds are reasonably static. In older studies, backgrounds were often assumed to be diﬀerent in appearance
from the person. This eliminates the need to estimate environment parameters. Silhouettes are insensitive to variations in surface such as color and texture, and encode a
great deal of information to help recover 3D poses [3].
However, performance is limited due to artifacts such as
shadows and noisy background segmentation, and it is
often diﬃcult or impossible to recover certain DOF due
to the lack of depth information (see Fig. 2). A matching
function is often based on area overlap. In model-free
approaches, silhouettes are encoded using central moments
[11] or Hu moments [89]. Contours can be encoded using a
combination of turning angle metric and Chamfer distance
[35] or shape contexts [7], and can be compared based on
deformation cost [66].
2.2.2. Edges
Edges appear in the image when there is a substantial
diﬀerence in intensity at diﬀerent sides of the image location. Edges can be extracted robustly and at low cost. They
are, to some extent, invariant to lighting conditions, but are
unsuitable when dealing with cluttered backgrounds or tex-
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Fig. 1. Human shape models with kinematic model. (a) 2D model (reprinted from [40], Ó IEEE 2002); (b) 3D volumetric model consisting of
superquadrics (reprinted from [47], Ó Elsevier, 2006); (c) 3D surface model (reprinted from [15], Ó ACM, Inc., 2003).

to detect self-occlusions. When multiple cameras are used,
a 3D reconstruction can be created from silhouettes that
are extracted in each view individually. Two common techniques are volume intersection [9] or a voxel-based
approach [17,61].
Another way of obtaining depth information is by using
stereometry. Corresponding points are sought in views of
calibrated camera pairs. Using triangulation, the depths
of the points are calculated. This approach has been taken
by Plänkers and Fua [79] and Haritaoglu et al. [33]. Stereo
is also used by Jojic et al. [43], with the optional aid of projected light patterns. Matching functions are based volume
overlap or mean closest point distance.

Fig. 2. Depth ambiguities when using monocular silhouettes [35] (Ó
IEEE, 2004).

tured clothing. Therefore, edges are usually located within
an extracted silhouette [46,118,87] or within a projection of
a human model [23]. Matching functions take into account
the normalized distance between model’s synthesized edges
and the closest edge found in the image. Rohr [87] uses
edge lines instead of edges to partially eliminate silhouette
noise. A distance measure based on diﬀerence in line segment length, center position and angle is applied.
2.2.3. 3D reconstructions
Edges and silhouettes lack depth information, at least
when only a single camera is used. This also makes it hard

2.2.4. Color and texture
Modeling the human body based on color or texture is
inspired by the observation that the appearance of individual body parts remains substantially unchanged, although
the body may exhibit very diﬀerent poses. The appearance
of individual body parts can be described using Gaussian
color distributions [123] or color histograms [81]. Roberts
et al. [85] propose a 3D appearance model to overcome
the problems with changing appearance due to clothing,
illumination and rotations. They model body parts with
truncated cylinders, with surface patches described by a
multi-modal color distribution. The appearance model is
constructed on-line from monocular image streams. Barrón
and Kakadiaris [6] minimize the sum of pixel-wise intensity
diﬀerences between the image and synthesized model. Skin
color can be a good cue for ﬁnding head and hands. In [53],
additional clothing parameters are used to model sleeve,
hem and sock lengths.
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2.2.5. Motion
Motion can be measured by taking the diﬀerence
between two consecutive frames. The brightness of the pixels that are part of the person in the image are assumed to
be constant. The pixel displacement in the image is termed
optical ﬂow and is used by Bregler et al. [13] and Ju et al.
[44]. Sminchisescu and Triggs [105] use optical ﬂow to construct an outlier map that is used to weight the importance
of edges.
2.2.6. Combination of descriptors
A likelihood function that takes into account a combination of descriptors proves to be more robust. Silhouette
information can be combined with edges [21], optical ﬂow
[36] or color [17]. In [92], edges, ridges and motion are used.
Filter responses for these image cues are learned from
training data. Ramanan and Forsyth [81] use edges and
appearance cues. Care must be taken in constructing the
likelihood function, especially when multiple image
descriptors are used. Not unusually, a body part conﬁguration that results in a low cost for one image descriptor, will
also result in a low cost for a second one. When the likelihood function simply multiplies the cost function for each
image descriptor, this may lead to sharp peaks in the likelihood surface. This results in less eﬀective estimation.
2.3. Camera considerations
Regarding the number of cameras that is used, monocular work [38,3,105,93] is appealing since for many applications only a single camera is available. When only a single
view is used, self-occlusions and depth ambiguities can
occur. Sminchisescu and Triggs [105] estimate that roughly
one third of all DOF are almost unobservable. These are
mainly motions in depth but also rotations of near-cylindrical limbs about their axes. These limitations can be alleviated by using multiple cameras. In general, there are two
main approaches. One is to search for features in each camera image separately and in a later stage combine the information to resolve ambiguities [19,28,90,83]. The second
approach is to combine the information as early as possible
into a 3D reconstruction, as we described before. When
multiple cameras are used, calibration is an important
requirement. Instead of combining the views, Kakadiaris
and Metaxas [46] use active viewpoint selection to determine which cameras are suitable for estimation.
Most studies assume a scaled orthographic projection
which limits their use to distant observations, where perspective eﬀects are small. Rogez et al. [86] remove the perspective eﬀect in a preprocessing step.
2.4. Environment considerations
Most of the approaches described in this overview can
handle only a single person at a time. Pose estimation of
more than one person at the same time is diﬃcult because
of occlusions and possible interactions between the per-

sons. However, Mittal et al. [62] were able to extract silhouettes of all persons in the scene using the M2Tracker. A
setup with ﬁve cameras provides the input for their
method. The W4S system [33] is able to track multiple persons and estimate their poses in outdoor scenes using stereo
image pairs and appearance cues.
The results that are obtained are largely inﬂuenced by
the complexity of the environment. Outdoor scenes are
much more challenging due to the dynamic background
and lighting conditions. In most work, the persons are visible without occlusion by other objects. It remains a challenge to recover poses of people under signiﬁcant
occlusion.
3. Estimation
The estimation process is concerned with ﬁnding the set
of pose parameters that minimizes the error between observations on the one hand, and on the other the projection of
the human body model (model-based), projection function
(learning-based) or example set (example-based). We can
identify two classes of estimation: top–down and bottom–up. Top–down approaches match a projection of the
human body with the image observation. Instead, in bottom–up approaches individual body parts are found and
then assembled into a human body. Recent work combines
these two classes. We discuss both classes and their combination in Section 3.1.
The likelihood function often has many local maxima
[106]. In this section, we will assume that instead of a likelihood function, a cost function has been constructed.
Therefore, we search for minima instead of maxima. Given
the high dimensionality of the search space, this search
must be eﬃcient. The speed of the pose recovery depends
largely on the speed of the estimation strategy. Some
approaches report estimation times of several minutes per
frame, other approaches can estimate human motion in
real time [23].
Many methods are single-hypothesis approaches.
Recent studies maintain multiple hypotheses. This reduces
the probability of getting stuck at a local minimum. We
discuss single and multiple hypothesis tracking, and batch
methods, in Section 3.2.
Estimation of poses over time can be made more stable
by assuming a motion model. Usually, these models are
speciﬁc for a given activity. In Section 3.4, both explicit
and implicit motion models are discussed.
3.1. Top–down and bottom–up estimation
There are two main approaches for model-based estimation: top–down and bottom–up. Recent work combines
these approaches to beneﬁt from the advantages of both.
3.1.1. Top–down estimation
Top–down approaches match a projection of the human
body with the image observation. This is termed an analy-
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sis-by-synthesis approach. A local search is often performed around an initial pose estimate [28,13,6]. A bruteforce local search is computationally expensive due to the
high dimensionality of the pose space. Therefore, the a posteriori pose estimate is often found by applying gradient
descent on the cost surface [118]. The search can also be
performed in the image domain. Delamarre and Faugeras
[19] use forces between extracted silhouettes and the projected model to reﬁne the pose estimation. Alternatively,
sampling-based approaches are taken. We discuss these in
the next section.
One drawback of top–down estimation is the fact that
(manual) initialization in the ﬁrst frame of a sequence is
needed since the initial estimate is often obtained from
the estimate in the previous frame. Another drawback is
the computational cost of forward rendering the human
body model and calculating the distance between the rendered model and the image observation.
Gavrila and Davis [28] take a top–down approach with
search-space decomposition. Poses are estimated in a hierarchical coarse-to-ﬁne strategy, estimating the torso and
head ﬁrst and then working down the limbs. The initial
pose prediction is based on constant joint angle acceleration. An analysis-by-synthesis approach is applied in a discrete fashion, resulting in a limited number of possible
solutions per joint.
Top–down estimation often causes problems with
(self)occlusions. Moreover, errors are propagated through
the kinematic chain. An inaccurate estimation for the
torso/head part causes errors in estimating the orientation
of body parts lower in the kinematic chain. To overcome
this problem, Drummond and Cipolla [23] introduce constraints between linked body parts in the kinematic chain.
This allows lower parts to eﬀect parts higher in the chain.
A pose is described by the rigid displacement for each body
part. This yields an over-parameterized system which is
solved in a weighted least-squares framework.
3.1.2. Bottom–up estimation
Bottom–up approaches are characterized by ﬁnding
body parts and then assembling these into a human body.
The body parts are usually described by 2D templates.
Often, these templates produce many false positives, as
there are often many limb-like regions in an image.
Another drawback is the need for part detectors for most
body parts, since missing information is likely to result in
a less accurate pose estimate.
The assembling process takes into account physical constraints such as body part proximity. Temporal constraints
can be used to cope with occlusions. Bottom–up
approaches have the advantage that no manual initialization is needed and can be used as an initialization for
top–down approaches.
Mori et al. [67] ﬁrst perform image segmentation based
on contour, shape and appearance cues. The segments are
classiﬁed by body part locators for half-limbs and torso
that are trained on image cues. From this partial conﬁgura-
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tion, the missing body parts are found. Global constraints,
including body part proximity, relative widths and lengths
and symmetry in color are enforced to prune the search
space. A very similar approach has been taken by Ren
et al. [84], who search for pairwise edges as segment boundaries. Ramanan [80] improves the deformable model iteratively, but does not perform explicit segmentation. In the
ﬁrst iteration, only edges are used to locate possible body
parts. A rough region-based model for each body part
and the background is then build from these locations.
New locations are found using this model and the process
is repeated.
In [26] body parts are modeled using 2D appearance
models. They use the concept of pictorial structures to
model the coherence between body parts. An eﬃcient
dynamic programming algorithm is used to ﬁnd an optimal
solution in the tree of body conﬁgurations. Trees are
extended with correlations between body parts in [50].
For walking, correlations between upper arm and leg
swings are used, resulting in more robust pose estimations.
Ronfard et al. [88] use the pictorial structures concept but
replace the body part detectors by more complex ones that
learn appearance models using Support Vector Machines.
Ramanan and Forsyth [81] use simple appearance-based
part detectors, aided by parallel lines. Motion tracking is
reduced to the problem of inference in a dynamic Bayes
net. Evaluation on outdoor sequences shows automatic initialization and recovery but tracking occasionally fails,
especially for in-plane motion. Ioﬀe and Forsyth [41] also
take a 2D approach where the appearance of individual
body parts is modeled. Inference is used on a mixture of
trees, to avoid the time consuming evaluation of each
group of candidate primitives. Song et al. [107] use a similar technique involving feature points and inference on a
tree model.
Sigal et al. [99] describe the human body as a graphical
model where each node represents a parameterized body
part (see Fig. 3(a)). The spatial constraints between body
parts are modeled as arcs. Each node in the graph has an
associated image likelihood function that models the probability of observing image measurements conditioned on
the position and orientation of the part. Pose estimation
is simply inference in the graphical model. In [95,32], temporal constraints are also taken into account, resulting in a
tracking framework. If individual part locators are used,
there is the risk that the estimated pose does not explain
the image very well. Sigal and Black [97] introduced occlusion-sensitive image likelihoods, which introduces loops in
the graphical model. Recently, they focussed on obtaining
3D poses from these 2D pose descriptions [98].
Ramanan and Sminchisescu [82] train models that maximize the likelihood for joint localization of all body parts,
rather than learning individual part locators. Their training
algorithm learns the parameters of a Conditional Random
Field (CRF) from a small number of samples.
In the work by Micilotta et al. [60], the location of a person in the image is found ﬁrst. Part detectors are learned
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Fig. 3. (a) Relation between body parts described in a graphical model [99] (Ó MIT Press, 2003); (b) View-based manifold for walking activity [24] (Ó
IEEE, 2004)).

and an assembly is found by applying RANSAC. Heuristics
are used to ﬁlter unlikely poses, and a pose prior determines the likelihood of the assembly. An example-based
approach (see also Section 4.2) is used to ﬁnd the most
likely pose based on extracted silhouette, edges, and hand
locations. Although this approach is computationally very
eﬃcient, only frontal poses are regarded. It would be interesting to see how the work could be generalized to more
unconstrained movements.
3.1.3. Combined top–down and bottom–up estimation
By combining pure top–down and bottom–up
approaches, the drawbacks of both can be targeted. Automatic initialization can be achieved within a sound tracking
framework.
Navaratnam et al. [70] use a search-space decomposition
approach. Body parts lower in the kinematic chain are found
using part detectors within an image region that is deﬁned by
the parent in the kinematic chain. This approach is computationally less expensive but performance depends heavily
on the individual part detectors. Demirdjian [20] uses optical
ﬂow in a top–down approach to select a candidate pose estimate. In addition, a view-based key frame that describes the
appearance of the person is selected. The motion between
the support points of the key frame and the image is used
to reﬁne the estimate. The ﬁnal pose estimate is obtained
by fusing both model-based and view-based estimates.
Hua et al. [39] incorporate bottom–up information in a
statistical framework. Comparable to Sigal et al. [99], the
human body is modeled as a Markov network. 2D body
poses are inferred using a data driven belief propagation
Monte Carlo algorithm. Shape, edge and color cues are
used to construct the importance sampling functions.

Lee et al. [54] use part detectors and inverse kinematics
to estimate part of the pose space. Bottom–up information
is only used when available, eliminating the need for a part
detector for each limb. The approach targets the drawbacks of a pure top–down approach, while still providing
a ﬂexible tracking framework. However, the bottom–up
information in used in a ﬁxed analytical way. Not only
does this approach require ﬁxed segment lengths, it also
prevents correct estimation of certain types of poses (e.g.,
poses where the elbow is higher than the hand). In [53],
proposal maps are introduced to facilitate the mapping
from 2D observations to 3D pose space.
Recent work has focussed on the recovery of human
poses in cluttered scenes. [55] adopt a three-stage approach,
based on [53], to subsequently ﬁnd human bodies, their 2D
body part locations and a 3D pose estimate. Sminchisescu
et al. [103] learn top–down and bottom–up functions in
alternate steps. The bottom–up process is tuned using samples from the top–down process, which is optimized to produce estimates that are close to those predicted by the
bottom–up process. The processes are guaranteed to converge to equilibrium.
3.2. Single and multiple hypothesis tracking
Estimating poses from frame to frame is usually termed
tracking. Tracking is used to ensure temporal coherence
between poses over time, and to provide an initial pose estimate. When it is assumed that the time between subsequent
frames is small, the distance in body conﬁguration is likely
to be small as well. These conﬁguration diﬀerences can be
approximately linearly tracked, for example using a Kalman ﬁlter. Traditional tracking was aimed at maintaining
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a single hypothesis over time. Since this often causes the
estimation to lose track, most recent work propagates multiple hypothesis in time. Often, a sampling-based approach
is taken. In some works, temporal coherence is achieved by
minimizing pose changes over a sequence of frames in a
batch approach. Related to this is the estimation of 3D
poses from 2D points. Although this topic is outside the
scope of our overview, it is relevant and we choose to
include it. This section discusses these methodologies.
3.2.1. Single hypothesis tracking
The high dimensionality of the pose space prohibits an
exhaustive search of the cost surface. Single hypothesis
approaches include Kalman ﬁltering and local-optimization methods [13,118,45]. Gavrila and Davis [28] use a discrete estimation to reduce computation time.
Single hypothesis tracking suﬀer from accumulation of
errors. In case of ambiguity, such as self-occlusion, there
is always the possibility of selecting the wrong pose. By
maintaining only a single hypothesis, the pose estimation
is likely to ‘drift oﬀ’ which makes recovery diﬃcult.
3.2.2. Multiple hypothesis tracking
To overcome the drifting problem of single hypothesis
tracking approaches, multiple hypotheses can be maintained. Cham and Rehg [16] use a set of Kalman ﬁlters to
propagate multiple hypotheses. This results in more reliable
motion tracking than with a single Kalman ﬁlter. Evaluation
on challenging dancing sequences shows that the multiple
hypotheses are able to track movement where a single mode
fails. However, due to their limited appearance model, rotations about limb axes could not be estimated.
Human motion is non-linear due to joint accelerations.
However, Kalman ﬁlters are only suitable for tracking linear motion. Sampling-based approaches (particle ﬁltering
or CONDENSATION [29,42]) are able to track non-linear
motion. In general, a number of particles is propagated
in time using a model of dynamics, including a noise component. Each particle has an associated weight, that is
updated according to the cost function. Conﬁgurations
with a low cost are assigned a high weight. Since all weights
sum up to one, the pose estimate is obtained by the
weighted sum of all particles. (Or alternatively, the particle
with the maximum weight is selected.)
Although, in theory, sampling-based methods are very
suitable for tracking, the high dimensionality requires the
use of many particles to sample the pose space suﬃciently
densely. Every particle comes with an increase in computational cost due to propagating the particles according to
the dynamical model and the evaluation of the cost function. For each particle, the human body model must be
rendered and compared to the extracted image descriptors.
Another problem is the fact that particles tend to cluster
themselves on a very small area. This is called sample
impoverishment [48], and leads to a decreasing number of
eﬀective particles. Diﬀerent particle sampling schemes have
been proposed to overcome this problem. In [122], some
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common schemes are evaluated quantitatively on the
human motion tracking task.
Currently, there are two main solutions to make the
problem more tractable. The ﬁrst one is to use priors on
the movement that can be recognized. This includes learning motion models to guide the particles more eﬀectively,
and to learn a low-dimensional space which reduces the
number of particles needed. We discuss these topics in Section 3.4. A second solution is to spread particles more eﬃciently in places where a suitable local minimum is more
likely. We discuss this solution below.
Sminchisescu and Triggs [105] introduce Covariance
Scaled Sampling (CSS) to guide the particles. Instead of
inﬂating the noise component in the model of dynamics,
the posterior covariance of the previous frame is inﬂated.
Intuitively, this focuses the particles in the regions where
there is uncertainty, for example due to depth ambiguities
as observed in monocular tracking. In the unconstrained
case and given monocular data and known segment length,
each joint has a twofold ambiguity. The connected limb is
either placed forwards, or backwards. This also means that
there are two local minima. When tracking fails, this is
most likely due to choosing the wrong minimum. In
[106], these ambiguities are enumerated in a tree, and the
particles are allowed to ‘jump’ in the pose space accordingly. Deutscher and Reid [21] introduce a diﬀerent
approach to guide the particles. They use simulated annealing to focus the particles on the global maxima of the posterior, at the price of multiple iterations per frame. Particles
are distributed widely at initialization, and their range of
movement is decreased gradually over time.
MacCormick and Isard [59] partition the pose space into
a number of lower-dimensional subspaces. Because independence between the spaces is assumed, this idea is similar
to search-space decomposition. As we discussed in the previous section, Lee et al. [54] avoid the need of an inhibitingly large number of particles by updating part of the state
space using analytical inference.
3.2.3. Batch methods
Batch methods optimize poses over a sequence of
frames, and are therefore unsuitable for online tracking.
They avoid the need of propagating multiple hypotheses,
since the most likely sequence of poses can be determined
automatically. Plänkers and Fua [79] and Liebowitz and
Carlsson [57] use least-squares minimization, Brand [11]
and Navaratnam et al. [70] use the Viterbi algorithm to ﬁnd
the most probable state sequence in an Hidden Markov
Model (HMM).
3.3. 3D pose estimation from 2D points
When only 2D points over a sequence of images are
known, 3D poses can be estimated if a human body model
is taken into account. Liebowitz and Carlsson [57] reconstruct 3D poses from 2D point correspondences from multiple views and known body segment lengths. Linear
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geometric reconstruction is used to recover the poses of an
entire motion sequence at once. Taylor [111] uses only a single view and recovers the entire set of pose solutions by considering the foreshortening of the segments of the model in
the image. A scaled orthographic projection is assumed,
which limits the approach to far views. Depth ordering must
be speciﬁed manually. Lee and Chen [52] recover the camera
parameters from 6 points on the head. They use an interpretation tree to store all kinematic ambiguities that arise from
forward to backward ﬂipping and apply a number of constraints to prune impossible conﬁgurations. Additionally,
DiFranco et al. [22] use user-speciﬁed 3D key frames. A
maximum a posteriori trajectory is calculated using a nonlinear least squares framework, taking into account joint
angle limits and smooth dynamics. In [76], no camera model
is assumed but ﬁxed segment ratios are used.
3.4. Motion priors
Although the human body can perform a very broad
variety of movements, the set of typically performed movements is usually much smaller. Especially when only a single class of movements (e.g., walking, swimming) is
regarded, motion priors can aid in performing more stable
tracking. However, this comes as a cost of putting a strong
restriction on the poses that can be recovered.
Many prior models are derived from training data. A
possible weakness of these motion models is that the ability
to accurately represent the space of realizable human
movements generally depends signiﬁcantly on the amount
of available training data. Therefore, the set of exemplars
must be suﬃciently large and account for the variations
that can be observed while tracking the movement.
Generally, we can identify two main classes of motion
priors. The ﬁrst uses an explicit motion model to guide
the tracking. The second class learns a low-dimensional
activity manifold, in which tracking occurs.
3.4.1. Using motion models
Most statistical motion models can only be used for speciﬁc movements, such as walking [34,87] dancing [83] or
tennis [108]. However, more general models exist [1,77,94].
Howe et al. [38] use snippets of motion from a database
to recover 3D motion given 2D points. From a sequence of
2D poses, the 3D motion is reconstructed by ﬁnding the
MAP estimate of the sequence of snippets. Sidenbladh
et al. [94] take a similar approach. They retrieve motion
samples similar to the motion being tracked. The dynamics
of the sample are used to propagate the particles in a particle ﬁlter framework. Ning et al. [71] use a similar
approach, but constrain the propagation of the particles
using physical motion constraints.
Instead of using samples, Pavlovic et al. [77] learn a
dynamical model over the pose space. Agarwal and Triggs
[1] cluster their training data into body poses with similar
dynamics. Principal Component Analysis (PCA) is applied
to reduce the dimensionality for each cluster, followed by

learning a local linear autoregression. A class inference
algorithm is able to estimate the current motion cluster
and allows for smooth transitions between classes.
The work of [14] does not only model the short-term
dynamics but also takes into account the history using Variable Length Markov Models (VLMM). Clusters of elementary motion are learned from training data and
clustered. State transitions in the VLMM correspond to
one of the clusters. Particles are propagated according to
the dynamics of the selected cluster. The noise vector,
added in the propagation, is sampled from the covariance
of the cluster. This is similar in spirit to CSS [105], where
the noise is sampled from the covariance of the previous
posterior distribution.
3.4.2. Dimensionality reduction
Reducing the dimensionality of the pose space is motivated by the observation that human activities are often
located on a latent space that is low-dimensional [24,31].
As mentioned before, tracking in this low-dimensional
manifold results in lower numbers of required particles.
Currently, manifolds are learned for speciﬁc activities, such
as walking, and it remains to be researched how this can be
extended to broader classes of movement.
Tracking in a low-dimensional manifold requires three
components. First, a mapping between original pose space
to low-dimensional manifold must be learned. Second, an
inverse mapping must be deﬁned. Third, it must be deﬁned
how tracking within the low-dimensional space occurs.
Since the mapping between the original pose space and
latent space is in general non-linear, linear PCA is inadequate. Algorithms such as Locally Linear Embedding
and Isomap can learn this non-linear mapping but are
not invertible. This inverse mapping is needed because
the full body conﬁguration is required for evaluation of
the likelihood function. Gaussian Process Latent Variable
Models (GPLVM, [51]) and Locally Linear Coordination
(LLC, [112]) do provide the inverse mapping.
Sminchisescu and Jepson [101] use spectral embedding
to learn the embedding, which is modeled as a Gaussian
mixture model. Radial Basis Functions (RBF) are learned
for the inverse mapping. A linear dynamical model is used
for tracking. Urtasun et al. [116] use a GPLVM to learn
prior models for 3D human tracking. GPLVMs generate
smooth mappings between pose space and latent space,
which is useful for the use of gradient descent to optimize
pose estimates. A second-order Gauss–Markov model is
used as a motion model. In later work [119,115], a Gaussian Process Dynamical Model (GPDM) is learned from
training data. The GPDM also learns a dynamical model
in the latent space. Recent work by Moon and Pavlović
[65] has investigated the eﬀect of dynamics in the embedding on human motion tracking.
Tian et al. [113] use a GPLVM for 2D pose estimation.
Particle ﬁltering is used, where the samples are drawn from
the latent space. Alternatively, Li et al. [56] use LLC for
learning the mappings. Smoothing in the latent space is
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not enforced but the mapping is such that close points in
latent space correspond to close poses in the pose space.
Therefore, a simple dynamical model can be used.
4. Model-free approaches
If no explicit human body model is available, a direct
relation between image observation and pose must be
established. Two main classes of pose estimation approach
can be identiﬁed: learning-based (Section 4.1) and examplebased (Section 4.2). In learning-based approaches, a function from image space to pose space is learned using training data. Example-based approaches avoid learning this
mapping. Instead, a collection of exemplars is stored in a
database, together with their corresponding pose descriptions. For a given input image, a similarity search is performed and candidate poses are interpolated to obtain
the pose estimate. Note that although the inverse mapping
from image space to pose estimate is multi-valued and cannot be functionally approximated [102], most work treats
the relation as single-valued.
Since variations in body conﬁguration, body dimensions, viewpoint and appearance are implicitly modeled
in the training data, this data needs to generalize well over
the invariant parameters and distinguish well between the
variant ones. The training data must account for the high
non-linearity of the mapping between image and pose
space, which means in practice that the pose space must
be densely sampled in the training set. However, the training data can be constructed when keeping in mind that not
all kinematically possible poses are also likely.
Model-free algorithms do not suﬀer from (re)initialization problems and can in this respect be used for initialization of model-based pose estimation approaches as we
discussed in Section 3.
4.1. Learning-based
Grauman et al. [30] describe a distribution over both
multi-view silhouettes and 3D joint locations with a mixture of probabilistic PCA. Pose inference is based on the
maximum a posteriori (MAP) estimate. Silhouettes from
a single view are used by Agarwal and Triggs [3]. They
use non-linear regression to model the relation between histograms of shape contexts and 3D poses. Damped leastsquares and Relevance Vector Machine regression over
both linear and kernel bases have been evaluated. Ambiguities are resolved using dynamics.
In recent work, Agarwal and Triggs [2] use histograms
of gradient orientations over a grid of small cells. Non-negative matrix factorization is used to obtain a set of basis
vectors that correspond to local features on the human
body such as shoulders and bent elbows. When using these
vectors to reconstruct an image with clutter, the edges that
correspond to the person are obtained. This enables them
to recover poses without having to extract the person’s outline. Regression is used to recover upper-body poses.
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Brand [11] models a manifold of pose and velocity conﬁgurations with an HMM. Temporal ambiguities are
resolved by recovering poses over an entire sequence by
applying the Viterbi algorithm. Elgammal and Lee [24]
recover 3D poses from monocular silhouettes using an
intermediary activity manifold (see Fig. 3(b)). Manifolds
are learned from visual input and subsequently, mappings
are learned from manifolds to visual input and 3D poses.
Good generalization for variations in body shape are
reported. However, the manifolds are learned for speciﬁc
activities and viewpoints, and it is unclear how the work
would generalize to a more unconstrained motion domain.
In [109], a pose manifold is learned in addition to the image
manifold. LLE is used to learn a mapping between the two
manifolds.
Rosales and Sclaroﬀ [89] observe that the inverse of the
mapping from image space to pose space cannot be modeled by a single function. Therefore, they cluster the 2D
pose space and learn specialized functions for each cluster
from image descriptors to pose space. A neural network is
used as mapping function. In [90], the work is extended to
allow input from multiple cameras. The pose is estimated
for each camera individually and in a subsequent step,
the hypotheses are combined into a set of self-consistent
3D pose hypotheses. Sminchisescu et al. [102] model the
multi-valued nature of the mapping from observation to
pose state with a mixture of expert models. Each expert
learns the conditional state distributions from a database
consisting of samples of pose representation and a rendered
human body model. Shape contexts in addition to local
appearance are used as image descriptors. The samples
involve a number of human activities such as walking, running and pantomime. Demonstration on monocular complex motions shows convincing results, and tests on
artiﬁcial data show that the proposed approach outperforms nearest-neighbor and regression methods. Training
these mappings requires large amounts of labelled example
pairs consisting of both image descriptors and poses. In
[69], also data from each of the types separately are used
to improve manifold learning.
Recent work by Taycher et al. [110] transforms the
continuous state estimation problem into a discrete one
by using dividing the state space into regions that approximate the posterior. The observation potential function of
the CRF is learned oﬀ-line from a large number of examples. By focusing only on the regions where the prior state
probability is signiﬁcant, poses can be recovered in real
time.
4.2. Example-based
Example-based approaches use a database of exemplars
that describe poses in both image space and pose space.
One drawback of these approaches is the large amount of
space needed to store the database.
Mori and Malik [66] extract external and internal contours of an object. Shape contexts are employed to encode
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the edges. In an estimation step, the stored exemplars are
deformed to match the image observation. In this deformation, the location of the hand-labelled 2D locations of
joints also changes. The most likely 2D joint estimate is
found by enforcing 2D image distance consistency between
body parts. Shape deformation is also used by Sullivan and
Carlsson [108]. To improve the robustness of the point
transferral, the spatial relationship of the body points
and color information is exploited. Loy et al. [58] perform
interpolation between key frame poses based on [111] and
additional smoothing constraints. Manual intervention is
necessary in certain cases.
Bowden et al. [10] ﬁt a non-linear point distribution
model (PDM) to their image observations. The PDM consists of the 2D position of head and hands in the image, the
2D body contour, and the 3D structure of the body. The
PDM is trained on high-dimensional feature vectors that
contain likely body movements. The feature space is projected on a lower dimensional space. In [75], the poses in
the database are rendered from multiple views, which
makes the approach somewhat invariant to the viewpoint.
For a monocular image, the view is estimated using a linear
discriminant and subsequently the pose is recovered using a
nearest neighbor classiﬁer. Ong and Gong [72] include
views from multiple cameras in the PDM and recover a
pose from multi-view images.
Toyama and Blake [114] also show how to incorporate
exemplars in a probabilistic temporal framework. Silhouettes, described using turning angle and Chamfer distance
are considered by Howe [35]. To achieve temporal coherence, he uses Markov Chaining with subsequent smoothing
over a sequence of frames. In later work [36], optical ﬂow
information is used in addition. Motion is used in the estimation process by Ong et al. [73]. Their exemplar space is
clustered and ﬂow vectors between clusters are learned
from sequences of training data. A particle ﬁlter framework is used where the particles are guided by the ﬂow vectors. This reduces the number of particles needed but puts a
strong prior on the motions that can be estimated.
The computational complexity of a naive Nearest Neighbor search is linear in the number of exemplars. For recovering more unconstrained movements or high number of
DOF, the number of exemplars grows substantially. Therefore, Shakhnarovich et al. [91] introduce Parameter Sensitive Hashing (PSH) to rapidly estimate the pose given a
new image. Because of the ambiguity in the use of silhouettes
alone, they use edge direction histograms within a contour.
PSH is also applied in [83], where a bit string of binary local
features [117] extracted from silhouettes obtained using
three views are used instead. In addition to PSH, they use
a motion graph to ﬁnd those poses that are not only close
in image space, but are also close in pose space.
5. Discussion
Human motion analysis is a challenging problem due to
large variations in human motion and appearance, camera

viewpoint and environment settings. On the other hand, we
know much about people’s physical appearance and movements. The key point for successful human motion analysis
is to use this knowledge eﬀectively. Over the last two decades,
a large amount of research has been conducted. Human
body models that were initially described in 2D have now
evolved into highly articulated 3D models. Deterministic linear tracking has been replaced by sampling-based tracking
frameworks that evaluate the cost function eﬀectively. The
role of machine learning plays an increasingly important role
in human motion analysis, and will continue to do so.
For each of the methodologies described in this survey,
prior knowledge about human movement or appearance is
incorporated more and more eﬀectively. For example, joint
angle limitations are directly encoded during tracking,
instead of as a pose space pruning technique. But although
many of these advances have led to impressive results given
the complexity of the task, the domain was always limited.
Not unusually, it is assumed that a person has been found
in the image in a preprocessing step. Furthermore, assumptions about the viewpoint, appearance and motion are
often made.
We expect that combining methodologies is the solution
to use prior knowledge even more eﬀectively. Indeed,
recent work explores these kind of combinations. While
much research is needed, these works are certainly promising. For example, model-based and model-free approaches
have been combined [60] to allow for automatic initialization and recovery. Another promising direction of research
is the recent combination of bottom–up and top–down
approaches, as described in Section 3.1. This has led to
eﬀective tracking frameworks. Also, 2D and 3D models
have been combined to facilitate detection and subsequent
pose estimation [3,12]. Also, they have the potential to deal
more eﬀectively with occlusions, a problem that is often
ignored. Work by Howe [37] also addresses this issue.
Also, the role of context should be used more explicitly.
Human motion analysis provides input for reasoning about
actions and intentions. Reversely, context can be used for
human motion analysis, other than implicitly by assuming
a ﬁxed domain. Recent work aims at learning models that
are conditioned on the context [14,104].
The role of human motion models, and how they generalize to broader domains remains to be investigated. Also,
the suitability of low-dimensional latent spaces for recovery
of more spontaneous movement needs to be assessed.
From a practical perspective, evaluation of motion analysis algorithms requires a common database, representative
for a broad range of domains (indoor, static scenes, and
dynamic, cluttered scenes with multiple persons). This
database should consist of ground truth data and image
sequences. In addition, common criteria (accuracy,
smoothness, speed) for evaluation are needed. The recently
introduced HumanEva-I database [96] is a good ﬁrst step
in this direction. When the evaluation criteria are generally
accepted, this will contribute signiﬁcantly in determining
promising directions of research.
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