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1

Introduction

1.1

Human motion analysis

The systematic analysis of human motion dates back at least to Aristotle. However, it
was only in the late 19th century that sequences of photographs could be recorded at
sufficient speed for vision-based motion analysis. Pioneers in this field of chronophotography were Marey [209] and Muybridge [231]. Their recordings allowed for qualitative and quantitative analysis of human motion. The reader is referred to Klette
and Tee [176] for a more detailed historic overview of human motion analysis.
The shift to automatic human motion analysis largely found its origin in the work
by Johansson [156], who placed reflective markers on human joints. He showed that
such a representation enabled human observers to recognize human action, gender
and viewpoint. These compact representations of human motion also proved to be
suitable for automatic recovery and recognition of human motion. However, since
markers are usually absent in the image sequences, we focus on markerless, visionbased analysis of human movement.
The visual analysis of human motion comprises many aspects. In this thesis, we
limit our focus to human pose recovery and human action recognition. The former is
a regression task where the aim is to determine the locations or angles of key joints
in the human body given an image of a human figure. The latter is the process of labelling image sequences with action labels, which is a classification task. Importantly,
we do not consider the interpretation of the motion, which requires reasoning and
is usually dependent on the specific application or application domain. For both the
pose recovery and the action recognition task, we assume that the human figure in
the image has been localized in a previous step. This process of human detection or
human localization falls outside our scope. However, we briefly discuss this topic in
Section 3.1.
The research context and focus of our work is further explained in Section 1.2. We
will discuss the discriminative aspect of our work in Section 1.3. In Section 1.4, we
summarize the contributions of the work described in this thesis. Finally, we present
the outline of this thesis in Section 1.5.

2 | Chapter 1

1.2

Research context

The research in this thesis was carried out within the ICIS project (Interactive Collaborative Information Systems). The focus of this project is on the design, development
and evaluation of computer-assisted crisis management systems. Situational awareness and automatic decision making are key topics within the project and humans
play an important role in both these processes. The CHIM (Computational Human Interaction Modelling) cluster looks at humans and their interaction with a crisis management system. This interaction can be conscious, when humans actively control the
interaction, for example, using gesture-based interfaces. Alternatively, the interaction
can be unconscious. In this case, humans can be observed and the actions they perform can be used to increase the system’s awareness of the situation. An example is
the recognition of running persons from surveillance cameras.
Despite differences between conscious and unconscious human motion, both cases
require reliable and real-time recovery of human poses and recognition of human
actions. In this thesis, the focus is therefore on these criteria.
The application of our research is not limited to the crisis domain. Visual surveillance could also benefit from the work described in this thesis. This will enable recognition of malicious actions in shopping malls or parking lots or help in monitoring
elderly people to enable them to live independently for a longer period of time. The
work could also be used for human-computer interaction applications that require
real-time visual processing. While our work is motivated by the crisis management
domain, we do not restrict ourselves to a single domain. Rather, we use publicly
available datasets. The use of these datasets allows for comparison with other work.
Also, given the public nature of these datasets, the precise merits and limitations of
our contributions may be more easily understood.

1.3

Discriminative pose recovery and action recognition

Human pose recovery and action recognition approaches can be either generative or
discriminative. Generative approaches model the mapping from pose or action to
image, usually by employing a human body model. This allows for generation of the
observation, given a pose description or action class. Their advantage is that many parameters, such as body dimensions, visual appearance and viewpoint can be included
in the model, which allows for more faithful reconstruction of the image or image
representation. One drawback of generative approaches is the need for a reasonably
accurate initial estimate. More importantly, generative approaches usually require
many iterations to converge to the approximately correct solution. Given that model
projection and projection-to-image matching are computationally demanding, generative approaches cannot operate in real-time without oversimplifying assumptions.
This makes them unsuitable for the applications we focus on.
In contrast, discriminative approaches do not model the mapping from pose or
action to image but rather learn the inverse of this mapping. The term discriminative
is motivated by the fact that these approaches do not model a class of poses or actions,
but instead learn how to distinguish between different poses or actions, conditioned

Introduction

on the observation. This allows for direct evaluation of a mapping function.
For discriminative approaches, the mapping from observation to pose or action
is complex and is usually learned from data. In the case of human pose recovery
and action recognition, this requires observation-pose or observation-action pairs (in
Chapter 6 we will also look at pose-action pairs). Consequently, we can only approximately recover and recognize those poses and actions that we use to learn the
mapping. This makes discriminative approaches suitable only for domains that are
constrained with respect to the poses, viewpoints and other variations that we explicitly want to deal with, and train on. For pose recovery, this implies that the number
of parameters that we can recover is limited.
The great advantage of discriminative approaches is that, after learning the mapping offline, online inference can be performed with low computational cost. In fact,
many discriminative works operate in real-time. This is of key importance for the
interactive applications that we consider in our work. Therefore, in this thesis, we
follow a discriminative approach for both pose recovery and action recognition.
A more thorough discussion of generative and discriminative approaches for pose
recovery and action recognition, respectively, is presented in Chapters 2 and 4.

1.4

Contributions of this thesis

We focus on fast human pose recovery and human action recognition from images and
video. As discussed previously, we take a discriminative approach in both tasks. We
assume that the human figure in the image has been detected in a previous step. The
extracted figure is further described in a more compact form: the image representation. For both the pose recovery and the action recognition task, we use an adaptation
of histograms of oriented gradients (HOG). This grid-based image representation is
compact but sufficiently informative, and is invariant to changes in translation, scale
and lighting.
In this thesis, we make several contributions, which are summarized below. We
consider the evaluation of our contributions as an important aspect. Therefore, we
performed extensive experiments on publicly available datasets.
• We give an extensive overview of the state of the art in human pose recovery
and human action recognition. We describe directions within each field and the
advantages and limitations of different approaches, while focussing on recent
work. (Chapters 2 and 4)
• We present an example-based approach to human pose recovery. In such an
approach, the training examples are retained, and pose recovery of an unseen
image is obtained by weighted interpolation of the poses associated with the
closest visual examples. The performance of the approach does not rely on
precise parameter setting and therefore allows for thorough investigation of the
performance of the HOG descriptors. (Chapter 3)
• In realistic situations, partial occlusion of the human figure in the image is common. However, the recovery of human poses from partially occluded images
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has been largely ignored. We adapt our example-based pose recovery approach
to cope with partial observations, when these are predicted. We use the gridbased nature of the HOG descriptor to efficiently recover the pose using part of
the image descriptor. Regardless of the area and type of occlusion, our adapted
approach has the same computational complexity as the original example-based
approach. (Section 3.3)
• To recognize human actions from image sequences, we describe each frame
with a HOG descriptor. For each pair of action classes (e.g. walking or waving),
we apply a common spatial pattern (CSP) transform on sequences of these descriptors. The transform uses differences in variance between the two classes
to maximize separability. Each of the pair-wise discriminative functions softly
votes into the two classes. After evaluation of all pair-wise functions, the class
with the maximum voting mass is selected. Due to the simplicity of the functions, evaluation can be performed efficiently. (Chapter 5)
• We combine the example-based pose recovery approach with the CSP classifier
to recognize human actions from sequences of recovered poses. Thanks to rotation normalization of the poses, we can train the action models independently
of the viewpoint. Moreover, we can recognize actions from partially occluded
image observations since we can deal with these occlusions in the pose recovery
step. (Chapter 6)

1.5

Thesis outline

Human pose recovery and human action recognition are discussed in Part I and II of
this thesis, respectively. Each part starts with an overview of the domain (Chapters 2
and 4), followed by our practical contributions to the fields (Chapters 3 and 5). In
Part II, we also discuss how human actions can be recognized from recovered poses,
thereby linking the two topics (Chapter 6).
In Part III, we summarize our main contributions and discuss the strengths and
limitations of our approaches. Finally, we present avenues for future work (Chapter 7.3).

Part I

Human pose recovery

2

Human pose recovery: an overview

2.1

Introduction

Human body pose recovery, or pose estimation, is the process of estimating the configuration of body parts from sensor input. When poses are estimated over time, the
term human motion analysis is used. Traditionally, motion capture systems require
that markers are attached to the body. These systems have some major drawbacks as
they are obtrusive, expensive and impractical in applications in which the observed
humans are not necessarily cooperative. As such, 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. We discuss recent literature but we do not intend to give
complete coverage to all work.

2.1.1 Scope of this overview
Human motion analysis is a broad concept. In theory, as many details as the human
body can exhibit could be estimated, such as facial movement and movement of the
fingers. In this overview, we focus on large body parts (torso, head, limbs). We limit
ourselves to estimating body part configurations over time and not recognition of
the movement. Action recognition, which is interpreting the movement over time, is
not discussed in this overview. See Chapter 4 for an overview of action recognition
literature. Surveys on gesture recognition appear in [83; 266]. For some applications,
the positioning of individual body parts is not important. Instead, the entire body
is tracked as a single object, and such applications are termed human tracking or
detection. This is often a preprocessing step for human motion analysis, and we will
not discuss the topic in this overview. A brief discussion appears in Section 3.1. In the
remainder of this section, we summarize past surveys and taxonomies, and describe
the taxonomy that is used throughout this overview.
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2.1.2 Surveys and taxonomies
Within the domain of human motion analysis, several surveys have been written, each
with a specific focus and taxonomy. Gavrila [108] 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 [5] 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 et
al. [222] use a taxonomy based on subsequent phases in the pose estimation process: initialization, tracking, pose estimation and recognition. Wang et al. [373]
use a taxonomy similar to [5]: 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 [372] 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. Forsyth et al. [97] discuss
tracking and animation approaches dealing with human motion.
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 and model-free approaches. Model-based approaches employ an a priori human body. The pose estimation process consists of modeling and estimation. Modeling is the construction of the likelihood function, taking into account
the camera model, the image descriptors, human body model, matching function and
(physical) constraints. We discuss the modeling process in detail in Section 2.2. Estimation is concerned with finding the most likely pose given the likelihood function.
The estimation process is discussed in Section 2.3. 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 2.4. We conclude with a discussion of open challenges and promising directions of research. An
earlier version of this overview appeared as [273].
Note that often the terms generative and discriminative are used. Discriminative approaches directly approximate the mapping from image to pose space, usually
without using a human body model. Generative approaches are able to generate the
input given a pose representation, for which typically a human body model is used.
However, several works approximate this mapping functionally, thus without using a
body model. Consequently, the modeling phase is significantly different. Therefore,
we use the classes model-based and model-free instead.

2.2

Modeling

The goal of the modeling phase is to construct the function that gives the likelihood
of an input image, given a set of parameters. These parameters include body config-
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uration 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 search for the optimal model instantiation more tractable but
also poses limitations on the visual input that can be 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 is used that describes how
the human body appears in the image domain, given the model’s parameters. Human
body models are described in Section 2.2.1.
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 2.2.2. Other factors that influence the construction
of the likelihood function are the camera parameters (Section 2.2.3) and environment
settings (Section 2.2.4).

2.2.1 Human body models
Human body models describe the kinematic properties of the body (the skeleton) as
well as the shape and appearance (the flesh and skin). We discuss these below.
2.2.1.1

Kinematic models

Most of the kinematic models describe the human body as a 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. Ju et al. [159]
and Haritaoglu et al. [125] use a so-called Cardboard model in which the limbs are
modeled as planar patches. Each segment has 7 parameters that allow it to rotate
and scale according to the 3D motion. In [140], an extra patch width parameter was
added to account for scaling during in-plane motion. In [2; 47], the human body is
described by a 2D scaled prismatic model [227]. 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

| 9

10 | Chapter 2

renders 2D models unsuitable for tracking more complex movement.
3D models 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 [163] model the connection by constraints on the limb ends. In a similar fashion, Sigal et al. [325] model
the relationships between body parts as conditional probability distributions. Bregler
et al. [41] 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 parameters of the kinematic model such as limb lengths 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 [21; 45].
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 [115] or specific but common key poses [24; 54].
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. 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 [66; 369] and
limits on angular velocity and acceleration [399].
2.2.1.2

Shape models

Apart from the kinematic structure, the human shape is also modeled. Segments in
2D models can be described as rectangular or trapezoid-shaped patches, such as the
Cardboard model [159] (see Fig. 2.1(a)). Segments in 3D models are either volumetric or surface-based. Volumetric shapes depend on only a few parameters. Commonly
used models are spheres [257], cylinders [129; 295; 318] or tapered super-quadrics
[63; 110; 171] (see Fig. 2.1(b)). Instead of modeling each segment as a separate
rigid shape, surface-based models often employ a single surface for the entire human
body [7; 13; 45] (see Fig. 2.1(c)). These models typically consist of a mesh of polygons that is deformed by changes to the underlying kinematic structure [20; 38; 162].
Plänkers and Fua [270] use a more complex body shape model, consisting of three
layers: kinematic model, metaballs (soft objects) and a polygonal skin surface. When
using 3D shape models, constraints can be introduced to prevent volume overlap of
body parts [330].
Shape models can be assumed known or determined based on the observations. In
several cases, the shape parameters are recovered jointly with the pose instantiation.
Cheung et al. [51] and Mikić et al. [215] use a number of cameras and recover
segment shape and joint positions by looking at motion of individual points. The
parameters of a statistical model of human body shape [13] are estimated by Bălan et
al. and Mündermann et al. [18; 230; 320]. Rosenhahn et al. [301] model additional
clothing parameters for the lower body.
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(a)

(b)

(c)

Figure 2.1: Human shape models with kinematic model. (a) 2D model (reprinted from [140], ©
IEEE 2002) (b) 3D volumetric model consisting of superquadrics (reprinted from [171],
© Elsevier, 2006) (c) 3D surface model (reprinted from [45], © ACM, Inc., 2003)

To evaluate the likeliness of the model instantiation given the image, a function is
required that describes how the instantiation appears in the image domain. An appropriate distance measure between synthesized model projection and image observation
gives the likeliness of the model instantiation. We describe model appearance in the
image domain and the matching functions in the next section.

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 invariant image descriptors
rather than taking the original image. For synthesis, 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 information, motion and
color.
2.2.2.1

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 appearance such as color and texture, and encode a great deal of information
to help recover 3D poses. However, performance is limited due to artifacts such as
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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. 2.2). Area overlap
is commonly used as a distance measure between observed and synthesized silhouettes. In model-free approaches, silhouettes are encoded using central moments [40]
or Hu moments [298]. Contours can be encoded using a combination of turning angle metric and Chamfer distance [132] or shape contexts [23], and can be compared
based on deformation cost [225].

Figure 2.2: Depth ambiguities when using silhouettes from a single view [132] (© IEEE, 2004)

2.2.2.2

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 textured clothing. Therefore, edges are usually located within an extracted silhouette [163; 295; 369] or within a projection of a
human model [72]. Matching functions take into account the normalized distance between a model’s synthesized edges and the closest edge found in the image (Chamfer
distance). Rohr [295] 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. When there is low contrast between background and
foreground, or between human body parts, edges responses will generally be low.
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Also, fast camera movement or relative movement of body parts can cause motion
blur which hinders the robust extraction of edges.
2.2.2.3

3D information

Edges and silhouettes lack depth information, at least when only a single view is
used. This also makes it hard to detect self-occlusions. When multiple views are
present, each of them can be used individually to evaluate the model instantiation
(e.g. [18; 63; 300]). Bălan et al. [16] additionally use shadows to match their
projections to.
When two calibrated cameras are used, a depth map can be obtained by using
stereometry. Corresponding points are sought in both views and the depths of these
points are calculated using triangulation. This approach has been taken by Plänkers
and Fua [270] and Haritaoglu et al. [125]. Stereo is also used by Jojic et al. [157],
with the optional aid of projected light patterns. Matching functions are based on the
volume overlap or average closest point distance.
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 [38] or a voxel-based approach [51; 213; 215]. Such reconstructions can
be matched against a model instantiation using volume overlap or measuring the
average distance to the surface [130].
The accuracy of the 3D construction relies heavily on robust silhouette extraction.
Moreover, the number of available views determines the level of detail. Several works
have used additional image features to refine the 3D pose. Vlasic et al. [367] use
details from individual silhouettes to align body parts, Aguiar et al. [6] and Starck and
Hilton [335] use additional stereo and silhouette information, Aguiar et al. [7] use
optical flow. While such refinements allow for accurate reconstruction of shape and
pose, the computation time required prohibits their use in interactive applications.
For most of these works, tight-fitting clothes are assumed. Rosenhahn et al. [301]
explicitly model clothing parameters for the lower-body. Bălan et al. [15] use a
statistical body model and shape constraints over time. Also, skin color detection is
used to find skin regions, that are assumed to fit the visual hull boundary. Ukita et al.
[356] match a voxel model in a space that is constructed offline from examples.
2.2.2.4

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 [392] or color histograms [283].
Roberts et al. [289] 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. Skin color can be a good cue for finding head and hands. In [192], additional
clothing parameters are used to model sleeve, hem and sock lengths.
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2.2.2.5

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. [41] and Ju et al. [159]. Sminchisescu and Triggs [330] use optical
flow to construct an outlier map that is used to give weighting to the edges. Optical
flow provides valuable information about the movement, which is independent of
the appearance of the body. However, it proves more difficult to deal with cluttered,
dynamic backgrounds and moving camera viewpoints.
2.2.2.6

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 [66], optical flow
[133] or color [51]. In [317], edges, ridges and motion are used. Filter responses
for these image cues are learned from training data. Ramanan et al. [283] 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
likelihood function for each image descriptor, this may lead to sharp peaks in the
likelihood surface. This results in less efficient estimation.

2.2.3 Camera considerations
Monocular work [4; 318; 330] 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 [330] estimate that roughly one third of
all DOF are almost unobservable. These DOF mainly correspond to motions perpendicular to the image plane, but also to rotations of near-cylindrical limbs about their
axes. When multiple cameras are used, these DOF can still be observed. In general,
there are two main approaches to use observations from multiple views. One is to
search for features in each camera image separately and in a later stage combine the
information to resolve ambiguities [63; 287; 300]. Wu and Aghajan take an opportunistic approach where rough estimates for body parts are determined from each
view, and combined into a final estimate. Due to the limited amount of features that
is collected, this approach drastically reduces bandwidth use. The second approach
is to combine the information into a 3D reconstruction, as described before. When
multiple cameras are used, calibration is an important requirement [350]. Instead of
combining the views, Kakadiaris and Metaxas [163] use active viewpoint selection to
determine which cameras are suitable for estimation.
While model-based approaches can, in theory, recover poses from any viewpoint,
the vast majority of all works consider only the case where the camera is approximately at the height of the head. This is also true for model-free approaches, where
the training set should account for the viewpoint.
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Most studies assume a scaled orthographic projection which limits their use to
distant observations, where perspective effects are small. Rogez et al. [292] remove
the perspective effect in a preprocessing step.

2.2.4 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 persons. However, Mittal et al.
[221] were able to extract silhouettes of all persons in the scene using the M2 tracker.
A setup with five cameras provides the input for their method. The W4 S system [125]
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. Also, persons are often visible without occlusion by other objects. Only few works explicitly address partial occlusion, but rely on strong motion
models [268; 276]. It remains a challenge to recover arbitrary poses of people under
significant occlusion.

2.3

Estimation

The estimation process is concerned with finding the set of pose parameters that minimizes the error between observations and the projection of the human body model.
This process proceeds in either top-down or in bottom-up fashion. Top-down approaches match a projection of the human body with the image observation directly,
and iteratively refine the pose estimate. The top-down character is due to the hierarchical ordering of the human body model. Bottom-up approaches start by finding
individual body parts, which are then assembled into a human body. Recent work
combines these two classes. We discuss both classes and their combination in Section 2.3.1.
Recall that the goal of the modeling phase is to construct the pose likelihood
function, given an image. The most likely pose estimate ideally corresponds to the
global maximum of this function. However, the likelihood function often has many
local maxima. Given the high dimensionality of the pose space, the search for the
global maximum must be efficient. The speed of the pose recovery depends largely
on the speed of the search strategy.
When images from multiple time instances are available, poses can be estimated
over time as well. The pose estimates of the previous frame or frames can be used
to give an initial estimate of the pose in the current frame. This process is called
tracking or filtering, and is discussed in Section 2.3.2. Many methods are singlehypothesis approaches, which are deterministic in nature. Recent studies maintain
multiple hypotheses, in either a deterministic or probabilistic fashion. This reduces
the probability of getting stuck at a local maximum.
When predicting the current pose from past poses, a motion model is used. This
can be a general (e.g. linear) model or be specific for a given action. It is often
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observed that, for a given action, the movement of different body parts is strongly
correlated and populates only a small volume in the space of possible body poses.
Dimensionality reduction is often used to construct a lower-dimensional pose space
that facilitates tracking at the cost of being restricted to a certain class of movements.
We discuss these motion priors in Section 2.3.3.
Finally, we discuss the recovery of 3D poses from 2D pose representations in Section 2.3.4. While these approaches are strictly not within the scope of our survey, we
discuss them briefly due to their close relation to many of the works described in this
chapter.

2.3.1 Top-down and bottom-up estimation
There are two directions of model-based estimation: top-down and bottom-up. Recent work combines these approaches to benefit from the advantages of both, and is
discussed in Section 2.3.1.3.
2.3.1.1

Top-down estimation

Top-down approaches match a projection of the human body with the image observation. Due to the flexibility of a projection function, top-down approaches can include
many parameters and consequently explain the image observation accurately. This is
termed an analysis-by-synthesis approach. The fitness of the match results in a likeliness score. A global search for the maximum score is often infeasible due to the
high dimension of the pose space. Gall et al. [105] introduced a particle-based global
optimization algorithm that shows resemblances to simulated annealing. While such
an approach can be used to automatically initialize tracking, the efficiency in obtaining an accurate estimate is much lower compared to a local search around a close
estimate. In Gall et al. [104], global optimization is combined with both tracking and
local optimization, to yield a more efficient approach to obtain accurate pose estimation. In the case of local optimization, the a posteriori pose estimate is often found
by applying gradient ascent on the likelihood surface [369]. Instead of performing
this search in the pose (or parameter) space, Delamarre and Faugeras [63] iteratively
minimize the discrepancy between between extracted silhouettes and the projected
model. Local optimization is performed starting from a close estimate. This implies
that (manual) initialization is needed. In a tracking approach, this is also true for the
first frame.
To reduce the search in a high dimensional parameter space, Gavrila and Davis
[110] use search-space decomposition. Poses are estimated in a hierarchical coarseto-fine strategy, estimating the torso and head first and then working down the limbs.
They further use a discrete pose representation, which results in a limited number
of possible solutions per joint. Top-down estimation often causes problems with
(self)occlusions, especially when search-space decomposition is used as errors can be
propagated through the kinematic chain. An inaccurate estimation for the torso/head
part can cause errors in estimating the orientation of body parts lower in the kinematic
chain. To overcome this problem, Drummond and Cipolla [72] introduce constraints
between linked body parts in the chain. This allows lower parts to effect parts higher
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in the chain.
One important drawback of top-down approaches is the computational cost of
forward rendering the human body model and calculating the distance between the
rendered model and the image observation. Both of these processes are computationally expensive, and have to be performed at each iteration. When a sampling-based
estimation approach is used for local optimization or tracking (see also Section 2.3.2),
the number of samples is often too high to allow real-time pose recovery.
2.3.1.2

Bottom-up estimation

Bottom-up approaches are characterized by finding individual body parts and then assembling these into a human body. The assembling process takes into account physical
constraints such as body part proximity. Bottom-up approaches have the advantage
that no manual initialization is needed and can be used as an initialization for topdown approaches (see also Section 2.3.1.3). 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, unless pose priors are used. This requirement is difficult to meet as some
limbs might have little image support when they are orthogonal to the image plane.
Felzenszwalb and Huttenlocher [89] model body parts as 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. Ronfard et al. [296] use the pictorial structures
concept but replace the body part detectors by more complex ones that learn appearance models using Support Vector Machines. Ramanan et al. [283] automatically
learn person-specific models of appearance, initially aided by parallel lines. Motion
tracking is reduced to the problem of inference in a dynamic Bayesian network. The
approach can (re)initialize automatically but tracking occasionally fails, especially for
in-plane motion. Siddiqui and Medioni [316] use a tree model with encoded joint
constraints. When traversing the tree in a bottom-up fashion, local optimal but sufficiently distinctive assemblies are maintained, thus drastically reducing the number of
candidate poses.
In case of (self)occlusion, tree models generally have difficulty explaining the observation, which can lead to incorrect estimates. This issue can be overcome by learning multiple trees, for different combinations of limbs. Ioffe and Forsyth [146] use
such a mixture of trees, where constraints between body parts are shared between
different trees. Wang and Mori [382] use a similar idea, but apply boosting to discriminatively learn the tree models.
When using trees, only dependencies between body parts that are kinematically
linked can be modeled. Trees are extended with correlations between body parts in
[184] to enforce pose symmetry and balance. For walking, correlations between upper arm and leg swings are used, resulting in more robust pose estimations. A very
similar approach has been taken by Ren et al. [288], who introduce arbitrary relations
between body parts to model occlusion, scale, appearance and boundary smoothness.
Pose estimation reduces to a shortest-path problem. Jiang et al. [155] explicitly dis-
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tinguish between strong tree edges and weaker inter-part edges that model exclusion
constraints. This allows them to infer the globally most likely pose more efficiently.
Sigal et al. [325] describe the human body as a graphical model where each
node represents a parameterized body part (see Fig. 2.3(a)). 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. Non-parametric belief
propagation is used to infer the most likely pose. In [321; 124], temporal constraints
are also taken into account, resulting in a tracking framework. Sigal and Black [323]
use occlusion-sensitive image likelihoods which require relations between parts. This
introduces loops in the graphical model, and approximate loopy belief propagation is
used for inference. Gupta et al. [121] take a similar approach, but use observations
from multiple views.
Instead of using limb detectors, Mori et al. [226] 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 configuration, missing body parts are found. The search space is pruned using global constraints, including body part proximity, relative widths and lengths and
symmetry in color. Kuo et al. [182] cluster edge orientation, local motion and color
to find clusters that could correspond to body parts. A 2D body model is then used to
guide the clustering, leading to a iterative pose refinement. Ramanan [281] also refine the pose estimate iteratively, but does so by constructing more informative body
part locators in each iteration. Ferrari et al. [93] extend this work to progressively reduce the search space by modeling background and employing temporal consistency.
The above works can deal with a wide variety of human appearances, but generally
produce less accurate pose estimates due to the lack of assumptions that is posed on
the observation.
Demirdjian and Urtasun [64] discriminatively select a set of image patches. The
pose density is approximated by kernels associated with the best-matching reference
patches. Patches of approximately the size of a limb are used, which often match for a
large range of poses. Poppe and Poel [276] therefore use templates of whole legs and
arms, which implicitly encode 3D poses. They recover walking poses from various
viewpoints under partial occlusions.
Instead of relying on appearance cues, Daubney et al. [61] use sparse motion
features and determine the probability that a certain movement region belongs to
a specific body part. They focus on walking motions, and determine the gait phase
before refining the pose estimate.
2.3.1.3

Combined top-down and bottom-up estimation

By combining pure top-down and bottom-up approaches, the drawbacks of both can
be alleviated. Automatic initialization can be achieved within a sound tracking framework.
Navaratnam et al. [236] 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 their parent in the kinematic chain. This approach is computation-
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ally less expensive but performance depends heavily on the individual part detectors.
Hua and Wu [138] incorporate bottom-up information in a graphical model of
the human body, which encodes the observation likelihood of each body part, the
spatial relations between them and the dynamics. A sampling-based approach is used
to infer the most likely pose. Ramanan and Sminchisescu [284] use a conditional
random field (CRF) to take into account a number of image features. They learn
the parameters of the model from training data and, for a test image, maximize the
likelihood for joint localization of all body parts. Kohli et al. [178] also use the CRF
formulation, but introduce a pose-specific prior to aid the segmentation. Moreover,
dynamic graph cuts are used for efficient inference.
Lee and Cohen [192] 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. This requires fixed segment
lengths and prevents correct estimation of certain types of poses (e.g. poses where
the elbow is higher than the hand). Proposal maps are introduced to facilitate the
mapping from 2D observations to 3D pose space. Based on this work, Lee and Nevatia
[193] focus on cluttered scenes and adopt a three-stage approach to subsequently find
human bodies, their 2D body part locations and a 3D pose estimate.

2.3.2 Tracking
Estimating poses from frame to frame is termed tracking or filtering. It 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
[162; 369]. Traditionally, tracking was aimed at maintaining a single hypothesis over
time. However, ambiguity in the observation (e.g. when using silhouettes) causes
the likelihood function to have multiple peaks. When only a single hypothesis is
kept, there is the risk of selecting the wrong mode which causes the pose estimate
to drift off. Recent work therefore propagates multiple hypotheses 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. This section
discusses multiple hypothesis tracking and batch approaches, respectively.
2.3.2.1

Multiple hypothesis tracking

To overcome the drift problem of single hypothesis tracking approaches, multiple
hypotheses can be maintained. Cham and Rehg [47] use a set of Kalman filters to
propagate multiple hypotheses. This results in more reliable motion tracking than
with a single Kalman filter. 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 [113; 147]) are able to track non-linear
motion. In general, a number of particles is propagated in time using a model of
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dynamics, including a noise component. Each particle has an associated weight that
is updated according to the likelihood function. Configurations with a high likelihood
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.)
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 likelihood 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 [174], and leads to a decreasing number of effective particles.
Different particle sampling schemes have been proposed to overcome this problem.
In [378], several common schemes are evaluated quantitatively on the task of human
motion tracking.
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 lowdimensional space which reduces the number of particles needed. We discuss these
topics in Section 2.3.3. A second solution is to spread particles more efficiently in
places where a suitable local maximum is more likely. We discuss this solution below.
Sminchisescu and Triggs [330] 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 lengths, each joint has a two-fold ambiguity. The connected limb is either placed forwards or backwards. This also means
that there are two local maxima in the likelihood surface. When tracking fails, this
is most likely due to choosing the wrong maximum. In [331], these ambiguities are
enumerated in a tree, and the particles are allowed to ‘jump’ in the pose space accordingly. Deutscher et al. [66] 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. Lu
[205] additionally relaxes the particle fitness function at the higher levels to avoid
getting trapped in local maxima.
MacCormick and Blake [208] partition the pose space into a number of lowerdimensional subspaces. Because independence between the spaces is assumed, this
idea is similar to search-space decomposition. Husz et al. [141] observe that partitioning the pose space is difficult due to the high correlation between different body parts.
They introduce a hierarchical version of partitioned sampling, and use a switching
model for dynamics. Bandouch et al. [19] demonstrate that the strengths of annealed
particle filtering and partitioned sampling are complementary with respect to initial
estimates and dimensionality, and introduce a combined filtering scheme. Along the
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same lines, Fontmarty et al. [96] combine partitioned annealed particle filtering with
an importance sampling stage in order to enable automatic initialization.
2.3.2.2

Batch approaches

In a batch, or smoothing, approach, poses are optimized over a sequence of frames,
instead of online. The need of propagating multiple hypotheses is not required as
the globally optimal sequence of poses can be determined automatically. Plänkers
and Fua [270] and Liebowitz and Carlsson [197] use least-squares minimization,
Brand [40] and Navaratnam et al. [236] use the Viterbi algorithm to find the most
probable state sequence in a hidden Markov model (HMM). Zhao and Nevatia [409]
present a tracking-by-detection framework in a more advanced graphical model. State
transitions for several locomotion styles are learned from motion capture data. Again,
the optimal sequence is found using the Viterbi algorithm. As each state corresponds
to a pose template, post-processing is used to smooth the results. Peursum et al.
[269] investigate the effect of smoothing over filtering. A standard particle filter, an
annealed particle filter, and a standard particle filter with learned motion dynamics
are evaluated. No significant improvement was observed, which was attributed to the
high dimensionality of the search space.

2.3.3 Motion priors
Although the human body can perform a very broad variety of movements, the set
of typically performed movements is usually much smaller. Motion models can aid
in performing more stable tracking, especially when only a single class of movements
(e.g. walking, swimming) is regarded. However, this comes at the 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 depends largely on the available training data. Therefore, the set
of examples must be sufficiently large and account for the variations that can be observed while tracking the movement. We 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.
2.3.3.1

Using motion models

In a tracking approach, the prediction in the next frame can be obtained by extrapolating the joint angles or joint positions given the previous frame. Such extrapolations
can be linear or take into account the acceleration of the body part. However, many
activities show a clear movement pattern and a specific motion model can be used
to obtain accurate predictions. Most statistical motion models can only be used for
specific movements, such as walking [129; 295], dancing [287], playing golf [361]
or tennis [336].
Sidenbladh et al. [319] retrieve motion examples similar to the motion being
tracked from a database. The dynamics of the example are used to propagate the
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particles in a particle filter framework. Fathi and Mori [87] use the same concept, but
select motion examples based on flow features of subsequent frames.
Ning et al. [243] constrain the propagation of the particles using physical motion
constraints which are learned probabilities conditioned on the parent joint. Instead
of learning models from data, human motion can be described using physical models. Rosenhahn et al. [303] introduce constraints to avoid that the feet intersect the
ground plane. Additional constraints that originate from interacting with the environment, which are common in sport motion analysis, are modeled in [302]. Brubaker
et al. [43] model the hips and knees as a mass-spring system. This allows them to
model balance and ground contact while being able to deal with variations in walking
style, mass and speed. In Brubaker and Fleet [42], the model is adapted to include
the torso and ankles, which allows to recover walking movements on slopes. Vondrak
et al. [368] regard the whole body and model each body part as a rigid object with
known mass, inertial properties and geometry. As such, ground contact and interactions with objects whose locations and geometry are known can be modeled. To
reduce the computational complexity due to the high search space, an example-based
approach is adopted. Using k-nearest neighbor (k-NN), the closest k motion examples
are selected and a weighted interpolation gives the initial pose prediction. Fossati and
Fua [100] guide tracking by observing that the orientation of the person should be in
the direction of the movement, and vice versa.
Pavlović et al. [265] use a switching linear dynamical model. Each state of the
model corresponds to a particular class of poses, and the dynamics within this class
are assumed linear. The work of [44] 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 with additional noise sampled from
the covariance of the cluster. This is similar in spirit to CSS [330]. Peursum et al.
[268] introduce a factored-state hierarchical HMM (FS-HHMM) which is similar in
concept, but is more robust against noisy observations.
Wang et al. [379] address a slightly different problem termed motion alignment.
The idea is to align 2D observations to prerecorded 3D sequences in both space and
time. The work can be used to find deviations from a optimal sport motion, which
acts as a very strong motion ‘prior’.
2.3.3.2

Dimensionality reduction

For a given action class, the movement of individual joints is often highly correlated.
Hence, a lower-dimensional latent space can be learned that still faithfully describes
the possible variation in the movement [116]. Such a low-dimensional manifold is
usually 2-4 dimensional, which is significantly lower than the original pose dimensionality. Tracking in such a manifold results in lower numbers of required particles
and a reduced risk of getting trapped in local maxima. Manifolds are often learned
for specific activities, such as walking. Despite recent work that takes into account
various locomotion styles [150; 360], it remains to be researched how this can be
extended to broader classes of movement.
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For a model-based approach, 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 to obtain
full-pose estimates for the generation of model projections. Third, it must be defined
how tracking within the low-dimensional space occurs.
Principal component analysis (PCA) is a common linear dimensionality reduction
technique. It has been used by Urtasun et al. [358] and Sidenbladh et al. [318],
both using local optimization to avoid maintaining multiple hypotheses. Agarwal and
Triggs [2] first cluster training samples with similar dynamics before applying PCA to
reduce the dimensionality of each cluster. They learning a local linear auto-regression
model to propagate dynamics. A class inference algorithm is able to estimate the
current motion cluster and allows for smooth transitions between clusters.
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
(LLE) and Isomap can learn this non-linear mapping but are not invertible. This
inverse mapping is needed because the full pose representation is required for evaluation of the likelihood function. Sminchisescu and Jepson [326] 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.
Gaussian process latent variable models (GPLVM, [189]) and locally linear coordination (LLC, [343]) do provide the inverse mapping from latent space to pose space.
Li et al. [196] learn a mixture of factor analyzers, each of which is modeled using
LLC. A simple multiple hypothesis tracker is used for tracking in the latent space.
Urtasun et al. [361] use a GPLVM to learn prior models for 3D human tracking. GPLVMs generate smooth mappings between pose space and latent space. They
demonstrated that, for actions with limited variation, a deterministic tracking approach was sufficient to accurately recover the motion. Instead, Tian et al. [347]
used particle filtering in the latent space to estimate 2D upper-body poses using a
GPLVM. Since the GPLVM only learns a mapping from the latent space to the pose
space, local distances in the pose space are not preserved. This issue is solved in the
back-constrained GPLVM (BC-GPLVM), used by Hou et al. [131], where an additional
mapping from pose to latent space is learned. Due to the distance preservation in both
directions, the resulting mapping can be regarded as one-to-one. Similarly, Urtasun
et al. [362] use a locally-linear GPLVM (LL-GPLVM) and additionally introduce sparse
Gaussian processes to be able to deal with larger training sets.
The GPLVM does not model a prior over the latent space, which does not allow it
to penalize drifts from the manifold of common configurations. Kanaujia et al. [165]
combine spectral embeddings and parametric latent variable models into a sparse
spectral latent variable model (SLVM) to address this issue. The learned mappings
between latent and pose space are bi-directional. Their approach is used in a discriminative fashion, where a mixture of experts models the distribution in latent space,
given an image observation.
Instead of learning the embedding space from static examples and subsequently
learning the dynamical model, these two tasks can be coupled. The temporal pose
data not only ensures efficient tracking in the embedded space, but also regulates
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the construction of the embedding space. Li et al. [195] simultaneously learn the
low-dimensional manifold and the dynamical model. The manifold is approximated
by piece-wise linear regions, and a linear dynamical model within each region is
assumed. Gaussian process dynamical model (GPDM, [371]), an extension of the
GPLVM, allows to model non-linear motion. The GPDM has been shown to accurately recover motion, even when learned from few training sequences [359]. Pang
et al. [260] present the Gaussian process spatio-temporal variable model (GP-STVM),
which is similar in concept, but explicitly model the spatial relationships in the pose
data when learning the embedding.
The above works learn a low-dimensional manifold of the pose space. Such an approach is useful for model-based approaches, where tracking can be performed in the
latent space and the full pose representation is used to generate the projection of the
model. For model-free approaches, the aim is to estimate the low-dimensional representation directly given an observation. To this end, the embedding can be learned in
the image space instead of the pose space. Elgammal and Lee [79] take this approach
and learn the embedding using LLE. A mapping from embedding space to pose space
is modeled using RBF but the approach is unable to solve ambiguities that arise from
the use of silhouettes (see Fig. 2.3(b)). Wu et al. [396] also learn an embedding in
image space, but use temporal neighbor-preserving embedding (TNPE). The mapping
from latent space to pose space is approximated using a Bayesian mixture of experts,
which is able to cope with observation ambiguities.
When modeling the pose space as a latent space, the mappings from pose space
to image space may be unnecessarily complex. The same is true for modeling a
low-dimensional representation of the image space alone. To overcome this issue,
Tangkuampien and Suter [340] learn a low-dimensional representation of both spaces,
and use LLE as a mapping from latent image space to latent pose space. Due to the
lower dimensions, the complexity of the mapping is reduced as well. Jaeggli et al.
[150] also model both embeddings individually, but learn sparse kernel regressors to
model the mapping from latent pose space to latent image space. The approach is
thus generative, and accounts for the multi-modality of the image-pose mapping. The
authors further use an activity-switching mechanism and learn the embeddings and
mappings for each activity individually.
Ek et al. [75] model the embedding in the joint space and learn mappings to both
the pose and image space. By considering a back-constrained GPLVM, the mapping between pose and latent space can be considered one-to-one, whereas the multi-modal
relation between latent space and image space is modeled using a mixture of regressors. Navaratnam et al. [235] take a similar approach but additionally incorporate
unlabeled data. Elgammal and Lee [80] use a slightly different approach by learning
the joint embedding in a supervised manner. They use a torus-shaped manifold to
encode pose, viewpoint and shape style, and learn mappings to the pose and image
space. Due to the absence of a mapping from image space to latent space in these
works, initialization is still difficult and is performed using local optimization. By
considering a joint latent space, it is assumed that all variance is explained in the embedded space. In many practical problems, much of the variance is specific to either
the pose or the image space. Ek et al. [74] address this issue by decomposing the la-
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Figure 2.3: (a) Relation between body parts described in a graphical model [325] (© MIT Press,
2003) (b) View-based manifold for walking activity [77] (© IEEE, 2004))

tent space in a shared latent space and private latent spaces for both pose and image
space. This leads to a formulation where inference can be performed efficiently in the
shared latent space, whereas potential ambiguities from the image observation lie in
the latent pose space.
Gupta et al. [119] take advantage of the strengths of both a generative and a
discriminative approach. They use a GPLVM and add a mapping from image space
to latent space, which is modeled as a mixture of experts. To be able to deal with
activities that have various distinct performance styles (e.g. sitting motions depending
on the height of a chair/ground), different mappings are learned for different context
settings.
Instead of learning an arbitrary dimensionality reduction from training data, Xu
et al. [398] only use the dimensions that correspond to the joints of either the left
or the right side. Such an approach works well for activities where there is a high
correlation between both sides, such as in walking. A regression function is used to
obtain the joint estimates for the dimensions that are omitted.

2.3.4 3D pose recovery 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 [197]
reconstruct 3D poses from 2D point correspondences from multiple views and known
body segment lengths. Linear geometric reconstruction is used to recover the poses
of an entire motion sequence in a batch fashion. Taylor [342] 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. A global scaling parameter and depth ordering of body parts must be specified manually. Since many depth orderings are
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kinematically infeasible, Lee and Chen [191] construct an interpretation tree with
all ambiguities that arise from forward-backward flipping and apply constraints to
prune impossible configurations. Additionally, DiFranco et al. [68] use user-specified
3D key frames. A maximum a posteriori trajectory is calculated using a non-linear
least squares framework, taking into account joint angle limits and smooth dynamics. Kuo et al. [181] focus on human locomotion and first find keyframes where the
joints of the shoulders, neck and hips reside in the same plane. Camera calibration
is performed on these frames. A pinhole camera model is assumed, which is often
more suitable than a scaled orthographic projection. For each frame, a set of 3D pose
proposals is generated. A final pose is chosen based on constraints and a learned
motion model. In [261], no camera model is assumed but fixed segment ratios are
used. Shen and Foroosh [314] use templates that consist of annotated 2D body point
triplets. Pose transitions over time are considered, seen from different viewpoints and
possible from different camera models. They use the fact that the homography that
arises from a moving triplet of body points reduces to a homology when observing
the same movement. As such, they select the corresponding template with associated
3D pose representation.
Howe et al. [137] 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. Sigal and Black [324] use
regression to obtain 3D pose representations after recovering the 2D poses using a
model-based approach.

2.4

Model-free approaches

If no explicit human body model is available, a direct relation between image observation and pose must be established. In practice, this means that the image representation must generalize over variations in body dimensions, appearance and clothing.
In general, a far-off view is assumed, where perspective effects are negligible. When
multiple cameras are employed, calibration is assumed.
The training data must account for those parameters that we wish to recover,
usually the pose representation and the viewpoint. Not all kinematically possible
poses are also likely, and the training data implicitly forms a manifold in pose space.
Due to the high non-linearity of this manifold, the pose space should be covered
densely to obtain faithful mappings. Dimensionality reduction can be used in pose or
image space to facilitate the learning of the mapping as discussed in Section 2.3.3.2.
Two main classes of pose estimation approach can be identified: example-based
(Section 2.4.1) and learning-based (Section 2.4.2). Example-based approaches retain
all image-pose training examples. For a given input image, a similarity search is performed and candidate poses are interpolated to obtain the pose estimate. Learningbased approaches avoid having to store a large amount of examples and approximate
the mapping from image to pose space functionally by training on image-pose pairs.
Model-free algorithms automatically perform (re)initialization and can be used to
initialize model-based approaches. We discuss this approach, and other combinations
of model-based and model-free approaches in Section 2.4.3.
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2.4.1 Example-based
Example-based approaches use a database of examples that describe poses in both
image space and pose space. While no mapping from image to pose space has to be
learned, the drawback of example-based approaches is the large amount of space that
is needed to store the database. Moreover, matching can be computationally costly,
depending on the search scheme that is used.
In its simplest form, example-based approaches encode both the image part of
the database and the observation into image representations, and perform a linear
search to obtain the closest matches, the nearest neighbors. The associated poses of
these matches can be interpolated to allow for a more continuous range of pose estimates. Poppe [272] (see also Chapter 3) uses histogram of oriented gradient (HOG)
representations, which encode edges while allowing for small variations in spatial arrangement. Results are presented from monocular and multi-view settings. In the
multi-view case, the camera arrangement in training and test conditions is required
to be the same. In contrast, Izo and Grimson [148] recover the location of the cameras and the walking phase of a person simultaneously in a multi-view setting. First,
they estimate the gait phase from multiple cameras, and subsequently they recover
the view that corresponds to each of the cameras. Their approach requires explicit
training examples from all expected views, which can be prohibitive, especially when
more movement classes are considered. Silhouettes, described using turning angle
and Chamfer distance are considered by Howe [132]. In later work [133], optical
flow information is used in addition. Fathi and Mori [87] only use motion information, which is invariant to illumination and texture.
When multiple synchronized cameras are available, a visual hull can be constructed. Van den Bergh et al. [25] approximate this hull using 3D haarlets, an
extension to 3D of the haarlets proposed in [365]. They focus on pose recognition
and learn a discriminative set of haarlets to maximize recognition performance.
Instead of using a direct distance measure, Sullivan and Carlsson [336] use deformation cost between examples and an input image. To improve the robustness of
the point transferral, the spatial relationship of the body points and color information
is exploited. Mori and Malik [225] employ shape contexts to encode edges. In an
estimation step, the stored example are deformed to match the image observation. In
this deformation, the location of the hand-labeled 2D locations of joints also changes.
The most likely 2D joint estimate is found by enforcing 2D image distance consistency
between body parts.
Temporal information can be used to overcome ambiguities from the image to
some extent. Toyama and Blake [348] incorporate examples in a probabilistic temporal framework. By employing an HMM, they approximate a low-dimensional manifold
by linear segments. Similar in concept is the work by Ong et al. [255], who cluster
the examples and determine flow vectors for each cluster. A particle filter framework
is used where the particles are guided by the flow vectors. Particle likelihoods are
based on the matching distance to the closest example in the cluster.
The computational complexity of a naive nearest neighbor search is linear in
the number of examples. For recovering more unconstrained movements or high
number of DOF, the number of required examples grows substantially. Therefore,

| 27

28 | Chapter 2

Shakhnarovich et al. [310] 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 [287], where local binary silhouette features from three views are used instead.
An alternative approach to reduce the computational complexity of the matching
is by storing the examples in a tree (e.g. [109]). Given an input image, a top-down
matching procedure is used. Starting from the highest level node, a matching is
performed for each of the child nodes. Only those subtrees that satisfy a certain
criterium (e.g. threshold or best match) are further evaluated. This significantly
reduces the computation time needed to select similar examples. This approach has
also been taken by Yang and Lee [403], who construct the pose estimate as a linear
combination of the selected examples from the bottom level of the tree. Rogez et al.
[294] use a collection of trees. The nodes in each tree are trained to be discriminative
and take into account a single dimension from a HOG representation. By using a
collection of trees, many features can be used and the resulting algorithm is more
robust to noise.

2.4.2 Learning-based
Learning-based approaches approximate the mapping from image to pose space functionally. The advantage of these regression methods is that inference can be performed efficiently, and training data can be discarded after training. The drawback is
learning the mapping. Especially for large amounts of training examples, computation
requirements might be prohibitively large.
Xu and Hogg [397] present one of the earliest uses of regression in human pose
recovery. A neural network is employed to map silhouette representations to pose representations. Agarwal and Triggs [4] use non-linear relevance vector machine (RVM)
regression over both linear and kernel bases to model the relation between histograms
of shape contexts and 3D poses. Ambiguities are resolved using dynamics. Agarwal
and Triggs [3] use direct regression to recover upper-body poses. Non-negative matrix factorization (NMF) on grid-based edge histograms is used to obtain a set of basis
vectors that correspond to local features on the human body, and ignore the presence
of clutter. This enables them to recover poses without relying on background segmentation. The work by Onishi et al. [256] is similar in spirit, and extends [272] with
a noise-reduction step. Instead of applying NMF, they perform PCA in each block of
cells in the grid to reduce the influence of backgrounds.
Instead of using a single view, information from multiple synchronized views can
be combined into a voxel model. Ambiguities caused by using a single view are thus
avoided. Also, a 3D voxel representation is independent of the camera setup. The
approach is most suitable for controlled settings, where clean silhouettes can be obtained. Sun et al. [338] use an adaptations of the RVM to recover the pose from 3D
shape context descriptors. When rotation normalization can be performed, such an
approach can be used to learn view-independent regressors. Gond et al. [112] fit the
voxel model in a 3D circular grid. This descriptor is rotation-normalized after recovering the orientation of the torso. The normalized feature representation is then used
as an input for a sparse regressor. The approach has the advantage that significantly
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less training data is required, at the cost of an additional normalization step.
It has been discussed before (see Section 2.3.3.2) that the space of common human poses is much smaller than the space of kinematically possible poses, and that
these poses usually occupy a well-defined area in this high-dimensional space. This
has led to the introduction of dimensionality reduction techniques. These techniques
are also well-suited for learning-based approaches as they can simplify the regression
functions. For example, Grauman et al. [115] describe a distribution over both multiview silhouettes and 3D joint locations with a mixture of probabilistic PCA. A pose
estimate is obtained from the Bayesian reconstruction given the image representation. Similar in concept is the work of Bowden et al. [39], who fit a non-linear point
distribution model (PDM) to 2D position of head and hands, the 2D body contour and
the 3D pose representation. The feature space is projected on a lower dimensional
space and allows for reconstruction of the pose given an input image. Ong and Gong
[254] include views from multiple cameras in the PDM and recover a pose from multiview images. Rogez et al. [293] use single view and learn separate models. Temporal
and spatial constraints are further used to solve pose ambiguities. This concept is
similar to Brand’s [40], who 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.
Taycher et al. [341] transform the continuous state estimation problem into a
discrete one by 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.
Due to depth ambiguities in image space, the mapping from image to pose space is
multi-valued and cannot be determined with a single regressor. Therefore, mixtures of
regressors have been introduced. These divide the image space into clusters, where
a regressor is learned for each cluster. Rosales and Sclaroff [298] 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 [300], 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. Thayananthan et al. [344] use a mixture of
regressors but validate the pose estimate for each by matching it against the input
image to select the most likely pose. A similar approach is used by Sminchisescu et al.
[327], who jointly learn mappings between image and pose space. The processes are
guaranteed to converge to equilibrium. During inference, the results of the mapping
from image to pose is validated using the mapping back.
Sminchisescu et al. [329] take a probabilistic approach and model the multivalued nature of the mapping with Bayesian mixture of experts (BME). Each expert
has an associated gating function, which gives the conditional probability that the
regressor should be used given an input image. Guo and Qian [118] adapt the initialization using k-means, and use stereo observations to reduce the multi-modality
of the mapping. Ning et al. [242] initialize the experts on a partitioned subset of
the image space. In the BME framework, experts and gating functions are learned
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simultaneously. This requires a double-loop optimization approach, which is computationally costly. Therefore, Bo et al. [33] train both models sequentially, which
results in a decrease of both memory and computation requirements. Their algorithm
thus can handle much larger numbers of examples. Bo and Sminchisescu [32] observe that there are often correlations in the output space, in addition to correlations
in the image space. They introduce Twin Gaussian Processes (TGP) to account for
these correlations.
Usually, not the whole image representation is useful for learning the regression.
Redundancy and noise in the training data can thus affect the learning and performance of the regressors. This can be avoided by selecting only the relevant features.
Additionally, this lowers the dimensionality of the image space, and thus the complexity of the regressor. Ning et al. [244] jointly learn the BME regressors and the selection of visual words in a supervised manner. A similar approach is taken by Kanaujia
et al. [164], who focus on hierarchical image representations and semi-supervised
learning. Okada and Soatto [253] discriminatively select those orientations within
HOG cells that are meaningful for predefined class of poses. An input image is first
classified to a pose class, before recovering the pose. Bissacco et al. [28] use boosting
to select a limited set of discriminative binary edge features and to learn the mapping
directly.
Instead of learning the regression function offline, Urtasun and Darrell [357] learn
it online, given an input image. With an example-based approach, the closest examples are selected. A local regression is then learned from these matches. Their
approach can handle large numbers of examples, but is computationally more costly
due to the selection of the nearest neighbors.
Learning these mappings depends largely on the availability of pose-observation
pairs, which are difficult to obtain, especially in more unconstrained scenarios. Several authors have used synthetic observations generated by character modeling software (e.g. [4; 327]). Instead, Navaratnam et al. [234] use unlabeled examples to
improve the regression functions. These examples can be easily obtained by using
images of humans and by considering motion capture data.

2.4.3 Combined model-free and model-based
Both model-based and model-free approaches have their relative advantages and disadvantages. By using them jointly, one can combine the advantages of both, while
partially overcoming the disadvantages of either.
Sigal et al. [320] use a mixture of regressors to give an initial distribution over
the pose and shape space. A model-based approach is subsequently used to refine
both pose and body shape estimates. As such, poses can be recovered more efficiently
without using temporal information or the need to manually initialize. Rosales and
Sclaroff [299] use the same concept, but present both a deterministic and a probabilistic inference algorithm. Gupta et al. [119] use a discriminative mapping in
combination with a GPLVM. The mappings are conditioned on the context, such as
the seat height for sitting motions.
Micilotta et al. [214] present an approach that works in the opposite direction.
First, a 2D assembly of body parts is found. This representation is used as input to an
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example-based approach to obtain a 3D pose representation, similar to [324].
A special case of combining model-free and model-based approach is the trackingas-recognition approach. Poses are recognized using pose templates, and the results
are refined over time using a generative model. For example, Fossati et al. [99]
recognize walking poses where the feet are furthest apart using the template matching
approach of Dimitrijevic et al. [69]. This pose is distinctive and can be recognized
with high recall from a variety of viewpoints. A learned motion model, specific to
walking, is used to interpolate between detections. Finally, a model-based approach
is used to refine the poses. In Fossati et al. [98], the silhouette matching is replaced
by a more robust matching which uses regions of moving edges. Ramanan et al. [283]
also find typical poses, but construct an appearance model from it, which is further
used in the model-based tracking process.

2.5

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 likelihood function efficiently. 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 increasingly efficiently. But although
many of these advances have led to impressive results given the complexity of the task,
the evaluation domain is still limited. Not unusually, it is assumed that a person has
been found in the image in a preprocessing step. Furthermore, assumptions about the
viewpoint, environment, appearance and motion are often required.
We expect that combining methodologies is the solution to use prior knowledge
even more effectively. Indeed, recent work explores these kinds of combinations.
While much research is needed, these works are certainly promising. For example,
model-based and model-free approaches have been combined [119; 320] to allow for
automatic initialization and recovery. Another promising direction of research is the
recent combination of bottom-up and top-down approaches. This has led to more
efficient tracking frameworks. Model-free approaches are increasingly considering
real data with cluttered backgrounds [28; 253] and occlusions (see Section 3.3),
problems that have often been ignored.
In addition, the role of context should be used more explicitly. Human motion
analysis provides input for reasoning about actions and intentions. Conversely, context can be used as input for human motion analysis, other than implicitly by assuming
a fixed domain. Recent work aims at learning models that take into account the context [44; 119; 268]. The role of human motion models, and how they generalize to
broader domains remains to be investigated. Also, the suitability of low-dimensional
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latent spaces for recovery of more spontaneous movement needs to be assessed.
The automatic recovery of human poses and motion has many applications, ranging from real-time human-computer interaction to precise sports motion analysis.
Also, new applications are emerging. Given the large amount of available images and
video on the internet, automatic detection of humans and their poses [27; 178; 239]
and the subsequent recognition and interpretation of their actions are needed to allow
for searching. On the other hand, the retrieval of such data should also be facilitated
[91].
From a practical perspective, evaluation of motion analysis algorithms requires a
common datasets, representative for a broad range of domains (indoor, static scenes,
and dynamic, cluttered scenes with multiple persons). Challenging scenarios are
likely to be beneficial to advance the state of the art. However, care should be taken
in focussing the datasets to realistic applications such as human-computer interaction, surveillance or sports motion analysis. Each of these will have its own set of
constraints and challenges. Datasets should consist of ground truth data and synchronized image sequences to be used by many different pose recovery approaches. In addition, common criteria (accuracy, smoothness, speed) for evaluation are needed. The
recently introduced HumanEva database [322] 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.

3

Example-based human pose recovery using HOGs

Discriminative human pose recovery approaches can be applied in real-time applications, but are less flexible in terms of encoding of parameters compared to generative
approaches. Variations such as visual appearance and viewpoint should be encoded
either explicitly in the parameter space, or implicitly in the image representation. In
this research, we take a discriminative approach where we explicitly encode viewpoint, as changes in viewpoint have a large impact on the image representation. We
require our image representation to implicitly encode lighting variations, and variations in body dimensions and clothing.
The focus of this chapter is on robust invariant image representations. Discriminative pose recovery approaches are either example-based, or regression-based. Regression-based approaches allow for faster evaluation but their precise implementation
and parameter setting (number of experts, regression function, learning of the regression and gating functions) influence the performance. This is undesirable, since
it is less intuitive to attribute the performance to image representation, or regression
approach. Therefore, we use an example-based approach instead.
In Section 3.2, we present our example-based approach where we use histograms
of oriented gradients (HOG, [58]), a holistic image representation. The n visually
most similar examples (nearest neighbors) are selected and the final pose is estimated to be the weighted interpolation of the n corresponding poses. Our approach
is evaluated on the HumanEva dataset, and we discuss previously obtained results on
the same dataset. An early version of this section appeared as [272].
In realistic scenarios, partial occlusion of the human figure in the image due to
other persons or objects in the environment will be common. In Section 3.3, we adapt
our approach to handle partial occlusion, if these can be predicted from a foreground
segmentation process.
For our example-based approach, we assume that the location and scale of a human figure can be detected from video. When occlusions occur, we also require that
these areas are labelled. Due to the importance of this preliminary step, we discuss
the process of human detection in slightly more detail in Section 3.1.
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3.1

Preliminary: human detection

Human detection and pose recovery can be seen as complementary tasks. In the detection task, the aim is to generalize over different poses, whereas in the recovery
task, one wants to discriminate between them. We advocate a separation of these
tasks. This eliminates the need to perform human detection and pose recovery simultaneously, as this would require large amounts of pose-annotated training pairs,
which are costly to obtain.
The detection of human subjects from images is an important first step in the
analysis of human pose or action. Only recently, there has been an increased interest
in this topic (see [179] for an overview). In general, human detection methods are
either holistic, or part-based. A holistic approach considers the human body as a
whole [58; 109]. In many cases, a retinoscopic representation is used, where the
human is assumed to be centered within a defined region of interest (ROI), or window.
Human detection is performed by sliding the window over the image, and performing
binary classification at each location. Dalal and Triggs [58] train a support vector
machine on positive and negative examples, encoded as HOGs. All training examples
are retained in [109], where Chamfer matching between a large set of pedestrian
examples is performed hierarchically. Dong et al. [71] explicitly take into account
inter-human occlusion. They extract foreground blobs of a single person, or a group of
people. An example-based approach, assuming that for each blob the corresponding
number of persons with their exact locations are annotated, is used to segment each
person individually. Earlier work by Elgammal and Davis [76] used known color
distributions of each person, to segment persons under occlusion. The advantage
of holistic approaches is that they generate relatively few false positives since much
information about the human body can be incorporated. The main drawback of a
holistic approach is that occlusions cannot be dealt with without closer inspection of
the scene.
In contrast, part-based approaches divide the human body into several parts, each
of which can be modeled individually. Human detection is performed by looking at
assemblies of these individual parts (e.g. [218; 223; 393]). Mohan et al. [223] find
the head, legs, and the separate arms in a window by applying component-based classifiers. Then, an SVM over the individual part detectors is used to classify the entire
window as human or non-human. The work of Mikolajczyk et al. [218] is similar
in nature, but the focus is on the face and shoulders, which are encoded for frontal
and side views separately. Another part-based approach is proposed by Felzenszwalb
et al. [90]. They describe a person with a deformable part model, where each part
is discriminatively learned from HOG descriptors. Niebles et al. [239] use a similar
approach but reduce the search space by applying a holistic detector first and relying
on temporal continuity. Recent work by Wu and Nevatia [393] takes into account
occlusions between persons in the scene. Such an approach is not only able to detect
persons, but can also determine which part of the observation is occluded. In recent
work [394], they extend their approach to output pixel-level segmentations. Lin et
al. [199] address the problem of finding suitable assemblies by introducing a tree
of parts. Using re-evaluation, their method is also able to segment occluded persons
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from an image. They extend their approach in [198] to better handle variation in
pose.
In general, part-based approaches generate many false positives for individual
body segments. This can be explained since a body segment alone is often less discriminative compared to a full body. However, part-based approaches have a number
of advantages over holistic methods. First, geometric constraints can be encoded
efficiently. Second, by learning the detectors for parts individually, the combinatorial problem is effectively decomposed. Therefore, fewer training data of body-part
templates is needed. Third, given a sensible assembly algorithm, humans can still
be detected and segmented from the image even if parts are missing. This allows
part-based methods to cope with partial occlusions from the environment or other
persons.
Summarized, recent work has greatly advanced the quality of human detection.
Especially the successful combination of detection and segmentation leaves us to believe that it is realistic to assume that a separation into foreground, background, and
occluded area can be made. In the remainder of this chapter, we assume that such
a segmentation is available. In Section 3.2, we will use descriptors without the presence of occlusions. Subsequently, in Section 3.3, we adapt our approach to deal with
occlusions.

3.2

Pose recovery using histograms of oriented gradients

To describe an image we can either use a holistic descriptor or a local (or patch-based)
descriptor. The former encodes the image observation as a whole. Local deformations
in the image will affect the entire descriptor. In contrast, local descriptors describe the
image observation as a collection of local regions. Usually, these regions are extracted
at interest points (local features), which are expected to be invariant to changes in
viewpoint and illumination [216; 354]. Currently, a popular local descriptor is the
scale invariant feature transform (SIFT, [203]) and extensions (SIFT-PCA, [167] and
GLOH, [217]). Local descriptors have the advantage that they can cope with variations in illumination, pose and viewpoint to some extent. However, they strongly rely
on robust extraction of interest points, which might be difficult due to differences in
subject and background appearance. Moreover, extraction of local descriptors is more
time-consuming due to the localization of interest points and the calculation of the
local descriptor. Also, matching of bags of local descriptors is less straight-forward.
Therefore, we use a holistic descriptor in our work.
In this section, we present an example-based approach to human pose recovery.
We use histograms of oriented gradients as image representation. This holistic representation has been introduced by Dalal and Triggs [58]. Their HOG descriptor is
inspired by work on orientation histograms [101], but uses dense sampling instead.
The key idea is to calculate histograms of oriented gradients (edges) within each cell
of a regular spatial grid. This grid has a fixed number of cells, which cover an area
that is determined by a rectangular region of interest (ROI). The HOG descriptor is a
concatenation of all cell histograms. Several alternatives to HOGs have been proposed
in literature. Levi and Weiss [194] use edge orientation histograms that contain ratios
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between orientation responses, dominant orientation and symmetry features, calculated exhaustively over all rectangular subwindows of an image. Adaboost is used to
select the relevant features. In contrast, HOGs use a fixed spatial structure, which
allows for direct matching. The pyramid of histograms of oriented gradients (PHOG),
proposed by Bosch et al. [37] is a generalization of the HOG where the notion of a
block of cells is extended to multiple levels. At the lowest level, the ROI is described
as a single edge orientation histogram. For each higher pyramid level, a division into
2 × 2 cells is made. The PHOG approach is suitable when there is variation in the
localization of the ROI but restricts the number of rows and columns in the grid to be
equal and to be powers of 2. As the height of a human figure in the image is larger
than its width, we use the original HOG concept.
HOGs have been used for several human motion analysis tasks. Dalal and Triggs
initially used HOGs for pedestrian detection, a binary classification task. Variations
in clothing, lighting, body dimensions, but also viewpoint and pose, were implicitly
encoded. Such an approach is reasonable since there are clear cues such as head
and shoulder lines, which remain present also when seen from different viewpoints.
Gandhi and Trivedi [107] use HOG descriptors to classify the orientation of pedestrians, thus explicitly encoding the (relative) viewpoint. Thurau [345] used HOGs to
model human shape for human action recognition. Both [202] and [46] use body part
classifiers based on HOG descriptors. Such an approach is suitable for 2D location of
limbs. However, without strong pose priors (such as used in [276]), lifting these to
3D will lead to ambiguities as there is no verification step where the observation is
used in a holistic manner.
While HOGs have been shown to be robust descriptors for the aforementioned
tasks, we believe that HOG descriptors are even sufficiently rich for recovery of human
poses, including the viewpoint. This task is, however, more demanding as we do not
have to distinguish between a small number of classes, but instead aim at regression
of 60-dimensional poses. Moreover, the HOG descriptors still have to be invariant to
lighting, clothing and body dimensions.
Since we need to recover more information from the HOG descriptors, we also
require more precise HOG extraction. The above mentioned works extract the HOG
descriptors directly from the image, which has two drawbacks. First, the ROI needs to
be determined, which is computationally expensive. The ROI can vary in position and
scale (we do not regard rotation, upright recordings are assumed), and many possible
ROI candidates within an image have to be validated. Zhu et al. [414] introduce an
efficient approach based on the integral image [278], but real-time performance still
cannot achieved. Moreover, there will be false positives in the neighborhood of the
actual ROI, which makes determination of the actual location and scale difficult.
Second, there is the problem of background clutter. Edges within the ROI that do
not belong to the person, but to the background, will affect the HOG descriptor. This
is undesirable as it makes reliable pose recovery dependent on even backgrounds,
which greatly limits generalization. Therefore, a number of works have explored
ways to learn which edges belong to the foreground. Agarwal and Triggs [3] use
non-negative matrix factorization to suppress background edges. They demonstrate
their work on recovery of frontal poses. Both Sminchisescu et al. [327], and Okada
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and Soatto [253] implicitly determine a set of discriminative features by learning
regression functions from the HOG-space to the pose space. Due to the use of multiple
regressors, this selection is pose-dependent. Bissacco and Soatto [27] perform pose
recognition using latent Dirichlet allocation. This is a generative model that describes
the distribution of HOG features conditioned on a latent variable, which corresponds
to part of the pose space. Again, only those edge orientations that correspond to the
foreground are used in the modeling.
In many cases, silhouettes can be obtained relatively reliably using background
substraction. We assume that such a segmentation into foreground and background
can be made. Employing this segmentation has two main advantages. First, determination of the ROI is straightforward. This relieves the burden on the detection task,
as only a single detection window has to be processed. This will significantly aid in
achieving real-time performance. Second, by considering only foreground edges, we
effectively ignore background clutter. The resulting HOG descriptor is therefore not
dependent on the background, which increases generalization. In this section, we
explain the steps of our approach, and show that poses can be recovered accurately,
even when foreground segmentation is noisy.
In our contribution, we do not regard the temporal aspect, nor do we apply any
measures to reduce the computational complexity. This allows us to focus on the
performance of the HOG descriptors. In Section 3.2.1, we discuss our HOG variant,
and how we obtain the descriptor from an image. The nearest neighbor pose recovery
approach is explained in Section 3.2.2. Our experiments on the HumanEva datasets
are presented in Section 3.2.3 and 3.2.4. A discussion of our results, and a comparison
with previous work appears in Section 3.2.5.

3.2.1 Histogram of oriented gradients
Dalal and Triggs [58] proposed histograms of oriented gradients as an image descriptor to localize pedestrians in cluttered images. The motivation for the use of gradients
is that they are to some extent invariant to lighting changes. HOGs additionally preserve spatial ordering to some extend, which has been found to be of key importance
for effective human pose recovery [275].
Our descriptor differs from the HOG descriptor as described by Dalal and Triggs.
First, we only take into account the edges within a foreground mask. This requires
background segmentation, but allows us to focus only on those edges that are meaningful. Second, we don’t use the notion of (overlapping) blocks, which results in
a significantly reduced descriptor size. Third, we do not apply color normalization,
which further reduces the computational costs of calculating the descriptor. Fourth,
we use a different grid size. In our main experiment (Section 3.2.3), we divide the
ROI into a grid with 6 rows and 5 columns. This is an arbitrary choice, but the height
of each cell roughly corresponds with the height of the head in a standing position.
Similarly, in a relaxed standing pose, the body covers approximately 3 columns horizontally. We call this setting HOG-F-5 × 6. The F stands for fit, as the ROI is the
minimum enclosing rectangle of the foreground region, which exactly fits the observation. In Section 3.2.4.1, we experiment with different grid sizes and ROI settings.
Within each cell in the grid, we calculate the orientation and magnitude of each
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pixel that appears in the foreground mask. We apply a [−1 0 1] gradient filter to
each pixel in horizontal and vertical direction independently. The orientation of the
edge is given by the angle between these two derivatives. The magnitude is given by
the square root of the sum of the two squared derivatives. We divide the absolute
orientations over 9 equally sized bins in the 0°- 180° range. Each pixel contributes the
magnitude of its orientation to the according histogram bin, which results in a 9-bin
histogram per cell. Note that this binning is slightly different than proposed in [58],
where votes are interpolated bi-linearly between the neighboring cells and orientation
bins. The total length of the descriptor is 270. The entire descriptor is normalized to
unit length to overcome differences in scale. This normalization makes the descriptor
holistic, as local variations affect the entire descriptor. To further reduce the size of
the HOG descriptor, PCA is applied by Lu and Little [204] and Onishi et al. [256]
in the context of human motion analysis. While increased robustness to background
noise and illumination is reported, we did not apply PCA and used the full descriptors
instead.

3.2.1.1

Determination of ROI and foreground mask

We calculate HOGs within an image’s region of interest (ROI), in our case the bounding box around the subject. While HOGs can be used to determine this region, as in
[58; 345; 414], we rely on background subtraction. As discussed previously, this significantly speeds up the process, and we suppress background edges at the same time.
We describe the process here in detail to allow for replication. First, we apply the
background subtraction with the suggested risk values, as included in the HumanEva
source code [322]. The background is modeled as a mixture model with 3 Gaussians
per color channel. The minimum enclosing box of all foreground areas larger than
600 pixels is obtained. After conversion to HSV color space, we apply shadow removal
in the lower 20% of the ROI. Pixels that have a saturation that is between 0 and 25
higher than the saturation of any of the means in the background mixture model, are
removed from the foreground mask. We again obtain the minimum enclosing box,
which is our final ROI. Figure 3.1 shows an example of background subtraction and
shadow removal, and displays the HOG descriptor.
It may seem that our approach is highly sensitive to good background subtraction, but the shadow removal is only needed to ensure that the ROI fits the subject
reasonably. For certain cases, we slightly adjusted the parameters. For camera 1 in
HumanEva-I, only for subject 2, we multiplied the risk with factor 1012 to remove
artefacts from the foreground. For cameras 2 and 3 in HumanEva-I, we lowered
the shadow threshold to 10. We did not use the additional four grayscale cameras
in HumanEva-I. For HumanEva-II, we reduced the background risk with factor 1050 ,
only for camera 3. Still, errors in the background segmentation frequently result in
incorrect determination of the ROI and inaccurate foreground masks (see also Figure 3.2(b-e)).
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(a)

(b)

(c)

(d)

Figure 3.1: Example of foreground mask calculation: (a) original image, cropped to fit the initial
ROI, (b) the foreground region, and (c) shadow removed. (d) shows the HOG-F -5 × 6
descriptor. Note the higher histogram values (darker lines) for the dominant direction
of the legs and arms.

(a)

(b)

(c)

(d)

(e)

Figure 3.2: (a) Locations of the 20 joints. (b-e) Background subtraction errors that result in inaccurate foreground masks and incorrect placement of the ROI.

3.2.2 Pose recovery using nearest neighbor interpolation
In an example-based approach, each image observation is encoded and matched
against an example set of encoded observations. We use the previously described
HOGs as encodings. To match a HOG with those in the example set, we need to
define a distance measure between the two descriptors. We performed a small-scale
experiment with Manhattan, Euclidian, cosine and χ2 distance. Consistent with earlier findings, Manhattan and Euclidian distance proved to be most suitable. In this
work, our focus is on real-time performance. Therefore, we use Manhattan distance
since it has a lower computational cost.
Matching a HOG with the entire example set results in a distance value for each
of the m examples. We could choose the example with the lowest distance, as this is
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the example that best matches the image observation. However, in practice, taking
the n best matches (nearest neighbors) results in more accurate pose recovery. It
should be noted that n is the only parameter in our approach. Of course, n will
depend on the number of examples in the example set that are close to the presented
frame. Here we use n = 25, in accordance with [275]. To determine the final pose
estimate, we use the poses that correspond to the n best examples. We determine the
final pose estimate p, the normalized weighted interpolation of these poses, as p =
P
P
1
i i
j
i
i=1..n w p /( j=1..n w + δ) and w = di +δ (1 ≤ i ≤ n). Here, δ is a small number
to avoid division by zero in the rare case that retrieved examples exactly match. pi ,
di and wi correspond to the pose vector, HOG distance value and weight of the ith
best matching example, respectively. This implies that close HOG matches contribute
more to the final estimate than HOG matches at a larger distance. One word of
caution is in its place here. Since we interpolate poses, the final joint estimates are
likely to lie closer to the mean distance for this joint, so closer to the body. This effect
is especially visible for examples that have similar image observations but are distant
in pose space.
Since we do not determine the correspondences between our localized subject in
the image and the estimated pose, we are not able to estimate the global position
of each joint. Instead, we report the distances of each joint relative to the pelvis
(torsoDistal) joint.
The temporal aspect of human movement can be used to improve the accuracy
of an example-based approach. Howe [136] recovers poses over an entire sequence
(batch). This ensures consistency in pose over time, which is particularly useful when
only a single view is used. Ong et al. [255] use a tracking approach, where a dynamical model puts a prior on the poses in the next time frame. This guarantees temporal
consistency, and reduces the number of evaluations needed since only examples with
a non-negligible prior have to be evaluated. In this work, we do not enforce temporal
consistency. This would require us to apply a dynamical model, which might be too
restrictive. Also, such an approach is dependent on the frame rate of the recorded
sequence. Other measures to reduce the order of example-based algorithms to sublinear include hashing [151; 310]. Also, a hierarchical organization of the examples
can reduce the complexity of the algorithm [109; 402]. Such measures have proven
to significantly reduce computation time, while increasing the recovery error only
slightly. Since we focus here on the performance of the image representation, we do
not apply any measures to reduce the search time.

3.2.3 Experiment results
In this section, we describe the HumanEva dataset that we have used for the evaluation of our approach. The construction of the example sets is described in Section 3.2.3.2. Results for HumanEva-I and HumanEva-II, the two available parts of
the dataset, are described in Sections 3.2.3.3 and 3.2.3.4, respectively. We describe
additional experiments in Section 3.2.4.
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3.2.3.1

HumanEva dataset

The HumanEva dataset [322] consists of two parts: HumanEva-I and HumanEvaII. HumanEva-I contains several sequences, divided into training, validation and test
sets. HumanEva-II consists of two test sequences.
The training and validation sequences in HumanEva-I contain synchronized video
and motion capture (mocap) data. There are 4 subjects that perform 5 actions (Walking, Jog, Box, Gesture, Throw/Catch). In addition, there is one sequence for each
subject-action pair that contains only mocap data. In the test set of HumanEva-I, all
these subject-action pairs also appear. Also, for each subject, there is an additional
Combo sequence that contains walking, jogging movements, and some additional balancing movements that do not appear in any training or validation trial. The two test
sequences of HumanEva-II also contain Combo movements, performed by subjects 2
and 4. Example frames of HumanEva-I and HumanEva-II are shown in Figures 3.3
and 3.7, respectively.
The walking and jogging actions are performed by moving in a circle, counterclockwise. Boxing, gesturing, and throwing and catching a ball are performed while
facing camera 1. There is some variation in these sequences, though. Especially,
the body orientation while catching the ball is heavily dependant on were the ball
appears.
In HumanEva-I, each sequence has been recorded with 3 color cameras and 4
grayscale cameras. These have all been synchronized, and calibrated. For HumanEvaII, a different setup is used, with only 4 color cameras. The frame rate of the video
sequences is 60 frames per second. The dataset comes with source code to temporally
align different video streams with the motion capture data. Also, background subtraction is included, that describes the background with a Gaussian mixture model.
We have used these provided algorithms where possible. In our experiments, we use
only the color cameras. For the monocular case, we only regard camera 1. Sequences
of subject 4 were not evaluated due to difficulties with the background subtraction.
For the test sets, ground truth pose information is held back. An online validation system, as described in [322], is used to validate the pose recovery results. This
system ensures that results of different parties can be compared, and frustrates parameter tuning. Specifically, ground truth information in our case are the 3D positions
of 20 key joints, relative to the pelvis (torsoDistal) joint (see Figure 3.2(a)). This is the
full set of joints, and we report the root mean squared error (RMSE) in mm, averaged
over all joints, as described in [322]. Evaluation of the Combo and Throw/Catch test
sequences of subject 1 failed repeatedly. Consequently, we can not report our results
on these trials.
3.2.3.2

Example sets

We describe our two example sets, one for monocular pose recovery (T1), and one
for recovery using three cameras simultaneously (T3). For the monocular example
set T1, we associate the HOGs for an individual view with their corresponding poses.
Only the examples that contain valid mocap data are included in the example set.
When given a new image observation, together with the knowledge from which
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Action
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Total

Subject 1
1176
439
217
801
502
0
3135

Subject 2
876
795
806
681
464
0
3622

Subject 3
895
831
0
214
933
0
2873

Total
2947
2065
1023
1696
1899
0
9630

Table 3.1: Number of valid examples per action and subject in HumanEva-I training and validation
sequences.

camera the observation is obtained, we can estimate the relative pose. We observe
that the elevation (rotation in vertical direction) and roll (rotation around line of
sight) of all cameras are approximately the same. In other words, the orientation of
all cameras is almost equal except for the orientation around a vertical axis. If we
would rotate the subject in the scene around a vertical axis, we would theoretically
be able to generate very similar observations for all cameras. In practice, view-specific
parameters such as backgrounds and lighting conditions are likely to result in observations that are somewhat different. However, we want our approach to be robust
against these image deformations and therefore, we perform this rotation virtually.
This has the additional advantage that the number of examples is effectively tripled,
resulting in a total of 28,890.
We transform the mocap data in such a way that we obtain the joint positions as
if we were looking through another camera. With an observation from camera i, and
the projection onto camera j, our pose vector pi = (xi , yi , zi , 1)T is transformed into
pj as follows: pj = Mj Mi−1 pi , where Mi and Mj are the rotation matrices of cameras
i and j, respectively.
In T3, we combine the HOGs of the three views into a single HOG descriptor
of length 810. This combined descriptor is larger, and contains the same pose seen
from multiple views. We therefore expect increased pose recovery accuracy over the
monocular descriptors. However, combining our HOGs comes at a cost of a reduced
number of examples, compared to T1. For each frame with valid mocap, we have
exactly one example. The total amount of examples m that we can obtain is 9,630.
Table 3.1 summarizes the origins of the examples.
Combining all views into one descriptor has some drawbacks. When the setup of
the cameras changes, the descriptor cannot be used anymore. The relative orientations of the cameras are encoded implicitly in the combined descriptors. Practically,
this means that we cannot evaluate the HumanEva-II sequences with our example
sets, since these are obtained from the HumanEva-I setting. Another drawback arises
when one of the views contains inaccurate segmentations. This can, in some cases,
render the example useless. Alternatively, we could have treated each view independently, which would be similar to using the T1 example set, but with three simultaneous observations. This would avoid the limitations of a fixed camera setup, and
inaccurate segmentation is a single view would not affect the entire descriptor. However, we would then not be able to take advantage of the combined information of all
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views, which allows us to disambiguate between poses.
3.2.3.3

Results for HumanEva-I

The HumanEva-I test sequences are performed with the same camera setup as the
example sets. Also, the same test subjects appear in these videos. Except for action
Combo, all action-subject combinations also exist as training sequences. We did not
perform evaluations for subject 4, due to background segmentation errors.
For each sequence, we evaluate the performance using both T1 and T3. For T1,
we use the image observations from camera 1. For T3, we use the combined image
observations of all three cameras. We omitted all frames for which the mocap data
was invalid from our results, but we show them in the graphs. Also, the first 5 frames
of each sequence were removed since these frames were duplicated in the decoding of
the video. The results, broken down by action, subject and example set, are summarized in Tables 3.2 and 3.3. Sample frames are shown in Figure 3.3. Some recovery
results are presented in Figure 3.4.
Action
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average

Subject 1
41.24 (16.84)
46.38 (18.60)
26.38 (13.51)
79.71 (27.71)
48.32 (19.17)

Subject 2
39.56 (26.75)
38.02 (9.97)
69.49 (31.94)
75.13 (28.10)
103.37 (45.08)
69.84 (49.34)
65.90 (31.86)

Subject 3
55.27 (21.70)
47.35 (23.47)
111.71 (33.38)
75.29 (11.09)
100.35 (52.31)
106.11 (79.74)
82.68 (39.95)

Average
45.36 (21.76)
43.92 (17.35)
90.56 (32.66)
58.93 (17.60)
94.48 (41.70)
87.98 (64.54)
65.63 (30.33)

Table 3.2: Mean relative 3D error (and SD) in mm per joint for HumanEva-I test sequences, evaluated with a single camera (C1) using T1.

Action
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average

Subject 1
37.54 (11.95)
45.21 (13.74)
23.69 (7.18)
88.67 (36.20)
48.78 (17.27)

Subject 2
40.09 (23.86)
37.65 (12.20)
57.61 (23.75)
72.83 (26.32)
91.28 (41.19)
71.89 (52.17)
61.89 (29.92)

Subject 3
55.25 (25.07)
45.37 (18.32)
92.79 (31.75)
56.11 (6.44)
92.28 (47.86)
83.89 (53.10)
70.95 (30.42)

Average
44.29 (20.29)
42.74 (14.75)
75.20 (27.75)
50.88 (13.31)
90.74 (41,75)
77.89 (52.64)
60.54 (25.87)

Table 3.3: Mean relative 3D error (and SD) in mm per joint for HumanEva-I test sequences, evaluated with all three cameras (C1–C3) using T3.

To be able to interpret our results, we first introduce a baseline. Since we interpolate the poses of the best matches, our pose estimate will always be within the convex
hull of poses in the example set. Therefore, we choose our baseline to be the mean
distance for randomly selecting a pose from the example set with n = 1. The mean
distance per joint for T3 is then 299.87 mm. For T1, the distance is slightly lower,
291.54 mm. Such a baseline is reasonable since we aim at recovering poses that are
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(a) Frame 100

(b) Frame 200

(c) Frame 300

(d) Frame 400

(e) Frame 100

(f) Frame 200

(g) Frame 300

(h) Frame 400

Figure 3.3: Single best estimate (top row) and original frame (bottom row) for the HumanEva-I
Jog sequence performed by subject 2 (a-d) and HumanEva-I Throw/Catch sequence
performed by subject 3 (e-h), both evaluated using a single camera (C1).

in the convex hull of the example set. For actions not included in the example set,
such as the Combo action, errors might be much higher than this baseline.
The first thing to notice is the relatively small difference between the performance
of our monocular tests, and those using three cameras. We obtained mean errors
over all subjects and sequences of 65.63 and 60.54 mm, respectively. This observation seems to contradict earlier work by Grauman et al. [115], who use concatenated
descriptors of silhouettes. They found that pose recovery accuracy increases with the
number of views that is used. However, there are two main differences between their
approach and ours that could explain the discrepancy. First, we use HOG descriptors
that encode edge information. These are helpful when differentiating between front
and back poses, thus avoid depth ambiguities. With silhouettes from a single view,
such ambiguities cannot be resolved. Second, Grauman et al. [115] use approximate
Earth-Movers distance, which is more computationally demanding but might overcome small errors due to segmentation. Since, in the multi-view setting, we use the
three observations as a single descriptor, segmentation errors in each of the views
introduce noise in the entire descriptor. This is true both in the example set and the
test sequences.
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(a) Walking

(b) Jog

(c) Throw

(d) Gesture

(e) Box

(f) Combo

Figure 3.4: Recovered poses of frames 100 of different actions, evaluated with a single camera
using T1. (a,d) camera C1, subject 1 (b,e) camera C2, subject 2 (c,f) camera C3,
subject 3. The erroneous estimation of the head tip (headProximal) marker in (f) is
due to mistakes in the labelling of the training sequences of subject 3. The 3D pelvis
location was set manually, as we only estimate relative joint locations.

The recovery accuracy for subject 3 is lower than for the other two subjects. There
are two explanations for this. First, the location of the head tip (headProximal) marker
is erroneous in some of the training sequences of subject 3 that are used in the example sets (see also Figure 3.4(f)). Given that many of the examples that are used
in the recovery are from the same subject, this effect is stronger for the sequences of
subject 3. Second, subject 3 wears dark clothes, which results in less prevalent edges
between body and limbs. As such, forward-backward ambiguities are more likely to
match well, in turn affecting the pose estimate. Also, differences in body dimensions
play a role in the explanation of recovery accuracy. Since we use weighted interpolation of the joint positions, interpolation of similar poses of subjects with different body
dimensions results in a different recovered pose. Naturally, differences are higher for
joints that have a larger distance to the pelvis (torsoDistal) joint that was used for
translation normalization.
We will discuss our results in more detail. If we look at different actions, we
see large variations between sequences. In general, poses from the Walking and Jog
sequences are recovered with the highest accuracy. This can, at least partly, be explained by the fact that these motions have been performed at least several times in
the example sets. This ensures that more examples are available, thus increasing the
probability of a close match. Moreover, each cycle resembles the others, in contrast to,
for example, catching a ball where the ball appears at more or less random places. In
Figure 3.5, we present the affinity matrices of walking cycles, catching and throwing
a ball, and repetitions of waving and gesturing. For each matrix, a training and a test
sequence from the same person are used. We immediately see the similarity between
the two walking cycles by the dark line on the diagonal. This line is less apparent for
two sequences of catching and throwing a ball. For the gesture sequences, it becomes
clear that repetitions of the same gesture are very much alike. Also, the movement of

| 45

46 | Chapter 3

the limbs during walking and jogging was slower compared to the other actions, as
noted by Bo and Sminchisescu [32]. This causes the edges to be more blurred, thus
less distinctive. This might have had influence on the performance.

(a) Walking

(b) Throw/Catch

(c) Gestures

Figure 3.5: Affinity matrices for camera 1 of (a) Walking cycle, (b) Throw/Catch, and (c) Gestures
sequence, performed by subject 1. Dark values correspond to small distances. Notice the similarity between the Walking cycles. In (c) corresponding areas are either
repetitions of waving, or repetitions of the beckoning gesture. The white ‘plus’ in (b) is
caused by incorrect segmentation due to the presence of the ball.

We should be able to see the same when looking at our test results. Figure 3.6(a–
b) shows the plots of the mean errors over the sequences Walking and Throw/Catch,
performed by subject 2 and obtained using all three cameras. The error plot is much
more peaked for the Throw/Catch sequence. The peaks (e.g. around 350, 550 and
700) correspond to catching or throwing the ball. The lower errors around 450 and
650 correspond to waiting for the ball, which is in fact a standing pose. The slightly
higher errors in the Walking sequence after 200, and around 650, correspond to the
subject walking towards the camera. Here, depth ambiguities occur.
When we take another look at Table 3.2 and 3.3, we notice rather larger differences between subjects for the Gesture action. In this action, the subject waves and
makes beckoning gestures. Subjects 1 and 3 perform these gestures with their right
hand, in both the training and test sequences. This explains the low standard deviations. Subject 2 is more expressive in the performance, and is occasionally using both
hands. Also, the body orientation in the test sequence is much more sideways than
any of the sequences that has been used in the example set.
The Box actions show some of the highest errors, which is somewhat surprising.
More careful analysis of the video data shows that, for subjects 2 and 3, there is quite
some variation in the footwork. Subject 1 uses the same standing pose as a basis but
is facing camera 1. From this view, it is difficult to estimate the depth of the arms.
The view for cameras 2 and 3 are almost exactly from the side. This results in many
estimates where the wrong arm is estimated to be stretched out.
The Combo action is a combination of walking, jogging, and some ‘freestyle’ moves
(jumping on one leg and balancing on one foot). These moves are not present in the
example set. For subject 2, the mean error over the whole sequence is shown in Figure 3.6(c). The peak around frame 250 is caused by incorrect background segmenta-
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(c) Combo

Figure 3.6: Mean relative 3D error (in mm) plots for HumanEva-I (a) Walking, (b) Throw/Catch,
and (c) Combo action, all performed by subject 2 and obtained using all three cameras. Instances that have a zero error contain invalid mocap.

tion. Frames 1160-1370 contain the jumping on one leg action, in frames 1660-1960
the subject balances on one foot with the arms stretched out. The difference in error
is apparent, and gives us a clue about the performance of an example-based approach
for unseen actions. We discuss this further in Section 3.2.4.2.
3.2.3.4

Results for HumanEva-II

The HumanEva-II set consists of two Combo sequences performed by subjects 2 and
4. HumanEva-II differs from HumanEva-I in the recording setup. Four color cameras
are used, instead of the three color cameras and four grayscale cameras. The cameras
are placed at different positions, and the elevation angles differ slightly. As mentioned
before, this changed setup does not allow us to do any evaluation on the T3 example
set.
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Our evaluation was performed similar to that of the HumanEva-I test sequences.
In Tables 3.4 and 3.5 the results are summarized for both subjects, for each camera
separately. The three sets contain various movements within the sequence. Set 1
(frames 1-350) contains walking, set 2 (frames 1-700) contains walking and jogging,
and set 3 (frames 1-1202 for subject 2, and 1-1258 for subject 4) contains the whole
sequence. This includes walking, jogging, jumping on one leg and balancing on one
foot.

Camera 1
Camera 2
Camera 3
Camera 4
Average

Set 1
121.96 (72.51)
100.35 (34.28)
101.25 (44.72)
113.49 (48.19)
109.26 (49.93)

Set 2
111.96 (59.83)
95.93 (34.54)
105.97 (60.93)
116.06 (54.85)
107.48 (52.54)

Set 3
173.92 (111.22)
142.62 (77.93)
203.13 (144.72)
161.94 (89.45)
170.40 (105.83)

Average
135.95 (81.19)
112.97 (48.92)
136.78 (83.46)
130.50 (64.16)
126.71 (69.43)

Table 3.4: Mean relative 3D error (and SD) in mm per joint for HumanEva-II test sequence Combo
of subject 2, evaluated with a single camera. Results are broken down per set. Set 1
contains walking motions, set 2 contains both walking and jogging motions. Set 3
contains the entire sequence, including balancing motions.

Camera 1
Camera 2
Camera 3
Camera 4
Average

Set 1
129.92 (54.38)
120.73 (49.24)
183.61 (86.69)
146.60 (57.14)
145.22 (61.86)

Set 2
138.89 (58.27)
115.93 (39.16)
146.75 (71.99)
151.44 (55.84)
138.25 (56.32)

Set 3
166.31 (77.09)
147.50 (66.10)
200.31 (120.20)
203.77 (101.67)
179.47 (91.27)

Average
145.04 (63.25)
128.05 (51.50)
176.89 (92.96)
167.27 (71.55)
154.31 (69.82)

Table 3.5: Mean relative 3D error (and SD) in mm per joint for HumanEva-II test sequence Combo
of subject 4, evaluated with a single camera. Results are broken down per set. Set 1
contains walking motions, set 2 contains both walking and jogging motions. Set 3
contains the entire sequence, including balancing motions.

Our first remark concerns the analysis of the sequence performed by subject 4.
We removed frames 298-337 from the results since these appeared to be erroneous.
Specifically, we obtained mean errors per joint above 1,200 mm. Visual inspection
of our pose estimates and the video revealed no peculiarities. Moreover, an average
error per joint of 1,200 mm is very unlikely since we use relative distances.
Compared to the results that we obtained for the Combo sequences of HumanEvaI for T1, the errors for HumanEva-II are higher. Ideally, we would expect errors for set
1 that are comparable to those of the Walking sequences in HumanEva-I. Similarly,
for set 2, we expected results that are close to those of Walking and Jog.
We observe that the example set does not contain any examples of subject 4. Differences in movement style and body dimensions between subjects can party explain
the less accurate results. Also, although subject 2 appears in HumanEva-I, the clothing is different. This probably has an effect on the HOGs, and subsequently on the
closest matches. In Section 3.2.4.2, we take a closer look at these issues. Yet, if we
consider the subjects as unseen, the error is higher. We expect this to be the result of
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(a) Frame 300

(b) Frame 600

(c) Frame 900

(d) Frame 1200

Figure 3.7: Single best estimate (top row) and original frame (bottom row) for the HumanEvaII Combo sequence performed by subject 2. Frame 300 shows forward-backward
ambiguity in the walking action. Frames 900 and 1200 contain unseen movements.

the modified camera setup. The elevation of the camera is different, and there is a
roll angle introduced for some of the cameras. We expect this to have quite a large
impact, as HOG are not rotation invariant. Also, the background is modeled with
a single Gaussian. This results in less accurate background segmentation, and this
reflects on the HOG descriptors.
Figure 3.8 shows the mean error plots of the HumanEva-II sequences. The increased error for the unseen actions in set 3 (frame 750-end) is apparent. Other
peaks (e.g. for subject 2 around frames 100, 220, 300 and 370) are due to forwardbackward ambiguities. Figure 3.7 shows the original frames and the frames corresponding to the single best example.
3.2.3.5

Computational performance

In this section, the computational performance for the different steps of our pose
recovery approach are presented. We used un-optimized Matlab code, which was
evaluated on a Pentium IV 2.8 GHz computer. For background subtraction, we used
the code provided by Sigal and Black [322].
We used the walking test sequences as these present the largest variation in bounding box location due to distance of the subject to the camera. All images were 640×480
before applying background subtraction. A monocular setting with camera C1 and example set T1 was used, which contains 28,890 examples. Table 3.6 summarizes the
computation times, which are averaged over subjects 1-3.
The most time-consuming step is the background subtraction of [322]. The background is described as a mixture of three Gaussians for each color channel. This
results in many evaluations. In the current implementation, no look-up table is used,
which causes the high computational cost. The step can be replaced by a more efficient implementation. Color conversion and shadow removal are only needed when
the bounding box estimates are inaccurate. Using a different background subtraction
algorithm can potentially solve this issue as well.
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Figure 3.8: Mean relative 3D error (in mm) plots for the HumanEva-II Combo sequences performed by (a) subject 2, and (b) subject 4, both viewed with camera C1. Instances
that have a zero error have been ignored (see text).

Process
Background subtraction
Color conversion
Shadow removal
HOG calculation
Finding best matches
Pose interpolation

Time (ms)
1341.2
32.1
57.0
37.9
285.5
0.7

Table 3.6: Computation times (in ms) for different steps in the pose recovery process. Times
are averaged per frame over the Walking test sequences of subjects 1-3, viewed with
camera C1 and evaluated using example set T1.

Given a segmented image, our un-optimized Matlab algorithm runs at 3 Hz on
a standard PC. The HOG calculation itself is performed efficiently, which is partly
due to the fact that only a fraction of the original image is used. The linear search
for the closest matches is computationally demanding, while the interpolation time
is negligible. In Section 3.2.4.4, we investigate the effect of a reduced number of
examples on the performance. Instead of using a linear search, close examples can
be found using hashing (e.g. [310]) or using a hierarchical matching procedure (e.g.
[109; 403])
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3.2.4 Additional experiments and results
In this section, we present additional experiments that give more insight in the capabilities in our proposed approach. To this end, we analyze the effect of HOG grid
size and ROI setting in Section 3.2.4.1. Additional experiments where we remove
different parts of the example set are presented in Section 3.2.4.2. We use these example sets further to analyze the performance of the HOG descriptor and the density
of relevant examples in Section 3.2.4.3. Finally, we investigate the influence of the
number of examples on the pose recovery accuracy in Section 3.2.4.4.
3.2.4.1

Results using different image representations

The ROI for the HOG-F-5 × 6 descriptor is determined by the minimum enclosing
bounding box for the foreground pixels. The ROI is divided into a grid, and global
normalization makes the descriptor effectively scale-invariant. In this process, the
height and width are scaled independently, which can cause different poses to generate similar HOGs. See for example Figure 3.7(c) where, apart from the rotation, the
height-width ratio is rather different. In this section, we introduce HOG-R descriptors,
which are similar to the HOG-F descriptors but the ROI has a constant height-width
ratio of 2.5. The figure is centered either horizontally or vertically in the ROI. The
remaining space in the ROI is not part of the foreground mask.
Also, the number of columns and rows in the HOG-F-5×6 descriptor is an arbitrary
choice, mainly motivated by the size of the head. In this section, we evaluate the
performance for grid sizes 3 × 3, 4 × 4 and 5 × 6. The HOG-R descriptor sizes are 81,
144 and 270, respectively.
HOG descriptors are dense descriptors that take into account both the magnitude
and the direction of all edges within a foreground mask. We expect that these edges
help to partly encode depth in the pose. To investigate the effect of these edges,
we introduce histograms of oriented silhouette gradient (HOSG) descriptors. These
are essentially similar to the HOG descriptors, but only take into account silhouette
boundary edges. Since these are binary and directed, we use 8 signed orientation
bins, each of which covers 45°. The final descriptor sizes are 72, 128 and 240, for
the HOSG-R descriptors with grid sizes of 3 × 3, 4 × 4 and 5 × 6, respectively. In the
multi-view case, the length of the HOG and HOSG descriptors is tripled. Notice that
we did not further investigate differences between HOG-R and HOG-F ROI settings.
The results for the different settings are presented in Tables 3.7 and 3.8, for the
monocular and multi-view case, respectively. First thing to notice is the higher error
of all settings, compared to those obtained with HOG-F-5 × 6 (see Tables 3.2 and
3.3). This is true for both the monocular, as the multi-view case. We expect that this
effect is mainly caused by small variations in the extracted silhouette mask, especially
in horizontal direction. A small change in this direction leads to a 2.5 times larger
change in the vertical component. This is likely to cause pixels to be part of different
grid cells.
Similar to earlier observations, we find that the results of the monocular case are
less accurate than those of the multi-view setting. Especially the HOSG descriptors in
the monocular case show relatively high errors. In the multi-view case, these errors
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are more in line with those of the HOG descriptors. This finding can be explained
by the fact the silhouettes cannot handle depth ambiguities well. Given only a single
observation, this ambiguity cannot be resolved. This justifies the use of edges, but it
should be noted that, for a given grid size, the HOG descriptor is of a slightly higher
dimensionality than the HOSG descriptor.
When looking at the effect of grid size on the pose recovery accuracy, we observe
a difference between HOG and HOSG. For HOSG descriptors, accuracy increases with
grid size, both in the monocular as the multi-view case. However, for the HOG descriptors, the 4×4 setting appears to perform best. Differences in results between grid
sizes are much smaller in the multi-view case. Probably, both the better results, as the
more stable performance for different grid sizes, are due to the less frequent selection
of ambiguous example. This also explains the lower standard deviation (not reported
in the tables due to space constraints). These are approximately 25% lower for the
multi-view case. Overall, these results show that reasonable results can be obtained
by a relatively small descriptor. This is especially true when using edge information.

Action
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Average

Subject
S1
S1
S1
S1
S1
S1
S1
S2
S2
S2
S2
S2
S2
S2
S3
S3
S3
S3
S3
S3
S3
All

3×3
59.64
54.18
N/A
25.07
89.94
N/A
57.21
44.87
42.10
70.10
82.69
114.86
91.59
74.37
65.54
54.29
112.44
59.34
114.53
124.56
88.45
75.36

HOG-R
4×4
49.14
49.02
N/A
23.57
76.10
N/A
49.46
42.13
40.54
70.96
87.19
118.06
78.95
72.97
61.16
51.77
117.11
64.16
101.05
113.70
84.82
71.54

5×6
76.31
62.47
N/A
28.08
91.46
N/A
64.58
58.91
55.19
91.05
91.54
134.60
88.42
86.62
74.56
66.98
131.13
76.61
114.83
125.39
98.25
85.47

3×3
91.63
75.73
N/A
27.45
87.58
N/A
70.60
87.41
75.73
95.03
98.82
139.34
104.63
100.16
82.26
74.42
112.52
59.88
118.73
130.24
96.34
91.34

HOSG-R
4×4
76.75
67.44
N/A
25.96
82.06
N/A
63.05
68.68
56.12
84.18
93.85
135.28
97.67
89.29
74.84
63.46
111.29
61.47
113.56
115.01
89.94
82.98

5×6
71.13
59.81
N/A
25.37
82.47
N/A
59.69
57.98
52.53
80.93
88.09
121.63
95.17
82.72
70.11
61.00
116.72
59.07
112.99
115.92
89.30
79.43

Table 3.7: Mean relative 3D error in mm per joint for HumanEva-I test sequences, evaluated for
different image representation settings, with a single camera (C1) using T1.
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Action
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Walking
Jog
Throw/Catch
Gestures
Box
Combo
Average
Average

Subject
S1
S1
S1
S1
S1
S1
S1
S2
S2
S2
S2
S2
S2
S2
S3
S3
S3
S3
S3
S3
S3
All

3×3
40.72
45.57
N/A
22.74
76.78
N/A
46.45
40.93
37.97
57.32
81.87
94.80
73.45
64.39
54.59
47.12
92.76
56.83
103.61
86.04
73.49
63.32

HOG-R
4×4
5×6
38.43 44.22
45.89 50.63
N/A
N/A
24.36 24.42
87.91 83.27
N/A
N/A
49.15 50.64
41.29 42.32
38.65 42.57
58.28 61.00
74.93 78.88
95.33 94.32
72.45 74.38
63.49 65.58
57.11 59.30
46.51 49.10
93.92 106.90
54.80 59.63
94.28 106.73
85.33 86.89
71.99 78.09
63.09 66.54

3×3
56.00
59.19
N/A
23.81
86.32
N/A
56.33
45.02
42.08
70.21
97.01
103.37
82.14
73.31
60.51
53.59
90.42
59.13
116.07
90.74
78.41
70.98

HOSG-R
4×4
5×6
47.00
43.74
55.59
53.14
N/A
N/A
24.69
24.06
87.80
94.64
N/A
N/A
53.77
53.90
43.64
43.17
43.53
40.17
65.39
66.71
93.53
92.61
103.82 105.21
79.45
77.56
71.56
70.91
58.00
59.67
52.31
49.12
88.47
85.39
56.18
61.34
120.35 116.50
88.16
86.33
77.24
76.39
69.24
68.71

Table 3.8: Mean relative 3D error in mm per joint for HumanEva-I test sequences, evaluated for
different image representation settings and with all three cameras (C1–C3) using T3.

3.2.4.2

Results on validation set

In this section, we report on experiments where we removed parts of the example set.
From the example set of HumanEva-I, we use the Walking sequence of subject 1 for
testing. We choose the walking action as most work on human pose recovery has focussed on walking motion. As ground truth information is available for this sequence,
we validate the sequences without using the online validation system. This allows us
to analyze the accuracy performance of individual joint positions. Our experiments
give insight in the degree of generalization over subjects and actions.
Since our test sequence is part of our example sets, we had to remove it. Our
resulting example sets with the Walking trial of subject 1 removed are T1T and T3T ,
for the monocular and multi-camera cases, respectively. In addition, we created example sets where we removed all examples for the Walking action, T1A and T3A .
This reduces the example set by 20%. Also, we removed all instances of subject 1,
resulting in T1S and T3S , each containing roughly two thirds of the total number of
samples (see Table 3.1). The results are presented in Table 3.9, with mean errors for
the training part (frames 591-1203), the validation part (1-590) and over the entire
sequence. This division into training and validation was suggested in [322]. We do
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not distinguish between the two but report both numbers for comparison purposes.
Set
T1T
T3T
T1A
T3A
T1S
T3S

Train
80.14 (25.39)
76.92 (28.50)
94.72 (33.46)
103.90 (46.23)
84.18 (29.68)
78.25 (29.02)

Validation
74.40 (23.95)
74.81 (23.86)
92.69 (28.90)
110.55 (44.96)
76.86 (25.56)
77.30 (24.12)

Total
77.15 (24.81)
75.82 (26.20)
93.66 (31.17)
107.37 (45.68)
80.36 (27.83)
77.76 (26.57)

Table 3.9: Mean relative 3D error (and SD) in mm per joint for HumanEva-I training sequence
Walking, performed by subject 1. Errors are presented for different example sets.

Compared to the results in Tables 3.2 and 3.3, the errors obtained here are approximately 35-70 mm per joint higher. It should be noted that the number of examples is reduced and this is likely to have a negative effect on the pose recovery
accuracy. We will further investigate this issue in Section 3.2.4.4. Our first observation is that even when only one trial is removed, the error is larger. Removal of this
sequence results in a lower number of examples of the Walking action. Moreover,
all examples of the same subject for the Walking action are left out. Apparently, our
approach is more accurate when person-specific observations are used.
When all Walking examples are removed, the error increases 15-35 mm. Closer
analysis of the examples used in the reconstruction shows that these are mainly from
the Jog action. Walking and jogging show many resemblances, but in the Jog action
the elbows are usually more bent, and the distance between the feet is kept small.
The ankle and wrist joints indeed show a higher error.
A final observation can be made with respect to the removal of examples of subject
1. The results are only slightly less accurate than in the case where only the Walking
action of subject 1 is removed. This leads us to conclude that only few examples from
other actions are used in the estimation. Also, we have an estimate of the accuracy
for pose recovery when the subject is not in the example set. Again, we must make
a remark about the significantly reduced number of relevant samples, which we will
further investigate in Section 3.2.4.4.
3.2.4.3

Results on validation set with pose matching

In our example-based pose recovery approach, we interpolated the poses of the closest
HOG matches. Since the ground truth poses of the test set are known, we could
perform the interpolation directly on the closest poses. Such an experiment gives
insight in the performance of the HOG descriptor and the density of the pose space.
We performed an experiment where we calculated the Euclidian distance between the
pose of each test frame and the poses of all examples in the example set. We either
selected the closest pose (1-NN) or used a weighted interpolation of the closest 25
poses (25-NN) as we would when matching HOG descriptors. We did not use any
observation information and the notion of monocular and multi-view was therefore
discarded. We used the poses of the three example datasets where we removed only
the Walking trial of subject 1 (T1T /T3T ), all walking sequences (T1A /T3A ) or all

Example-based human pose recovery using HOGs

sequences of subject 1 (T1S /T3S ). The results are presented in Table 3.10.

1-NN
25-NN

T1T /T3T
58.80 (7.68)
55.29 (7.60)

T1A /T3A
67.40 (8.45)
61.09 (8.53)

T1S /T3S
59.46 (7.93)
58.01 (7.97)

Table 3.10: Mean relative 3D error (and SD) in mm per joint for HumanEva-I training sequence
Walking, performed by subject 1 when matching poses instead of HOGs. Errors are
presented for different example sets.

Our first observation is that the use of interpolation results in a slight decrease of
the error. Similar observations are reported in [274] when using image descriptors.
Overall, the difference in error is relatively small. In Figure 3.9, several frames are
shown together with the frame that corresponds to the closest matching pose from
the example database.

(a) Frame 250

(b) Frame 500

(c) Frame 750

(d) Frame 1000

Figure 3.9: Frame corresponding to closest pose (top row) and original frame (bottom row) for the
HumanEva-I Walking training sequence of subject 1 and evaluated using T1T /T3T .
The closest poses originate from (a,c) the Walking sequence of subject 2, (b) the
Throw/catch sequence of subject 2 and (d) the Throw/catch sequence of subject 1.
The pose errors of the frames are 74.15, 59.56, 48.54 and 57.23 mm, respectively.

We compare the results in Table 3.10 with those in Table 3.9, obtained for HOG
matching instead of pose matching and notice the lower error when using poses directly. If we would use an 1-NN approach using HOGs, the minimum error would
be given by the reported 1-NN error using poses. Using HOGs, this error could only
be obtained if the HOGs corresponding to the closest pose would also result in the
lowest matching score. This is not always the case, as witnessed by the higher errors
in Table 3.9. However, the errors are not that much higher, and the higher standard
deviation could be caused by occasional mismatches. In Figure 3.10, the error graphs
for the HOG matching and the 25-NN pose matching are shown. It becomes clear
that, when using HOGs, there are indeed several peaks that increase both the average
error and the standard deviation.
The errors that we obtain by selecting the closest examples of the validation set
are higher than those obtained when matching HOGs on the Walking sequence of

| 55

56 | Chapter 3

Error

200
150
100
50
0
0

200

400

600
Frame

800

1000

1200

Figure 3.10: Mean relative 3D error (in mm) plots for HumanEva-I training sequence Walking,
performed by subject 1 when matching poses (gray line) or HOGs (black line). In
both cases, example set T1T was used, and the estimates are obtained by weighted
interpolation of the best 25 matches. Instances that have a zero error contain invalid
mocap.

subject 1 in the test set (see Table 3.2). This might be explained by the presence of
close examples in the T1 example set. These have been removed in example sets T1T ,
T1A and T1S . But even when poses of the Walking sequences of other subjects are
included in the example sets (as in T1T and T1S ), the average pose error is still higher.
We expect that this error can be explained by differences in body dimensions between
subjects and partly by the differences in movement style. Given that the difference in
body height between subjects 1 and 3 is larger than the difference between subjects 1
and 2, we expect that fewer of the closest pose matches are from subject 3. Indeed, in
the 1-NN setting using T1T , none of the closest matches are originated from sequences
of subject 3.
3.2.4.4

Results using less examples

The nearest neighbor search has a computational complexity that is linear in the
number of examples m. One straightforward way of reducing the computational cost
would be to decrease m. In this section, we investigate the influence of the number
of examples on the pose recovery accuracy. In contrast to the previous section, we
remove examples from the full example set without taking into account the origin of
the examples with respect to subject, action or camera view.
Specifically, we use k-medoids clustering [166], which is a variant of the k-means
algorithm where, after each iteration, the cluster center is determined to be the closest
example. After convergence, we retain those examples that are marked as cluster
centers. We decided to cluster the poses, rather than the image descriptors. This
decision is mainly practical, as the dimensionality of the poses is much lower. For
large values of k, the calculation of the example-to-cluster distance matrix becomes
practically infeasible due to the large space requirements. In our case, this happens
for k > 2000. To overcome this issue, only in these cases, we select every lth example
from our original example set, where l = b 28,890
k c. Given the high frame rate of the
video (60 fps), the distance between subsequent frames is small. Therefore, we expect
that the difference between the two sampling methods is marginal when l is small.

Example-based human pose recovery using HOGs

We evaluated the Walking sequences from the test set of HumanEva-I, subjects
1–3. The HOG-F-5 × 6 descriptors were used, calculated using only camera C1. Results are summarized in Table 3.11. It immediately becomes clear that pose recovery
accuracy decreases with a decreasing number of examples. The effect is, however, not
linear. With approximately 3,000 examples, a 10-fold reduction, the average error increases only by a factor 2. These results are in line with previous investigations of the
influence of the number of examples on pose recovery [33; 357]. It should be noted
that only approximately 30% of the examples originates from walking sequences. It is
to be expected that the pose recovery accuracy can be increased by considering more
examples, at the cost of higher computational demands.
Examples
28,890
16,000
8,000
4,000
2,000
1,000
500
250
125

Subject 1
41.24 (16.84)
46.10 (18.56)
54.54 (21.04)
68.50 (23.09)
89.63 (28.99)
101.81 (34.73)
119.97 (31.15)
135.66 (31.66)
150.13 (31.20)

Subject 2
39.56 (26.75)
43.03 (26.46)
52.87 (26.20)
66.05 (28.76)
85.49 (38.55)
94.19 (39.02)
117.12 (36.07)
126.22 (31.62)
148.70 (35.41)

Subject 3
55.27 (21.70)
68.17 (21.38)
82.58 (24.69)
96.92 (31.98)
110.36 (41.42)
121.65 (42.98)
141.46 (41.26)
159.43 (43.45)
177.77 (36.21)

Average
45.36 (21.76)
52.44 (22.13)
63.33 (23.98)
77.16 (27.94)
95.16 (36.32)
105.88 (38.91)
126.18 (36.16)
140.43 (35.58)
158.86 (34.27)

Table 3.11: Mean relative 3D error (and SD) in mm per joint for HumanEva-I Walking test sequences, evaluated with a single camera (C1) and with different example set sizes.

3.2.5 Discussion
In this section, we will briefly discuss our approach, and the results of the various experiments. By comparing these results to those reported for different approaches on
the same dataset, we aim at revealing the strengths and weaknesses of the different
image representations and recovery algorithms. Tables 3.12 and 3.13 summarize previous reports on HumanEva-I and HumanEva-II, respectively. We will first discuss how
to interpret the results reported in the tables. Next, we will focus on discriminative
approaches.
In Tables 3.12 and 3.13, the approaches are grouped by the error reporting manner. Errors can be either relative, or absolute. Relative errors, as we used in this
section, are the relative to the pelvis (torsoDistal) joint. Global translations of the
estimation of all joints, e.g. due to inaccurate person detection, will not affect this
error. In contrast, the absolute error is indicative for both the person localization,
and the recovered pose. In both cases, rotation of the person will affect the error.
Reports can be either in 2D or 3D. In the former case, these are reported in pixels.
The human figure is between 275 and 410 pixels in height, depending on the relative
position to the camera. All 3D errors are reported in mm. In [80; 190], reported errors are normalized for rotation. It is unclear how much effect the normalization has
on the reported accuracy. Several works report errors for joint angle estimates (e.g.
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[28; 244; 410]) or present only quantitative results (e.g. [74; 316; 339]). As we
cannot compare these result with ours, we did not include them in our comparison.
Care should be taken in directly comparing results. First, some authors have reported their results on the validation set. This is a valid approach, but it should
be noted that the training and validation set are part of the same sequence. As a
result, differences between training and validation sets might be smaller than between training and test sets. Moreover, the online validation system is not needed,
as ground truth is available. This presents the risk of over-tuning parameters, especially when models are trained in a person-specific way. Some authors have used
only part of the test sets. Especially for HumanEva-II, where the three parts are significantly different, this can have a big impact on the average score. For example,
[60; 269; 293; 294; 303] evaluate only the part that contains walking movements.
Second, some of the results are averages over multiple test subjects, whereas others
are evaluated on a single subject (e.g. [135; 141; 190; 195]). As we have shown,
accuracy of the recovered poses depends on the subject. Third, the training data that
has been used in the various approaches differs to some extent. In some cases, training and testing has been performed specifically for a single person (e.g. [357]). Other
authors have used very similar data that is not part of HumanEva, but has been used
in [17]. A final issue is the difference between the joint positions that are used in
the HumanEva dataset [322], and those that have been used in training the models
[229; 272]. Differences in defined locations of the joint positions, relative to the body,
result in systematic errors.
Tables 3.12 and 3.13 shows that comparable results are obtained for generative and discriminative approaches. Given the more flexible nature of generative
approaches, one would expect better results. One possible explanation for the relatively good performance of discriminative approach is the controlled setting of the
HumanEva set. Features such as silhouettes can be extracted relatively robustly. Moreover, the subjects that perform the test movements also appear in the training sets.
For HumanEva-II, the situation is different and the recovery is clearly less accurate.
This is true for both the generative and discriminative approaches, with the exception
of Rosenhahn et al. [303] and Gall et al. [104]. They use a detailed 3D model that is
obtained beforehand, and apply constraints that penalize self-intersections and intersections with the ground plane. It remains an open issue how detailed these models
need to be, and how many constraints should be introduced to be able to achieve
real-time performance. On the other hand, it also remains an unsolved issue how
well discriminative approaches generalize to different settings.
For most of the approaches, the number of cameras does not seem to play a significant role. We already discussed that in our case, the multi-view setting performs
slightly better, but this effect could be limited due to the small amount of available
examples. In Husz et al. [141], the algorithm loses track when only a single view is
used, which results in a significantly higher error for the monocular setting. It is difficult to explain why the monocular setting performs relatively well. We expect that
the strength of edges as image representation is part of the explanation. Also, the use
of a strong dynamical model (in combination with manual initialization) could be the
reason that forward-backward ambiguities do not occur.

Example-based human pose recovery using HOGs

Overall, performance reported on HumanEva-II appears to be lower than results
obtained on HumanEva-I sequences. In the previous section, we already discussed
some of the possible explanations. First, the sequences in HumanEva-II contain balancing movements, which are present in the Combo sequences of HumanEva-I. These
movements are usually recovered less accurately due to the lack of training data. Second, in HumanEva-II, one of the sequence is performed by a subject that has no training data available. A different movement style, and differences in visual appearance
and body dimensions could explain the systematically higher errors for this subject.
Another subject appears in both datasets, but wears different clothing which results
in a different visual appearance. Third, the camera setup in HumanEva-II differs from
that in HumanEva-I. The number of cameras and the viewpoint of each camera are
different. Moreover, the sequences are much darker. In addition to a simpler standard
background subtraction algorithm, this results in less precise foreground segmentations. Consequently, this affects the image representation.
3.2.5.1

Discussion of discriminative approaches

We will focus on the results obtained by discriminative approaches. First, various
image descriptors have been used and evaluated. All of these rely on extracted silhouettes [33; 80; 135; 190; 293; 294] or edges [253; 272; 357]. In [135], attention
is paid to accurate foreground segmentation, which is likely to increase the performance and generalization ability of the approach. However, silhouettes are prone to
forward-backward ambiguities, and Howe [135] uses optical flow as an additional
feature to achieve temporal consistency. When edges are used, depth ambiguities can
be solved to some extent, but the representation becomes more person-specific due
to strong edges present in the clothing. To this end, Okada and Soatto [253] discriminatively select those orientations within the HOG cells that are meaningful for a
class of poses. When using their approach, no background subtraction is needed as
background edges are effectively suppressed, similar to [3].
Another important factor is the use of dynamics. Elgammal and Lee [80] show
that the application of a dynamical model improves the pose recovery performance.
However, such an improvement comes at a cost of having to learn such a model. The
authors learn a model in a projected 2D space, where one dimension models the viewing angle (or relative rotation of the person), while the other models the gait phase.
Such a low-dimensional representation is suitable for cyclic actions such as walking
and jogging, but it remains an open issue how to extend this work to more unconstrained actions such as throwing and catching a ball. Another disadvantage of using
a dynamic model is the need for proper pose initialization. While this requirement
is more prevalent in generative approaches to pose recovery, the risk is still present
that errors are propagated through time due to incorrect initialization. Howe [135]
avoids this problem by recovering a sequence of poses in batch. As such, initialization
is not needed, but the approach cannot be used in real-time applications.
The discriminative approaches in Tables 3.12 and 3.13 are either example-based
[135; 272] or regression-based [33; 80; 190; 293; 294; 357]. In an example-based
approach, the pose space is implicitly described by the examples in the example set.
Regression-based approaches describe the relation between image representation and
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pose functionally. Due to the large number of pose variables and the high dimensionality of the image representation, such a mapping is usually described by a mixture of
regression functions [26; 149]. Each of these regression functions, or experts, learns
a mapping from part of the image space to the pose space. Gating functions are used
to determine, based on the image representation, the probability that an expert provides the appropriate mapping. As noted in the previous section, and observed by
Bo et al. [33] and Urtasun et al. [357], pose recovery accuracy increases with an
increasing number of available examples. However, simultaneous learning of experts
and gating functions becomes computationally inhibitive when the number of examples increases. This severely limits the application of a regression-based approach for
pose domains that span several activities. Urtasun et al. [357] address the problem by
learning local experts that cover only a very small portion of the image representation
space. At test-time, for a given image representation, the nearest neighbors are determined, and the regression function is calculated using only the closest examples. This
way, the mapping function can be learned effectively. The approach is related to the
example-based approach, and is in fact a variant of locally weighted learning [14]. To
allow for real-time recovery, the approach requires significant speed-up in the determination of the nearest neighbors. The authors propose to use hashing (e.g. [310]) to
address this issue. Instead of using a partitioning of the image representation space,
Bo et al. [33] propose algorithms that can efficiently learn conditional mixtures of
experts. Traditionally, learning expert and gating functions is performed simultaneously, which requires a double-loop optimization approach. The authors introduce
an approach which trains both models sequentially, which results in a decrease of
both memory and computation requirements. Their algorithm thus can handle much
larger numbers of examples.

3.3

Example-based pose recovery under partial occlusion

Given the common presence of partial occlusions due to other persons or the environment, there has been surprisingly little work that explicitly addresses this issue.
Poppe and Poel [276] detect humans and recover their poses in single images. They
use body-part templates and, for a match, vote over all joints in the human body.
Such an approach can deal with severe occlusions, but is restricted to a limited class
of motions (e.g. walking). Peursum et al. [268] use factored-state hierarchical HMM
to model the motion of one given action. Occlusion of the feet can be detected using [267], and the likelihood function is adapted by ignoring the occluded area. The
learned dynamical model will ensure stable tracking.

Cams
1
1
3
1
1
1
1
1
3
1
1
1
7
7
3
3
7
7
1
1
1
1
1
1

Discr.
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
N
Y
N
N
N
N
N
N
Y
Y
N
Y
N
Y

Image representation
Histogram of SC
HOG descriptor
HOG descriptor
Silhouette
Silhouette
Silhouette
HOG descriptor
HOG descriptor
HOG descriptor
Hierarchical feature
Chamfer distance
Silhouette and flow
3D visual hull
3D visual hull
Edge and silhouette
Edge and silhouette
Edge and silhouette
Edge and silhouette
Silhouette
Silhouette
Edge and silhouette
Hierarchical feature
Edge, color, flow
Edge and color
Hybrid approach
FSHHMM-PF
Physics
NBP
RBPF-PLS
MCMC-JD
Temporal chain
HPPF-AP
GP-HF
Top 10

Temporal chain

Setting
fBME-5
TGPKNN
TGPKNN
Torus
Torus
Torus inverse
6FSSVM + LRR
Nearest neighbor
Nearest neighbor
GP-HF

Dyn.
N
N
N
Y
N
N
N
N
N
N
Y
Y
Y
Y
Y
Y
N
Y
Y
Y
Y
N
N
N
148.67
41.66
15.00
38.10
5.18
19.30
27.48

99.00
51.30
32.45
92.89
93.40

Walking
25.66
37.07
27.60
31.36
34.58
76,56
37.98
45.36
44.29
32.70

30.35

4.85

6.68

93.18

45.40
137.69

94.48
90.74
38.50
187.50

43.92
42.74
31.20

48.82

Box
30.40
89.47
68.57

Jog
26.73
41.03
30.50

Abs.
N
N
N
N
N
N
N
N
N
N
Y
Y
Y
Y
Y
Y
Y
Y
Y
N
N
N
Y
Y

2D/3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
3D
2D
2D
2D
2D
2D

Table 3.12: Comparison of results reported on HumanEva-I. For discriminative approaches (discr.), the image descriptor is mentioned, for generative methods,
this is the image representation against which a model projection is matched. Dynamics (dyn.) indicates whether a dynamical model (possibly
activity-specific) is employed. Absolute errors (abs.) include global translation errors. Relative errors are relative to the torsoDistal joint. Errors in 3D
are in mm, for 2D in pixels. Direct comparison is hindered due to differences between evaluations (different subjects, validation set instead of test
set, only part of the sequence). [80; 190] use a rotation-normalized error measure.

Bo et al. [33]
Bo and Sminchisescu [32]
Bo and Sminchisescu [32]
Elgammal and Lee [80]
Elgammal and Lee [80]
Lee and Elgammal [190]
Okada and Soatto [253]
Poppe [272] (this work)
Poppe [272] (this work)
Urtasun et al. [357]
Li [195]
Howe [135]
Mündermann et al. [229]
Ni et al. [237]
Peursum et al. [269]
Vondrak et al. [368]
Wu and Aghajan [395]
Xu and Li [398]
Zhang and Fan [407]
Howe [135]
Husz et al. [141]
Urtasun et al. [357]
Kuo et al. [182]
Poppe and Poel [276]
Example-based human pose recovery using HOGs
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Cheng and Trivedi [49]
Gall et al. [104]
Howe [135]
Husz et al. [141]
Poppe [272] (this work)
Cheng and Trivedi [49]
Darby et al. [60]
Darby et al. [60]
Gall et al. [104]
Peursum et al. [269]
Rosenhahn et al. [303]
Husz et al. [141]
Rogez et al. [293]
Rogez et al. [294]

Cams
4
4
1
4
1
4
4
4
4
4
4
4
1
1

Discr.
N
N
Y
N
Y
N
N
N
N
N
N
N
Y
Y

Image representation
Voxel model
Silhouette and color
Silhouette
Edge and silhouette
HOG descriptor
Voxel model
Edge and silhouette
Edge and silhouette
Silhouette and color
Edge and silhouette
3D visual hull
Edge and silhouette
Silhouette
HOG descriptor

Setting
KC-GMM
ISA - 2 layers
Temporal chain
HPPF-AP
Nearest neighbor
KC-GMM
APF
HMM+APF
ISA - 2 layers
FSHHMM-PF
Ground constraint
HPPF-AP

Dyn.
Y
Y
Y
Y
N
Y
Y
Y
Y
Y
Y
Y
Y
N

Combo S2
153.00
39.36
126.75
126.00
126.71
137.00
145.00
88.00
37.53
106.60

21.76
17.75
13.58

Combo S4
177.00
36.01
166.00
160.73
154.31
177.00
147.00
89.00
32.01
92.00
33.80
23.14
15.62

Abs.
N
N
N
N
N
Y
Y
Y
Y
Y
Y
N
Y
Y

2D/3D
3D
3d
3D
3D
3D
3D
3D
3D
3d
3D
3D
2D
2D
2D

Table 3.13: Comparison of results reported on HumanEva-II. For discriminative approaches (discr.), the image descriptor is mentioned, for generative methods,
this is the image representation against which a model projection is matched. Dynamics (dyn.) indicates whether a dynamical model (possibly
activity-specific) is employed. Absolute errors (abs.) include global translation errors. Relative errors are relative to the torsoDistal joint. Errors in
3D are in mm, for 2D in pixels. Direct comparison is hindered due to differences between evaluations (different subjects, only part of the sequence).
[60; 293; 294; 303] evaluate only the walking part of the sequence.

Example-based human pose recovery using HOGs

For example-based approaches, occlusions are variations that are not explicitly
modeled in the example set. To be able to handle these variations, there must be a
way to take into account the missing (or ambiguous) information in the matching.
To our best knowledge, only one paper takes into account occlusion in an examplebased approach. Howe [134] uses boundary fragment matching to match partial
shapes. Boundary fragments are small parameterized outlines of an extracted silhouette. Background and occlusion areas need to be labelled, so the matching algorithm
knows which boundary fragments belong to the actual shape.
Instead, we use a slightly different approach as we focus on direct matching. This
will guarantee a low computational cost. For the holistic HOG descriptors that we
introduced in Section 3.2, local occlusions will affect the entire descriptor due to
the global normalization. Moreover, matching is performed on the whole descriptor,
which includes parts that contain occlusions. In Section 3.3.1, we adapt this matching
to handle partial observations. Similar to Section 3.2, we assume that the foreground
mask is available, and the ROI has been determined. In addition, we assume that
occlusion can be predicted, similar to [134]. Specifically, this means that we know
which parts of the ROI are occluded. We exploit the grid-based nature of the HOG
descriptors to retrieve partial matches from the example set, where only cells without occlusion are used in the matching. This requires an adaptation of the global
normalization to normalization per cell.
We explain in Section 3.3.1 which adaptations to our approach are required to allow for partial matches. Again, our approach is evaluated on the HumanEva dataset
[322]. We perform a number of experiments with different simulated occlusion settings, which we compare to the results without occlusion. We describe these experiments in Section 3.3.2. A discussion of our approach and the results follows in
Section 3.3.3.

3.3.1 Adaptations to the example-based pose recovery approach
In this section, we adapt the example-based pose recovery approach that we described
and evaluated in Section 3.2. Our specific implementation differs on two aspects.
First, in Section 3.3.1.1, we discuss the adapted normalization, which ensures that
local changes do not affect the entire HOG descriptor. Second, in Section 3.3.1.2,
we explain how we adapt our nearest neighbor search to handle partial observations.
Other aspects of the approach remain unchanged. Specifically, the HOG-F-5 × 6 descriptors are calculated as in Section 3.2, with only edges in the foreground mask
taken into account. We also weighted interpolation of the n = 25 closest examples to
obtain the final pose.
3.3.1.1

Locally normalized HOG descriptors

In the calculation of the HOG descriptors, we only regard those pixels that are part of
the human figure, and thus are part of the extracted foreground mask. In addition, we
weight orientations according to their edge magnitude. This results in cells that are
the weighted sums of edge orientations that correspond to pixels in the foreground.
HOG descriptors can be considered points in a 270-dimensional space, and can
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be compared using e.g. Euclidean or Manhattan distance. To overcome differences
in scale, clothing and lighting, we used global normalization to unit length in Section 3.2. However, occlusions cause some of the observation to be uninformative, or
even misleading. Normalization of the entire descriptor dependents on all individual
cells. In case of occlusion, some of the cells will have different edge responses. By
normalizing descriptor d to unit length, these cells will affect all others. Therefore, we
normalize each cell hi,j (i and j are a row and column index, respectively) individually to be of unit length. This has the advantage that we can still deal with variations
in scale, as each cell is approximately equal in size. On the other hand, we discard
the global character, and each cell contributes equally to the final descriptor. Specifically, individual cells that have a relatively low edge response, have a similar summed
weight as cells that have a high response. Alternatively, we could have normalized
each cell by its area size. This would make the descriptor invariant to scale, but would
not take into account variations due to different lighting settings and clothing.

3.3.1.2

Matching of partial HOG descriptors

We introduce weights φi,j for each cell. These weights scale the feature space, and
therefore affect the distance functions that we define. While these weights can take
any value (e.g. in the [0, 1] range), we use here binary values. That is, φi,j = 0 in the
case of occlusion within the cell, and φi,j = 1, otherwise. This weighting effectively
determines a lower-dimensional subspace, in which we can perform matching. The
distance between descriptor d with cell-normalized histograms ĥi,j and descriptor d0
with cell-normalized histograms ĥ0 i,j is calculated as:
P5
0

D(d, d ) =

P6

0
j=1 φi,j δ(ĥi,j , ĥi,j )
P5 P6
i=1
j=1 φi,j

i=1

(3.1)

Here, nr and nc are the number of rows and columns, respectively. For HOG-F5×6, nr = 5 and nc = 6. δ is the distance measure between two histograms, for which
we again use Manhattan distance. Note that, since we predict which cells are partly
occluded, we could ignore these cells and normalize the descriptor to unit length.
This approach would maintain the advantages of a global normalization but has the
drawback that normalization of all n examples in the database needs to be performed
at run time. This will severely affect the computational performance.

3.3.2 Experiment results
To our best knowledge, there is no dataset that contains both ground truth motion
capture data, and video data with occlusions. Therefore, we use the HumanEva
dataset, and simulate different types of occlusion. Specifically, we use the HOG-F5 × 6 descriptors and the monocular example set T1, as described in Section 3.2.3.2.
The test sets are presented in Section 3.3.2.1. Results are presented in Section 3.3.2.2
and discussed in Section 3.3.3.

Example-based human pose recovery using HOGs
3.3.2.1

Test sets

Similar to our experiments without occlusion, we present results for all test trials of
subjects 1, 2 and 3 in HumanEva-I. Evaluation of the Combo and Throw/Catch test
sequences of subject 1 failed repeatedly. Consequently, we can not report our results
on these trials. Note that part of the Combo sequences contain movements that are
not in the example set, which our algorithm cannot handle.
We do not have access to data that contains video of subjects under occlusion,
synchronized with corresponding pose information. Therefore, we simulate occlusion
on the HumanEva-I dataset. We define six different occlusion settings. Each of these
settings is a fixed combination of weights φi,j . Effectively, we simulate occlusion on a
fixed set of cells, not regarding the location of the subject in the image. As such, we
can test the influence of occlusion on a large number of poses. The six settings that we
define are v left, v center, v right, h top, h center and h bottom, see also Figure 3.11.
In the vertical and horizontal conditions, 20% and 33% of the image observation is
occluded, respectively.

Figure 3.11: Occlusion settings (left to right) v left, v center, v right, h top, h center and h bottom

In addition to the fixed occlusion settings, we also created a pole sequence. This
is the walking sequence of subject 1, but with a fixed occluded area in the image, not
relative to the ROI, see also Figure 3.12(a). The area is a vertical pole with a width of
40 pixels. For comparison, the subject in the image is on average approximately 115
pixels in width. Due to the scale and pose, this can vary between 70 and 170 pixels.
The pole sequence is a more realistic scenario and can show how the estimation error
changes as the subject moves through an occlusion.
3.3.2.2

Results

Table 3.14 summarizes the average 3D errors over all joints, relative to the pelvis.
The last column shows the results without occlusion. These numbers differ from
those reported in Table 3.2, due to the different normalization. On average, the
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cell-based normalization results in slightly higher average error compared to global
normalization (68.92 and 65.63 mm, respectively). For each occlusion condition,
the table shows the increase in error over all evaluated actions and subjects. For
the vertical conditions, each of which occludes 20% of the image, the average error
is approximately 7% higher. The horizontal settings result in a 9% increase, while
occlusion covers one third of the observation. There are, however, large differences
in performance for different trial. We will discuss these in the next section.
For the pole sequence, we obtained a 3D error of 43.54 mm averaged over all
joints, and relative to the pelvis joint. We also discuss these results in the next section.
Action
S1 Walking
S1 Jog
S1 Throw/Catch
S1 Gestures
S1 Box
S1 Combo
S2 Walking
S2 Jog
S2 Throw/Catch
S2 Gestures
S2 Box
S2 Combo
S3 Walking
S3 Jog
S3 Throw/Catch
S3 Gestures
S3 Box
S3 Combo
Average
Increase (%)
Occluded (%)

Left
39.80
58.24
N/A
30.72
84.40
N/A
37.60
43.11
73.53
95.30
109.17
71.20
58.38
52.57
120.06
80.09
105.64
117.75
73.60
6.79
20.00

Vertical
Center
43.28
57.16
N/A
28.93
93.13
N/A
40.18
41.66
72.13
95.65
120.03
72.72
64.73
54.55
112.22
76.85
110.48
116.97
75.04
8.88
20.00

Right
42.10
54.09
N/A
30.75
84.80
N/A
39.22
43.34
71.34
86.14
107.43
72.67
64.23
50.77
94.38
97.63
98.69
111.11
71.79
4.16
20.00

Top
47.52
59.34
N/A
30.58
97.81
N/A
42.23
49.00
76.81
84.90
107.14
78.30
61.31
53.26
110.81
72.49
110.15
119.18
74.43
7.99
33.33

Horizontal
Center Bottom
43.83
45.83
52.27
63.42
N/A
N/A
30.44
31.79
90.30
79.41
N/A
N/A
39.53
41.24
45.16
50.79
74.06
76.33
85.25
93.16
112.11 115.45
74.14
76.05
61.22
65.79
52.55
53.63
103.15 122.22
91.20 114.00
105.65 106.99
112.84 116.02
73.36
78.26
6.44
13.56
33.33
33.33

None
39.03
48.75
N/A
30.11
81.38
N/A
37.27
41.37
72.18
82.81
105.08
68.73
58.86
47.83
101.40
82.63
98.44
106.85
68.92
0.00
0.00

Table 3.14: Mean relative 3D error in mm per joint for HumanEva-I test sequences, evaluated with
a single camera (C1) using T1. For each fixed occlusion setting, the increase over the
non-occluded observations and the amount of occlusion are given.

3.3.3 Discussion
Several sequences show slightly lower errors when occlusion is added. This is most
likely caused by bad foreground segmentation. In the occluded conditions, these
distracting regions are ignored.
In general, we observe differences in accuracy between occlusion settings. The
horizontal settings have a slightly higher error (9%), compared to the vertical occlusion settings (7%). This effect can be partly explained by the higher percentage of
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(a)

(b)

(c)

(d)

(e)

Figure 3.12: (a) Full frame of the pole sequence, with (b-e) recovered poses of frames 250, 500,
750 and 1000. In frames 500 and 1000, the pole is shown, but a larger region is
not taken into account (60 and 40%, respectively). The 3D pelvis location was set
manually, as we only estimate relative joint locations.

occlusion (33%, compared to 20%). However, there are differences between settings.
Most of these differences are caused by several individual trials. We will discuss these
sequences that largely contribute to the increased error.
A significant part of the increase in recovery error is due to the boxing action. Especially for subject 3, almost all occlusion settings result in significantly higher errors.
Analysis of these results reveal that many examples from the gesture action are selected. For the gesture action, a similar trend is visible, especially in the h bottom condition. We expect that this is mainly due to the fact that subject 3 wears dark clothes,
which results in relatively few edge responses between arms and body. Therefore, examples from beckoning gestures and box punches are selected interchangeably. The
same effect is visible for subject 2, but to a much lesser extent.
For the jog action, recovery accuracy is significantly lower in the h bottom occlusion setting. As the hands do not move a lot while jogging, the legs are most
information in this case as well.
The throwing and catching trials of subject 2 have a relatively low increase in
error, whereas the h bottom condition for subject 3 shows much higher errors. Similar
to earlier observations, the relatively low number of edge responses for subject 3 is
probably the reason that the missing edges for the feet result in decreased accuracy.
Also, the v left occlusion setting shows higher error values, which can be explained
since the subjects both throws and catches the ball right to him. In the image, this
corresponds to the left side of the observation.
The error plots for the pole sequence are shown in Figure 3.13. The amount of
occlusion for each frame is in the range 0-80%. On average, 19.06% of the observation is occluded. The graphs clearly show that the error increases under occlusion.
The average increase in error is 11.56%. It should be noted that this is mainly due to
those frames where more than half of the observation is occluded. Here, the average
error is 57.00 mm, compared to 39.17 mm for the non-occluded sequence. When occlusion is in the range 20-40%, the mean error is 43.63 mm, compared to 37.49 mm
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Figure 3.13: Mean relative 3D error (in mm) plots for HumanEva-I Walking, performed by subject
1 and viewed with a single camera (C1), (a) without occlusion, (b) for pole condition
and (c) percentage of occlusion for pole condition. Instances that have a zero error
contain invalid mocap.

for the original. Differences between the upper two graphs for those frames where
no occlusion is present are due differences in normalization. The pose estimates for
several frames are shown in Figure 3.12(b-e).
In summary, we have shown that, when the occlusion areas are known, we can
still recover poses. We obtained an average increase in recovery error of 6% when
using vertical occlusions that cover 20% of the observation. Horizontal occlusions
that cover one third of the ROI result in an increase of approximately 11%. Apart
from the novelty of using a direct matching approach for poses under occlusion, we
have shown that moderate occlusion sizes only increase the pose recovery accuracy
slightly. The drawback of our approach is that we need to predict the occlusion areas,
and require a relative good fit of the ROI.

Part II

Human action recognition

4

Human action recognition: an overview

4.1

Introduction

We consider the task of labeling videos containing human motion with action classes.
The interest in the topic is motivated by the promise of many applications, both offline and online. Automatic annotation of video enables more efficient searching, for
example finding tackles in soccer game recordings, handshakes in news footage or
typical dance moves in music videos. Online processing allows for automatic surveillance, for example in parking lots or shopping malls, but also in smart homes for
the elderly, to support aging in place. Also, interactive applications, for example in
human-computer interaction or games, could benefit from many of the advances in
automatic human action recognition.
A large body of research has been carried out, mainly in the last couple of years.
Part of this work has already been adopted in commercial applications, such as videobased game controllers and sport video analysis. Many of the recent trends appear
promising for increasingly challenging domains, and are the focus of this survey.
In this section, we first discuss related surveys, and present the scope of this
overview. Also, we outline the main characteristics and challenges of the field, as
these motivate the various approaches that are reported in literature. Finally, we
briefly describe the most common datasets.
In its simplest form, vision-based human action recognition can be regarded as a
combination of feature extraction, and subsequent classification of these image representations. We discuss these two tasks in Sections 4.2 and 4.3, respectively. Many
works will be described and analyzed in more detail. However, we do not intend to
give complete coverage of all works in the area. Finally, we discuss limitations of the
state of the art and outline future directions to address these in Section 4.4.

4.1.1 Scope of this overview
The area of human motion recognition is closely related to other lines of research
that analyze human motion. Moreover, the recognition of action can be performed
at various levels of abstraction. Different taxonomies have been proposed and here
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we adopt the hierarchy used by Moeslund et al. [222]: action primitive, action and
activity. An action primitive is an atomic movement that can be described at the limb
level. An action consists of action primitives and describes a, possibly cyclic, wholebody movement. Finally, activities contain a number of subsequent actions, and give
an interpretation of the action that is being performed. For example, ‘putting left leg
forward’ is an action primitive, whereas ‘running’ is an action. ‘Jumping hurdles’ is an
activity that contains starting, jumping and running actions.
We focus on actions and do not explicitly consider context such as the environment (e.g. [290]), interactions between persons (e.g. [263; 304]) or objects (e.g.
[120; 224]). These approaches fall outside the scope of this overview. Moreover, we
consider only full-body movements. This excludes the work on gesture recognition,
for which the reader is referred to surveys by Mitra and Acharya [220], and Erol et
al. [83].
One important consequence of our focus is that we group many different performances of movement under the same action category. This is an arbitrary process
as there is often significant intra-class variation. We discuss this issue in more detail
in Section 4.1.3. Here, we explicitly discuss the differences between human action
recognition and human gait recognition, which is an established field of research.
While gait recognition focusses on identifying different styles of walking movement,
the aim in human action recognition is the opposite: to generalize over these variations. Recently, there have been several approaches that aim at simultaneous recognition of both action, and style (e.g. [57; 78; 370]). In this overview, we will discuss
mainly those approaches that can deal with a variety of actions with different spatial
and temporal characteristics.

4.1.2 Surveys and taxonomies
There are several existing surveys within the area of vision-based human motion analysis and recognition. Recent overviews by Forsyth et al. [97] and Poppe [273] (see
also Chapter 2) focus on the recovery of human poses and motion from image sequences. This can be regarded as a regression problem, whereas human action recognition is a classification problem. Nevertheless, the two topics share many similarities,
especially at the level of image representation. Also related is the work on human or
pedestrian detection, where the task is to localize persons within the image. Surveys
can be found in [82; 106].
Broader surveys that cover the above mentioned topics, including human action
recognition, appear in [5; 34; 108; 180; 222; 351; 373]. Bobick [34] uses a taxonomy of movement recognition, activity recognition and action recognition. These
three classes correspond roughly with low-level, mid-level and high-level vision tasks.
It should be noted that we use a different definition of action and activity. Aggarwal
and Cai [5], and later Wang et al. [373], discuss body structure analysis, tracking
and recognition. Recognition is further divided into template matching and statespace approaches. Gavrila [108] uses a taxonomy of 2D approaches, 3D approaches
and recognition. Moeslund et al. [222] use a functional taxonomy with subsequent
phases: initialization, tracking, pose estimation and recognition. Within the recognition task, scene interpretation, holistic approaches, body-part approaches and action
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primitives are discussed. A recent survey by Turaga et al. [351] focuses on the higherlevel recognition of human activity. Krüger et al. [180] additionally discuss intention
recognition and imitation learning.
Overall, these surveys cover a broad range of work from human localization to
behavior interpretation. This consequently makes it harder to address typical issues
of a single domain. In contrast, we focus on vision-based human action recognition
only and address characteristics and challenges explicitly (see Section 4.1.3). Instead
of using a functional taxonomy, we discuss image representation and action classification separately as these are the two parts that are present in every action recognition
approach. Such a taxonomy allows to focus on typical issues and characteristics. Due
to the large variation in datasets and evaluation practice, we discuss action recognition approaches conceptually, without presenting detailed results. We focus on recent
work, which has not been discussed in previous surveys. In addition, we present a
discussion that focusses on promising work and points out future directions.

4.1.3 Challenges of the domain
In human action recognition, the task is to analyze video and to issue a corresponding
class label. We identify challenges due to differences in performance, and due to
differences in the recording. In this section, we discuss these in more detail.
4.1.3.1

Intra- and inter-class variations

For many actions, there are large variations in performance. For example, walking
movements can differ in speed and stride length. Also, there are anthropometric differences between individuals. In fact, personal differences in gait have motivated its
use as a biometric cue. Similar observations can be made for other actions, especially
for non-cyclic actions or actions that are adapted to the environment (e.g. avoiding
obstacles while walking, or pointing towards a certain location). For multiple classes,
distinguishing becomes more challenging when the intra-class variation of each class
is high. For example, slow running resembles jogging. A good human action recognition approach should be able to generalize over variations within one class, while at
the same time to distinguish between actions of different classes.
4.1.3.2

Environment and recording settings

Even when actions are performed in the same manner, differences in the recording
setup and environment result in differences in the captured movement. Since we
focus on vision-based human action recognition, we address these differences explicitly. The environment in which the action performance takes place, is an important
source of variation in the recording. When this environment is cluttered or dynamic,
it might prove harder to localize the person in the video. Moreover, the environment
or recording setup might be such that parts of the person might be occluded in the
recording. This introduces a source of uncertainty.
Also, the fact that a single camera is only able to capture a projection introduces
a source of variation. The same action, observed from different viewpoints, can lead
to very different image observations. Often, a known camera viewpoint is assumed,
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but this restricts the use to static cameras. When multiple cameras are used, viewpoint problems and issues with occlusion can be alleviated, especially when observations from multiple views can be combined into a consistent representation. Dynamic
backgrounds further increase the complexity of localizing the person in the image
and robustly observing the motion. When using a moving camera, these issues become even harder.
Different persons can appear differently due to differences in anthropometry, but
also due to clothing, skin color and facial appearance. Lighting conditions can further
influence the appearance. A robust approach should be able to generalize over these
factors or employ an initialization phase.

4.1.3.3

Spatial and temporal variations

Since human motion is performed by a person, a common approach is to localize the
person in the image or video first. There may be variations in the localization, and
human action recognition algorithms should be able to cope with these.
There can also be variation in the detection in the temporal domain. Often, actions are assumed to be segmented in time before the actual action classification takes
place. Such an assumption moves the burden of the segmentation from the recognition task, but requires a separate segmentation process to have been employed previously. This might not always be realistic.
Also, there is substantial variation in the rate of performance of an action. We already discussed inter-personal variations, but the rate at which the action is recorded
also has an important effect on the temporal extent of an action, especially when
motion features are used. A robust human action recognition algorithm should be
invariant to these different rates of execution.

4.1.3.4

Evaluation criteria

Within the domain, much of the evaluation efforts are focussed on publicly available
datasets (see also Section 4.1.4). While this provides a sound mechanism for comparison, there is the risk of tuning the algorithms to the datasets. In particular, the
(un)availability of several of the above mentioned variations strongly guides design
decisions. Therefore, public databases with sufficient variation for these challenges
are necessary. We will discuss this issue in more detail in Section 4.4. Related is the
reliability of the data labeling. Most existing data uses actors that perform predefined
actions. This readily provides the data labeling. However, performance of an action
might be perceived differently by different people. A small-scale experiment was performed in [264], and showed significant disagreement between human labeling and
the assumed ground-truth on a common dataset. When no ground truth is available,
an unsupervised approach needs to be pursued. While such an approach will discover
classes of similar movement, there is no guarantee that these classes are semantically
meaningful.

Human action recognition: an overview

4.1.4 Common datasets
The use of common, publicly available datasets allows for the comparison of different
approaches and gives more insight into the (in)abilities of respective methods. A
number of datasets have been recorded and made available to the general audience.
We discuss these sets and their characteristics below.

(a)

(b)

(c)

(d)

(e)

Figure 4.1: Example frames of (a) KTH dataset, (b) Weizmann dataset, (c) Inria XMAS dataset,
(d) UCF sports action dataset and (e) HOHA dataset.

4.1.4.1

KTH human motion dataset

The KTH human motion dataset (Figure 4.1(a), [307]) contains 6 actions (walking,
jogging, running, boxing, hand waving and hand clapping), performed by 25 different
actors. Four different scenarios are used: outdoors, outdoors with zooming, outdoors
with different clothing and indoors. For each combination of person and scenario,
each action is performed four times sequentially. Some sequences are missing, which
brings the total number of performances to 2391.
The sequences are 160 × 120 pixels, with the person approximately 50–80 pixels in height. The recordings are at 25 frames per second, and each repetition lasts
on average 4 seconds. There is considerable variation in the performance and duration, and somewhat in the viewpoint. The walking, jogging and running actions are
performed either from left to right, or in the opposite direction. The backgrounds
are relatively static, but hard shadows are usually present. In addition, some of the
recordings are overexposed. Apart from the zooming scenario, there is only slight
camera movement.
4.1.4.2

Weizmann human action dataset

The human action dataset (Figure 4.1(b), [30]) recorded at the Weizmann institute
contains 9 actions (walk, run, jump, gallop sideways, bend, one-hand wave, twohands wave, jump in place and jumping jack), each performed by 10 persons. A skip
action was added later. Each sequence is 180 × 144 pixels with a subject height
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of approximately 60 pixels. The duration of a sequence is 2–3 seconds on average
and recorded at 25 frames per second. The backgrounds are static and foreground
silhouettes are included in the dataset. There is some variation in the performance
of the actions between persons. The viewpoint is static but some of the actions are
performed either from left to right, or in the opposite direction.
In addition to this dataset, two separate sets of sequences were recorded for robustness evaluation. One of these sets shows walking movement viewed from different angles. The second set shows fronto-parallel walking actions with slight variations
(carrying objects, different clothing, different styles).
4.1.4.3

INRIA XMAS multi-view dataset

Weinland et al. [388] introduced the IXMAS dataset (Figure 4.1(c)) that contains actions captured from five viewpoints. A total of 11 subjects perform 14 actions (check
watch, cross arms, scratch head, sit down, get up, turn around, walk, wave, punch,
kick, point, pick up, throw over head and throw from bottom up). The actions are
performed in succession, usually with a short period between two actions. Each subject performed three trials. There is considerable variation in action performance.
Notably, the actions are performed in an arbitrary direction with regard to the camera
setup.
The sequences are recorded at 390 × 291 pixels, 23 frames per second. The subject is approximately 120–140 pixels tall in the images. The camera views are fixed,
with a static background and illumination settings. This allows for robust background
subtraction, and silhouettes are part of the dataset. Also, synchronization of the cameras allowed for the construction of volumetric voxel (64 × 64 × 64) representations,
which are also included.
4.1.4.4

UCF sports action dataset

The UCF sports action dataset (Figure 4.1(d), [291]) contains 150 sequences of sport
motions (diving, golf swinging, kicking, weight-lifting, horseback riding, running,
skating, swinging a baseball bat and walking). Bounding boxes of the human figure
are provided with the dataset. All sequences have a resolution of 720×480 or 720×404
and are collected from broadcast television channels. Each sequence is recorded at 25
frames per second, and is on average 3 seconds long. For most action classes, there is
considerable variation in action performance, human appearance, camera movement,
viewpoint, illumination and backgrounds. Some of the sequences are in grayscale and
some contain multiple subjects.
4.1.4.5

Hollywood human action dataset

A collection of actions in feature length movies has been introduced in [187]. This
Hollywood human action (HOHA, Figure 4.1(e)) dataset contains 8 actions (answer
phone, get out of car, handshake, hug person, kiss, sit down, sit up and stand up),
performed by a variety of actors. In total, 32 movies have been used to gather these
samples. There are two different training sets, and a test set. Each set contains around
230 samples. One of the training sets is automatically annotated using scripts of the
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movies, the other is manually labeled. There is a huge variety of performance of the
actions, both spatially and temporally. Occlusions, camera movements and dynamic
backgrounds make this dataset challenging. Most of the samples are at the scale of
the upper-body but some show the entire body, or are a close-up of the face.

4.1.4.6

Other datasets

There are a number of datasets available that address specific settings. For example,
the ViHASi dataset [280] contains synthetically generated sequences of silhouettes.
The dataset is useful to systematically investigate the performance of silhouette-based
approaches, but does not provide a realistic setting. The HumanEva dataset [322] has
been recorded to allow for objective evaluation of human motion analysis algorithms.
While a number of actions is performed by four subjects, the number of sequences is
rather small for the thorough evaluation of human action recognition approaches.

4.2

Image representation

In this section, we discuss the different image representations. Ideally, the features
that are extracted from the image sequences should be able to generalize over small
variations in person appearance, background, viewpoint and action execution. At the
same time, the representations must be sufficiently rich to allow for robust classification of the action (see Section 4.3). The temporal aspect plays an important role
in the performance of actions. Some of the image representations explicitly take into
account the temporal dimension, others extract image features for each frame in the
sequence individually. In this case, the temporal variations need to be dealt with in
the classification step.
We divide image representations into two categories: holistic representations and
patch-based representations. The former encodes the visual observation as a whole.
Holistic, or global, representations are powerful since they encode much of the information. However, in general they require more preprocessing, such as localization,
background subtraction or tracking. Also, they are more sensitive to viewpoint, noise
and occlusions. When the domain allows for good control of these factors, holistic
approaches usually perform well.
Patch-based, or local, representations describe the observation as a collection of
independent patches. Such patches are often centered around spatio-temporal interest points. Since the number of interest points varies depending on the observation,
a histogram of codewords is often used. This ensures that the feature vector has a
fixed length, but the spatial and temporal information is discarded. Recently, there
has been an emphasis on work that retains this information. In contrast to the holistic
approach, patch-based approaches are less sensitive to noise and partial occlusion,
and do not strictly require background subtraction or tracking.
We discuss holistic and patch-based image representations in Sections 4.2.1 and
4.2.2, respectively. A small number of works report the use of very specific features.
We discuss these briefly in Section 4.2.3.
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4.2.1 Holistic representations
Holistic representations regard the observation as a whole. Often, this requires localizing the person, which is the task of determining the region of interest (ROI) in
the image. The observation within the ROI is subsequently encoded into a convenient
image representation. Common global representations are derived from silhouettes,
edges or optical flow, and we discuss these in Section 4.2.1.1. Such representations
are global, and are therefore sensitive to noise, partial occlusions and variations in
viewpoint. To partly overcome these issues, grid-based approaches spatially divide
the observation into cells, each of which encodes the observation locally. Grid-based
work is discussed in Section 4.2.1.2. Multiple images over time can be stacked, to
form a 3-dimensional space-time volume, where time is the third dimension. Such
volumes can be used for action recognition, and we present work in this area in Section 4.2.1.3.
4.2.1.1

Global representations

When information about the background is given, the silhouette of a person in the
image can be obtained by using background subtraction. In general, these silhouettes
contain some noise due to imperfect extraction. Moreover, they are sensitive to different viewpoints, and implicitly encode the anthropometry of the subject. However,
they encode a great deal of information, and are insensitive to changes in appearance.
When the silhouette is obtained, there are many different ways to encode either the
silhouette area, or the contour.
One of the earliest uses of silhouettes is by Bobick and Davis [35]. They extract
silhouettes from a single view, calculate differences between subsequent frames and
aggregate these over all frames of an action sequence. This results in a binary motion
energy image (MEI), which indicates where motion occurs. Also, a grayscale motion
history image (MHI) is constructed, where pixel intensities are a recency function of
the silhouette motion. Two templates are compared using Hu moments. Wang et
al. [384] apply a < transform to extracted silhouettes. This results in a translation
and scale invariant representation, which is reduced in dimensionality using principal
component analysis (PCA). Souvenir and Babbs [334] calculate a < transform surface
where the third dimension is time. Contours are used in [48], where the star skeleton
describes the angles between a reference line, and the lines from the center to the
gross extremities (head, feet, hands) of the contour. A codebook of star skeletons
is used to compare sequences. Wang and Suter [374] use either a silhouette or a
contour descriptor. Given a sequence of frames, an average silhouette is formed by
calculating the mean intensity over all centered frames. Similarly, the mean shape is
formed from the centered contours of all frames. Weinland et al. [386] match two
silhouettes using Euclidean distance. In later work [385], it is shown that silhouette
templates can also be matched against edges using Chamfer distance, thus eliminating
the need for background subtraction.
When multiple cameras are employed, silhouettes can be obtained from each.
Huang and Xu [139] use two orthogonally placed cameras at approximately similar
height and distance to the subject. Silhouettes from both cameras are aligned at
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the medial axis, and an envelope shape is calculated. Cherla et al. [50] also use
orthogonally placed cameras and combine features of both. Such representations are
somewhat view-invariant, but focus on protrusions on the human body, which are
not always present. In the work by Weinland et al. [388], silhouettes from multiple
cameras are combined into a 3D voxel model. Such a representation is informative but
accurate calibration of the cameras is needed. They use motion history volumes (see
Figure 4.2(b)), which is an extension of the MHI [35] to 3D. Matching is performed
by first aligning the volumes using Fourier transforms on the cylindrical coordinate
system around the medial axis. This makes the approach viewpoint-invariant.
Instead of silhouettes, the observation within the ROI can also be described with
optical flow. This is the pixel-wise oriented difference between subsequent frames and
can be seen as a motion descriptor. Flow information does not depend on the person’s
appearance and is somewhat independent of a person’s pose. However, dynamic backgrounds can introduce noise in the motion descriptor. Also, camera movement results
in observed motion, which is usually compensated by tracking the person. Efros et al.
[73] calculate optical flow in person-centered images that are obtained from a tracker.
They use sports footage, where persons in the image are very small. Optical flow can
result in noisy displacement vectors, therefore the result is blurred. To make sure that
oppositely directed vectors do not even out, the horizontal and vertical components
are divided into positively and negatively directed, yielding 4 distinct channels. The
similarity between two flow descriptors is measured using cross-correlation distance.
Ahad et al. [8] use these four flow channels to solve the issue of self-occlusion when
using a MHI approach. Ali and Shah [11] derive a number of kinematic features
from the optical flow. These include divergence, vorticity, symmetry and gradient tensor features. In a subsequent step, PCA is applied to determine dominant kinematic
modes.
4.2.1.2

Grid-based representation

Holistic representations are sensitive to noise, partial occlusions and changes in viewpoint due to a global matching function. These issues can be partly overcome by
dividing the ROI into a fixed spatial or temporal grid. By summarizing the image
observation within each cell in the grid and adapting the matching function, such a
representation can be insensitive to small spatial and temporal variations. As each
cell can be seen as a local descriptor, holistic grid-based representation somewhat
resemble patch-based representations (see Section 4.2.2). However, in contrast to
patch-based representations, holistic grid-based representation still require a global
representation of the ROI.
Thurau [345] uses histograms of oriented gradients (HOG, [58]) and overcomes
the high dimensionality by applying a codebook. In later work [346], non-negative
matrix factorization is used to focus on foreground edges. Kellokumpu et al. [172]
calculate local binary patterns along the temporal dimension and store a histogram
of non-background responses in a spatial grid. Lu and Little [204] apply PCA after
calculating the HOG descriptor over a grid, which greatly reduces the dimensionality.
Instead of an unsupervised dimensionality reduction, Poppe and Poel [277] (see also
Chapter 5) use silhouette gradients and learn a discriminative reduction between
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pairs of classes. Ragheb et al. [279] first create a space-time volume (see also
Section 4.2.1.3) by concatenating silhouettes over a given sequence. For each spatial
location, the binary silhouette response is transformed into the frequency domain.
A spatial grid is used, where each cell contains the mean frequency response of all
spatial locations within the cell.
Optical flow can also be used in a grid-based representation. Danafar and Gheissari [59] adapt the work of Efros et al. [73] to a grid-based representation. Horizontal slices are used, that approximately divide the observation into head, body and
legs. A similar approach was taken by Zhu et al. [413], who instead used vertical
slices to distinguish between left and right tennis swings. Zhang et al. [408] use an
adaptation of the shape context, where each log-polar bin corresponds to a histogram
of motion word frequencies. Combinations of flow with shape descriptors are also
common, and overcome the limitations of a single representation. İkizler et al. [142]
combine the work of Efros et al. [73] with histograms of oriented line segments, obtained from an edge map. Flow, in combination with local binary patterns was used in
[402]. Tran et al. [349] use grids of silhouettes and flow. Within each cell, a circular
grid is used to accumulate the responses.
4.2.1.3

Space-time volumes

When frames over a given sequence are stacked together, a 3D spatio-temporal volume (STV) can be formed. Usually, frames are aligned to account for translation of
the person in the image. In several of the works, the STV is sampled locally. While this
approach shares many similarities with patch-based approaches, an STV is a holistic
descriptor. The construction of an STV therefore requires accurate localization and
alignment and, in many cases, background subtraction or tracking. This makes them
less suitable for domains where patch-based approach typically perform well.
Blank et al. [30; 114] first stack silhouettes over a given sequence to form an STV
(see Figure 4.2(a)). Then they use the solution of the Poisson equation to derive local
space-time saliency and orientation features. Global features for a given temporal
range are obtained by calculating weighted moments over the local features. Achard
et al. [1] use a set of space-time volumes for each sequence, each of which covers
only a part of the temporal dimension. Niyogi and Adelson [247] extract an STV by
stacking frames, and apply spatio-temporal snakes to carve the volume. By analyzing
the periodicity in the XT-slices at approximately knee height, different gait patterns,
viewed from the side, are recognized.
Instead of a global matching, several works sample the STV surface and extract
local descriptors. Yilmaz and Shah [405] use local differential geometric properties
on the STV surface. Such properties include maxima and minima in the space-time
domain. An action sketch is the set of descriptors that are found on the surface.
Given that the descriptors are local, the method is sensitive to noise on the surface.
The idea is extended by Yan et al. [401] by first constructing 3D exemplars from
multiple views, for each frame in a training sequence. Then, for each view, an action
sketch is calculated from the view-based STV and projected onto the constructed 3D
exemplars. The action sketch descriptors encode both shape and motion, and can
be matched with observations obtained from arbitrary viewpoints. Grundmann et al.
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[117] extend the shape context to 3D and apply it to STVs. The sampling of interest
points is adapted to give more importance to moving regions. Batra et al. [22]
use silhouettes, and sample the volume with small 3D binary space-time patches.
Oikonomopoulos et al. [251] extract salient points, and fit B-splines to these points
to approximate an STV. The components of the partial derivatives of the volume are
clustered into a codebook and used for training and recognition.

(a)

(b)

Figure 4.2: (a) Space-time volume of stacked silhouettes (reprinted from [114], © IEEE, 2007)
(b) Motion history volumes (reprinted from [388], © Elsevier, 2006). Even though the
representations appear similar, (a) is viewed from a single camera, whereas (b) shows
a recency function over reconstructed 3D voxel models.

Jiang and Martin [154] use motion and calculate shape flows over time. This results in flow lines in 3D, calculated at edge points. They propose a matching function
that is invariant in scale and allows for small variations in space and time. Moreover,
the matching can deal with cluttered backgrounds. Ke et al. [168] construct an STV
of flow, and sample the horizontal and vertical components in space-time using a 3D
variant of the rectangle features proposed in [365]. Ogata et al. [250] combine the
work of [168] with that of Efros et al. [73]. A combination of STVs of silhouettes
and flow is used by Ke et al. [170]. No background subtraction is needed, as 3D
super-pixels are obtained from segmenting the STV. Action classification is cast as 3D
object matching, where the distance to the segment boundary is used as a similarity
measure. The work is extended in [169] to allow for the matching of parts, thus allowing recognition of actions under partial occlusion. The method can automatically
segment actions in both space and time, but does so by sliding a temporal window
through all 3 dimensions.

4.2.2 Patch-based representations
In many cases, it is not possible to robustly obtain a holistic representation. The
lack of a background model, inaccurate localization and partial occlusions inhibit
estimation of the ROI, or make the observation within the ROI unsuitable for further
processing. In such cases, patch-based approaches can be used. These sample patches
from the observation, which are used to form a final representation. Patches can be
sampled densely over the ROI, or at specific points that have a high probability of
corresponding to interesting motions. Motivated by their frequent use, we discuss
these space-time interest points in more detail in Section 4.2.2.1.
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A patch can be either 2D, or 3D. In their most simple form, all patches are
treated independently and each action class is described by a distribution over all
local patches. This bag-of-words approach is described in Section 4.2.2.2. Similar
to holistic representations, observations can be grouped locally within a grid. This
partly preserves the spatial or temporal information. We discuss several grid-based
representations in Section 4.2.2.3. In many cases, there is a relation in space and
time between the patches. By exploiting these correlations, actions can be modeled
better since it allows suppression of noise to some extent. Also, the number of features required to model an action can be reduced. We discuss these correlations in
Section 4.2.2.4.
4.2.2.1

Space-time interest points

Instead of dense sampling, patches are often extracted at space-time interest points.
These points are likely to be distinctive, and often correspond to sudden changes in
movement or appearance. Usually, points that undergo a translational motion in time
will not result in the generation of space-time interest points. Several variants have
been introduced.
Laptev and Lindeberg [186] extended the Harris corner detector [126] to 3D.
Space-time interest points are those points where the local neighborhood has a significant variation in both the spatial and the temporal domain. The scale of the neighborhood is automatically selected for space and time individually. The work is extended
to compensate for relative camera motions in [185]. Oikonomopoulos et al. [252]
extended the work on 2D salient point detection by Kadir and Brady [161] to 3D. In
this approach, the entropy within each space-time patch (cuboid) is calculated, and
the centers of those cuboids with local maximum energy are selected as salient points.
The scale of each salient point is further determined by maximizing the entropy values.
One drawback of these methods is the relatively small number of stable interest
points. Also, the approaches are unable to cope with subtle changes in space or time.
These issues are partly addressed by Dollár et al. [70]. They use Gabor filtering on
the spatial and temporal dimension individually. The interest points are obtained by
selecting the local minima within a given neighborhood. Spatial and temporal scales
of the neighborhood can be adjusted to influence the number of interest points that
are selected. In a similar fashion, Rapantzikos et al. [286] apply a discrete wavelet
transform in each of the three directions of a video volume. They obtain 8 different
combinations by applying either a low-pass or a high-pass filter for each dimension.
Each of these sub-bands corresponds to characteristic (slow, fast) movement in a certain dimension. The responses in the different sub-bands are used to select salient
points in space and time. Oshin et al. [259] train randomized ferns to approximate
the behavior of interest point detectors with lower computational complexity.
4.2.2.2

Bag-of-word representations

Patches are windows (2D) in an image or cuboids (3D) in a video volume. The number of patches depends on the size of the observation and on the density in which
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they are extracted. In general, there can be many patches and the number is usually
not fixed. This makes it harder to compare two sequences. Therefore, a codebook of
patches is often used. A codebook is assembled by clustering patches and selecting
either the cluster centra or the closest patch as a codeword.
Dense sampling is used by Scovanner et al. [308], who extend the SIFT descriptor
[203] to 3D and construct histograms over codewords. In related work by Kläser et al.
[175], 3D gradients are binned, for which regular polyhedrons are used. They extend
the idea of integral images into 3D, which allows rapid dense sampling over multiple
scales and locations in both space and time. A number of approaches employ a bank
of filters and use the corresponding responses as the image representation. Chomat
et al. [53] use spatio-temporal receptive fields and sample the ROI densely. They
construct multi-dimensional histograms for the outputs of the filters. In related work
by Jhuang et al. [152], several stages are used to ensure invariance to a number of
factors. Their approach is motivated by the human visual system. At the lowest level,
Gabor filters are applied to dense flow vectors, followed by a local max operation.
Then the responses are converted to a higher level using stored prototypes and a
global max operation is applied. A final matching stage with prototypes results in
the final representation. The work in [241] is similar in concept, but uses different
window settings. Schindler and Van Gool [306] extend the work by Jhuang et al.
[152] by combining both shape and flow responses. Escobar and Kornprobst [84]
used motion-sensitive responses and also consider interactions between cells, which
allows them to model more complex properties such as motion contrasts.

x

time

x

Figure 4.3: Extraction of space-time cuboids at interest points from similar actions performed by
different subjects (reprinted from [185], © Elsevier, 2007).

Instead of dense sampling, patches can be selected only around interest points.
This concept is visualized in Figure 4.3. For example, Schüldt et al. [307] calculate
patches of normalized derivatives in space and time. A histogram of distances to codewords is used as a final representation. Niebles et al. [240] learn bags-of-words in an
unsupervised fashion as an intermediary representation, and learn a distribution over
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these representations to model each class. The words are concatenated brightness
gradients, projected onto a lower dimension using PCA.
4.2.2.3

Grid-based representation

Similar to holistic approaches, described in Section 4.2.1.2, grids can be used to bin
the patches spatially or temporally. Compared to the bag-of-words approach, using
a grid ensures that spatial information is maintained to some degree. Moreover, a
grid-based approach results in a significantly reduced descriptor size.
In the spatial domain, İkizler and Duygulu [144] extract oriented rectangular
patches, which they bin into a grid. Each cell has an associated histogram that represents the distribution of rectangle orientations. They first apply background subtraction to reduce the number of false matches. However, the approach could be used
without segmentation as well. In İkizler et al. [143], poses are first extracted using
[281], and encoded as circular histograms of oriented rectangles. Action recognition
is performed per frame. Zhao and Elgammal [411] bin interest points in a histogram
with different levels of granularity. Interest points are weighted according to their
temporal distance to the current frame.
Nowozin et al. [248] use a temporal instead of a spatial grid. The cells overlap, which allows them to overcome small variations in performance. Observations
are described as PCA-reduced vectors around extracted interest points, mapped onto
codebook indices.
Laptev and Pérez [188] bin histograms of oriented gradients and flow, extracted
at interest points, into a spatio-temporal grid. This grid spans the volume that is determined based on the position and size of a detected head. The distribution of these
histograms is determined for every spatio-temporal cell in the grid. Three different
block types are used to form the new feature set. The plain type corresponds to a
single cell, the temporal type is a concatenation of two temporally neighboring cells
and the spatial variant combines several spatially neighboring cells. A subset of all
possible blocks within the grid is selected using AdaBoost. Recent work by Laptev
et al. [187] is similar in vein. Interest points are detected at multiple scales, and
the neighborhood of each point is described as a histogram of oriented gradients and
flow. Different grids are proposed, with varying numbers of spatial and temporal divisions and overlap settings. Flow descriptors from [73] are used by Fathi and Mori
[88], who select a discriminative set of low-level flow features within space-time cells,
which form an overlapping grid. In a subsequent step, a set of these mid-level features is selected to form the final classifier. Selection of both low-level and high-level
features is performed between two classes, using the AdaBoost algorithm.
4.2.2.4

Correlations between features

In previous sections, distributions of words were used, either globally, or within a
fixed grid representation. Such representations ignore the fact that there are often
correlations between these words. Exploiting these correlations can lead to a reduced
number of features. Moreover, by focussing on correlations between these words, one
can improve classification between actions that have similar distributions of words,
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but different co-occurrences between these words. Especially when using interest
points, these might be generated due to noise in the background. Since this noise is
often uncorrelated, focussing on correlations can reduce the influence of noise on the
classification.
Scovanner et al. [308] construct a word co-occurrence matrix, and merge those
words that have similar co-occurrences with other words. This step is applied several
times, until the difference between all pairs of words is above a specified threshold.
Similar in concept is the work by Liu et al. [200], who use a combination of the
space-time features in [70], and spin images, which globally describe an STV extracted from silhouettes. A co-occurrence matrix of the features and the action videos
is constructed. Then, the matrix is decomposed into eigenvectors and subsequently
projected onto a lower-dimensional space. This embedding can be seen as a contextual feature-level fusion. Instead of determining pairs of correlated codewords,
Patron-Perez and Reid [264] approximate the full joint distribution of features using
first-order dependencies. Here, features are binary variables that indicate the presence of a video word. A maximum spanning tree is formed by analyzing a graph
between all pairs of features. The work by Kim et al. [173] is different in the sense
that correlation between two videos is measured. Canonical correlation analysis is
extended to handle image sequences. The approach implicitly deals with affine variations. Discriminative features are subsequently selected using AdaBoost.
Song et al. [333] use a triangulated graphical model to detect and recognize human actions. Such models can be learned either supervised or unsupervised. Feature
points are obtained in each frame, and tracked subsequently to establish correspondences. The location and velocity of each point are used as image cues. In Fanti
et al. [85], additional local appearance cues are used. Moreover, global variables
are introduced to represent properties such as scale, viewpoint and translation. Both
works are evaluated on the detection and recognition task of directed walking motion.
One drawback is that backgrounds are assumed to be static. Also, feature points are
tracked between frames and camera motion, or rigid motion due to moving objects in
the background, generates tracks that do not belong to the subject. This limitation is
partly addressed by Niebles and Fei-Fei [238], who perform frame-based recognition
by modeling the frame as a mixture of constellations. Each constellation models the
spatial arrangement of video words, instead of tracked features. The video words are
obtained from static and spatio-temporal features. Filipovych and Ribeiro [95] adapt
the work in [238] to include both pose constellations and dynamics constellations.
Star graphs of static and dynamic features are combined into a tree graph by conditioning on the landmark vertices of the individual graphs. Moreover, the models are
trained without supervision.
Mikolajczyk and Uemura [219] extract for each frame a large number of local
shape and motion features at edge locations. The relative location and orientation to
a person’s center of mass are stored with each feature, together with the annotated
action label. These features are clustered and represented in a large number of vocabulary trees. By matching features extracted from an unseen frame, votes are cast over
the person’s location, orientation and action label. This approach allows them to simultaneously localize multiple persons in each frame. In Uemura et al. [355], global
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motion patterns are detected and compensated for, in order to recognize action from
moving cameras. In related work by Gilbert et al. [111], a large number of corners
in xt, yt and xy planes are extracted first. Next, the relative spatial arrangement to
all other corners is determined. This results in an extremely large number of features.
Data mining techniques are further used to discriminatively select those combinations
of features that are informative of a class. As such, they can also localize the action
within the image.
Several works introduce hidden variables that correspond to action categories.
Probabilistic latent semantic analysis (pLSA) is used by Niebles et al. [240]. The
aim of pLSA is to learn the relation between sequences, codewords obtained from
space-time interest points, and hidden action labels. Essentially, each action label
corresponds to a distribution of codewords. These labels are learned in an unsupervised way from a collection of training sequences. Wong et al. [391] extend the
pLSA model by including the location of a person’s centroid. One drawback of these
approaches is that the number of action labels needs to be determined empirically.
Wang et al. [383] address this issue by taking a supervised approach. They introduce
a semi-latent Dirichlet allocation (S-LDA) model, which is related to pLSA. Moreover,
their motion features allow them to represent each frame by a single codeword, instead of a bag-of-words as used in [240]. In Wang and Mori [381], an adapted hidden
conditional random field (hCRF) model is used to discriminatively learn constellations
of local motion patches.
Savarese et al. [305] introduce the concept of space-time correlatons. These
not only describe which words co-occur, but also look at the spatio-temporal relation
between these words within a specified neighborhood. The performance of the final classifier is strongly dependent on the size of the codebook. Too few entries do
not allow for good discrimination, while too great a codebook size is likely to introduce noise due to sparsity of the histograms. To overcome this issue, Liu and Shah
[201] determine the optimal size of the codebook first using maximization of mutual
information. This technique merges two codebook entries if they have comparable
distributions given a set of image sequences. In addition, they apply correlograms
and spatio-temporal pyramid matching. The correlograms are learned in a supervised
fashion, and capture spatial correlations, while the spatio-temporal pyramid matching
ensures that temporal information can also be exploited.
In above works, patches are extracted first, and subsequently the correlation between them is determined. In contrast, Wong and Cipolla [390] first detect subspaces
of correlated movement. These subspaces correspond to large movements such as
a waving arm. Within these spaces, a sparse set of interest points is detected, and
different representation techniques are evaluated.
The effect of viewpoint on the recognition of human actions has received relatively
little attention. Of note is the work of Farhadi and Tabrizi [86], who explicitly address
the correlations between actions observed from different views. To this end, they use
a split-based representation to describe clusters of codewords in each view. Given
an action sequence that is observed from multiple views, the transfer of these splits
between views can be determined.
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4.2.3 Application-specific representations
The representations that were discussed in the previous sections are general in the
sense that they can be used in a large number of application domains. When using
feature selection techniques, the most suitable features or combinations can be selected. In contrast, a number of works use representations that are directly motivated
by the application domain.
Joint locations or joint angles, either in 2D or 3D, are rich representations. The
assumption is that these locations can be obtained in a pose recovery step (see also
Chapter 6). See [97; 273] for an overview of literature in this domain. In 3D, the representations are completely view-invariant, whereas for 2D, there have been several
approaches proposed to address the issue of matching 2D joint trajectories to action
labels (e.g. [10; 262; 285; 313; 314; 404]). Since we focus on the recognition of
human actions from image and video, we do not discuss these works here.
Smith et al. [332] use a number of specifically selected features. Some of these
are low-level, and deal with color and movement. Also, higher-level features are
used that are obtained from detected head and hand regions. A boosting scheme
is used that takes into account the history of the action performance. The work by
Vitaladevuni et al. [366] is inspired by the observation that human actions differ
in accelerating and decelerating force. They identify reach, yank and throw types.
Temporal segmentation into atomic movements, which are represented as ballistic
words, is performed first. These include the movement type, spatial location with
respect to a human center, and the direction of the movement.

4.3

Action classification

Given the image representation of an unseen sequence, the recognition of human
action becomes the process of action classification. In this process, a label is associated
to the observed image sequence. Alternatively, a probability distribution over the
action labels can be given.
Traditionally, action classification is divided into template matching and statespace approaches (see e.g. [5; 373]). Recently, many different approaches have been
proposed, and we feel that this traditional taxonomy does not capture these trends
properly. Therefore, we use a different approach, that is more focussed on recent
trends.
Section 4.3.1 discusses approaches that directly match new sequences to training
sequences or action prototypes. These methods do not explicitly model variations in
the temporal domain. A subcategory is that of discriminative classifiers that do not
match, but rather classify the image representation directly. Grammars and graphical
models are described in Section 4.3.2. These approaches have a state-space character,
and model temporal variation implicitly. A topic that is related, but is strictly not
within the scope of our survey is the detection of query motions in video. These
approaches are useful to temporally (and spatially) divide a video into segments, but
they lack both the action model and the labeling ability. We therefore discuss these
works separately in Section 4.3.3.
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4.3.1 Direct classification
This section discusses approaches that classify the image representation without paying special attention to variations in the temporal domain. In Section 4.3.1.1, we
discuss work that maps a new sequence to labeled sequences in the training set or to
action class prototypes. The traditional class of spatio-temporal templates also falls
into this category. A second class of approach is that of the discriminative classifiers.
These learn a function that discriminates between two or more classes by directly operating on the image representation. Approaches that use boosting schemes are also
part of this category, which we discuss in Section 4.3.1.2.
4.3.1.1

Nearest neighbor classification

k-Nearest neighbor (NN) classifiers are the simplest methods of classification. The
idea is that image representations of a given sequence are compared to those of labeled sequences in a training set. The most common label among the k most similar
sequences is chosen as the classification. The ability to cope with variations in spatial
and temporal performance, viewpoint and image appearance depends on the image
representation that is used, and the distance metric that is applied.
NN classification can be either performed at the frame level, or for whole sequences. In the latter case, issues with different frame lengths need to be resolved.
Due to their fixed descriptor length, holistic approaches lend themselves well for
matching. For the patch-based representations, a histogram of codewords can be used
to obtain a fixed-length descriptor. For example, Blank et al. [30] apply 1-NN using
Euclidean distance between global features, Batra et al. [22] use Euclidean distance
between histograms. Wang et al. [374] experiment with various distance metrics.
Bobick and Davis [35] describe their MHI templates using Hu moments. Given the
different orders of these moments, Mahalanobis distance is used to compare a given
sequence to an action class prototype. Rosales’ [297] work is related, but PCA is used
to reduce the dimension. Tran et al. [349] use a learned discriminative distance
metric in their NN classification.
When individual sequences are used for comparison, there is the risk that outliers
will have a large impact on the final classification. Also, the computational performance of the nearest neighbor classifier is linear in the number of training sequences,
which might cause problems when there are many of these sequences available. Instead, action class prototypes can be used with 1-NN classification. Prototypes can
be obtained by simply averaging over sequences with similar class labels, as in [374].
Poppe and Poel [277] also take this approach, but learn discriminative feature transforms and distinguish between pairs of classes. Weinland et al. [388] create 3D voxel
representations from multiple views. Mean dimensionality-reduced vectors are used
as action class prototypes and compared with Mahalanobis distance. One drawback
of action class prototypes is that they are not able to model more complex class distributions. This issue is addressed by Rodriguez et al. [291], who describe a method
to generate a single spatio-temporal template that effectively captures the intra-class
variance. The response of the filter is analyzed in the frequency domain, which makes
the matching more effective.
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Dynamic time warping (DTW) is a distance measure between
two sequences, possibly with different lengths. It simultaneously takes into account
a pair-wise distance between corresponding frames and the cost of alignment of the
sequences. For two sequences to have a low alignment cost, they need to be segmented similarly in time, and be performed at similar rates. Dynamic programming
is used to calculate the optimal alignment. Veeraraghavan et al. [364] use DTW but
observe that their normalized shape features lie on a spherical manifold. Therefore,
they adapt the distance function between two shapes. In later work [363], they also
address the alignment of sequences by considering the space of warping functions for
a given activity. A related distance is longest common subsequence (LCS), which is
also applied between two sequences. It only takes into account similar elements of
both sequences, and results in an increased distance when more inserts or deletions
are necessary to warp one sequence onto the other. LCS has been used by Yang et al.
[402].
Dynamic time warping

Different instances of a given action occupy only a part of the
entire feature space. This subspace is a manifold, and it can often be embedded
into a lower dimensional space. This embedding can be learned from training data,
and allows for interpolation of the image representation. Elgammal and Lee [77]
use this for human pose recovery, for which they construct manifolds for each action
class, and learn mapping functions from image representation to manifold, and from
manifold to pose space. For action recognition, pose information is not required.
Instead, given a new sequence, the minimum distance of each frame to the manifold
of a certain action can be determined. This approach has been taken by Masoud and
Papanikolopoulos [210], who use PCA on motion recency images to determine the
manifold. While the temporal order is neglected in such an approach, the burden of
temporal alignment and variations in speed of performance can be overcome.
Instead of using PCA, which is linear, some works learn a non-linear embedding.
Chin et al. [52] learn manifolds using either PCA or local linear embedding (LLE)
on silhouette images. They experiment with different projection functions for LLE.
Silhouettes and their distance transforms are also used by Wang and Suter [377] who
use locality preserving projections (LPP) for the embedding. The use of Gaussian
mixture models (GMM) to model the density of the low-dimensional embedding is
investigated. Related work by the same authors [375] either uses the minimum mean
frame-wise distance to the manifold, as in [210], or a frame-order preserving variant.
Here, it is assumed that the time between two subsequent frames is equal for the
entire sequence. More robust in this sense is the work by Blackburn and Ribeiro
[29], who use an adaptation of DTW. This requires adding a time dimension into
the embedding, for which they use Isomap. Recent work by Turaga et al. [352]
focusses on parametric and non-parametric manifold density functions, and describes
appropriate distance functions for Grassmann and Stiefel manifold embeddings. All
these manifolds are learned in an unsupervised manner, which does not guarantee
good discrimination between related classes. Jia and Yeung [153] address this issue
by learning an embedding that is discriminative both in a spatial and temporal sense.
They propose local spatio-temporal discriminant embedding (LSTDE), which maps
Manifold comparison
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silhouettes of the same class close in the manifold, and model temporal relations in
subspaces of the manifold.
Orrite-Uruñuela et al. [258] capture, for each action, the variation in viewpoint and temporal offset in a Kohonen self-organizing map (SOM). As such, they
can project an unseen sequence to the different SOMs and simultaneously recover
viewpoint and action class.
It has been observed that many actions can be represented by a small
number or even a single key frame or key pose. For example, Sullivan and Carlsson
[336] recognize forehand and backhand tennis strokes by matching edge representations to stored and manually labeled key poses. Also based on edge distance is the
work of Wang et al. [380], who learn action clusters in an unsupervised fashion.
They manually provide action class labels after the clustering. Weinland et al. [387]
also learn a set of action key poses but use 3D voxel representations.
The previous methods used only a single frame for action classification. This is
convenient when the frame contains a key pose, but in general will generate many
false matches. By considering a sequence of poses over time, ambiguities can be
reduced. See also a discussion in Schindler and Van Gool [306]. Dedeoǧlu et al.
[62] use histograms of matches to manually selected key poses. The length of the
histogram equals the number of key poses, and each bin contains the number of
frames that best match the corresponding key pose. The histogram is normalized and
1-NN is used for classification. The work by Weinland and Boyer [385] is similar, but
the minimum distance of each key pose to the frames in the sequences is used instead.
Moreover, a small set of discriminative key poses is selected automatically. Key poses
are often used in combination with hidden Markov models (HMM). We discuss these
in Section 4.3.2.1.
Instead of direct classification, key poses can also be used to detect actions and, in
a subsequent step, use a computationally more complex algorithm for classification.
This technique, keyframe priming, is used by Laptev and Pérez [188]. Zhao and
Elgammal [412] also detect keyframes first. They use the conditional entropy of the
visual codewords in each frame as a measure. Only the features of these keyframes
are used in a subsequent bag-of-words classifier.
Keyframes

4.3.1.2

Discriminative classifiers

Discriminative classifiers distinguish between classes without explicitly modeling each.
The image representation is simply regarded as a feature vector. Support vector machines (SVM) are popular classifiers that learn a hyperplane in feature space that is
described by a weighted combination of support vectors. SVMs have often been used
in combination with patch-based representations, such as in [152; 185; 307]. Here,
the image representation must be of fixed length, for example a histogram of codewords over a sequence of frames. SVMs can be trained efficiently. Relevance vector
machines (RVM) can be regarded as the probabilistic variant of the SVM. An additional advantage is that RVM usually results in a sparser set of support vectors. They
have been used for action recognition by Oikonomopoulos et al. [252].
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In a boosting framework, a final strong classifier is represented by a set
of weak classifiers. Usually, each weak classifier uses only a single dimension of the
image representation. As such, it can be used as a discriminative feature selection
process. Boosting is used in many works, either as a feature selection step, or as the
actual classifier. The most common boosting approach is AdaBoost [102], which has
been used in [88; 188; 250]. LPBoost, a variant of AdaBoost which yields sparser
coefficients and is reported to converge faster, is used in [248]. Smith et al. [332]
introduce a boosting variant that can use history information in the boosting scheme.
Boosting

4.3.2 Graphical models
State-based models, or graphical models, are discussed in this section. They consist of states, connected by edges. These edges model probabilities between states,
and between states and observations. For the task of action recognition, an observation corresponds to the image representation at a given frame. Usually, one model is
trained per action class. In this case, states correspond to phases in the performance
of the action. Graphical models are either generative or discriminative. While they
share many characteristics, they are conceptually different. Generative models learn a
joint distribution over both observations and action labels. They thus learn to model a
certain action class. In fact, generative models can produce sequences of observations
for a given action, hence the name. In contrast, discriminative models learn probabilities of the action classes, conditioned on the observations. As such, they do not
model a class, but rather focus on differences between classes. We discuss generative
and discriminative graphical models in Sections 4.3.2.1 and 4.3.2.2, respectively.
4.3.2.1

Generative graphical models

Hidden Markov models (HMM) are the most well-known generative graphical models. They use hidden states that correspond to different phases in the performance
of an action. HMMs model state transition probabilities, and observation probabilities. To keep the modeling of the joint distribution over representation and labels
tractable, two independence assumptions are introduced. First, state transitions are
conditioned only on the current state, not on the state history. This is the Markov
assumption. Second, observations are conditioned only on the current state, so subsequent observations are considered independent. We discuss the use of generative
graphical models, in particular HMMs, for the task of action recognition.
HMMs have been used in a large number of works. Yamato et al. [400] cluster grid-based silhouette mesh features to form a compact codebook of observations.
They train HMMs for the recognition of different tennis strokes. Training of an HMM
can be done efficiently using the Baum-Welch algorithm. The Viterbi algorithm is
used to determine the probability of observing a given sequence. When using a single HMM per action, action recognition becomes finding the action HMM that could
generate the observed sequence with the highest probability. Per action, Niu and
Abdel-Mottaleb [246] use a set of HMMs, each of which models the action from a
certain viewpoint. Weinland et al. [386] construct a codebook by discriminatively selecting a set of templates. In their HMM, they explicitly include the viewpoint, which
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allows them to condition the observation on the viewpoint. Related work by Lv and
Nevatia [207] uses an Action Net, which is constructed by considering key poses and
viewpoints. Transitions between views and poses are encoded explicitly. Ahmad and
Lee [9] take into account multiple viewpoints and use a multi-dimensional HMM to
deal with the different observations. Instead of modeling viewpoint, Lu and Little
[204] use a hybrid HMM, where one process denotes the closest shape-motion template, while the other encodes position, velocity and scale of the person in the image.
Ramanan and Forsyth [283] track persons in 2D by learning the appearance of the
body-parts. In [282], these 2D tracks are subsequently lifted to 3D using stored snippets of annotated pose and motion. An HMM is used to infer the action from these
labeled codeword motions. Feng and Perona [92] use a slightly different approach
by assigning one codeword observation to each state. This allows them to effectively
train the dynamics, at the cost of reduced flexibility due to a simpler observation
model.
Instead of modeling the whole human body as a single observation, an HMM can
be made for every body-part individually. This makes training easier, as the combinatorial complexity is reduced to learning dynamical models for each limb individually.
In addition, this has the advantage that composite movements that are not in the
training set can be recognized. İkizler and Forsyth [145] use the 3D body-part trajectories that are obtained using [282]. Instead of using labeled codeword motions, they
construct HMMs for the legs and arms individually, where 3D trajectories are the observations. This allows them to use much simpler action models. For each limb, states
of different action models with similar emission probabilities are linked. This results
in a HMM that allows for automatic segmentation of actions, for legs and arms separately. A similar approach has been taken by Chakraborty et al. [46], where arms,
legs and head are found with a set of view-dependent detectors. Lv and Nevatia [206]
use a different approach, but they also use 3D joint locations as observations. First,
they construct a large number of action HMMs, each of which uses a subset of the
joints. This results in a large number of relatively weak classifiers. Subsequently, they
use AdaBoost to select a set of these classifiers, that form the final strong classifier.
In the work by Peursum et al. [268], a factored-state hierarchical HMM (FSHHMM) is used to jointly model image observations and body dynamics for each
action class separately. By evaluating an image sequence using each of the action
models, the action with the lowest log-likelihood is selected. Related work by Caillette
et al. [44] uses a variable length Markov model (VLMM) to model observations
and 3D poses for a given action. The work is mainly aimed at improved 3D pose
tracking, but can also be used for recognition as in [268]. Natarajan and Nevatia
[232] introduce a hierarchical variable transition HMM (HVT-HMM), which consists
of three layers. The top layer models composite actions, the middle layer primitive
actions and the bottom layer poses. Due to their variable window approach, actions
can be recognized with low latency.
Related to generative graphical models are grammars. These specify explicitly in
which order parts of an action can be observed. Hatun and Duygulu [128] and Fihl
et al. [94] use the edit distance between sequences of codewords, which allows
them to cope with small variations and differences in rate of movement. Ogale et
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al. [249] construct a probabilistic context-free grammar that specifies which pose
pairs can be observed. The viewpoint is explicitly encoded. Probabilities of pose pairs
are learned from training data, while small viewpoint changes are allowed. Turaga
et al. [353] model an action as a cascade of linear time invariant (LTI) dynamical
models. In an unsupervised way, they simultaneously learn the dynamical models and
temporally segment a sequence. Similar models are grouped into action prototypes.
Finally, the cascade structure is formed by learning n-grams over the sequence of
action prototypes. This cascade can be regarded as a grammar that describes the
production rules for each action in terms of a sequence of action prototypes.
4.3.2.2

Discriminative graphical models

The independence assumptions in HMMs imply that observations in time are independent, which is often not the case. Therefore, discriminative graphical models
have been proposed, that learn a conditional distribution of action labels, given the
observations. These models can take into account multiple observations on different timescales. Consequently, they can be trained in such a way that they learn to
discriminate between action classes, rather than learning to model each class individually, as in generative models. Therefore, discriminative models are suitable for
classification of related actions that would easily be confused using a generative approach. In general, discriminative graphical models require many training sequences
to robustly determine all parameters.
Conditional random fields (CRF) are commonly used discriminative models that
can model multiple overlapping features. Sminchisescu et al. [328] use a linear chain
CRF, where the state dependency is first-order. They compare CRFs with generative
HMMs and maximum entropy Markov models (MEMM). The latter are related to the
CRF, but are directed models instead. They suffer from the label bias problem, in
which states with few outgoing state transitions are favored. A more detailed comparison between CRFs and MEMMs is given in [183]. Sminchisescu et al. evaluated
the performance of their CRFs using different observation window sizes. They show
that CRFs outperform both MEMMs and HMMs when using larger windows. These
results are partly supported by Mendoza and Pérez de la Blanca [212], who obtain
better results for CRFs compared to HMMs using shape context features, especially for
related actions (e.g. walking and jogging). Interestingly, when using motion features,
HMMs outperformed CRFs.
Variants of CRFs have also been proposed. For example, Wang and Suter [376]
use a factorial CRF (FCRF), which is a generalization of the CRF. Structure and parameters are repeated over a sequence of state vectors, which can be regarded as
a distributed state representation. This allows for the modeling of more complex
interactions between labels and long-range dependencies, while inference is approximate instead of exact as in CRFs. The authors report improved results for the FCRFs,
compared to both linear-chain CRFs and HMMs. Natarajan and Nevatia [233] use a
2-layer graphical model, where the top level encodes action and viewpoint. On the
lower level, CRFs are used to encode the action and viewpoint-specific pose observation. Ning et al. [245] combine a discriminative pose recovery approach with a
CRF for action recognition. The parameters of both layers are jointly optimized. No
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image-to-pose data is required during training, but has been shown to improve performance. Shi et al. [315] use a semi-Markov model (SMM), which is suitable for
both action segmentation and action recognition. Properties that relate to segment
boundaries, encode characteristics about segments, or capture interactions between
neighboring segments are included in the feature representation.

4.3.3 Video correlation
There is a category of approaches that do not explicitly model the image representation of subjects in the image, nor do they model action dynamics. Rather, they
correlate an unseen sequence to video sequences in a database. Such work is mostly
aimed at the detection of actions, rather than their recognition. However, since these
works share many similarities to those previously discussed, we will describe them
briefly in this section. The detection of cyclic actions is discussed in Section 4.3.3.1.
Zelnik-Manor and Irani [406] use histograms of appearance-normalized gradient
patches, calculated at multiple temporal scales. Patches that exhibit low variance in
the temporal dimension are ignored, which focusses the representation on the moving
areas in the video. Consequently, for human action recognition, this restricts the
approach to detection of movement against non-moving backgrounds. Ning et al.
[241] use histograms of codewords, obtained from Gabor response instead of gradient
patch histograms.
Shechtman and Irani [312] consider the spatial dimension by correlating spacetime patches over different locations in space and time. Similarly to [406], they use
space-time cuboids, but local motion information is used instead of gradients. To
avoid calculating the optical flow, a rank-based constraint is used directly on the intensity information of the cuboids. Matikainen et al. [211] present an approximation
of method that uses motion words and a look-up table to allow for faster correlation
of the motion of different patches. In recent work by Shechtman and Irani, [311],
a self-similarity descriptor is proposed, that correlates local patches. Such a descriptor is invariant to color, texture and can deal with small spatial variations. A query
template is described by an ensemble of all descriptors, either at the frame level, or
over a sequence of frames. Junejo et al. [160] focus on detection of similar actions
from multiple viewpoints. The key idea is to look at temporal similarities between the
frames of a sequence. By observing the self-similarity matrix, actions seen from different viewpoints show remarkable resemblances (see Figure 4.4). A local approach is
taken, where points on the diagonal are encoded as log-polar histograms. A sequence
is described as a bag-of-features.
The approach by Boiman and Irani [36] is slightly different. They describe a
sequence as an ensemble of local patches, which can be either spatial or spatiotemporal. A similarity score is based on the composition of a query sequence from
the local patches. Similar sequences require less, but larger, patches compared to
dissimilar sequences.
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Figure 4.4: Example of cross-correlation between viewpoints. (a) and (c) show a golf swing seen
from two different viewpoints. (b) and (d) show their corresponding self-similarity
matrices. Note the similarity in structure (reprinted from [160], © Springer-Verlag,
2008).

4.3.3.1

Cyclic actions

Some works assume periodicity of the motion, which allows for segmentation by analyzing the self-similarity matrix. For example, Seitz and Dyer [309] introduce a
periodicity detection algorithm that is able to cope with small variations in the temporal extent of a motion. They track markers and use an affine-invariant distance
function, which makes the work invariant to changes in view, translation and scale.
Cutler and Davis [56] use the video data directly to perform a frequency transform
on the self-similarity matrix of a tracked object. Peaks in the spectrum correspond
to the frequency of the motion. The type of action is determined by analyzing the
matrix’ lattice structure. Polana and Nelson [271] also use Fourier transforms to find
the periodicity and temporally segment the video. They use motion features, which
they match to known 2D motion templates.

4.4

Discussion

In recent years, the domain of human action recognition has seen tremendous progress.
In this section, we point out limitations of the state of the art and and identify directions for future research to address these limitations.
Holistic image representations have proven to yield good results, and they can
usually be extracted with low cost. However, their applicability is limited to scenarios
where ROIs can be determined reliably. Moreover, they cannot deal with occlusions.
Patch-based representations have been proposed to address these issues. Initial work
focussed on bag-of-feature approaches but currently, more advanced representations
are being used. These take into account correlations between patches, both spatially
and temporally. Patch-based representations do not require precise determination of
the ROI, but some knowledge about the location and scale of the person in the image
is needed. One important issue that has been largely ignored is how to deal with
more severe occlusions.
Most of the work described in this overview is restricted to fixed viewpoints. This
limits the applicability to domains where movement is observed from similar view-
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points as during training. The use of multiple view-dependent action models solves
this issue, but at the cost of increased training complexity. Recently, transfer learning has been used to learn correspondences between views [86]. Such an approach
decreases the dependence on training data from all viewpoints.
Regarding classification, we discussed direct classification and graphical models.
In the former, temporal variations are not explicitly modeled, which has proved to be
a reasonable approach in many cases. For more complex motions, it is questionable
whether these direct measures suffice. Generative graphical models such as HMMs
can model temporal variations but these have the disadvantage that distinguishing between related actions is difficult. In this respect, discriminative graphical approaches
are more suitable. However, these models require a large amount of training data.
Future work should therefore address the learning of action classifiers from only a
few examples. A related issue is the flexibility of the classifier with respect to adding
or removing action classes from the repertoire.
Currently, many approaches assume that the video is readily segmented into sequences that contain exactly one action instance. The detection task is thus ignored,
which limits the applicability to situations where the segmentation of different actions is possible. Especially for applications that require real-time processing, reliable
segmentation might prove a difficult task. In future work, the temporal segmentation
of actions should therefore be addressed explicitly.
As discussed before, human action recognition is related to many other fields of
research. It is to be expected that improvements over the current state of the art
can be obtained by combining existing work with recent advances in human pose
recovery. The work by [268; 328] shows that such work leads to good results, both
for the recognition of actions, as for the recovery of human poses. Currently, the
localization of the person in the image is often regarded as a preprocessing step.
Since good localization is of key importance for reliable action recognition, it makes
sense to combine these two tasks (e.g. [346; 355]).
Another important aspect of human action recognition is the current evaluation
practice. The introduction of publicly available datasets (see Section 4.1.4) has greatly
shaped the domain. They provide common training and test data which allow for objective comparison between different approaches. Moreover, they allow for better
understanding of different methods since researchers are aware of the challenges of
each dataset. However, the drawback of such sets is that algorithms may be biased
to the dataset. This may lead to complex approaches, that perform slightly better
on a given dataset, but may prove to be less generally applicable. Also given the
increasing level of sophistication of action recognition algorithms, the introduction
of more advanced and more elaborate datasets might be useful to focus research efforts on more realistic problems. For example, the HOHA dataset, first used in [187]
moves the focus from controlled recordings to feature films where scripts and subtitles can be used for automatic annotation [55]. Such a shift raises the question as
to what the application of our work is. Action recognition is used in surveillance,
human-computer interaction and video retrieval, but these areas differ in many ways.
Human-computer interaction applications require real-time processing, missed detections in surveillance are unacceptable and video retrieval applications often cannot
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benefit from a controlled setting and require a query interface (e.g. [337]). Given
these differences, it seems reasonable to record different datasets for the various domains. This would keep recording settings realistic, while focussing only on relevant
action classes. Moreover, the use of application-specific datasets allows for the use
of evaluation metrics that go beyond precision and recall measures, such as speed
of processing or detection accuracy. Still, the compilation or recording of a dataset
that contains sufficient variation in movements, recording settings and environmental
settings remains challenging and should be a topic of discussion within the research
community.
Given the current state of the art, and motivated by the broad range of applications
that can benefit from robust human action recognition, it is to be expected that many
of the previously mentioned challenges will be addressed in the near future. This
would be a big step towards the fulfillment of the longstanding promise of the field
to achieve robust automatic recognition and interpretation of human action.
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5

Human action recognition using common spatial
patterns

In the previous chapter, we presented an overview of vision-based human action
recognition literature. In this section, we focus on recognition of human actions from
a single view. Secondly, we require our approach to have low computational complexity, preferably to work in real-time. This requirement influences both the choice
of image representation, and the classification approach.
We introduce an approach to human action recognition where we learn functions
that discriminate between two classes. Yet, we avoid having to estimate a large number of parameters by representing actions as single prototypes. These prototypes lie in
a space that is transformed by applying common spatial patterns (CSP) on the feature
data. CSP is a spatial filter technique that transforms temporal feature data by using
differences in variance between two classes. After applying CSP, the first components
of the transformed feature space contain high temporal variance for one class, and
low variance for the other. This effect is opposite for the last components. For an
unseen sequence, we calculate the variance over time, using only a fraction (the first
and last components) of the transformed space. Each action is represented by the
mean of the histograms of all corresponding training sequences, which is a very compact but somewhat naive representation. A simple classifier distinguishes between
the two classes. All discriminant functions are evaluated pairwise to find the most
likely action class. Even though such an approach inherently generates much noise in
the classification, we show that we can accurately recognize actions, even when few
training sequences are used.
The advantage of our method is that we require relatively few training samples.
Despite considerable variation in action performance between subjects, we obtain
reasonable results when training on data of a single subject. Also, we avoid retraining
all functions when adding a new class, since the discriminative functions are learned
pairwise, instead of jointly over all classes. Moreover, both feature extraction and
classification can be performed in limited time. In fact, our approach can work in
real-time.
For fully automatic recognition of human actions, we need to localize the humans
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in the image first. Here, we assume that this localization has been performed previously, for example using work by Thurau [345] and Zhu et al. [414]. We use a
grid-based silhouette descriptor, where each cell is a histogram of oriented silhouette
gradients (HOSG). This representation resembles the concept of histograms of oriented gradients (HOG, [58]) and has been previously introduced in Section 3.2.4.1.
We discuss common spatial patterns, and the construction of the CSP classifiers,
in Section 5.1. Our approach is evaluated on the Weizmann human action dataset.
We summarize our extensive experiments in Sections 5.3 and 5.4. Discussion of our
results, and a comparison with previous work appears in Section 5.5. A preliminary
version of this section appeared in [277].

5.1

Common spatial patterns

Common Spatial Patterns (CSP) is a spatial filter technique that is often used in classifying brain signals [228]. It transforms temporal feature data by using differences
in the variance between two classes. After applying the CSP, the first components of
the transformed data have high temporal variance for one class and low temporal
variance for the other. For the last data components, this effect is opposite. When
transforming the feature data of an unseen sequence, the temporal variance in the
first and last components can be used to discriminate between the two classes.
Consider the case where we have training sequences for two actions, a and b. Each
training sequence can be seen as n × mp matrix, where n is the number of features
and mp is number of time samples. We assume that the data is normalized in such a
way that the mean of each feature is 0. Let Ca be the concatenation of the examples
of action a, Ca is an n × ma matrix. We do the same for action b to construct the
matrix Cb . Now consider the matrix:
C = Ca CaT + Cb CbT

(5.1)

C is the variance of the union of the two data sets. Since C is symmetric, there
exists a orthogonal linear transformation U such that Λ = U CU T , a positive diagonal
√ −1
matrix. The next step is to apply the whitening transformation Ψ = Λ , which
gives us (ΨU )C(ΨU )T = I, and thus:
Sa = (ΨU )Ca CaT (ΨU )T

(5.2)

(ΨU )Cb CbT (ΨU )T

(5.3)

Sb =

S a + Sb = I

(5.4)

Since Sa is symmetric, there is an orthogonal transformation D such that DSa DT
is a diagonal matrix with decreasing eigenvalues on the diagonal. Hence, DSb DT is
also a diagonal matrix but with increasing eigenvalues on the diagonal. The CSP is
the spatial transform W = DΨU which transforms a data sequence into a sequence
of dimension 2k such that a vector belonging to one action has high values in the
first k components. For a vector of the other action, the situation is opposite. Hence,
the temporal variance in these first and last components can be used to discriminate
between action a and b.
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5.1.1 CSP classifiers
Based on the CSP technique, we design discriminating functions ga,b for every action
a and b with a 6= b. First we calculate the CSP transformation Wa,b as described
above. Then we apply Wa,b to each action sequence of class a and b. Afterwards, the
mean is taken over the entire sequence. This results in a single n-dimensional vector
which can be considered a histogram, normalized for the length of the sequence.
Next, we calculate the means ā and b̄ of these training vectors for action a and b,
respectively. In order to compute ga,b (x) for an unseen action sequence x, we use the
same procedure and first apply Wa,b to x. We then calculate the variance over time
over all components, which gives a vector x0 of length n. Finally, ga,b (x) is defined as
follows:
ga,b (x) =

kb̄ − x0 k − kā − x0 k
kb̄ − x0 k + kā − x0 k

(5.5)

Here, kxk denotes the vector length, or norm, of x. Evaluation of a discriminant
function gives a continuous output in the [−1, 1] interval. Note that ga,b + gb,a = 0.
With a rescaling and transform into the [0, 1] domain, we could interpret these outputs
as probabilities. However, since we assume equal prior probabilities for each class, we
use our voting scheme for clarity. Also, we could have used different discriminative
functions than Equation 5.5. For example, we could have kept the individual training
vectors, instead of the mean. This would allow to better model intra-class variance.
In this case, one could use Mahalanobis distance, or use a margin classifier such as
Support Vector Machine (SVM). These alternatives are, however, sensitive to outliers
in the data.
We combine our pairwise classifiers into a multi-class classifier using voting. Such
0 (x) =
a scheme has been proposed by Friedman [103] for binary outputs, i.e. ga,b
sgn(ga,b ). We apply their work for continuous outputs, without loss of generality. In
such a scheme, an action sequence is classified by evaluating all discriminant functions between pairs of a and b over all actions, and summing their votes:
ga (x) =

X

ga,b (x)

(5.6)

a6=b

Since each action class appears in the exact same number of discriminative functions, the classification of x is the action η for which ga (x) is maximal. This is the
class that receives most of the voting mass:
η(x) = arg maxga (x)

(5.7)

a

Note that we also evaluate the discriminant functions in which the actual class
does not appear. This introduces a large component of noise into the voting. However,
actions that show more similarities with the unseen sequence will receive more mass
in the voting. Hastie and Tibshirani [127] remark that such a voting approach tends
to favor classes that are closer to the average value in feature space. Such an effect
would be larger for weaker pairwise discriminative functions. In our experiments, the
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dimensionality is relatively high compared to the number of classes and we expect
that the effect of this bias is small.
More complex classification schemes are also possible. For example, Hastie and
Tibshirani [127] take into account all individual pairwise probability estimates and
minimize a Kullback-Leibler criterion to find the optimal decision boundaries. The advantage is that the decision boundaries are determined jointly for all pairs of classes.
Works by Allwein et al. [12] and Dietterich and Bakiri [67] use error-correcting codes,
where each ‘bit’ in the code corresponds to a pairwise decision. While these approaches are better at dealing with noise caused by incidental erroneous decisions,
their added value in performance over voting is limited [12]. Moreover, we prefer the
straightforward interpretation of the voting outcome.
Our multi-class classifier requires m(m − 1)/2 functions, with m being the number of classes. Note that we could alternatively have used a one-vs-all classification
scheme. In this case, we would have needed to learn a discriminative function for
each class. While the complexity of such an approach is linear in the number of
classes, instead of quadratic as in our scheme, the discriminative functions need to be
more complex.

5.2

HOSG silhouette descriptors

Similar to our work on human pose recovery in Section 3.2, we use a grid-based
approach. For action recognition, grids were used as an image representation by
[144; 345; 376], see also Section 4.2.1.2. Our image representation (HOSG-R) is a
variant of histogram of oriented gradients (HOG, [58]) and is similar to the one used
in Section 3.2.4.1. To make this chapter self-containing, we summarize the processing
steps used to obtain the descriptor. Subsequently, we explain differences between the
descriptor used for human pose recovery (HOG-F, see Section 3.2.1).
The different steps in our approach are shown in Figure 5.1. Given an extracted
silhouette, we determine the minimum enclosing bounding box, which determines the
region of interest (ROI). We add space to make sure the height is 2.5 times the width.
Next, we divide the ROI into a grid of 4 × 4 cells. Within each cell, we calculate the
distribution of silhouette gradients. Since the gradient of binary silhouettes can only
be vertical, horizontal or diagonal, we use 8 bins of 45° directed gradients instead of
20° undirected ones. Pixels that are not on silhouette boundaries are ignored.
This idea is similar to that of histogram of oriented gradients (HOG) but our implementation is a simplification at a number of levels. First, we do not apply a Gaussian
filter to enhance the edges. Second, we do not use overlapping cells, which significantly reduces the size of our descriptor. Third, and most important, we only take
into account the silhouette outline thus discarding the internal edges. The final 128dimensional descriptor is a concatenation of the histograms of all cells, normalized to
unit length to accommodate variations in scale.
Compared to the HOGs that we used for human pose recovery (HOG-F-5 × 6,
see Section 3.2.1), we do not use the fit ROI, but the ROI where the ratio between
height and width is 2.5. Also, we use a 4 × 4 grid instead of a 5 × 6 grid. This
choice is motivated by the smaller ROIs that we use here. A grid with more cells
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would be less robust to noise due to incorrect segmentation, small changes in ROI
and inter-personal differences. Also, in human action recognition, we are interested
in larger-scale movements. Another difference is that we use silhouette gradients
instead of edge gradients. We will therefore refer to this representation as histograms
of oriented silhouette gradients (HOSG-R). Specifically, we will use the HOSG-R-4 × 4
setting in this chapter. However, we will report the performance of our algorithm on
different HOG-R and HOSG-R settings in Section 5.4.1.
Due to the normalization of the descriptor to unit length, and the relatively high
dimensionality compared to the number of data points in a sequence, the covariance
over a sequence may be nearly singular in some cases. We avoid this by applying PCA
[158] and select the 50 first components. These explain approximately 75% of the
variance, depending on the subject that is left out. See the next section for details
regarding this process.

(a)

(b)

(c)

Figure 5.1: Silhouette descriptor, (a) image, (b) mask and (c) the boundary orientations, spatially
binned into cells. Normal vectors are shown for clarity.

5.3

Experiment results

We evaluated our approach on a publicly available dataset which is briefly described
in Section 5.3.1. We present the setup of our experiments and our obtained results
in Sections 5.3.2 and 5.3.3, respectively. Additional experiments are described in
Section 5.4. A discussion of the results and a comparison with related work are given
in Section 5.5.

5.3.1 Weizmann human action dataset
For the evaluation of our approach, we used the Weizmann human action dataset
[30; 114], see also Section 4.1.4.2. This set consists of 10 different actions, each
performed by 9 different subjects (see also Figure 5.2). For subject Lena, additional
sequences appear for the run, skip and walk action. We decided to leave these out in
order to obtain a balanced set. This also allowed for direct comparison of our results
to those previously reported on the dataset. Note that our approach also works for
unbalanced sets. The skip action was not originally present in the set and we present
results both with and without the skip action.
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Figure 5.2: Example frames from the Weizmann human action dataset. Different subjects performing the actions bend, jack, jump, pjump, run, side, skip, walk, wave1 and wave2.

Each sequence is approximately 2.5 seconds long. There is considerable intra-class
variation due to different performances of the same action by different subjects. Most
notably, the jump, run, side, skip and walk actions were performed either from left to
right, or in the opposite direction. Since the actions were performed on a slight slope,
the direction of movement also results in slightly different movement style. Despite
these differences, we treated performances in different directions as belonging to the
same class. The sequences were recorded from a single camera view, against a static
background, with minimal lighting differences. Binary silhouette masks are provided
with the dataset. There is a considerate amount of noise in these silhouettes due to
inaccurate background segmentation (see also Figure 5.6).

5.3.2 Experiment setup
We evaluated our method using leave-one-out cross-validation (LOOCV), where each
of the 9 folds corresponds to all sequences of the corresponding subject. Specifically,
this gave us 80 training sequences per fold, 8 for each of the 10 actions. First, we calculated the PCA transformation over all training sequences and projected the silhouette descriptors down onto the first 50 components. Next, we learned all discriminant
functions ga,b , between all pairs of actions a and b (1 ≤ a, b ≤ 10, a 6= b). Specifically,
we used the first and last k = 5 components in the transformation, which gave us
action prototypes vectors of dimension 10. We experimented with other values for k
but found no improvement for k > 5. For each of the sequences of the subject whose
sequences were left out, we evaluated all discriminant functions. Each of these evaluations softly votes over class a and b. In our final classification, we selected the class
that received the highest voting mass.

5.3.3 Results
We performed the LOOCV experiment and obtained a performance of 95.56%. In
total, 4 sequences were misclassified. The skip action of subject Daria was classified
as jumping (2), the skip action of subject Ido was classified as running (3). Also, the
jump action of subject Eli and the run action of subject Shahar were both classified
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as walking (4 and 2, respectively). The number between brackets is the order of the
correct label amongst the guessed labels. The confusion matrix for this experiment is
shown in Figure 5.1 (left).
In order to be able to compare our results with those reported in previous studies,
we also left out the skip class. This resulted in a performance of 96.30%. Again,
the jump action of subject Eli and the run action of subject Shahar were classified as
walking (4, 2). In addition, the wave1 action of subject Lyova was misclassified as
wave2 (2).
In line with Friedman [103], we also evaluated the performance when using bi0 (x) = sgn(g )). With the skip
nary outputs for the discriminative functions (i.e. ga,b
a,b
action, 3 additional errors were made which resulted in a performance of 92.22%.
Without skip, the performance was similar to the soft vote case at 96.30%.
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Table 5.1: Confusion matrices for Weizmann human action dataset including skip action with CSP
(left, performance 95.56%), and without CSP (right, performance 77.78%). See text for
explanation.

Both the feature representation and the classifier had an important impact on the
performance. To measure the added value of using CSP, we performed an additional
experiment where we did not transform the feature space. Instead, we took the first
10 components of the PCA. For each training sequence, we calculated the histogram
by taking the mean of the feature vector over time which resulted in a 10-dimensional
vector. We determined the prototype for each action by averaging these histograms.
Again, we used Equations 5.5 and 5.7 to determine the class estimate. We achieved a
performance of 77.78% for all actions, and 85.19% with the skip action omitted. The
confusion matrix for all 10 actions is shown in Figure 5.1 (right). When we used the
first 50 PCA components, the performance slightly increased to 80.00% for all actions,
while the performance without the skip action remained the same. A closer look at
the misclassifications shows confusion between run, skip and walk, along with some
incidental confusions. It thus becomes clear that the use of CSP is advantageous over
a feature representation without CSP transform.
The baseline for the full dataset is 10.00%, and 11.11% when the skip action
is left out. Obviously, our results are well above these baselines and show that we
can achieve good recognition, even when single action prototypes of dimension 10
are used. Also, it shows that intra-class variations can be handled without model-
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ing the variance between different subjects. To gain insight in the characteristics of
our method, we conducted additional experiments. These are described in the next
section.
5.3.3.1

Computational performance

In this section, we present the computational performance of our approach, both
during training and in classification. We used un-optimized Matlab code, which was
evaluated on a Pentium IV 2.8 GHz computer. The same settings as in Section 5.3.2
were used, and the reported computation time is an average over all subjects using
LOOCV. Since we used the foreground masks provided with the dataset, we cannot
give the computation time required to calculate them. Given these masks, calculation
of the HOG descriptor takes 2.6 ms per frame on average. The difference between
the average time to calculate the HOG descriptor in Section 3.2.3.5 is mainly due to
the large difference in image size, and the lower number of cells in the HOSG-R-4 × 4
descriptor. Also, given the use of silhouettes, no edge orientation binning is needed
which further reduces computation cost. Learning the discriminative functions for all
10 actions using the training data of the remaining 8 subjects took on average 886.1
ms. This training step only needs to be performed once but it shows the computational
simplicity of our approach. The average time to classify a test sequence was 12.5 ms.
Given the average sequence length of 2.5 seconds, we can conclude that our approach
works in real-time.

5.4

Additional experiments and results

In addition to the evaluations described above, we conducted several experiments to
see how our approach performs with different settings and under different conditions.
We used our HOSG-R-4 × 4 descriptors with the settings as described in Section 5.2),
unless stated otherwise. Also, we used the standard Weizmann human action dataset,
except in Section 5.4.3.
In Section 5.4.1, we use different image representations. Section 5.4.2 describes
our experiments where we used only part of the available training data. Evaluations on sequences with different deformations and viewpoints are discussed in Section 5.4.3. Finally, describe our experiments with recognition from a small number of
frames in Section 5.4.4.

5.4.1 Results using different image representations
In this section, we evaluate the effect of descriptor size and type on the classification
performance. We used HOG-R and HOSG-R descriptors that are extracted within a
ROI with fixed height-width ratio of 2.5. The former uses edges, extracted within a
silhouette mask (see also Section 3.2.4.1). The latter is described in Section 5.2. We
also used three different grid sizes: 3 × 3, 4 × 4 and 5 × 6. Note that HOSG-R-4 × 4
was used in the previous section. In addition, we evaluated the performance of the
HOG-F-5 × 6 that was previously used in Section 3. This descriptor is similar to the
HOG-R-4 × 4 but the ROI is the minimum enclosing rectangle of the foreground mask.
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Descriptor sizes for HOG-R are 81, 144 and 270 for the three grid sizes respectively. For HOSG-R, these sizes are 72, 128 and 240. For HOG-F-5 × 6, the length is
also 270. We kept the number of CSP components constant. Unseen sequences and
action prototypes were both points in 10-dimensional space (k = 5).
We used the LOOCV approach for evaluation, with the data of 8 subjects for training and the data of the remaining subject for testing. The results are summarized in
Table 5.2. HOSG-R performed slightly better than HOG-R. We can clearly see that
4 × 4 outperformed both smaller and bigger grids. We expect that 3 × 3 grids do not
capture enough detail to distinguish between classes. For 5 × 6 grids, we contribute
the lower performance to the smaller cell sizes. This causes the histograms to become
sparse which results in higher similarity scores when small variations between performances of an action occur. In also appeared that the differences between the two ROI
settings are small.

All actions
Skip omitted

HOSG-R
3×3 4×4 5×6
84.44 95.56 85.56
88.89 96.30 91.36

HOG-R
3×3 4×4 5×6
83.33 90.00 87.78
90.12 92.59 90.12

HOG-F
5×6
85.56
90.12

Table 5.2: Classification performance (in percent) using HOSG-R, HOG-R and HOG-F for different grid sizes.

5.4.2 Results using less training data
The fact that our approach is able to perform well, even though intra-class variation is
not modeled, gives the impression that we can train our classifiers with less training
data. Note here that training for all actions and all training subjects takes well under
1 second. To verify this hypothesis, we evaluate the performance of our approach
using different numbers of subjects in the training set. Again, we used the LOOCV
scheme. For each number of training subjects k, we present the results as averages
over all 8!/(k!(8 − k)!) combinations of training subjects. Table 5.3 summarizes these
results, both using all actions, and with the skip action omitted.
Subjects
1
2
3
4
5
6
7
8

Combinations
8
28
56
70
56
28
8
1

All actions
64.72%
77.82%
81.83%
84.60%
86.63%
89.01%
91.39%
95.56%

Skip omitted
69.14%
83.82%
88.98%
90.85%
92.44%
93.87%
94.91%
96.30%

Table 5.3: Classification performance of our CSP classifier on the Weizmann human action
dataset, using different numbers of training subjects. Combinations is the evaluated
number of subsets of subjects.
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Clearly, performance decreases with a decreasing amount of training data. But,
even when only a few subjects are used for training, the results are reasonable. We
expect that the variation in the direction of movement of the jump, run, side, skip and
walk sequences will have a significant impact on the results, especially for the evaluations with very few training subjects. Even though we do not model the movement
in the image, changing the direction of movement results in image observations to be
mirrored. Of course, this results in very different silhouette descriptors. We will look
at this issue further in the next section. Nevertheless, our approach can cope with
these variations to some extent.

5.4.3 Results on robustness sequences
The Weizmann human action dataset contains additional robustness sequences that
can be used to investigate how well an approach performs with less than perfect data.
There are two types of sets, each of which contain 10 additional walking sequences.
In the deformation sequences, different variations of walking are viewed from the
side (see Figure 5.3 (top row)). These sequences include walking with objects (bag,
briefcase, dog), different walking styles (kneesup, limp, moonwalk), different clothing styles (skirt) and occlusion settings (nofeet, pole). It is arguable whether the
different styles should be classified as walking since they show many similarities with
the skip action. In this experiment, we maintained to proposed labeling.
The viewpoint sequences show one walking subject, viewed from 0° (side view)
to 81° (near-front view), in increments of 9°. Figure 5.3 (bottom row) shows example
frames.

Figure 5.3: Example frames from the Weizmann robustness sequences. (top) Deformations,
images and silhouettes for bag, briefcase, dog, kneesup, limp, moonwalk, nofeet,
normwalk, pole and skirt. (bottom) Different viewpoints, images and silhouettes, 0° 81° in increments of 9°.

Our experimental setup was similar to the one used earlier but we used the training data of all 9 subjects. We performed the experiments on the deformation and
viewpoint sequences separately. We used the HOSG descriptors described in Section 5.2. Our results are averaged over the 10 sequences of each set. For the deformation sequences, we obtained 80.00% correct estimates. The incorrectly classified
sequences were moonwalk and pole, both of which were classified as running. For
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the viewpoints sequences, 80.00% were also classified correctly. The most challenging trials corresponding to viewpoints 72° and 81° were both classified as pjump.
When we reduced the number of subjects in our training set, we obtained lower
results. Specifically, for 5 subjects, we scored 79.60% correctly on the deformations,
and 70.16% on the viewpoints. For training on a single subject, these numbers decreased to 58.89% and 48.89%, respectively. These percentages are averages of all
combinations of training subjects. For the condition where we test only on a single
subject, we can evaluate the influence on walking direction on the performance, as
the sequences in both the deformations and viewpoints sets show walking from left to
right. When the training subject is walking in the same direction as the test subject,
the scores are respectively 80.00% and 74.00% on the deformations and viewpoints
sets. For the opposite direction, these numbers are significantly lower at 32.50% and
17.50%, respectively. Here, we did not look at the direction of related classes such as
run and skip but it shows that it is important to take the direction of movement into
account during training. Alternatively, different directions can be treated as different
action classes.

5.4.4 Results on subsequences
So far, we have used the entire sequence for classification. We assumed that temporal segmentation of the action was performed previously. This raises the question as
to how well our approach would perform when such accurate segmentation is not
available. Since the Weizmann human action dataset contains only sequences with
a single action, we focus on subsequences instead. We repeated our main LOOCV
experiment but varied the length of the test sequences. The training phase was exactly the same, so we used the entire sequences. For the testing, we used a sliding
window with a length in the range [1, 25]. The minimum sequence length was 28
frames. We slid the window through the sequence with steps of 1 frame. Average
performance results over all sequences for different subsequence lengths are given in
Figure 5.4(left). It is clear that increasing subsequence length results in an increased
performance. This can be explained by the additional information that is available as
the sequence becomes longer.
We expect that the relative progress within the sequence influences these results.
Most action performances start and end in a resting pose. Also, for moving actions
(e.g. walking and running), the start and end of the sequence take place partly outside the viewing window. Therefore, we looked at the classification performance
at different relative times within the sequence. We calculated the relative start of
the subsequence as the starting frame divided by the sequence length. To compare
sequences of different lengths, we binned these values into a 10-dimensional histogram. Each cell contains the average classification performance. Figure 5.4(right)
shows these results, averaged over all sequence lengths. It immediately becomes clear
that performance is indeed lower at the start and at the end of the sequence.
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Figure 5.4: Classification performance for different subsequence lengths (left) and at different relative times (percentages given) within the sequence (right).

5.5

Discussion

In this section, we compare our results with those reported previously in literature. In
Section 5.5.1, we present an in-depth comparison with recent exemplar-based holistic
work. In Section 5.5.2, we compare our approach with other results on the Weizmann
human action dataset. We discuss our approach with its strengths and its limitations
in Section 5.5.3.

5.5.1 Comparison with exemplar-based holistic work
In many cases, humans can recognize human actions from only a single prototypical
pose. Motivated by this observation, we explored the use of such key poses. Recently,
Weinland and Boyer [385] presented an approach where they described sequences as
a vector of minimum distances to selected exemplars. There are several approaches
to select these exemplars. Unsupervised clustering algorithms such as k-means and
expectation-maximization [65] are likely to select as exemplars those frames that are
common among all classes. As such, they are not discriminative. Alternatively, the
exemplar selection problem can be regarded as a feature subset selection problem,
where each frame is a feature. There are three types of supervised approach [31;
122]. Filters select subsets as a preprocessing step, without taking into account the
induction algorithm (classifier). Wilson and Martinez [389] present an overview of
filter approaches. In contrast, wrapper approaches [177] explicitly use the induction
algorithm into the subset selection scheme. A third approach is that of embedding
methods, which perform subset selection within the training process. Usually, these
methods are specifically designed for a given classifier and we do not consider them
here.
In this section, we describe our implementation of the approach of Weinland and
Boyer [385], using either k-medoids (k-means where cluster centra correspond to the
closest exemplar) or the wrapper approach to select exemplars. We used a Bayes classifier where each class is described as a multivariate Gaussian. Given the conceptual
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advantages of the wrapper approach over the unsupervised k-medoids, we expect to
achieve higher accuracies for a smaller number of exemplars.
We used a LOOCV approach where each fold corresponds to one of the 9 test
subjects. Our settings corresponded to those in [385], which we summarize here
for completeness. Specifically, we used a forward selection scheme. We started with
an empty set of exemplars E = ∅, and a full set of candidates C = {ci |1 ≤ i ≤
n} with n the total number of candidates. We sampled n = 300 frames from the
training sequences. At each iteration, an exemplar from the candidate set is moved
to the exemplar set. This is the exemplar that results in the largest performance
increase on the validation set. To make sure exemplar selection was not biased on
a single subject, we used cross-validation within this exemplar-selection step. Since
a perfect performance score on the validation set is easily obtained, we temporarily
and randomly removed exemplars until the validation score was below 100%. In
the validation step, we used the Bayes classifier where each class was described as
a multivariate Gaussian. To avoid singularity problems in the inversion, we used
an axis-aligned covariance matrix, in which all off-diagonal covariance elements are
zero. We used Mahalanobis distance D to determine the distance of each unseen
trial to all classes: D = (x − µ)T Σ−1 (x − µ), where x is the k-dimensional vector
of minimum distances to the k selected exemplars, and µ and Σ are the mean and
covariance of the given class, respectively.
When multiple frames resulted in the highest performance increase on the validation set, we randomly selected one of them. Also, the selection of the candidate
set was random. Therefore, we present our results as averages over 3 repetitions.
We used the HOSG-4 × 4 descriptors as our image representation, and performed our
experiments with all 10 action classes.

Figure 5.5: Exemplars selected using k -medoids (top), and the wrapper approach (bottom), both
with the number of exemplars k = 10. Test subject is Daria.

The results for different numbers of k are presented in Figure 5.6, with either kmedoids or the wrapper approach for exemplar selection. The graphs show that for
the wrapper approach, performance increases more rapidly. This can be understood
by the discriminative selection in the wrapper approach. Also, the performance with
the wrapper approach is slightly higher. For one repetition, the exemplars for k = 10
are shown in Figure 5.5. The exemplars that are selected in the wrapper approach
correspond more clearly to different classes, whereas k-medoids selects more exemplars that are common among classes, or are noisy. Confusion matrices for k = 50
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are presented in Table 5.4. It is clear that run and skip are often guessed, which
can be explained by the large within-variance. Remarkably, the two wave actions are
both often classified as bend. This is probably due to scaling the bounding box to a
fixed ratio. Especially for the bend and wave actions, the height of the human figure
changes quickly. Notice the perfect recognition for the walk action when the wrapper
approach is used. This shows the discriminative effect of the selected exemplars (see
exemplar 1 and 7 in the bottom row of Figure 5.5).
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Figure 5.6: Classification performance for different numbers of exemplars k for k -medoids (left)
and the wrapper approach (right).
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Table 5.4: Confusion matrices for exemplar-based experiment, with k = 50 exemplars. Exemplars
are selected using k -medoids (left, performance 74.81%) and the wrapper approach
(right, performance 83.70%). The numbers are accumulated for all test subjects in 3
repetitions.

Both the exemplar-based approach and our CSP classifiers are discriminative but
their strengths are different. The results of the exemplar-based approach are easily
interpretable and arbitrary distance measures between frames and exemplars can be
used. For example, Weinland and Boyer [385] use Chamfer distance and achieve
100% accuracy when at least 120 exemplars are used. The CSP classifiers are limited in that they require a vector representation. However, the CSP classifiers can
be trained very efficiently and have been shown to yield good results even for small
subsets or when limited training data is available. In a direct comparison using the
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HOSG descriptors our CSP classifier outperforms the exemplar-based approach with
over 10%. Differences between our results on the wrapper approach and those reported in [385] can be explained by the different image representation and matching. The Chamfer matching is more robust at the cost of being more computationally
expensive.

5.5.2 Comparison with other related research
There have been several other reports of results on the Weizmann human action
dataset. We review these and point out differences with our work. Such comparisons reveal the relative advantages of one method over the other. We selected works
that are representative of a class of approaches.
Niebles and Fei-Fei [238] achieved a 72.80% score over 9 actions. Spatial and
spatio-temporal interest points were sampled, and combined into a constellation. Action classification was performed by taking a majority vote over all individually classified frames. No background segmentation or localization was needed. This makes
their approach more robust than ours. Recent work by Thurau [345] used HOGdescriptors for both detection and action classification. No background segmentation
was used, but centered and aligned training data was needed. For classification, ngrams of action snippets were used. With all 10 actions and 90 bi-grams, performance
was 86.66%.
In theory, the work of İkizler and Duygulu [144] did not require background
segmentation but localization was assumed. A large number of rotated rectangular patches were extracted, and divided over a 3 × 3 grid, forming a histogram of
oriented rectangles. A number of settings and classification methods was evaluated
on the dataset without the skip action. All actions were classified correctly when using Dynamic Time Warping. This requires the temporal alignment of each unseen
sequence to all sequences in the training set, which is computationally expensive. Using one histogram per sequence, 96.30% was scored. Again, this requires comparison
to all training sequences. For comparison, we calculated the performance of our descriptor using a length-normalized histogram over the entire sequence and 1-nearest
neighbor using Euclidian distance, and with the skip action left out. This resulted in
96.30% performance, a similar score.
Other works require background subtraction and used the masks that are provided
with the dataset. Wang and Suter [376] scored 97.78% over all 10 actions. Raw
silhouette values were used, and long-term dependencies between observations were
modeled in their FCRF. When small blocks of pixels were regarded, thus effectively reducing the resolution, performance decreased. For 4×4 blocks and 8×8 blocks, scores
were obtained of 92.22% and 77.78%, with descriptor sizes 192 and 48, respectively.
Kernel PCA was used to reduce the dimensionality, but the dimension of the projected
space was not reported. In contrast, we started with a 128-dimensional silhouette
descriptor, and performed the classification using only 10 components. Moreover, our
training requirements are much lower. On the other hand, FCRFs are able to model
complex temporal dynamics.
There are several reports of schemes where subsequences are classified. For example, Blank et al. [30] used subsequences of 10 frames, and obtained a performance
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of 99.64%. They used local features, extracted from a space-time volume that was
constructed by concatenating silhouettes over time. Schindler and Van Gool [306]
used local shape and optical flow, and evaluated their approach using subsequences
between one and 10 frames. Their performance of 93.5% for a single frame increased
to 99.60% when 10 frames were used. In contrast to these works, we used a holistic
representation and no motion information. Such a representation can be obtained
much faster. The downside is our lower performance of 89.56% using 10-frame subsequences.

5.5.3 Conclusion
We have shown that the application of common spatial patterns to increase the margin
between pairs of classes, also increases classification performance. Confusions that
remain are between related classes such as walking and running. These results are
competitive, and we have shown that we can even obtain reasonable results with only
a few training subjects. Moreover, training and evaluation complexity are low.
Oriented silhouette boundaries were encoded as a histogram of orientated gradients (HOSG) within cells of a grid. Such a holistic representation can be calculated
fast but generally cannot cope with more severe occlusions. We conducted additional
experiments with walking sequences with variations. Here, it was shown that the
sequence with a pole-like occlusion was not classified correctly. Another drawback is
the dependence on an accurately determined region of interest. To assess the performance of our method on more realistic scenes reliably, our work should be combined
with an automatic human detection preprocessing step, such as in [414].
Simple pairwise discriminative functions were used, where each class was represented by an average vector of all training sequences of the class. Such an approach is
simple, yet does not model intra-class variance. Such a prototype is likely to be an average of multiple modes, especially when there are large differences within the class,
such as different directions of movement. To overcome this issue, multiple classes
for a single action could be introduced, depending on the direction of movement.
Moreover, the temporal aspect in our action prototypes is, to a great extent, ignored.
Performance could be increased by including temporal characteristics.
We have evaluated our work on entire sequences and subsequences. We did not
explicitly address the temporal segmentation. Also, current datasets for human action recognition do not contain an ‘other’ class. Instead of selecting the class with
the highest voting mass, this would also require an approach to decide whether the
chosen class is really observed. Generally, this is a harder problem since there is
more variation in the ‘other’ class and the prior probabilities for the classes can vary
significantly.

6

Human action recognition from recovered poses

In the previous chapter, we presented our approach to classify human movement from
image sequences. While we achieved good distinction for side views, the main limitation of this approach is the dependency on the viewpoint. We showed that recognition of walking motion was unaffected for moderate changes in viewpoint, but larger
differences in viewing direction between training and test sequences could not be
accommodated. Moreover, we expect that for actions with more variation (such as
throwing a ball), it might prove to be more difficult to recognize the action from
different viewpoints. In Chapter 3, we introduced our example-based approach to
human pose recovery. We demonstrated that we could recover poses with reasonable
accuracy from image descriptors. Our pose descriptor consisted of the 3D locations
of 20 key joints in the human body relative to the pelvis. We believe that such a representation is sufficiently rich to allow for recognition of human actions. Therefore,
in this chapter, we combine our pose recovery approach with our common spatial
patterns classifier to recognize human actions from recovered poses instead of from
image descriptors.
One great advantage of using poses is that they can be made invariant to rotations.
As such, we can train and test on sequences recorded from different viewpoints. We
still require that a certain pose from a certain viewpoint can be recovered but we do
not require a performance of the action from a specific viewpoint. Moreover, we show
that we can learn action models from motion capture data. We can use these models
to test on sequences of recovered poses. Ideally, one could record motion capture data
once and learn the action models from this data. In addition, character generation
software such as Poser, Maya or 3D Studio Max could be used to generate images
from a variety of viewpoints. The corresponding image descriptors together with the
associated poses could form the example database to be used for pose recovery. Such
an approach would enable simultaneous recovery of human poses and recognition
of the action from arbitrary viewpoints with low training requirements. Instead of
synthetically generated images and in line with Chapter 3, we use real images from
the HumanEva dataset in this chapter.
Another advantage of our combined approach is the reduced sensitivity to partial
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occlusions. In Section 3.3, we demonstrated that we could recover poses under partial
occlusion. Since we use these recovered poses instead of image descriptors, we can
recognize actions when these occlusions are present. This is not possible when using
the image descriptors directly, such as in the previous chapter. The application of PCA
will include the dimensions, corresponding to orientation bins of the occluded cells,
into multiple (usually all) transformed components. This effect is also present for the
selection of the CSP components.
We observed in the previous chapter that our discriminative CSP classifiers can
be trained with very few training sequences. In this chapter, we use the HumanEva
dataset, which contains a significantly lower number of sequences than the Weizmann human action dataset. Consequently, some actions that we want to recognize
have only a single or small number of training sequences available. Nevertheless,
we demonstrate that we can obtain reasonable results for the classification of human
actions.
As both the pose recovery approach and the CSP classifier have low computation
requirements, our combined approach is still fast. With an optimized implementation,
our approach can be made suitable for real-time simultaneous recovery of human
poses and recognition of human action. For online human action recognition, there
will always be a short delay due to the fact that we use short sequences of movement
over time for classification.
Human pose descriptors have been used for human action recognition in several
different classification approaches. For example, Ali et al. [10] use the approximate
2D locations of the head, hands and feet. These can be recovered relatively easily but
do not allow for viewpoint-invariant action recognition.
Also, the use of 3D pose descriptors to train and test action models is not novel.
However, several other works do not regard the recovery of the poses, but assume
that accurate pose descriptors are available [262; 285; 313; 314; 405]. Recent work
by Han et al. [123], is somewhat related to our approach as they also take a discriminative approach. They first project the pose representation down using a Hierarchical
Gaussian Process Latent Variable Model (HGPLVM). Next, they learn motion patterns
for each limb individually and use a CRF to predict the motion in the manifold subspace. Finally, an SVM is used to classify the motion pattern. Their approach is limited
as they only consider movements with low intra-class variation. Also, temporal segmentation is assumed and it remains unclear how the approach would perform with
different rates of movement. Also related is the work by Lv and Nevatia [206], where
the motion of each limb is modeled with an HMM and AdaBoost is used to discriminate between actions. While some of the above approaches are invariant to body
dimensions and speed of performance, it remains an open question how these methods would perform with less than perfect pose estimates, for example, due to pose
recovery inaccuracies.
The combination of pose recovery and human action recognition has been addressed in a number of works. The limb tracker in Ramanan et al. [283] can recover
2D joint locations without assuming a particular motion model. Their work is based
on the pictorial structures idea of [89]. In later work, 2D joint tracks are lifted to 3D
using stored motion capture fragments [282]. These fragments have been annotated
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in terms of action labels. Action recognition is based on the frequency of occurrence
of these annotations in a recovered motion sequence, and an HMM is further used to
smooth these estimations over time. İkizler and Forsyth [145] use a slightly different
approach where lifting of the 2D tracks to 3D is performed for each limb separately.
Recent work by Ferrari et al. [93] uses a progressive reduction of the search space to
find upper-body poses. They first apply a pose-independent upper-body detector that
is similar to the HOG-based person detection work by Dalal and Triggs [58]. After
this reduction, they use the pictorial structures concept to iteratively determine the
body pose [281]. The segmentation of the body pose is regarded as a richer descriptor
and subsequently used for action recognition. These works all rely on the bottom-up
detection of limbs. Such an approach has the advantage that no appearance model is
required. Also, no background segmentation step needs to be performed. The drawback is in the computational complexity. Both the recovery of the 2D poses, and the
lifting to 3D are computationally expensive processes and it will be a challenge to perform these tasks in real time. Work by Peursum et al. [268] combines pose recovery
and action recognition using a variant of the hierarchical HMM. While their approach
can deal with many real-world conditions such as partial occlusions and generalization between subjects, their approach is rather slow due to the high parameter space.
In contrast, our work has a low computational complexity. Apart from a small
delay caused by the fact that we classify motion over a short span of time, our approach can be made to operate in real time. We achieve this by combining our fast
pose recovery approach with fast classification of human actions. To the best of our
knowledge, there is no work that attempts the online, simultaneous recovery of human poses and recognition of actions. In addition, we show that our approach can
deal with partial occlusions when these are predicted. Moreover, our experiments
demonstrate that we can deal with considerable variation of movement even when
we have only a small number of training sequences available. Finally, we show that
we can temporally segment sequences of movement. A limitation of our approach is
that we assume detection of the human figure obtained through background segmentation. Also, our example database requires a reasonable number of examples that
span the convex hull of those poses and viewpoints that we expect to recover.
In Section 6.1, we discuss the adaptations that we need to make in order to be able
to use our human action recognition approach with pose descriptors. Specifically, we
explain how we normalize the pose descriptors for rotation and differences in human
body dimensions. We present our main action recognition experiment in Section 6.2,
and describe additional experiments and their results in Section 6.3. Finally, we discuss our approach with its strengths and limitations in Section 6.4.

6.1

Adaptations to the action recognition approach

When we replace the image descriptors with pose descriptors, we do not have to adapt
the common spatial pattern approach that we described in Section 5.1. Specifically,
we determine and evaluate the discriminative functions in exactly the same way. The
type of input is all that is changed. In the classification of human movement, we are
not interested in the direction in which a certain action is performed. This implies
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that we do not distinguish between, for example, walking in a circle and walking
in a straight line. While for some applications, this information is valuable, training
complexity is much lower when the direction is ignored. Optionally, the heading
direction can be used at a later stage. Here, we do not employ such a step. Apart
from variation in the direction of movement, there are also variations in body size
between persons. Given that our CSP classifier uses the variance in joint locations,
differences in body dimensions affect the CSP transform. To reduce this influence, we
apply uniform normalization on all joint distances.
We discuss the rotation normalization in Section 6.1.1, and the rotation for different body heights in Section 6.1.2.

6.1.1 Rotation normalization
We use rotation-invariant pose descriptors in order to be able to train and test action
models regardless of the direction of the movement. To this end, we normalize the
rotation of the poses. We only consider rotations around a vertical axis, as a rotation
around this axis does not affect the relative direction of gravity. Consequently, two
poses that are equal, apart from a rotation around a vertical axis will be performed
with the same muscular activity. This is not the case for any other axis. For example, we consider making jumping jacks (or star jumps) and making snow angels (the
same movement but performed horizontally in the snow, usually by children) as two
different activities whereas the direction in which either is performed, does not affect
the labeling.
To normalize poses for this rotation, we need to determine the heading direction
of the movement, or rather the direction in which the body is facing. Since this
direction is not explicitly defined in the pose description, we need to define how we
determine it. Ideally, we would use two joints that are approximately in the same
plane, parallel to the ground plane. In this case, we can easily determine the angle
between a line in the ground plane, and a the projection of a line between those
two joints. Given the markers that are used in the HumanEva dataset, there are
two options: the two shoulder joints (upperRArmProximal and upperLArmProximal)
or the two hip joints (upperLLegProximal and lowerLLegProximal). We found that the
shoulder joints showed considerable variation when performing the box, gesture and
throw movements. Also, it appeared that the recovery errors for the shoulder joints
were, on average, higher than those for the hip joints. Therefore, we use the hip joints
to determine the heading rotation. To this end, we calculate the directed, inverse
tangent of the positive x-axis and the line through the two hips joints projected onto
the ground plane. Note that using the positive x-axis is an arbitrary choice and we
could have used any line in the ground plane without affecting the results. Figure 6.1
shows several frames with recovered poses overlaid together with the normalized
poses which are all facing the camera.

6.1.2 Body height normalization
There is considerable variation in the body height of the different subjects in the HumanEva dataset that are available for training. When using joint locations as action
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 6.1: Recovered poses of frames 100 of different actions, evaluated with a single camera
using T1. (a,b) walking, camera C1, subject 1 (c,d) box, camera C2, subject 2 (e,f)
throw, camera C3, subject 3. For the directed poses in (a,c,e), the 3D pelvis location
was set manually, as we only estimate relative joint locations. The rotation-normalized
poses in (b,d,f) are scaled differently.

features, variation in body dimensions have an effect on the CSP components. CSP
partly focusses on this variance between subjects instead of the variance within the
movement itself. To solve this issue to some extent we normalize all joint distances. In
practice, normalization of each segment individually would allow for optimal comparison of movements performed by different subjects. However, such a normalization
requires robust determination of segment lengths from data, which is difficult to obtain due to inaccurate pose recovery. Instead, we use uniform scaling of all segment
lengths. Since the height of a subject is not known, we have to use the recovered pose
itself to obtain an estimation. After recovering the pose, the height of a person could
be approximated by summing the lengths of lower and upper legs, the spine and the
head. However, since these joint locations that are used to calculate these lengths are
obtained through weighted interpolation, the locations of the feet can significantly
differ from the real pose. The fact that the joint locations that are used within HumanEva do not exactly coincide with the physical joint locations adds to this problem.
A bent leg could therefore have a different estimated length than a stretched leg.
These variations in estimated leg length have an effect on the overall estimation of
the subject’s height.
We quantitatively analyzed the motion capture data of the HumanEva Walking
training sequences. We calculated the subjects’ length by summing the lengths of the
left lower and upper legs, the spine and the head. The lengths of subjects 1, 2 and 3
are 153.19 cm, 162.83 cm and 170.20 cm, respectively. We have also calculated the
lengths from poses that were recovered using the method described in Section 3.2,
with the HOG-F-5 × 6 descriptors and using monocular example set T1. Again, we
used only the Walking sequences. The average lengths of subjects 1, 2 and 3 are
153.18 cm, 162.82 cm and 169.46 cm. These values are very similar to those obtained
from the motion capture data. While these numbers led us to believe that we could
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robustly use the approximated height of the subject, there is significant variation in
this height between frames. For example, the standard deviation of the estimated
height of subject 1 is 16.33 mm (16.12 mm when using mocap).
If we look at the length of the spine alone, this variance is much lower. For subject
1, we obtain 1.92 mm when using recovered poses, and 1.60 mm when using motion
capture data. The average subject’s height is approximately four times the length of
the spine, so an equal deviation would have more impact when using the spine for
normalization. However, the much lower variation in estimated spine length motivates our decision to use the spine length for normalization. This choice has another
advantage as we do not make use of the length of the head. As we mentioned before
in Section 3.2.3.3, some of the training sequences of subject 3 contain erroneous values for the headProximal marker, which is located on top of the head. While examples
with these values still influence the estimation of this marker, they do not influence
the normalization.

6.2

Experiment results

We evaluate the performance of our combined approach on the HumanEva-I dataset.
The use of this dataset is suitable as it allows us to look closer at the influence of inaccuracies in the recovery of poses on the classification results. Moreover, the actions in
the HumanEva dataset have been performed in a less controlled manner. Compared
to the Weizmann human action dataset that we used in the previous chapter, there
is much more variation in the performance of the different actions. There is considerable variation in action execution for different subjects. This is especially true for
the non-cyclic actions such as punching and catching a ball. Figure 6.2 shows several
frames of the right punch action where the arm is maximally extended. Apart from
these different poses, there is much variation in the movement as well. This makes
the dataset more realistic than, for example, the Weizmann human action dataset.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 6.2: Example frames of the punch right action, performed by (a-b) subject 1, (c-d) subject
2, (e-f) subject 3. Frames (a,c,e) are from the training set, frames (b,d,f) are from the
test set. All frames are viewed from camera C1.
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Each sequence in the HumanEva dataset contains one activity that can consist
of several different actions. For example, a Throw/Catch sequence can consist of
several throws and catches and some additional segments where the subject is in rest
or walking. Given that these actions are performed in sequence, there is a transition
from one action to the other. While it is difficult to determine where one action stops
and the other starts, such a transition is typical for realistic human movement. In our
experiments we have temporally segmented the actions but we have not explicitly
labeled these transitions. As a result, these transitions are part of the performance of
the action, which also adds to the variation within an action class. Additionally, we
present an experiment in Section 6.3.3 where we investigate how well we can use our
approach to perform temporal segmentation of the human motion.
Another important motivation for the use of the HumanEva dataset is the fact that
there is considerable variation in the direction of performance. The Walking and Jog
activities are performed in a circle but there is also moderate variation for many other
actions (see also Figure 6.2). We only present our results using camera C1, but our
approach would not require retraining if we were to use any of the other cameras.
To the best of our knowledge, we are the first to perform more specific action
recognition on the HumanEva dataset. Ning et al. [245] use the HumanEva set but
only distinguish between walking, jogging, boxing and gesturing. In contrast, we
distinguish between actions with more subtle differences. The INRIA XMAS multiview dataset (see Section 4.1.4.3) contains multiple viewpoints, and each sequence
consists of a number of actions performed in sequence. However, no pose information
is present. Also, the different actions are performed in a fixed order which makes the
transitions less realistic. Since the overlap in actions of the different human action
datasets is minimal, we have only used the HumanEva dataset in our experiments.
We describe the construction of the training and test sets from the HumanEva
sequences in Section 6.2.1. The setup of our experiment, where we train and test
on poses that have been recovered using our example-based approach, is explained
in Section 6.2.2. In Section 6.2.3, we summarize and discuss our results. Additional
experiments are presented in Section 6.3.

6.2.1 HumanEva action dataset
The sequences in the HumanEva-I dataset are labeled by one activity (Box, Gesture,
Jog, Throw/Catch, Walking, Combo) but contain a variety of actions. Therefore we
manually labeled the training and test sequences with action labels. A successive
number of frames with the same action label is termed an action segment and can
contain multiple iterations of the action. Table 6.1 summarizes the number of action
segments and the total number of frames for both the training sequences and the test
sequences. The frame rate of the HumanEva dataset is 60 frames per second. In line
with Chapter 3, we only use the HumanEva-I sequences of subjects 1-3. There are
only a few segments of the walking and jog action which are all relatively long. This
is because these actions are performed repeatedly without interruption of another
action. In contrast, the average number of frames of the throw and box actions is
much lower due to the fact that different actions are performed in rapid succession.
The labeling of the action segments is arbitrary. First, the label set is a compromise
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between specificity and generalization. For example, there is much variation in the
boxing and gesture actions, such as in the direction of the punch or in the height of the
wave gesture. Yet, we only distinguish between the hand that makes the movements,
and between two coarse movement classes. Second, the temporal segmentation could
have been performed differently as it is often not clear where in time an action starts
and ends. As noted before, the sequences contain transitions from one action to the
next. We have not explicitly labeled these transitions but rather, each action segment
starts with approximately half of the transition from the previous action, and ends
with the first half of the transition to the next action.
Table 6.1 shows that some actions are only performed by one or two subjects.
Some of these have only been performed once, such as the clap, wave both and get up
actions. The balancing and jump actions in the Combo sequences are only available
in the test set. For other actions, there are only very short segments available. In
our experiment we evaluate the human action recognition performance for several
different sub-sequence lengths. In some cases we do not have any sufficiently long
training or test segments available. Therefore we use different subsets of the action
classes depending on the sub-sequence length setting. Our only criterion for including
an action in the subset is that there is at least one training segment and one test
segment of sufficient length available for the action.
For both the training and the test segments, we recovered the pose for each frame.
To this end we used our example-based pose recovery approach that is described in
detail in Chapter 3. We used the same settings, with the HOG-F-5 × 6 descriptors,
monocular example set T1 and all frames viewed from camera C1. When a training
frame had valid motion capture data associated, the recovered pose was exactly the
same as the motion capture data. This is the result of using the weighted normalization in the recovery of the poses. For frames where the motion capture data was
invalid, a weighted interpolation of valid poses from the example database was used.
In contrast to only using the valid motion capture frames, the use of recovered poses
allowed us to use all frames in the training sequences. Were we only to consider
frames with valid motion capture, the available number of sub-sequences of sufficient
length would be drastically reduced.
We performed the rotation and body length normalization as described in the
previous section for the recovered pose of each frame. The pelvis (torsoDistal) joint is
always located at the origin of a local coordinate space. Therefore, we removed this
joint from the pose description, which reduced the dimensionality to 57D.

6.2.2 Experiment setup
In this section we discuss the setup of our main experiment. We used separate training
and test sets, in contrast to the previous chapter where a leave-one-out approach was
adopted. Also, instead of image descriptors, we used the recovered poses of the
HumanEva-I action as explained in the previous section.
Even after the removal of the torsoDistal joint from the pose description, some of
the dimensions show low variance, such as the hip and neck joints. To avoid singularity problems in calculating the inverse covariance matrices, we selected the first
30 out of 57 components after performing principal component analysis. These com-
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Action
Rest
Walking
Jog
Punch r.
Punch l.
Uppercut r.
Uppercut l.
Wave r.
Wave l.
Beckon r.
Beckon l.
Throw low r.
Throw side r.
Throw high r.
Catch
Clap
Wave both
Get up
Balance foot r.
Balance foot l.
Jump foot r.
Jump foot l.
Rest hands high

S1
5 (453)
1 (1203)
1 (740)
5 (225)
4 (200)
2 (89)
2 (136)
4 (449)
0 (0)
3 (352)
0 (0)
2 (139)
0 (0)
2 (180)
4 (243)
1 (69)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)

Training
S2
7 (624)
2 (974)
1 (795)
7 (352)
6 (258)
1 (39)
1 (45)
2 (100)
1 (80)
4 (301)
2 (128)
1 (108)
1 (104)
1 (120)
3 (246)
0 (0)
1 (89)
1 (71)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)

S3
8 (373)
1 (939)
1 (842)
9 (448)
9 (328)
3 (195)
1 (36)
5 (511)
0 (0)
4 (516)
0 (0)
3 (240)
0 (0)
2 (172)
5 (317)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)
0 (0)

S1
5 (370)
3 (2162)
2 (1603)
3 (163)
3 (120)
3 (146)
3 (177)
5 (516)
0 (0)
5 (554)
0 (0)
1 (104)
1 (83)
2 (175)
4 (219)
0 (0)
0 (0)
0 (0)
1 (122)
2 (203)
1 (198)
1 (307)
0 (0)

Test
S2
13 (780)
4 (2078)
2 (1328)
7 (348)
6 (335)
2 (134)
0 (0)
4 (252)
2 (117)
4 (346)
1 (93)
3 (322)
0 (0)
2 (193)
5 (358)
0 (0)
0 (0)
0 (0)
1 (138)
1 (137)
1 (98)
1 (95)
3 (172)

S3
10 (461)
3 (1515)
2 (1390)
5 (210)
5 (187)
2 (133)
0 (0)
2 (224)
0 (0)
3 (329)
0 (0)
3 (240)
0 (0)
2 (169)
6 (353)
0 (0)
0 (0)
0 (0)
1 (186)
1 (192)
1 (66)
1 (118)
0 (0)

Table 6.1: Number of segments for different actions and subjects in the training and test set of the
HumanEva-I dataset. Numbers between brackets are the total numbers of available
frames. Abbreviation r. stands for right, l. stands for left.

ponents explained approximately 98% of the variance. For all experiments described
in this chapter, we used 6 (k = 3) CSP components to describe the action prototype
vectors and the test sequences. We experimented with other values for k but found
no improvement for k > 3. In line with our experiments with image descriptors,
this is 20% of the dimensionality after PCA reduction. Again, each discriminant function softly voted into the two classes using Equation 5.5. We selected the class that
received the highest voting mass as the estimated action class.
There is a lot of variation in the duration of the performance of an action. A single
repetition of a wave action lasts approximately half a second, whereas a throwing action takes on average three times longer. Also, many walking, jog, wave and beckon
segments contain multiple repetitions of the action. If these were to be treated as
a single segment, there would be much less data available for training and testing.
Therefore, each segment was divided into sub-sequences of fixed length. Specifically,
we used sub-sequence lengths of 30, 60, 90 and 120 frames. The frame rate of the
HumanEva dataset is 60 frames per second, thus these lengths range from half a second to two seconds. To increase the number of training and test sub-sequences, two
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adjacent sub-sequences overlapped with half of their length. As mentioned in the previous section, the sub-sequence length influences the number of sub-sequences that
are available for training and testing. These numbers are summarized in Table 6.2.
Given that we required at least one sub-sequence for training and one for testing, the
total number of action classes was 15 for sub-sequence lengths of 30 and 60, 7 for
lengths of 90 frames, and 5 when 120 subsequent frames were used.
Sub-sequence length
Action
Rest
Walking
Jog
Punch r.
Punch l.
Uppercut r.
Uppercut l.
Wave r.
Wave l.
Beckon r.
Beckon l.
Throw low r.
Throw side r.
Throw high r.
Catch

30 frames
Train Test
68
65
202 368
155 280
39
27
25
23
13
18
10
7
56
51
4
5
60
65
6
5
24
34
5
4
25
27
36
38

60 frames
Train Test
21
11
99
178
75
136
5
3
3
1
2
4
2
1
19
18
1
1
21
22
1
2
7
11
2
1
9
9
9
8

90 frames
Train Test
10
5
63
111
48
88
2
0
0
0
0
0
0
0
8
8
0
0
10
11
0
0
2
4
1
0
3
3
0
0

120 frames
Train Test
5
2
46
82
36
64
0
0
0
0
0
0
0
0
2
2
0
0
3
3
0
0
0
0
0
0
1
0
0
0

Table 6.2: Number of available training and test sub-sequences for different sub-sequence
lengths.

Training of the CSP classifier proceeded in the same manner as when using image
descriptors. Specifically, for each pair of action classes the action prototypes were
the means of the transformed vectors of all training sub-sequences. From the action
prototype vectors for each pair of classes, we constructed the discriminative functions
as in Equation 5.5.

6.2.3 Results
The human action recognition results of the CSP classifier on the HumanEva action
sub-sequences are summarized in Table 6.3. For comparison, we also calculated the
performance without the use of CSP both with the 30 and the 6 first PCA components.
It is clear that the CSP classifier performs better than when the pose descriptors are
used directly.
When comparing the different sub-sequence lengths, we observe an increase in
performance for longer sub-sequences. Part of this increase can be attributed to the
fewer number of classes for sub-sequence lengths of 90 and 120 frames. For an uninformed guess, the baseline is 14.29% and 20% for these lengths, respectively, instead
of the 6.67% for the two shorter sub-sequence lengths. If we would know the a priori class probabilities, we could make an informed guess and always choose the class
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with the highest probability. In this case, the baselines for sub-sequence lengths of
30, 60, 90 and 120 frames are 36.18%, 43.84%, 48.26% and 53.59%, respectively.
However, we do not explicitly use information about a priori class probabilities.
Another important factor is the high number of walking and jog sub-sequences. In
general, these were classified correctly more often then other classes. This is the case
both when using CSP, and without CSP. For sub-sequence lengths of 30 frames, the
total number of walking and jog sub-sequences is 64.35% of all sub-sequences. For a
sub-sequence length of 120, this share is 95.42%. The relatively low score in the case
with a sub-sequence length of 90 frames but without CSP can mainly be explained
by the fact that many walking sub-sequences of subjects 1 and 2 were classified as
rest action. The walking movements of subject 3 might be classified correctly due to
the longer stride of this subject. Consequently, the extension of the arms and legs is
more pronounced. A third factor that contributed to the higher performance is the
fact that longer sub-sequences contain more information. The 30 frames, or half a
second, often contain only part of the whole action. For example, a throw action can
take two seconds. When an action is only observed for half a second, characteristic
movement might not be taken into account. When longer sub-sequences are used,
the probability that this characteristic movement is included in the sub-sequence is
higher.
Sub-sequence length
Number of classes
CSP classifier
Without CSP (30D)
Without CSP (6D)

30 frames
15
76.89%
68.04%
63.72%

60 frames
15
87.20%
71.50%
65.46%

90 frames
7
92.17%
69.13%
69.57%

120 frames
5
93.46%
81.70%
71.24%

Table 6.3: Classification performance on the HumanEva-I human action dataset, for different subsequence lengths and corresponding action subsets.

We discuss the results for sub-sequence lengths of 60 frames in more detail. For
this length, all 15 action classes were used. Confusion matrices of the experiment
results when using the CSP classifier and without the CSP transform are presented in
Tables 6.4 and 6.5, respectively. Our first observation is the high recall and precision
of the walking and jog actions, especially for the CSP classifier. As these two actions
were performed in a circle it is clear that our approach can deal with variations in
viewpoint. In the latter table, we present results when using the first 6 principal
components but without CSP transform. Compared to the CSP classifier, the main
difference in performance was caused by the frequent misclassifications of the walking
action. The vast majority of these confusions corresponds to sub-sequences performed
by subject 1. Between the two settings, there are also differences in performance for
the right wave and beckon actions. When no CSP transform was used, all beckon
movements with the right hand were misclassified, mostly as waving with the right
hand or catching a ball. With CSP, the performance for the beckon right action is
72.72%, and the confusions are all with the jog action. For the wave action, there
are some confusions with the beckon action. When no CSP was used, there are some
additional confusions with the throw low and catch actions.
There are clearly differences in both recall and precision for the different actions.
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9
8
0
1
0
0
0
0
1
0
2
1
0
0
5

4
169
0
0
0
0
0
0
0
0
0
2
0
0
1

1
1
136
1
2
1
0
0
0
6
0
0
0
0
0

0
0
0
2
0
1
0
0
0
0
0
0
0
0
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0
0
0
0
0
0
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0
0
0
0
0
0
0
0

0
0
0
0
0
2
0
0
0
0
0
0
0
0
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0
0
0
0
0
0
1
0
0
0
0
0
0
0
0
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0
0
0
0
0
0
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0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

2
0
0
0
0
0
0
5
0
16
0
0
0
1
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
4
0
0
1

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
1
7
0

0
0
0
0
0
0
0
0
0
0
0
4
0
1
2

Recall
56.25%
94.94%
100.00%
50.00%
0.00%
50.00%
100.00%
72.22%
0.00%
72.72%
0.00%
36.36%
0.00%
77.77%
22.22%

Precision
33.33%
96.02%
91.89%
66.67%
0.00%
100.00%
100.00%
100.00%
0.00%
66.67%
0.00%
80.00%
0.00%
87.50%
28.57%

Table 6.4: Confusion matrix for the CSP classifier, trained and tested on recovered pose subsequences of length 60. Recall and precision values are given for each class.

The walking and jog actions have a high recall and precision, but some of the other
actions were poorly recognized. This is especially true for the actions that were performed with the left hand, such as the punch, wave and beckon actions. For these
actions, there were very few training sub-sequences available. Moreover, all these
actions were performed by subject 2 who showed a lot of variation in his movements.
This not only had an effect on the action classification itself but also on the prior
recovery of the poses. We expect that this is generally the case. More variation in
the performance of the movement will decrease recovery accuracy and consequently
affect the action recognition. A similar effect is also present for the recovery of poses
in the training set for which no valid motion capture data was available.
The large number of test sub-sequences for the walking and jog actions determined the performance reported in Table 6.3 to a great extent. Alternatively, we
could present the average recall over all actions. Such a measure ignores the number
of available test sub-sequences. This reduces the effect of the large number of walking
and jog sub-sequences but at the same time puts a disproportional weight to action
classes that have only a few test sub-sequences available. When using sub-sequences
of 60 frames, the average recall over all classes is 48.83% for the CSP classifier, and
42.42% when no CSP transform was used. For comparison, for sub-sequences of 90
frames, and only 7 action classes, the average recall was 79.20% and 67.69%, respectively. This large difference can largely be explained by the fact that in the latter case
actions with short segments were not taken into account. These were the actions that
had only a few training sub-sequences available when using 60 frames.
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0
0
0
0
0
0
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0
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0
0
1
5
1

0
0
0
0
0
0
0
3
0
10
0
0
0
0
3

Recall
50.00%
58.43%
99.26%
25.00%
0.00%
50.00%
100.00%
55.55%
100.00%
0.00%
0.00%
9.09%
0.00%
55.55%
33.33%

Precision
9.41%
99.05%
98.54%
25.00%
0.00%
25.00%
25.00%
47.62%
25.00%
0.00%
0.00%
25.00%
0.00%
71.43%
18.75%

Table 6.5: Confusion matrix for the classifier without CSP transform, trained and tested on recovered pose sub-sequences of length 60. The first 6 principal components are used as
pose descriptor. Recall and precision values are given for each class.

6.3

Additional experiments and results

In this section we present some additional experiments where we investigated the performance of our approach under different settings and conditions. In Section 6.3.1,
we evaluate our approach on poses that are recovered from different HOG and HOSG
descriptors. We present our experiment with simulated occlusion in Section 6.3.2.
Finally, we demonstrate that our approach can be used for temporal segmentation
of human action. A discussion of our approach and the results obtained appears in
Section 6.4.

6.3.1 Results using different image representations
In the experiment described in Section 6.2, we used the HOG-F-5 × 6 descriptor to
describe the image observation of the person. In this section, we evaluate the action
recognition performance when using HOG and HOSG descriptors with different grid
sizes. The settings we used are similar to those described in Sections 3.2.4.1 and
5.4.1. Specifically, we used the HOG-R and HOSG-R descriptors, where the ROIs
have a fixed ratio between height and width, instead of the setting of the HOG-F5 × 6 descriptor where the ROI exactly fits the silhouette. The use of different image
descriptors results in different pose descriptors and, consequently, we expect that
action recognition performance is affected.
The setup of this experiment was similar to the main experiment described in the
previous section. Both training and testing were performed on the recovered poses
obtained from different image descriptors. It should be noted that the training and
test sequences could have been recovered with different image representations as
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only the poses are used in constructing the classifiers. However, we have used the
same representation. The number of training and test sub-sequences can be found
in Table 6.2. We only evaluated sub-sequences of 60 frames in length. The corresponding number of action classes was therefore 15. The results of the experiment
are summarized in Table 6.6.

CSP classifier
Without CSP (30D)
Without CSP (6D)

3×3
85.02%
72.71%
70.05%

HOG-R
4×4
86.47%
73.19%
65.94%

5×6
78.02%
78.02%
71.50%

HOSG-R
3×3
4×4
5×6
64.73% 78.26% 80.92%
74.40% 79.95% 82.13%
64.25% 71.98% 71.26%

Table 6.6: Classification performance on the HumanEva-I human action dataset, for different HOG
and HOSG grid sizes. The sub-sequence length was 60 frames, and 15 classes were
used.

For the CSP classifier, the performance of the HOG descriptors was higher than
that of the HOSG descriptors. To explain these differences, we look at the pose recovery accuracy for these image descriptors in Table 3.8. It appears that, for the CSP
classifier, lower recovery errors resulted in higher action recognition rates. There is an
especially high correlation between the recognition rate and the accuracy of the pose
recovery for the Walking and Jog activities. The vast majority of the sub-sequences
corresponded to these two action classes. Compared to the experiment with the HOGF-5 × 6 descriptors, the action recognition rates in Table 6.6 are slightly lower. Since
the pose recovery accuracy was also lower, this is in line with the observation that
pose recovery accuracy affects the recognition performance.
For the HOG descriptors, the performance without CSP was lower than those obtained with the CSP classifier. However, for the HOSG descriptors, the CSP classifier
performed consistently lower than the 30D pose descriptors without CSP transform.
We expect that this effect was caused by the interpolation in the pose recovery step.
Due to the absence of edges in the HOSG descriptor, there is probably more forwardbackward ambiguity. As a result, recovered poses tend to be closer to a mean pose
which has leg and arm joints close to the medial axis, thus close to the body. This
mean pose is more similar to a rest pose than a common walking pose. This effect is
smaller for the jog poses, as the jog action is usually performed with raised forearms.
When we look at the misclassifications, we notice that most of the confusions are between the walking and rest action class. This is true both with and without using CSP
transform.

6.3.2 Results under partial occlusions
In Section 3.3, we demonstrated the ability of our example-based approach to recover
poses when the human figure was partly occluded. To this end, we adapted the whole
descriptor normalization to normalization of each cell. Pose recovery was affected
by occlusion, but only slightly. Moreover, this approach does not require retraining
to cope with different occlusion settings. One of the main advantages of combining
this example-based pose recovery approach with the CSP human action classifier is

Human action recognition from recovered poses

that we do not have to adapt the classifier to deal with partial occlusions, as these are
handled during pose recovery. In this section, we evaluate whether the pose recovery
accuracy is sufficient to correctly recognize human actions under partial occlusions.
In line with Section 3.3.2, we used the pole sequence. This is the HumanEva-I
Walking test sequence of subject 1, with a fixed part of the image occluded (see Figure 3.12). We used the approach and settings described in Section 6.2 to recover
the poses inthe training set. Specifically, we normalized the whole descriptor to unit
length. In informal experiments we also used normalization per cell with similar results. Here, however, we demonstrate that we can use different image representations
for training and testing. The pole sequence contains only walking motion. Compared
to the pole robustness sequence in the Weizmann human action dataset (see also Section 5.4.3), our pole sequence differs in that the subject walked in a circle, instead of
only orthogonally to the viewing direction.
For our experiment, we again used sub-sequence lengths of 30, 60, 90 and 120
frames. Also, we used the same action class sets as in our main experiment. The
walking action class is included in all of these action class sets. During testing, we
used a sliding window approach with a stride length of one frame. The results are
summarized in Table 6.7.
Sub-sequence length
Number of classes
CSP classifier
Without CSP (30D)
Without CSP (6D)

30 frames
15
97.73%
58.45%
36.39%

60 frames
15
100.00%
51.38%
0.00%

90 frames
7
97.36%
41.21%
0.00%

120 frames
5
95.68%
66.93%
0.00%

Table 6.7: Classification performance on the pole sequence, for different sub-sequence lengths
and corresponding action subsets.

For the CSP classifier, differences between sub-sequence lengths were minimal.
All confusions were between the walking and rest class. This was also true for the
two settings without the CSP transform. Here, the performance was much lower,
especially when only the first 6 principal components were used.
Due to the sliding window approach, each frame was included in a number of
test sub-sequences. We accumulated these values for each frame. The resulting plot
of these classification results without using the CSP transform, and for sub-sequence
lengths of 60 frames is shown in Figure 6.3(a). The percentage of the HOG descriptor grid that is occluded is shown in Figure 6.3(b). This is the same graph as
Figure 3.13(c). It is clear that there is a strong correlation between the percentage
of occlusion and the action recognition performance. Specifically, when no occlusion
was present, the recognition performance is generally higher than when part of the
HOG descriptor is occluded. Again, we expect that the interpolation of poses results
in an estimated pose that is closer to a rest pose. As a result, pose recovery accuracy
will be more noisy. In contrast, the recognition performance for the CSP classifier is
almost perfect. Apparently, despite this noise, the CSP classifier is able to focus on the
differences between the rest and walking classes.
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Figure 6.3: Action recognition on the pole sequence, using a sliding window approach with subsequences of 60 frames, without the CSP transform. (a) classification results in percent per frame, averaged over all test sub-sequences which contained the frame. All
confusions were with the rest action. (b) percentage of occlusion for the pole sequence.

6.3.3 Results for temporal segmentation
In the previous experiment, we used a sliding window with a fixed sub-sequence
length. The sequence we used for testing contained only a single action but we can
also use this approach when an image sequence contains multiple actions in succession. In this section, we evaluate the performance of this approach on several unsegmented HumanEva-I test sequences. The results that we present are qualitative,
but show the potential of our approach to temporally segment sequences of human
movement.
For the HumanEva-I dataset, we evaluated several test sequences that contain segments of multiple action classes. Most of these include action classes that we could
not recognize because we did not have sufficient training data. This was especially
true for the Throw/Catch and Box activities, and for the ‘free-style’ part of the Combo
sequences. Even though we could not obtain a correct classification for these segments, we included them in our evaluation as it gives a better idea of how well our
approach performs on the segmentation of unseen actions. Specifically, we evaluated
the Gesture, Throw/Catch and Combo sequences of subject 1. Also, some of the segments that we evaluated were really short. In our previous experiments, these were
left out but we included them in our segmentation experiment.
We processed the sequences with the sliding window approach with a stride length
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Figure 6.4: Estimated action recognition probabilities for the Throw/catch sequence of subject 1.

of one frame. Sub-sequences of 60 frames were evaluated, using the CSP classifier
with the settings of the experiment in Section 6.2. Specifically, we used the HOGF-5 × 6 descriptors and 15 action classes. For each frame, the estimated class label
was averaged over all sub-sequences the frame was in. Figure 6.4 shows an example
where all action classes that were not guessed are omitted. These values could be
interpreted as the probabilities that a frame is part of a certain action segment, given
all the sub-sequence classifications. To determine the segmentation we calculated the
most common classification label for each frame.
Figure 6.4 shows the recognition probabilities for the Throw/Catch sequence of
subject 1. It is clear that the rest and the low and high throw action classes were
guessed several times. There were also some incidental estimates for gesture actions
and walking. Next, we looked at the action class that had the highest probability.
Figure 6.5(a) shows this segmentation, with the ground truth at the top and the obtained segmentation at the bottom. For the Gesture and Combo sequences, these
segmentations appear in Figures 6.5(b) and (c), respectively. In each plot, similar
colors correspond to similar actions. Colors between plots may correspond to different action classes. There are a considerable number of misclassifications in the
Throw/Catch and Combo sequences. Most of these were due to the fact that the correct action labels were not part of the training set. The Gesture sequence contains
only wave and beckon segments, performed with the right hand.
Overall, there is a clear correlation between the boundaries between segments in
the ground truth and those obtained from our action recognition approach. However,
there are differences. For example, in Figure 6.5(a), the black segments correspond
to the rest action. It can be seen that our approach classified more frames as rest.
A similar observation can be made for the black segments in Figure 6.5(b), which
correspond to the wave action. Such differences are common, as is is not clear where
one action ends and the next one starts. For the second half of the Combo sequence,
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the segmentation of our approach differs somewhat from the ground truth. This is
due to the fact that none of the balancing and jumping actions were in the training
set.

(a) Throw/catch sequence subject 1

(b) Gesture sequence subject 1

(c) Combo sequence subject 1

Figure 6.5: Action segmentation for three HumanEva-I test sequences of subject 1. The upper
row in each plot corresponds to the ground truth, the bottom row is the segmentation
that is obtained from our action recognition approach using a sliding window.

6.4

Discussion

In this section, we have combined the example-based pose recovery approach with
the CSP classifier to recognize human actions using recovered poses. Combining these
two algorithms solves several challenges that are difficult to address in a single step,
such as dealing with partial occlusions and variations in viewpoint. Moreover, our
combined approach has the advantage that action models can be trained using motion capture data, if the motion capture data and pose recovery adhere to a similar
pose representation. We have evaluated our approach on the HumanEva-I dataset,
where segments of movement have been labeled with action class labels. We have
performed experiments with different sub-sequence lengths. Also, we have compared
the performance of the CSP classifier with the performance without using a CSP transform. Using CSP proved to be advantageous, both in recognition performance and in
the number of dimensions that was used to describe the action prototype vectors.
For sub-sequences of 60 frames (1 second), performance for the CSP classifier was
87.20%, whereas classification without CSP on PCA-reduced pose vectors of the same
dimensionality was only 65.46%. These performances are largely due to a majority
of samples of the jog and walking classes, which have often been classified correctly.
This shows that our approach can distinguish between related classes. It is to be
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expected that performance is to increase for the other classes when more training
examples are available.
By normalizing the poses for viewpoint and body dimensions, we could train and
test our classifier with data obtained from different viewpoints and subjects. Our
experiments showed that we could recognize walking and jog motions reliably even
when they were performed in a circle.
Previously, we demonstrated that we could recover poses under partial occlusion
if the occlusion regions were labeled. In this section, we have shown that we could
recognize walking movements without adapting the training of the CSP classifier.
Recognition performance was unaffected when using the CSP classifier but decreased
significantly when no CSP transform was used.
By using a sliding window approach, we demonstrated that the classifier could
also be used to temporally segment a sequence into action instances.
Despite the advantages of combining the example-based pose recovery approach
with the CSP classifier, several issues remain. First of all, to be able to recognize
human action from arbitrary viewpoints, these poses must be recovered first. This
requires sufficient close examples of the pose from a specific viewpoint. One potential
solution is to learn the mapping using synthetically generated image representations
from recorded motion capture data. As such, our approach is more versatile than
most human action recognition approaches that directly rely on image data.
Also, there are still several issues in the classification stage that could be addressed. First, by representing an entire class by a single low-dimensional prototype
vector, we ignored the intra-class variance. Also, these action prototypes do not take
into account temporal characteristics. Second, our approach requires that it is trained
on all types of action that it is to observe. This means that unseen action types will be
classified as one of the known action classes. We could adapt our approach to include
an ‘other’ class but it is generally difficult to describe such a class due to the large
variation of movements that could be part of it.
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Part III

Conclusion

7

Discussion and future research

This chapter concludes this thesis. In Section 7.1, we summarize our contribution to
the field of human pose recovery and action recognition. The strengths and limitations of our contributions are discussed in Section 7.2. Finally, we present avenues
for future work in the domains of vision-based recovery and recognition of human
motion in Section 7.1.

7.1

Summary of our contribution

We briefly summarize the contributions that we made in this thesis. A detailed discussion of the strengths and limitations of our contributions appears in Section 7.2.
• In Chapters 2 and 4, we presented an extensive overview of literature in human pose recovery and human action recognition. We discussed the relative
(dis)advantages of different approaches, and pointed out limitations in the current state of the art.
• In Chapter 3, we introduced our example-based human pose recovery approach
where a variant of histograms of oriented gradients (HOG) was used as the
image descriptor. Given an unseen image of a subject, represented as a HOG
descriptor, we used weighted interpolation between the visually closest examples of an example dataset to obtain the pose estimate. This approach is fast due
to the use of a low-cost distance function (Manhattan distance). We obtained
reasonably accurate results on the publicly available HumanEva dataset. In our
experiments, we examined the effect on the accuracy when varying the HOG
grid size and the number of examples in the example set.
• In Section 3.3, we adapted our example-based human pose recovery approach
to cope with partial occlusion of the human subject in the image. The normalization and matching of the HOG descriptors was changed from global to the
cell level. The approach was used for online recovery of human poses without adjusting the example set and matching process to the occlusion condition.
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Experiments on the HumanEva dataset with simulated occlusion showed that
occlusions affected the recovery accuracy but only moderately.
• We presented a human action recognition approach using common spatial patterns (CSP) in Chapter 5. Simple functions were used to discriminate between
two classes by transforming sequences of HOG descriptors. In the transformation the difference in variance between the two classes was maximized. Each of
the discriminative functions softly voted into two classes. After evaluation of all
pairwise functions, the action class that received most of the voting mass was
the estimated class. Experiments on the publicly available Weizmann human action dataset showed that we could obtain state of the art performance with low
training requirements. We showed that walking motion could be recognized
even for moderate viewpoint changes and with several image deformations.
Also, we obtained good results when shorter sequences were used.
• In Chapter 6, we combined the example-based pose recovery approach with the
CSP-based human action recognition approach. Specifically, we used sequences
of recovered poses as input for the CSP classifier. Again, we used the publicly
available HumanEva dataset for our experiments. Thanks to the rotation normalization, actions could be recognized from arbitrary viewpoints. Moreover, by
handling occlusions in the pose recovery step, we could recognize actions from
partially occluded image observations. We further demonstrated the potential
of our approach for temporal action segmentation.

7.2

Discussion of our approach

Our contributions have several advantages over existing work as we will discuss in
this section. Also, there are some limitations to our approach which we will explain
as well. We discuss human pose recovery and human action recognition separately in
Sections 7.2.2 and 7.2.3, respectively. Since the use of the HOG and HOSG descriptors
is common in both of these topics, we discuss their use separately in Section 7.2.1.
Finally, in Section 7.3, we present some directions of future research to address some
of the current limitations.

7.2.1 Image descriptors
Both for the recovery of human poses and the recognition of human actions, we encoded the image observations using a variant of histograms of oriented gradients
(HOG). This is a grid-based descriptor that uses edge orientation histograms. We
adapted the originally proposed HOG by removing a Gaussian edge smoothing step,
and by discarding the notion of overlapping blocks of cells. Most importantly, we
only took into account those edges that were part of the extracted foreground region. As such, the descriptor only focusses on the subject, and ignores edges in the
background. This makes the descriptor much more informative. In addition, we
introduced histograms of oriented silhouette gradients (HOSG), which did not use
the edge information but only took into account the foreground silhouette boundary
points. Calculation of the HOG/HOSG descriptor could be performed efficiently.
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In general, differences in performance between HOG and HOSG descriptors were
small. Pose recovery accuracy was slightly higher when edges where used. This probably reduced the number of forward-backward ambiguities. For action recognition,
we obtained slightly higher recognition rates when using the HOSG descriptors. As we
only considered fronto-parallel movement, forward-backward ambiguities were rare.
The additional edge information of the HOG descriptors also encoded the appearance
and clothing of the subject. This information is not important for subject-invariant
action recognition and is a limitation of the image descriptor.
For both the HOG descriptor and the HOSG descriptor, we relied on background
subtraction. Also, we required that the region of interest (ROI) was known. We
determined the ROI from the extracted foreground region. Our approach is therefore dependant on relatively accurate background segmentation. In our experiments,
this segmentation was reasonable, but we only used video sequences with relatively
static backgrounds. For more complex environments, it might prove more difficult
to obtain accurate foreground segmentation. Also, this might require more complex
background segmentation algorithms, which are computationally more demanding.
If the global descriptor normalization is changed to a cell-based normalization,
we can cope with partial occlusions of the human figure in the image. The only
requirement is that the occlusion area must be known. Due to the grid-based nature
of the HOG and HOSG descriptors, cells where occlusion occurs can be ignored in
the matching. Consequently, there is no need to change the example set to cope with
different occlusion settings. Experiments on the HumanEva dataset with simulated
occlusion demonstrated that pose recovery accuracy decreased with an increasing
percentage of occlusion. However, this decrease was relatively small, compared to
the percentage of occlusion.

7.2.2 Human pose recovery
We took a discriminative approach to human pose recovery. This implies that no iterative model matching stage is needed to recover the pose from an image observation.
Consequently, our work is fast and can be made to run in real time is human detection
and segmentation can be performed efficiently. The main limitation of a discriminative approach is that only poses can be recovered that are within the convex hull of
all training examples. Moreover, the training examples have to cover this pose space
relatively densely, as our experiment with different numbers of examples indicates.
Our approach is therefore suitable for situations where speed of processing is important, but the pose space is limited. Human-computer interaction and surveillance
and security are typical application domains where our contributions are valuable. In
general, discriminative approaches are less accurate as they are not suitable to explicitly recover body dimension parameters. A generative approach is therefore more
suitable for applications that require precise recovery of body pose. However, a combination in which a discriminative approach is used to find initial pose estimates can
significantly speed up the processing.
We used an example-based approach where we retained all training examples.
Since we need to find the visually most similar examples, the computational complexity of recovering a pose is linear in the number of training examples. More examples
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are required for broader pose domains. This will decrease the computational speed
and increase memory requirements to store all examples. Instead, a regression-based
approach may be used. We will discuss this in the next section.
Generative approaches usually require an approximate initial estimation of the
pose. In general, such an estimate is obtained through tracking of the pose over time.
Still, this requires pose initialization of the first frame. In contrast, our approach does
not require initialization and can be used to recover the pose from a single frame. We
did not model the relation between subsequent frames or subsequent poses. In theory,
the use of such a dynamical model could reduce the number of pose ambiguities but
presents the risk of being too restrictive. Moreover, application of a dynamical model
again requires good initialization.
In our approach, the examples in the database should also cover the range of
viewpoints that we expect to observe in testing conditions. This is the result of the
use of HOG/HOSG descriptors, which are not viewpoint-invariant. Even though we
performed experiments with observations from multiple views, we did not combine
these into a single 3D observation. In our experiments, the multi-view descriptors
proved to be slightly more accurate, but at the cost of a tripled descriptor length and
the limitation that the camera setup of training and test data had to be identical.

7.2.3 Human action recognition
Our common spatial patterns (CSP) classifier for recognition of human actions makes
use of simple functions that discriminate between pairs of classes. Evaluation of these
functions can be performed real-time. Moreover, training requirements are low. Construction of the discriminative functions has a low computational complexity. Moreover, we have shown that our approach obtained good results when training on data
of only a few of the available training subjects. This indicates that generalization between subjects was high. Also, when adding new actions, there is no need to retrain
all discriminative functions.
In our CSP classifier, each action class was represented by a single low-dimensional
vector. Such a compact representation allows for fast evaluation of the discriminative
functions. However, the representation is naive as no intra-class variance is modeled.
Therefore, such a representation is likely to be too simple, especially for classes that
can vary significantly in performance, for example when there are multiple ‘modes’
of movement. Moreover, we did not explicitly model the temporal aspect within the
performance of the movement. Consequently, our approach is unable to distinguish
between movements that have a different order of performance. Despite these limitations, our experiments showed that we could achieve state of the art performance on
the publicly available Weizmann human action dataset.
Our approach has the limitation that, given a sequence of movement, one of the
trained classes is always guessed. There is no mechanism to determine whether the
observed movement belongs to neither of the classes. This forced-choice approach
makes the application less suitable for more realistic domains. To overcome this limitation, an ‘other’ class could be added. We discuss this in the next section.
We also investigated how well we could recognize actions from recovered poses.
To this end, we combined our example-based pose recovery approach with the CSP
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classifier. The recovered poses were normalized for rotations around a vertical axis
and normalized for body height. Pose descriptors proved to be compact, yet sufficiently rich to distinguish between several human action classes. One of the advantages of our combined approach is that the classifier can be trained using motion
capture data. Moreover, the trained models are viewpoint invariant. We used the
HumanEva dataset for our experiments. In this set, there is considerable variation in
the performance of actions between subjects. Also, the direction of movement varied,
especially in the walking and jog sequences, where the movement was performed in
a circle. The almost perfect recognition of these motions in our experiments demonstrates the ability of our approach to cope with viewpoint changes.
Another advantage is that we were able to recognize walking motion even though
part of the observation was occluded. These occlusions were handled in the pose
recovery approach, and did not affect recognition performance. No change in the
training or evaluation steps was required to cope with these occlusions.
A drawback of our combined human action recognition approach is that we depend on pose recovery. This implies that we are only able to recognize actions from
viewpoints that are included in the example set. Also, several of the drawbacks of
the CSP classifier remain. Specifically, we did not model intra-class variance. Also,
temporal information which a sequence over time was not taken into account.
Additional experiments showed the potential of our approach to perform simultaneously human action recognition and temporal segmentation of sequences into
action segments. In these experiments, not all action classes were known and it is
to be expected that both segmentation and recognition performance increase with a
more complete repertoire of action classes.

7.3

Future research

There are a number of avenues for future research which we present in this section.
We discuss potential directions in human pose recovery and human action recognition
in Sections 7.3.1 and 7.3.2. We have considered the evaluation of our work as a vital
part of our contribution. Therefore, in Section 7.3.3, we discuss several ideas that
could leverage the quality of current evaluation practice.

7.3.1 Human pose recovery
Our pose recovery approach is focussed on real-time applications. We used an examplebased approach, mainly because there are no parameters that required tuning. However, the matching cost of a HOG descriptor of an unseen frame with the example
set is linear in the number of examples. Larger example sets, which are required
when more activities and viewpoints are considered, will severely decrease recovery
speed. Hashing (such as in [310]) or hierarchical matching (for example [109]) will
significantly speed up the matching process.
Alternatively, a regression-based approach could be adopted (e.g. [80; 329]).
This significantly reduces matching time and scales favorably to more unconstrained
pose spaces. However, as gating and regression functions are usually trained simultaneously, training can become prohibitively time-consuming when more examples are
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available. Recent work by Bo et al. [33] addresses this problem by training the gating
functions and regression functions separately.
Another important issue is the choice of image descriptor. In our experiments, we
have used HOG and HOSG descriptors. For pose recovery, the edges in the HOG descriptor appeared to be advantageous to avoid forward-backward ambiguities. However, it appeared that the use of both HOG and HOSG descriptors was somewhat
person-specific. This severely degrades generalization and makes training of the regressors difficult. Okada and Soatto [253] discriminatively select those image features
that are informative of the pose. In related work by Kanaujia et al. [164], image observations are encoded hierarchically at multiple levels. Both approaches reduce the
need for accurate detection and background subtraction. Still, accurate localization
within the image will drastically reduce computation time. It is to be expected that
recent work in the area of 3D object recognition will continue to be a good starting
point for adaptation to the human detection task.
Recovering poses from partially occluded image observations has been an ignored
topic within the domain. Our approach is one of the first to address the issue while
focussing on real-time applications. To cope with partial occlusions, our approach required predicted occlusion. While it is generally difficult to obtain such a labelling, the
field of human detection is increasingly focussing on dealing with partial occlusions.
Recent work by Lin and Davis [198] and Wu and Nevatia [394] addresses this issue,
but it remains challenging to reliably detect humans and identify occlusion regions
in unconstrained domains. More research is required to be able to perform reliable
detection and occlusion prediction in more complex situations.
For our example set, we used poses with their corresponding image observations,
obtained from synchronized video sequences. In general, it is costly to record this type
of data, especially considering the fact that only a limited number of viewpoints can be
used. To overcome this problem, synthetic image observations can be generated using
3D animation software. This approach has been successfully used in [4; 81; 327].
In our approach, we focussed on recovery from a single frame. However, when
a sequence of frames is available, improved recovery accuracy can be obtained by
considering temporal consistency in the poses. This could be enforced by employing
a dynamic model. Not only would such an approach ensure that movement over time
is realistic, the search for close matches can also be more focussed on those examples
that have poses close to the expected pose. However, applying such a model has the
drawback that it should be properly initialized which is generally a difficult task.
Finally, a combination of generative and discriminative approaches might benefit
from the advantages of either [98; 283; 320]. Fast initial estimates can be obtained
from the discriminative part. This also solves the initialization issue in generative
approaches. The generative part allows for further refinement of this pose.

7.3.2 Human action recognition
In our human action recognition approach, both when using image descriptors and
when using recovered poses, an action class was represented by a low-dimensional
vector. Such a representation is compact, but does not allow for modeling of the
temporal structure of the action. Nor does it model intra-class variance. A more
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complex representation of each action would allow for better recognition, especially
for actions that have more variety in performance.
Our approach used a forced-choice classification scheme. When actions can be
observed that are not part of the trained set of actions, such a scheme will lead to
misclassifications. Therefore, a mechanism is required to detect unknown classes.
One approach is to include an ‘other’ class which competes against all other classes.
However, such a class will contain much variation and should be trained on examples
that are not in the training set. This makes it cumbersome to use such a model.
Alternatively, a threshold on the voting mass that is attributed to a certain class can be
used. In our approach, we selected the action class that received most of the voting
mass, regardless of the value. By setting a threshold, or by looking at differences
between the highest scoring classes, a more informed decision could be made.
When recovering poses, knowledge about the action that is being is performed
could result in increased recovery accuracy. In addition, when recognizing human
action, we have shown that poses are suitable descriptors. In our combined approach,
we used recovered poses for classification. Another approach would be to link the two
tasks, for example using a graphical model [44; 119; 268]. However, it is an open
challenge for these approaches to deal with unseen action classes.

7.3.3 Evaluation practice
For the evaluation of our approaches, we have used publicly available databases.
These allow for objective comparison between different algorithms. Moreover, since
the challenges of each dataset are known, the strengths and limitations of an approach
can better be understood. However, the use of these datasets presents the risk of
tailoring the approach to the dataset. This might lead to improved results, but is
likely to limit generalization ability. Therefore, there is the ongoing need for more
challenging datasets.
With the progressing sophistication of human pose recovery and action recognition approaches, the application of these algorithms in realistic scenarios comes
within reach. These scenarios should address occlusions, more variation in activities and a broader variety of viewpoints. The recovery and recognition of human
movement has applications in several domains such as surveillance, human-computer
interaction and video retrieval. The requirements for these domains are different.
Human-computer interaction applications require real-time processing, missed detections in surveillance are unacceptable and video retrieval applications often cannot
benefit from a controlled setting. Given these differences, it seems reasonable to
record different datasets for the various domains. This would allow for the use of
evaluation metrics that go beyond precision and recall measures, such as speed of
processing or detection accuracy.
Given the current state of the art, and motivated by the broad range of applications
that can benefit from robust human pose recovery and action recognition, it is to be
expected that many of the challenges will be addressed in the near future. This would
open the door to fulfill the longstanding goal of robust automatic interpretation of
human motion.
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[18] Alexandru O. Bălan, Leonid Sigal, Michael J. Black, James E. Davis, and Horst W.
Haussecker. Detailed human shape and pose from images. In Proceedings of the Conference on Computer Vision and Pattern Recognition (CVPR’07), pages 1–8, Minneapolis,
MN, June 2007.
[19] Jan Bandouch, Florian Engstler, and Michael Beetz. Evaluation of hierarchical sampling strategies in 3D human pose estimation. In Proceedings of the British Machine Vision Conference (BMVC’08), pages 925–934, Leeds, United Kingdom, September 2008.
[20] Carlos Barrón and Ioannis A. Kakadiaris. Estimating anthropometry and pose from
a single uncalibrated image. Computer Vision and Image Understanding (CVIU),
81(3):269–284, March 2001.
[21] Carlos Barrón and Ioannis A. Kakadiaris. Monocular human motion tracking. Multimedia Systems, 10:118–130, October 2004.
[22] Dhruv Batra, Tsuhan Chen, and Rahul Sukthankar. Space-time shapelets for action recognition. In Proceedings of the Workshop on Motion and Video Computing
(WMVC’08), pages 1–6, Copper Mountain, CO, January 2008.
[23] Serge Belongie, Jitendra Malik, and Jan Puzicha. Shape matching and object recognition using shape contexts. IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI), 24(4):509–522, January 2002.
[24] Chiraz BenAbdelkader and Larry S. Davis. Estimation of anthropomeasures from a
single calibrated camera. In Proceedings of the International Conference on Automatic
Face and Gesture Recognition (FGR’06), pages 499–504, Southampton, United Kingdom, April 2006.
[25] Michael van den Bergh, Esther Koller-Meier, and Luc J. van Gool. Real-time body pose
recognition using 2D or 3D haarlets. International Journal of Computer Vision (IJCV),
to appear, 2009.
[26] Christopher Bishop and Markus Svensén. Bayesian hierarchical mixtures of experts.

Bibliography
In Proceedings of the Conference on Uncertainty in Artificial Intelligence (UAI’03), pages
57–64, Acapulco, Mexico, April 2003.
[27] Alessandro Bissacco, Ming-Hsuan Yang, and Stefano Soatto. Detecting humans via
their pose. In Advances in Neural Information Processing Systems (NIPS) 19, pages 169–
176, Vancouver, Canada, December 2006.
[28] Alessandro Bissacco, Ming-Hsuan Yang, and Stefano Soatto. Fast human pose estimation using appearance and motion via multi-dimensional boosting regression. In
Proceedings of the Conference on Computer Vision and Pattern Recognition (CVPR’07),
pages 1–8, Minneapolis, MN, June 2007.
[29] Jaron Blackburn and Eraldo Ribeiro. Human motion recognition using Isomap and dynamic time warping. In Human Motion: Understanding, Modeling, Capture and Animation (HUMO’07), number 4814 in Lecture Notes in Computer Science, pages 285–298,
Rio de Janeiro, Brazil, October 2007.
[30] Moshe Blank, Lena Gorelick, Eli Shechtman, Michal Irani, and Ronen Basri. Actions as
space-time shapes. In Proceedings of the International Conference On Computer Vision
(ICCV’05) - volume 2, pages 1395–1402, Beijing, China, October 2005.
[31] Avrim L. Blum and Pat Langley. Selection of relevant features and examples in machine
learning. Artificial Intelligence, 97(1):245–271, December 1997.
[32] Liefeng Bo and Cristian Sminchisescu. Twin Gaussian processes for structured prediction. International Journal of Computer Vision (IJCV), to appear, 2009.
[33] Liefeng Bo, Cristian Sminchisescu, Atul Kanaujia, and Dimitris Metaxas. Fast algorithms for large scale conditional 3D prediction. In Proceedings of the Conference on
Computer Vision and Pattern Recognition (CVPR’08), pages 1–8, Anchorage, AK, June
2008.
[34] Aaron F. Bobick. Movement, activity and action: the role of knowledge in the perception of motion. Philosophical Transactions of the Royal Society B: Biological Sciences,
352(1358):1257–1265, August 1997.
[35] Aaron F. Bobick and James W. Davis. The recognition of human movement using temporal templates. IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI),
23(3):257–267, March 2001.
[36] Oren Boiman and Michal Irani. Detecting irregularities in images and in video. International Journal of Computer Vision (IJCV), 74(1):17–31, August 2007.
[37] Anna Bosch, Andrew Zisserman, and Xavier Muñoz. Representing shape with a spatial
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[180] Volker Krüger, Danica Kragic, Aleš Ude, and Christopher Geib. The meaning of action:
a review on action recognition and mapping. Advanced Robotics, 21(13):1473–1501,
September 2007.
[181] Paul Kuo, Thibault Ammar, Michal Lewandowski, Dimitrios Makris, and JeanChristophe Nebel. Exploiting human bipedal motion constraints for 3D pose recovery
from a single uncalibrated camera. In Proceedings of the International Conference on
Computer Vision Theory and Applications (VISAPP’09), page to appear, Lisboa, Portugal, February 2009.
[182] Paul Kuo, Dimitrios Makris, Najla Megherbi, and Jean-Christophe Nebel. Integration of
local image cues for probabilistic 2D pose recovery. In Proceedings of the International
Symposium on Advances in Visual Computing (ISVC’08) - part 2, number 5359 in Lecture
Notes in Computer Science, pages 214–223, Las Vegas, NV, December 2008.
[183] John D. Lafferty, Andrew McCallum, and Fernando C. Pereira. Conditional random
fields: Probabilistic models for segmenting and labeling sequence data. In Proceedings of the International Conference on Machine Learning (ICML’01), pages 282–289,

| 157

158

| Bibliography
Williamstown, MA, June 2001.
[184] Xiangyang Lan and Daniel P. Huttenlocher. Beyond trees: common-factor models for
2D human pose recovery. In Proceedings of the International Conference On Computer
Vision (ICCV’05) - volume 1, pages 470–477, Beijing, China, October 2005.
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Summary

The automatic analysis of human motion from images and video opens up the way for many
applications in the domains of security and surveillance, human-computer interaction, animation, retrieval and sports motion analysis, to name a few. As the analysis of human motion
comprises many aspects, in this dissertation, the focus is limited to human pose recovery and
human action recognition. The former is a regression task where the aim is to determine the
locations or angles of key joints in the human body, given an image of a human figure. The
latter is the process of labeling image sequences with action labels, which is a classification
task. The focus is on robust and fast recovery and recognition of human motion. The work is
evaluated extensively on publicly available datasets.
An example-based pose recovery approach is introduced where a variant of histograms
of oriented gradients (HOG) is used as the image descriptor. It is assumed that a region of
interest (ROI) containing a human subject is available, and that the foreground labeling can
be determined. Given an unseen image, the ROI is represented as a HOG descriptor. From
an example database containing thousands of HOG-pose pairs, the visually closest examples
are selected. Weighted interpolation of the corresponding poses is used to obtain the pose
estimate, represented as the 3D locations of 20 key joints in the human body. This approach
is fast due to the use of a low-cost distance function. Experiments have been carried out on
the HumanEva dataset. When using a single camera, mean 3D relative errors of 65 mm per
joint were obtained, and 45 mm per joint on walking and jogging sequences. Combining the
input from multiple views slightly decreased the estimation error. In additional experiments,
the effect on the accuracy was examined when varying the HOG grid size and the number of
examples in the example set.
Partial occlusion of the human figure in the image is a common problem in realistic settings, but has largely been ignored in pose recovery approaches. In this work, the issue is
explicitly addressed and it is assumed that a prediction of the occluded areas can be obtained
together with a ROI estimate. The example-based approach is adapted to cope with these
partial occlusions. The normalization and matching of the HOG descriptors was changed
from global to the cell level. The approach was used for recovery of human poses without
adjusting the example set and matching process to the occlusion condition. Experiments on
the HumanEva dataset with simulated occlusion showed that occlusions affected the recovery
accuracy but only moderately.
For the recognition of human actions, again a variant of HOG descriptors is used to encode
the ROI of an image containing a human subject. Simple functions are used to discriminate
between two classes after applying a common spatial patterns (CSP) transform on sequences
of these HOG descriptors. In the transform, the difference in variance between two classes
is maximized. Each of the discriminative functions softly votes into the two classes. After
evaluation of all pairwise functions, the action class that receives most of the voting mass is
the estimated class. Using this approach, approximately 95% was classified correctly on the
Weizmann human action dataset and showed that state of the art performance can be obtained
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with low training requirements. Additional experiments showed that walking motion could
be recognized even for moderate viewpoint changes and with several image deformations.
Also, good results were reported when shorter sequences were used.
To deal with different viewpoints and partial occlusion of the human figure in the image,
the example-based pose recovery approach is combined with the CSP-based human action
recognition approach. The resulting approach was able to simultaneously recover human
poses and recognize the action over a sequence of frames. Specifically, the recovered 3D
poses were normalized for rotation and body size of the subject and used as input for the CSP
classifier. Again, the HumanEva dataset was used for experiments. Thanks to the rotation
normalization, actions could be recognized from arbitrary viewpoints. By handling occlusions
in the pose recovery step, action could be recognized from image observations where occlusion was simulated. Finally, the potential of this approach for temporal action segmentation
was demonstrated.

Samenvatting

Automatische bewegingsanalyse van het menselijk lichaam in foto’s en video heeft vele toepassingen, bijvoorbeeld op het gebied van beveiliging en bewaking, mens-machine interactie,
animatie, het ontsluiten van informatie en in de sport. Bewegingsanalyse is een breed gebied,
waarbij de focus in dit proefschrift gelegd is op het bepalen van lichaamsposes (human pose
recovery). Hierbij is het doel om een numerieke benadering te vinden van de stand of locatie
van de belangrijkste gewrichten in het menselijk lichaam. Daarnaast richt dit werk zich op
het classificeren van menselijke acties (human action recognition), waarbij een label uit een
beperkte set wordt toegekend aan een opeenvolging van beelden over tijd. De focus heeft
gelegen op het creëren van robuuste en snelle algoritmes voor het bepalen van poses en het
toekennen van actie-labels. De ontwikkelde methodes zijn geëvalueerd met behulp van vrij
beschikbare datasets.
In dit proefschrift wordt een methode beschreven voor het bepalen van poses waarbij het
beeld wordt gecodeerd als een histogram van georiënteerde gradiënten (HOG). De aanname
is dat een beeldregio met daarin een persoon (ROI) vooraf is bepaald, en dat een scheiding
van voor- en achtergrond gemaakt kan worden. De ROI van een te analyseren beeld wordt
gecodeerd als een HOG-beschrijving. Uit een database met duizenden opgeslagen pose-HOG
paren worden vervolgens de meeste gelijkende geselecteerd. De bijbehorende poses, de 3D
locaties van 20 gewrichten, worden naar ratio geı̈nterpoleerd om tot een benadering van de
pose te komen. Deze aanpak is snel doordat de gelijkenis van twee HOG-beschrijvingen direct
te bepalen is. De HumanEva dataset is gebruikt om deze aanpak te evalueren. Met beelden
van een enkele camera gaf deze aanpak gemiddelde fouten van 65 mm per gewricht, gemeten
relatief ten opzichte van het centrum van het lichaam. Voor loop- en jogbewegingen was deze
fout 45 mm. Als beelden uit meerdere camera’s werden gecombineerd, was de fout iets lager.
In verdere experimenten is de invloed op de nauwkeurigheid onderzocht van variaties op de
HOG-beschrijving en het aantal voorbeelden in de database.
Gedeeltelijke occlusie van de persoon in het beeld is een veel voorkomend gegeven in realistische situaties, maar er is weinig onderzoek naar gedaan. In dit werk is expliciet gekeken
naar deze occlusies waarbij is aangenomen dat, naast een ROI, een schatting beschikbaar
is welke delen van de persoon niet zichtbaar zijn. De database-aanpak is als basis gebruikt
om met deze partiële observaties om te gaan. De normalisatie en het vergelijken van HOGbeschrijvingen is aangepast door dit deelsgewijs te doen, in plaats van als geheel. Deze methode is gebruikt om poses te bepalen zonder de database te hoeven aanpassen aan de specifieke
mate van overlap. Experimenten op de HumanEva dataset met gesimuleerde occlusies toonden aan dat occlusies slechts een beperkt effect op de nauwkeurigheid hebben.
Voor het labelen van acties zijn wederom HOG-beschrijvingen gebruikt om het beeld binnen de ROI te coderen. Na het uitvoeren van common spatial patterns (CSP) op een reeks van
opeenvolgende beelden, zijn eenvoudige functies gebruikt om onderscheid te maken tussen
twee klassen. De CSP transformatie maakt gebruik van het verschil in variantie tussen de
twee klassen en maximaliseert deze. Elk van de scheidende functies verdeelt een eenheids-
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massa over de twee klassen. Na het evalueren van al deze functies wordt de klasse gekozen
die de meeste massa heeft gekregen. Deze aanpak classificeerde 95% correct op de Weizmann
dataset. Dit toont aan dat competitieve resultaten behaald kunnen worden zonder een bewerkelijke trainingsfase. Verder konden loopbewegingen worden herkend ondanks afwijkingen
in de kijkrichting tot 70°. Ook wist deze methode om te gaan met verschillende variaties in
het beeld, en met kortere beeldreeksen.
Om acties te kunnen labelen met grotere afwijkingen in kijkrichting en met gedeeltelijke
occlusie, zijn de methoden voor pose benadering en actie classificatie gecombineerd. Met
deze gecombineerde aanpak kunnen reeksen beelden worden gelabeld en kunnen tegelijkertijd de poses van de persoon worden geschat. In deze aanpak wordt voor elk beeld
eerst de 3D pose benaderd, die vervolgens onafhankelijk gemaakt wordt van de oriëntatie
en lengte van de persoon. Deze genormaliseerde pose wordt vervolgens gebruikt als invoer
voor de CSP classificator. Wederom zijn experimenten uitgevoerd op de HumanEva dataset.
Dankzij de onafhankelijkheid van oriëntatie konden beeldreeksen correct worden gelabeld vanuit willekeurige kijkrichtingen. Loopbewegingen konden worden herkend uit beeldreeksen
met gesimuleerde occlusie dankzij het oplossen van de occlusie in de pose benaderingsstap.
Tenslotte is aangetoond dat deze methode ook gebruikt kan worden om beeldreeksen op te
delen in segmenten waarbij in ieder segment een andere actie uitgevoerd wordt.
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2008-16 Henriëtte van Vugt (VU), Embodied agents
from a user’s perspective
2008-15 Martijn van Otterlo (UT), The Logic of Adaptive Behavior: Knowledge Representation and Algorithms
for the Markov Decision Process Framework in First-Order
Domains.
2008-14 Arthur van Bunningen (UT), Context-Aware
Querying; Better Answers with Less Effort
2008-13 Caterina Carraciolo (UVA), Topic Driven Access
to Scientific Handbooks
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