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Abstract

Existing sequential feature-based registration algo-
rithms involving search typically either select features ran-
domly (eg. the RANSAC[8] approach) or assume a prede-
fined, intuitive ordering for the features (eg. based on size
or resolution). This paper presents a formal framework for
computing an ordering for features which maximizes search
efficiency. Features are ranked according to matching ambi-
guity measure, and an algorithm is proposed which couples
the feature selection with the parameter estimation, result-
ing in a dynamic feature ordering. The analysis is extended
to template features where the matching is non-discrete and
a sample-refinement process is proposed. The framework is
demonstrated effectively on the localization of a person in
an image, using a kinematic model with template features.
Different priors are used on the model parameters and the
results demonstrate nontrivial variations in the optimal fea-
ture hierarchy.

1 Introduction

Spatial registration is a topic which concerns many areas
of computer vision including image mosaicing, structure-
from-motion, medical imaging, tracking and object local-
ization. One of the most difficult and interesting problems
is that of registering a kinematic structure to a person in an
image. This has many difficult aspects, such as choice of
features and handling self-occlusions. While these difficul-
ties continue to exist, the problem which we will address
in this paper is that of maximizing search efficiency in reg-
istering a high dof model with known features (eg. prede-
fined appearance templates), but without prior knowledge
of the model state (see figure 1). Scenarios which benefit
directly from a solution to this problem include boostrap-
ping a person tracker for individuals recorded in a image

database, or the re-initialization of trackers when tracking
failure has been detected. A naive approach would be to
search the entire kinematic state-space, which is however
computationally intractable.

!

Figure 1. Registering a high dof kinematic model with

known features, but without prior knowledge of the model

state. Left image shows the initial state of the model, right

image shows the desired state.

In this paper we will describe an approach to minimiz-
ing the amount of search in order to provide a tractable
method of registration. Furthermore the analysis we pro-
vide is not limited to articulated structures but applies to
any form of spatial registration involving a model with mul-
tiple features. Previous work on person localization is also
summarized in section 7.

1.1 Minimizing Search

In situations when the prior knowledge is weak, regis-
tration almost always involves search as there will often be
multiple candidates for the correct feature location. An im-
portant goal in the design of the algorithm is to minimize
the amount of search required in order to maximize the ef-
ficiency of the registration process.

An existing approach to minimizing search would be to
carry out the feature-matching in a sequential manner. The
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reason for this is to reduce the uncertainty in the states of
subsequent features such that the amount of search required
for matching these features is reduced [20, 18].

A probabilistic estimation framework for incrementally
improving the model state and covariance estimates by in-
corporating features sequentially was proposed by Hel-Or
and Werman [11]. The framework is based on Kalman filter
estimation [2] except that a prediction step is not used. It
treats each feature as a separate observation which updates
the model state and covariance matrix using the standard
Kalman update step. This is also the framework which we
will adopt in our paper, and the relevant equations are given
later in (5)-(7).

Although we adopt the same estimation framework as
[11], we disagree with their search strategy of selecting fea-
tures sequentially along the articulated chain. Although this
is an intuitive idea, it is also a sub-optimal strategy – the
optimal strategy which we will propose in this paper can
choose features on an articulated structure out of sequential
order. Figure 4 illustrates this quite clearly.

A number of methods involve selecting features in no
specific order. The various RANSAC-derived methods [8,
17] select random minimal sets of feature pairs to compute
an initial estimate for the model parameters, which are then
validated or invalidated based on the number of subsequent
pairings admitted by this estimate. These additional feature
pairs are used to improve the previous model estimate.

Other techniques offer a predefined feature ordering.
Methods which adopt a multi-resolution approach [5, 13,
19, 14, 12] order features according to their resolution level
– an initial model estimate is obtained at a lower resolution
before proceeding to higher resolutions in order to maxi-
mize search efficiency. Similarly, this is also the case for
methods which select features according to a known hierar-
chical decomposition of components [10].

While some of these methods provide an intuitively
search-efficient feature ordering, they implicitly assume
some weak generic prior for the model parameters. For
example, methods which are based on always registering
coarse features first do not optimally handle cases when the
positions some fine-scale features are accurately known in
advanced.

In the following sections we will formalize a framework
for optimal feature ordering and show that it evolves dy-
namically according to the estimated model state and co-
variance. Particularly in cases where the prior encodes spe-
cific spatial information, the optimal feature ordering differs
significantly from the predefined intuitive ordering.

2 Spatial Registration Framework

In this paper, we express the general spatial registra-
tion framework as follows: We start with a set of known

‘source’ features F and a transformation model M which
maps these features into an image. Then given a target im-
age, the goal is to match these features to their correct lo-
cations in the image and also to recover the parameters of
M denoted as a vector x. These features can either be prior
knowledge as part of the model specification, or in the case
of registering two images they represent extracted features.

Feature-based registration may be classified into two cat-
egories:

� Feature-to-feature matching. In this case a separate set
of features is extracted from the target image. Match-
ing is done in a discrete manner by attempting to match
‘source’ features to ‘target’ features. The features ap-
plicable for this form of matching are discrete features
such as corners, edges and contours.

� Feature-to-image matching. Here the source features
are projected into the image and compared directly.
For example, template features can be matched to the
image by minimizing a measure of pixel difference.

The amount of search required in the registration process
depends significantly on the apriori knowledge of the model
parameters. For example if x has a small prior covari-
ance, such as in video-based tracking applications, discrete
feature-matching may simply involve mapping the source
features into the image and searching for the nearest tar-
get features. The model parameters may then be computed
directly from these correspondences. Similarly if template
features are used instead, registration may be carried out in
the model state-space by locally minimizing the pixel resid-
ual error. Registration in these problems which have strong
priors do not have significant search complexities and all
features can be matched simultaneously.

In the case of registering a kinematic model of the figure
to an image, F may be the set of template features associ-
ated with the links in the model, and M is parameterized
by a vector of joint angles and link lengths. These features
are not necessarily limited to a single class, as F can simul-
taneously include templates, corners and edges. It can also
include features from different levels of resolution.

3 Analysis of Spatial Features

A feature f 2 F is formally described by a number of
attributes:

1. A function G : x 7! u which maps the model state x
to a feature state u in a common feature space.

2. A property vector � which allows a feature to be com-
pared with another through a comparison function, or
compared to the image.
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3. Additionally for image-based features such as tem-
plates, we specify the dimensions for the basin of at-
traction in feature space. This specifies the maximum
displacement between the true and predicted locations
of the feature in feature space for which local optimiza-
tion of the estimated location (via the maximization of
a comparison function) will guarantee to converge on
the true location.

In the case of discrete feature-matching, a feature com-
parison functionCff (�i;�j) generates a similarity measure
for comparing feature pairs. In the case of feature to image
matching, the comparison functionCfI (�i;ui; I) measures
the compatibility between the feature in its current feature
state with the image I – it is through the maximization of
this function by which the image-based features can be op-
timally localized.

In this paper, we assume that the correct feature pair or
feature state maximizes the relevant comparison functions,
ie. once all candidate features or states are tested, the correct
solution will be obtained. Obviously this is not necessar-
ily true in cases where the comparison functions generate
noisy measures, and a framework for obtaining multiple-
hypothesis solutions to the registration problem will be pro-
posed in a future paper.

3.1 Matching Ambiguity of a Feature

Given the estimated model state � and covariance�, we
define the matching ambiguity of a feature as follows:

Definition 1 (Matching Ambiguity)
The matching ambiguity of feature fi, denoted by �i, is de-
fined as the number of search operations required to find the
true match with some specified minimum probability.

The idea proposed here applies the validation gate [3]
used in extended Kalman filters. Linearizing the mapping
Gi(x) about �, the covariance S i in feature space is ex-
pressed as

Si = J i � JT
i (1)

where
J i = rGijx=� (2)

is the Jacobian. The validation gate is then the volume
bounded by an equiprobability surface which may be spec-
ified as a factor  of standard deviations. In our experi-
ments, the validation gates used span 2.5 standard devia-
tions ( = 2:5).

For feature-to-feature matching, the matching ambigu-
ity is then the number of target features which lie within the
validation gate. This may be obtained by evaluating the Ma-
halanobis distances to potential target features and count-
ing. Unfortunately, this is a potentially intensive computa-
tion because it would involve pairwise comparisons of fea-
tures. A reasonable approximation which can be used when

target features are approximately uniformly distributed is
that the matching ambiguity is proportional to the size of
the validation gate, ie.

�i / (kSik)
1

2 (3)

Since in the algorithm proposed later the matching ambi-
guities are used to sort the features, the exact values of the
matching ambiguities need not be evaluated as long as they
can be ranked in the right order.

For feature-to-image matching, the matching ambiguity
is the number of minimally-overlapping regions which have
the same dimensions as the basin of attraction that would fit
into the validation gate. This can be approximately com-
puted through the following steps:

1. obtain the eigenvalues ej and eigenvectors vj to the
covariance matrix S i;

2. calculate the span of the basin of attraction bj along
each of the vj directions;

3. the matching ambiguity is then computed as

�i �
Y
j

ceil

�
 

p
ej

bj

�
(4)

where ceil(�) rounds fractional values up to the next
integer.

Figure 2 illustrates the concept of matching ambiguity
for the two separate cases.

validation gate

target features

validation gate

regions with span of
basin of attraction

(a) (b)

Figure 2. Matching ambiguity. Feature-to-feature match-

ing: (a) shows the target features located within the valida-

tion gate of a source feature; the matching ambiguity in this

case is the number of candidates to be search, which is 6.

Feature-to-image matching: (b) shows minimally overlapping

regions with the span of the basin of attraction covering the

validation gate; the matching ambiguity here is the number

of regions required, which is 10.
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4 Sequential Registration with Dynamic Fea-
ture Ordering

As each feature is used in the estimation step during se-
quential search, the model state becomes increasingly more
accurate and the state covariance decreases. This obser-
vation can be formalized using the standard Kalman filter
covariance update step (6). Correspondingly based on (1),
the size of the validation gates for each feature decreases,
thereby leading to a reduction in the matching ambiguities
�i.

Assuming that the intention is to use all available fea-
tures sequentially in the registration process1, the total num-
ber of search operations involved can be minimized by se-
lecting features and estimating the model parameters in the
algorithm described below, which we call the Coupled Dy-
namic Feature Ordering and Registration (2DYFOR) algo-
rithm.

The 2DYFOR Algorithm

1. Set the list of used features L as empty.

2. Compute the matching ambiguities �i for all unused
features.

3. Select the feature fb for which �b is the smallest
matching ambiguity.

4. Carry out the necessary�b search operations to recover
the optimal feature stateub. This is the minimum num-
ber of search operations which have to be performed to
register a feature.

5. The optimal feature state ub and the associated obser-
vation covarianceSb is used to improve the model state
and covariance by applying the standard Kalman filter
update steps:

�k = �k�1 +Kk(ub � Jk�k�1) (5)

�k = �k�1 �KkJk�k�1 (6)

where the subscript k denote the sequential update in-
dex and Kk is the Kalman gain given by

Kk = �k�1J
T (J�k�1J

T + Sb)
�1 (7)

6. Append fb to the L.

7. If all features have been used, stop; otherwise return to
step 2.

1This is not always true, as there may be formulations based on sam-
pling of features [1] or optimal stopping strategies [7].

At the end of the registration process, the feature list L
contains the feature hierarchy. The feature hierarchy repre-
sents the optimal sequential ordering of features and is de-
pendent on the prior model state and covariance, as well as
the accuracy of registering each feature. The feature hierar-
chy has to be formed dynamically as part of the estimation
process. While the predefined feature orderings used in the
algorithms may be reasonably efficient in typical situations,
the optimal feature hierarchy can often be found at negli-
gible cost using the 2DYFOR algorithm. Furthermore, the
dynamic feature ordering copes even when the prior knowl-
edge changes significantly – using the original predefined
feature ordering may not take full advantage of the addi-
tional prior knowledge for increasing search efficiency.

5 Search Method for Feature-to-Image
Matching

While it may be straightforward to carry out feature-
to-feature matching based on the 2DYFOR algorithm de-
scribed in section 4, implementing feature-to-image match-
ing is more complex and will be discussed in further detail
in the following section.

5.1 The Sample-Refinement Approach to Search

In feature-to-image matching problems an attempt to re-
cover the optimal feature can be made by locally maxi-
mizing a similarity measure obtained from the comparison
function CfI , which is described by the term refinement.
However the starting feature state must be within the basin
of attraction of the correct solution for the refinement pro-
cess to succeed. Hence it is necessary to generate a num-
ber of starting points (termed as samples) for the refinement
step, spaced at intervals corresponding to the span of the
basin of attraction, in order to guarantee that the optimal
feature state will be found.

One issue which arises for this method is whether sam-
ples should be obtained as feature state-vectors or model
state-vectors. It turns out that generating the samples in
model state-space has two advantages:

� If the non-linearity between the feature and model
state-spaces is significant with respect to the valida-
tion gate, and if the feature state-space is not mapped
entirely by the model state-space, sampling in model
state-space ensures the starting feature states are valid
for the model, even if the spacing of the samples is
inaccurate due to the nonlinearity.

� Often the refinement step can be improved by us-
ing previously registered features as well, especially
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when the comparison function generates noisy mea-
sures. Using the additional features improves the ro-
bustness to the noise.

Using notation from section 3.1, the desired displace-
ment between samples in feature space along the eigenvec-
tor direction vj is bk vj . The equivalent displacement in
model state-space may be found by the following analysis:

S vj = ek vj

()
J � JT vj = ekvj

()
J

�
bk

ek
� JT vj

�
= bk vj (8)

Noting that J represents the linearized mapping between
model and feature state-spaces, it may be observed that us-
ing the term in the parentheses on the LH side of (8) as
the displacement in model state-space generates the desired
displacement in feature space, given by the RH side of (8).

The samples in the model state-space are then generated
by integral vector sum combinations of the displacement
vectors associated with each eigenvector direction in fea-
ture space, such that the span of the validation gate in fea-
ture space is covered by these samples. Once the initial
samples have been generated in the model state-space, each
sample is then refined through the local maximization pro-
cess. The optimal solution is then taken to be the refined
sample which generates the maximum similarity measure
from the comparison function.

6 Kinematic Model Registration

The model used in our experiments is the 2D Scaled-
Prismatic Model (SPM) proposed by Morris and Rehg [15].
The kinematic model lies in the image plane, with each link
having a degree-of-freedom (dof) in rotation and another
dof in length. The model is parameterized by a state-space
which encodes a global 2D translation, joint angles and link
lengths. Each link is associated with an template which de-
scribes the apppearance of the link. The approach used to
locally refine the state of the kinematic model is to minimize
the SSD error between the templates and the image using
the Gauss-Newton method. The model used for the Fred
Astaire image has 19 states and 16 template features, while
the model used for the walking figure has 8 states (arms are
ignored and link lengths are fixed) and 10 template features.

In our experiments which involve localizing the figure
with minimal prior knowledge, the model state is initialized
as denoted by the pose of the stick figure in the leftmost
images of figure 3. The prior covariance is set as a diagonal
matrix with standard deviations of 50 pixels for global x

translation, 20 pixels for global y translation, 2 radians for
joint angles and 10 pixels for link lengths. The only strong
prior is that the torso is approximately upright as we wish
to restrict our search to upright figures. For each template,
the basin of attraction for the refinement step is set to be
its minimum dimension at present, although a more formal
analysis may be applied in the future based on the spatial
frequency content of the templates.

The sequences shown from left to right in figure 3 il-
lustrate the feature ordering which arises in the registration
process. The feature ordering obtained in these instances is
similar to a size-based ordering, except in our algorithm the
ordering is done both automatically and dynamically. The
registration localizes the figure well despite the high dimen-
sionality of the figure model and the weak prior knowledge.

In figure 4, we show the results obtained when various
forms of strong prior knowledge are available which is cap-
tured in the prior covariance. For the top test image, the feet
template positions are accurately positioned, while for the
bottom test image the front shin template position is accu-
rately positioned. A 5-pixel standard deviation is used for
these constraints. The feature ordering in these instances
differs significantly from the ordering obtained in figure 3.
Also notice from the third-from-left image in the top se-
quence, the optimal feature ordering does not propagate
along the articulated chains which contradicts the proposed
heuristic of Hel-Or and Werman [11].

The top test images generally took approximately one
to two minutes for the localization, while the bottom test
images took approximately twenty seconds because of the
simpler model used. In both instances the number of sam-
ples used for initializing the search of individual templates
appears to be significantly more than is necessary, which is
due to the conservative estimates for the span of the basins
of attraction in the refinement process. Hence there is still
significant room to improve the efficiency of the registra-
tion.

7 Previous Work on Person Localization

While current systems are good at detecting humans as
moving blobs, few solutions are available when the full ar-
ticulated pose of a person including the position of the arms
and legs is required. For example, the full-body tracking
systems described in [6, 4] currently depend on manual ini-
tialization of a figure model in the first image frame. The
method in [9] has automatic initialization but requires an
accurate background model for segmentation and restrictive
assumptions on limb positions. An interesting method for
registering articulated structures based on EM motion seg-
mentation is proposed in [16], but has only been applied to
low dimensional models. Furthermore, many systems de-
pend on independent motion of the figure for segmentation
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Figure 3. Results obtained using weak generic priors. The top-left image of each block show the prior state of the kinematic model

which is represented by a stick figure. Weak generic priors are used in these two test cases. As the coupled dynamic feature ordering

algorithm is iterated, the next template feature selected is the one requiring the least amount of search operations for registration. The

left-to-right sequences show the feature ordering.
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Figure 4. Results obtained using some strong prior knowledge. In the top test case, the position of the two feet templates as

assumed to be known accurately. In the bottom test case, the position of the front shin template is known accurately. The feature

ordering obtained when strong prior knowledge is available can be significantly different from the ordering with weak generic priors.

Note the registration of the left leg in the top test case is corrected as more features are integrated into the estimation.
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and registration (eg. those based on optic-flow), and cannot
be applied to static images or to still figures.

8 Conclusions and Future Work

This paper presents a general algorithm for maximizing
search efficiency for a sequential registration problem. At
each iteration in the registration process, the feature with the
minimum matching ambiguity is selected and used in the
estimation. The means of computing the matching ambigu-
ity is discussed separately for problems involving feature-
to-feature matching and feature-to-image matching. Addi-
tionally for the latter cases, a search method is proposed
which is based on generating samples in the model state-
space such that at least one sample will fall into the basin
of attraction for the correct solution. These samples are fur-
ther refined to obtain the optimal feature state which is then
used to improve the model state estimation.

The current application of this framework is registering
kinematic models to human figures in images. Despite the
high dimensional kinematic models used and the weak pri-
ors assumed, the framework is able to register the models
accurately and efficiently. Furthermore, the optimal feature
ordering is shown to be significantly different when addi-
tional strong prior knowledge can be used to constraint the
searches.

There are a number of situations when the strong prior
knowledge is available. For example, partial figure track-
ing failure may result from the occlusion of the torso by a
shoulder-height object, although the person’s head will still
be well tracked; in this instance the smaller head feature will
provide strong constraints on the location of the torso. An-
other example would be a semi-automated tracking system
(eg. for video editing) where the user provides partial reg-
istration of a model in a video sequence. In both scenarios,
our proposed method would efficiently obtain the remaining
correspondences by utilizing the available prior knowledge.

Currently, our system is based on the assumption that
the feature searches always return the correct registration.
However, multiple registration candidates may arise as a
result of clutter and self-occlusion. A future research di-
rection would be to combine our registration approach with
the multiple-hypothesis probabilistic framework proposed
in [6] to cope with these problems.
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