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Abstract

Limit search area

This paper proposes a method for the rapid and precise estimation of human hand postures by combining 2-D
appearance matching and 3-D model-based fitting. First
a rough posture estimate is obtained by image indexing.
Each possible hand appearance generated from a given 3-D
shape model is labeled by an index obtained by PCA compression and registered with its 3-D model parameters in
advance. By retrieving the index of the input image, the
method can obtain the matched appearance image and its
3-D parameters rapidly. Then, starting from the obtained
rough estimate, it estimates the posture and moreover refines the given initial 3-D model by model-fitting. The sequential activation of the two processes in every frame gives
the precise posture estimate rapidly. The effectiveness of the
method is shown by experimental results.
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they calculate the overlapping ratio of the silhouettes as the
matching degree and the search space is huge due to the
high degrees of freedom (DOF) of the hand. In addition, a
precise shape model is required for precise posture estimation because individual users’ hands actually have different
shapes. We need model adaptation to individual hands.

1 Introduction
Recently vision-based human interfaces have attracted
increasing attentions as an alternative way to traditional input devices like mouses and keyboards. Such attempts previously proposed can be divided into two categories: 3-D
model-based and 2-D appearance-based approaches. Methods in the first category extract local image features and fit
a given 3-D shape model to the features [1][2]. While the
methods are able to estimate the object postures accurately
based on the least squares criterion, failures of segmentation
and feature correspondence often occur due to a great variety of hand appearances and self-occlusion. Methods in the
second category register the possible 2-D appearances of the
target object and then find the best-matched one to the input
image [3][4]. They are robust to self-occlusion since they
extract no features and directly match the intensity property between the input and the registered images. Required
processing time is short since the matched images are dimensionally compressed by Principal Component Analysis
(PCA). However, they only categorize the inputs into several patterns like the hand signs with no extraction of the
3-D information. Black et al. [5] extended this approach to
estimate 2-D position and orientation but not 3-D.
The idea of ”Estimation by Synthesis (ES)” [6][7][8][9]
is the first bridge connecting the 3-D model-based and the
2-D appearance-based methods. The ES methods generate
the possible appearances from a given 3-D shape model.
They can estimate the 3-D postures because the 3-D parameters of the generated appearances are known. However, it
takes too much computation to process in real-time because

2 Overview of our method
We propose an extended ES method by combining 2D appearance matching and 3-D model-based fitting (see
Fig.1). First the method obtains a rough posture estimate
based on the image indexing. The method generates all possible hand appearances from a given 3-D shape model in advance. Then it generates an index from each appearance by
compressing the appearance with PCA and registers the set
of the index, the appearance, and its 3-D model parameters.
In the estimation phase, the method can retrieve the matched
appearance image and its 3-D parameters rapidly by using
the index generated from the input image as a search key.
Based on the obtained rough estimate, the method can extract the fingertips, finger axes, palm contours and a wrist
position. Thus it can correctly find their corresponding parts
in the 3-D model even in the case of self-occlusion. Then
the method estimates the precise hand posture and moreover refines the given initial 3-D model by a model-fitting
method like modified Kalman filter with “distribution truncation” [10] during observing the image sequence. The refined posture estimate conversely helps the 3-D parameter
retrieval in the next time-step. Since it is expected that the
posture in the next time-step is found near the posture predicted by filtering, the search area can be limited. Since
our method divides the registered hand appearances with
similar 3-D parameters into subgroups and each subgroup
is PCA-compressed respectively, the rough estimate for the
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is adopted as the difference between the input and the § th
model features. Based on this criterion, we tried a matching
experiment using 192 model images and 70 input images
not included in the model images. Here, a is fixed to 256.
In this experiment, the matching was regarded as successful
if there are right shapes decided by human in the best three
models. The method successfully matched 95% of the input
images.
shows
result
:
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input image at the next time-step can be obtained by searching only the neighbouring subgroup of the posture predicted
by filtering. In this framework combining 2-D appearance
matching and 3-D model-based fitting approaches, robust
and rapid posture estimation is established.
The following sections describe the details of the posture
estimation with experimental results.

3 Rapid Estimation of Rough Posture
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axis is sensitive to the slight shape changes of parts far from
the center of gravity.
Therefore we consider to use the position of remarkable
shape in the hand contour. Here the position S% giving
the maximum jEUWV^f is used as the starting position S for
the model images. If there are several positions giving j0UWV^f
similar to the maximum value, no more than three largest
local maximum positions SK  UWXd[ [f , are considered
for the input images as shown in Fig.4. By fixing SO at
each S% , three normalized features j UkV_fvUWXd5[ [Of are

obtained. The minimum difference
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In the retrieval of the rough estimate, the method compares global shape features extracted from the hand contour
in an input image in stead of direct matching of the image itself. For simplicity, the hand region is assumed to
be brighter than the background and the clothes so that the
hand region is easily obtained.
For reduction of the number of the models, the shape
features invariant to the position, scale and rotation are computed from the contour of the hand region. As shown in figure 2, let S%T(UWVYXZ []\^\_\`[^acbedgf be a points which are placed
at a regular interval on the contour and hT be the distance between S#T and the center of gravity i . The scale-normalized
distance j0UkV_f is obtained by jEUWV^flXnq mpr o where s is the area
of the hand region. The shape feature is defined as the list
UWVYP@X
Z []DE\^P\_H\w[^)ax
of;{z normalized
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In the estimation time, the model shape features stored
in advance are matched to the input shape features one after
another. For rapid process nearly in real-time, the individual
matching computation is required to be reduced as much as
possible. For this reason, the extracted shape features are
compressed by PCA.
The shape feature t(j0UWV^fvu can be also regarded as points
on the high-dimensional space by definition of feature vector ¸ :
(2)
¸¹X»º jEU¼ZOf2[]\^\_\`[2j0U a½bydgf¦¾¦¿À
Performing PCA to a feature vector set of the model images, the eigen vectors t`Á T uUWVYXÂdl\^\_\wÃÄf corresponding to
the largest Ã eigen values are obtained ( Ã
Å¯a ). The
compressed feature vector Æ is obtained as follows:

ÆXÂº Á ¢ \^\_\ ÁÇÈ¾ ¿ U¼¸cb¤Ê
É¸ f

The use of the above feature normalizes the position and
scale. However, the feature is sensitive to rotation. Rotation
changes the order of the elements in the feature list. Thus
we need to devise a method of determining a particular point
on the contour as the first element in the list. We first tried to
use the principal axis of the silhouette. However, the result
is not satisfactory as shown in Fig.3(a) because the principal

(3)

where É¸ denotes the mean of ¸ . Since the input images
are supposed to be similar enough to one of the model images, the difference ` between the feature vectors is approximated by the difference `Ëv between the compressed
feature vectors. In the case that aÌXygÍgÎ , ÃÏX¹Z and the
number of the model images is 200, the amount of compu2
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In spite of the above data compression, the number of
comparison can become huge due to the great variety of the
hand shape. Heap et al. [11] divided the image space into a
set of local patches generated by PCA-compression in each
local neibourhood. This patch set constructs a manifold in
the feature space to be searched for the model matching to
the input image. Since the model images in a patch are similar each other, this idea improves the data compression rate
(i.e. decrease the number of dimensionality). Additionally
it also helps with limiting the search area. After a refined
3-D posture estimate is obtained (described in Sec.4.2), we
can limit the next search area to the patches adjacent to the
estimate. (see Fig.5). Note that this adjacency degree between patches is defined by the difference of the 3-D shape
parameters, not that of the shape feature. Under the assumption of the motion smoothness of the human hand, the wellmatched
found
short
:
;{Þ
ßmodel
°IÊJOR~=image
®JOlPisDE?
|cJ ² inQ)a?=P½
A!Ý¹time.
|}A!Q)!Hàß ² P~=

 ä!.0( 8g+å-1^æ¯ç* +éèOw( @ w* 
Ô)êëÕÖO+ )ì3È
shape

∼
Ωt

Ω t−1
pose

initial set

Ht
Ωt

observation

1

2

4

3

prediction
Ft

constraining

 åî!ì*  3 * ( ¡ $%+ på&Gp yw (*
wï ð É ï
  w 8g(* 
 * + ñ É ïY* w( * (

®D0P~=A!

features are missing due to self-occlusion, especially only
monocular image is available. The reason of the failures is
that the depth cannot be uniquely determined in such situations. The method more robust to this depth ambiguity
problem was proposed by Shimada et al.[10] called “Distribution truncation”. We briefly explains the method in the
next
×
;{z section.
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Since we have a 3-D shape model of human hand, we
can easily make a number of CGs as the model images
whose 3-D posture parameters (palm orientation and angles of finger joints) are known. Using CGs as the model
images, it is therefore possible to retrieve the 3-D posture
by search for the best-matched model image by using the
PCA-compressed shape feature Æ as the index. Fig.6 shows
examples of the retrieved 3-D postures from the indexed
CGs. In the current implementation on Sun SPARC Station 10, the posture can be estimated 10 frames per second
including image capturing and the pre-processes.
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Because we can use the time sequence of images, we
consider to apply a filtering method such as Kalman Filter for estimation of the parameter vector ¸ including scale,
wrist position, palm orientation, joint angles, lengths and
widths of fingers and a palm. Additionally we consider
more constraint knowledge of the hand. Our ambiguitylimiting process with the above constraints is shown in
Fig.7. It is the same as a normal filtering method except
in that the constraining phases is inserted between the prediction and observation phases. In the filtering framework,
the ambiguity of the estimated parameter is represented as
its probability distribution. When a inequality constraint
such as bgZÂõ¯öyõ÷gZ is available, the probability distribution can be truncated by removing the parts where the
inequalities are not satisfied. Then the covariance ellipsoid

4 Estimate Refinement by 3-D Model Fitting
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Based on the rough posture obtained by the above
method, we next refine the posture estimate. For more precise estimation, we try to simultaneously adapt the initial
3-D model to the individual hand shape. Given the rough
estimate, the feature extraction is easily resolved because it
is already clear where each finger is located and which finger is occluding or occluded. Therefore, the refined 3-D parameters are obtained by fitting to the image features with
least squares method. However it often fails when some
3

using hand CG images with known parameters as the model
images. Based on the obtained rough posture, the posture
and the initial 3-D model is refined based on 3-D model
fitting. We show the effectiveness of our method by simulation and an application to real hand images.
One of the remaining problems is the difficulty in distinguishing shapes like a fist. In order to resolve it, we consider
to use intensities and multiple camera sources. It is also
necessary to extract hand regions from any backgrounds.
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