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a b s t r a c t
In this paper, we propose a model-based approach to recover 3D hand pose from 2D images. To this end,
we describe the hand structure using a compact 3D articulated model and reformulate pose estimation as
a binary image segmentation problem aiming to separate the hand from the background. We propose
generative models for hand and background pixels leading to a log-likelihood objective function which
aims to enclose hand-like pixels within the projected silhouette of the 3D model while excluding background-like pixels. Segmentation and hand-pose estimation are jointly addressed through the minimization of a single likelihood function. Pose is determined through gradient descent in the hand parameter
space of such an area-based objective function. Furthermore, we propose a new constrained variable metric gradient descent to speed up convergence and ﬁnally the so called smart particle ﬁlter to deal with
occlusions and local minima through multiple hypotheses. Promising experimental results demonstrate
the potentials of our approach.
Ó 2009 Elsevier Inc. All rights reserved.

1. Introduction
Hand gestures play a fundamental role in inter-human communication. An efﬁcient hand motion tracking system would provide
natural ways of human–machine interaction in immersed environments, and could lead to automatic sign-language recognition [1].
Data gloves are commonly used as input devices but are expensive
and may inhibit free movements. Vision-based tracking in monocular video streams provides the most natural, non-invasive form of
hand motion capture. However the design of such an accurate and
fast system is a difﬁcult task and has been an active research area.
To the best of our knowledge, one cannot yet claim the existence of
a golden solution to hand tracking in the literature.
Hand tracking methods [2–6] rely on various assumptions and
can be roughly classiﬁed into: (i) discriminative methods and (ii)
generative methods.
Discriminative approaches (also referred to as view-based
methods) approximate the inverse mapping from image to hand
parameters [2–4,7–9] through classiﬁcation or regression techniques. The classiﬁer is constructed from a database that is either
generated off-line with a synthetic model or acquired by a camera
from a small set of poses. These methods are usually fast and do
not require user-aided initialization. However, due to the high
dimensionality of the hand pose space, it is not possible to perform
dense sampling. Thus the estimated hand pose are not very precise.
These methods are well suited for detection and rough pose esti* Corresponding author.
E-mail addresses: martin.de-la-gorce@ecp.fr (M. de La Gorce), nikos.paragios@
ecp.fr (N. Paragios).
1077-3142/$ - see front matter Ó 2009 Elsevier Inc. All rights reserved.
doi:10.1016/j.cviu.2009.09.004

mation or recognition of a limited set of predeﬁned poses.
Although some discriminative methods have been applied to the
multi-view setting [7], most discriminative methods assume that
the hand is observed from a unique point of view which makes
accurate tracking often unattainable, as no depth information is
available.
Generative methods (also referred as model-based methods)
use a 2D or 3D articulated hand model whose projection is ﬁtted
to the observed image. The ﬁtting is generally done through minimization of a cost function based on extracted cues such as edges
in the image [5,10,11], segmented silhouettes [12,13] or using a
sum of errors on patches [6,14]. As an alternative to the explicit
minimization formulation, the ﬁtting process is sometimes formulated using generalized forces that are derived from cues extracted
in the observed image and that are integrated using recursive dynamic model [15]. The two approaches are similar when the forces
are derived as gradient of some cost function (referred as energy by
analogy to mechanics) whose decrease is tested at each iteration of
the ﬁtting process. When the forces are not derived as gradient
[15], it is often difﬁcult to control the improvement of the ﬁtting
through iterations and to ensure its convergence.
The energy to be minimized is sometimes decomposed into a
factor-graph [6]. Pose parameters are independently considered
for each part of the hand, by deﬁning an energy term for each part.
Additional terms ensure that the mechanical constraints between
adjacent parts are not violated. The minimization (or inference)
is performed using message-passing algorithms that take advantage of the energy factorization to recover good minima (global if
the graph is a tree and the variables are discrete). However some
restrictive approximations/assumptions have to be done in order
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Fig. 1. Overview of the hand pose reﬁnement through iterative minimization.

to obtain a factorized form of the energy (in particular while modeling occlusions), while efﬁcient message passing for high dimensional continuous variables is still a research topic. Generative
methods that use 3D hand models are suited whenever the hand
is recorded from multiple viewpoints and often stereo-matching
is possible. A possible approach [16] is to match the hand model
surface to the 3D surface or point-cloud obtained from a regular
stereo-matching algorithm. However, one can question the accuracy of the estimated depth map obtained by stereo-matching
due to the absence of strong texture on hands.
In this paper we propose a model-based Bayesian inference
method to recover 3D hand pose from monocular images. The hand
is described by an articulated model with constraints limiting the
range of each degree of freedom. To evaluate the likelihood of a
plausible candidate 3D conﬁguration, we synthesize the corresponding hand silhouette projection in the image plane and measure its likelihood given a generative model for the background
and hand skin pixels. The hand pose is iteratively reﬁned through
minimization of the negative log-likelihood. One can see a graphical overview of the iterative minimization method for hand pose
reﬁnement in (Fig. 1). We propose a new variable metric constrained gradient descent in order to improve the convergence
rate. Furthermore, we combine our approach with the so called
smart particle ﬁlter [17] that combines a multiple hypothesis testing approach with a local search in order to improve robustness of
the method to local minima. Our method bears some concept similarities with previous variational approaches [5,15,18,19] which
have considered segmented hand silhouette or edges as image
cues. However those methods rely on a segmentation of the hand
silhouette or edge detection that may be inaccurate, especially
with a cluttered background, due to the lack of strong shape constraints. In our method, the segmentation and hand-pose estimation are uniﬁed through the minimization of a single likelihood
function using gradient descent which is novel and improves overall robustness. In contrast to [5,20] that has ignored gradient information, we derive the expression of the gradient in the hand
parameter space. To this end, we propose a polygonal approximation of the hand silhouette that facilitates the calculation of the
likelihood and its gradient and allows direct use of results from active polygons [21]. In contrast with [15] that formulate the ﬁtting
process using generalized forces that are integrated using forward
recursive dynamic model, our ﬁtting process is explicitly formulated as an energy minimization and thus decrease of the energy
(and convergence) can be easily ensured using step length selection during the ﬁtting procedure. The knowledge of the energy gradient allows the use of more advanced optimization methods and
signiﬁcantly speeds up local the search in the parameter space.
The remainder of this paper is organized in the following manner: in Section 2 the articulated hand model along with the corresponding constraints in the parameter space are presented, while
in Section 3 we derive the silhouette computation in the image

plane. The likelihood function and the optimization described in
Section 4. Finally, Section 5 presents experimental results followed
by a discussion and a conclusion.
2. Hand model and constraints
2.1. Parametrization
The hand is modeled with an articulated kinematic tree composed of 17 solid components inducing 28 degrees of freedom
(DOF). Any possible conﬁguration is described by a vector
h 2 R28 . Each ﬁnger except the thumb is modeled with the same
kinematic chain with 4 DOF. Both the distal interphalangeal joint
(DIP), between the second and third (distal) phalanges, and the
proximal interphalangeal joint (PIP), between the ﬁrst and the second phalanges, are modeled with 1 DOF. The metacarpophalangeal
(MP) joint, connecting ﬁngers to the palm, is modeled as a saddle
joint with 2 DOFs. Despite the fact that the thumb have been generally modeled with 5 DOF with orthogonal axes, we consider a 4
DOF model for the thumb with non-orthogonal joint axes. The
wrist position is related to the palm position through two rotation
angles. The hand model consists of 22 internal DOF represented by
a parameter vector ½hint . In order to describe the position of the
palm with respect to the absolute frame, we consider 6 external
DOF (3D translation/rotation) represented by a parameter vector
½hext . This leads to a complete model with 28 DOF
½h  ½hext ; hint  2 R28 .
In order to write down the equations describing the kinematic
4
chains, we deﬁne local coordinate systems ðxi ; yi ; zi ; oi Þ 2 R3 on
each of the 17 solid parts that compose the hand (Fig. 2). Each of
this coordinate systems is represented using a 4 by 4 matrix that
maps the solid coordinates of each point to its corresponding world
coordinates using a simple matrix multiplication. We denote Rx ðhÞ
the 4 by 4 matrix associated to the the rotation around the axis x
with the angle h. We deﬁne rotations matrices Ry , Rz , and the translations matrices T x , T y , T z , T xy in a similar manner.
Such a model should respect kinematic constraints to avoid
unrealistic hand conﬁgurations during tracking. These conditions
improve the performance of the tracker since they aim to impose
a natural behavior on the model and reduce the search space.
2.2. Kinematics constraints
Bone, muscle, and tendon structures lead to a number of natural
constraints that should be embedded in the hand model. Analysis
of such constraints is essential in order to avoid unrealistic hand
conﬁgurations during tracking but also to reduce the search space.
Previous work [22,23] has introduced two types of constraints: the
static and the dynamic ones. Static constraints are independent of
the hand’s pose. They include joint angle limits calculated for all
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Fig. 2. Left hand index kinematic chain and left hand thumb kinematic chain.

possible hand conﬁgurations and are primarily derived from the
hand’s bone structure. Dynamic constraints are angle limits that
depend on the other joints for some speciﬁc conﬁguration. They
are derived from the tendon structure within the hand.
From an optimization point of view, static constraints correspond to bounds on a single angle while dynamic constraints correspond to equalities or inequalities that involve a combination of
angles (linear or non-linear). The set of linear inequality constraints on the parameter vector h can be expressed by enforcing
Ah 6 b where A is a single sparse matrix and b is a vector. These
inequalities deﬁne a convex polyhedron in R28 as the feasibility region. We could deﬁne many inequality constraints. However a
small number of identiﬁed constraints are enough to avoid unrealistic conﬁgurations as shown in [22].
For each ﬁnger except the thumb we can experimentally observe that in any conﬁguration we have

ðhxMP ; hPIP ; hDIP Þ 2 ½0; 100 3 ;

hzMP 2 ½15 ; 15 

ð1Þ

The limits on the thumb angles are:

hIP 2 ½0 ; 110 ; hMP 2 ½0 ; 80 
hzM 2 ½15 ; 80 ; hyM 2 ½30 ; 130 
The pose of the wrist respect to the arm is speciﬁed by two rotation
angles hxW and hzW with limit constraints:

hxW 2 ½80; 80; hzW 2 ½20
For each ﬁnger it is nearly impossible to move the DIP joint without
moving the PIP joint. Such a dependency has been modeled in [22]
by 3hDIP  2hPIP ¼ 0. However we notice that when the hand is
clenched into a ﬁst (hMP ¼ p=2 and hPIP ¼ p=2) it is easy to have
the DIP joints extended ðhDIP ¼ 0Þ, which clearly violate the linear
relation given above. Therefore we choose to replace this constraint
by two linear inequalities:

hxMPb 6 hxMPc þ 25

hxMPb P hxMPc  55

hxMPc 6 inf ðhxMPb þ 55 ; hxMPd þ 20 Þ
hxMPc P supðhxMPb  25 ; hxMPd  45 Þ
hxMPd 6 inf ðhxMPc þ 45 ; hxMPe þ 50 Þ
hxMPd P supðhxMPc  20 ; hxMPe  45 Þ
hxMPe 6 hxMPd þ 45

hxMPe P hxMPd  50

All those constraints should be taken into account during the model
ﬁtting process. This is detailed in the optimization Section 4.3.
3. Hand silhouette computation and its differentiation with
respect to the model parameters
Different hand surface models have been proposed in the literature. The skin surface has been modeled using a triangulated
mesh [17], a simplex mesh [10] or a small set of simple primitives
(conics and convex polyhedra) [5,18,20]. We choose the latter
mainly because the use of meshes would lead to a silhouette position that is not differentiable with respect to the parameters h and
would hinder the local search (see [24]).
We consider a model that uses an ellipsoid for each phalange, a
polyhedron for the palm and deformable polyhedra for the skin between ﬁngers. Such a model is a good compromise between speed
and accuracy for the silhouette computation that is critical in our
approach. The parameters of each ellipsoid and the polyhedron
are determined in a supervised calibration stage.
The hand silhouette computation is carried out in three main
steps:

ð2Þ

 calculation of the coordinate system matrix K i associated to each
part
 projection of each primitive followed polygonal approximations
of the projections leading to the set of polygons P in the image
plane
 computation of the silhouette described by a complex polygon
Q.

However, since isolated ﬂexion of a ﬁnger is restricted by accompanying tension in the palmar interdigital ligament, such ﬂexion
might cause ﬂexion of the adjacent ﬁngers. In the same way, a single ﬁnger’s extension is limited by the ﬂexion of others. Such conditions can be modeled by a set of linear inequalities:

Our method is based on gradient descent minimization; therefore it requires the calculation of the ﬁrst-order variation of the silhouette with respect to the parameter vector h. This differentiation
is carried out for each of the three steps of the silhouette
computation.

3hDIP  2hPIP 6 0;

3hDIP  2hPIP P 2hxMP
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3.1. Ellipsoid projection and differentiation
The perspective projection in the image plane of each ellipsoid,
corresponding to a phalanx of the hand, is an ellipse and therefore
can be described by an equation ½x; y; 1t C½x; y; 1 ¼ 0. Computing
the 3 by 3 matrix C and the Jacobian @C=@h is a trivial task [20]
and will not be detailed here. We aim to differentiate the ellipse
contour with respect to h. In order to simplify the derivation, we
approximate the ellipse with an N-edge polygon. To this end, we
diagonalize the C matrix:

C ¼ VDV t

with VV t ¼ I;

D ¼ diagð½d1 ; d2 ; d3 Þ

ð3Þ

We order the eigen-values such that d1 P d2 P d3 , we deﬁne a and
b two scalars as follows:

a¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
d3 =d1 ;

b¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
d3 =d2

ð4Þ

Then one can approximate the ellipse with the polygon P i ¼ fpin g:

pin ¼ ½xn =zn ; yn =zn t

ð5Þ

with

½xn ; yn ; zn t ¼ V  ½a cosð2pn=NÞ; b sinð2pn=NÞ; 1t

ð6Þ

Note that the resulting polygon is convex. The projections can now
be differentiated for the purpose of the local optimization, which requires the estimation of:

@Pn @Pn @C
¼
@hi
@C @hi

ð7Þ

n
In order to calculate @P
, we need the ﬁrst-order variation of the ei@C
gen vectors and eigen-values of C. Given the deﬁnition of an eigen
vector we have:

ðC  dk IÞV 1:3;k ¼ ½0; 0; 0t

ð8Þ

In order to calculate the derivative of the eigen-values with respect
dC
to C ij , one use the fact that @C
¼ ei etj with ðei Þ i 2 f1; 2; 3g being the
ij
canonical basis of R3 and differentiate Eq. (8):



@dk
dV 1:3;k
ei etj 
¼ ½0; 0; 0t
V 1:3;k þ ðC  dk IÞ
@C ij
@C ij

ð9Þ

We consider V t1:3;k  (9):



@dk
@V 1:3;k
V t1:3;k ei etj 
V 1:3;k ¼ V t1:3;k ðC  dk IÞ
@C ij
@C ij

ð10Þ

as V t1:3;k ðC  dk IÞ ¼ ½0; 0; 0t we get:
t

ð11Þ

@V 1:3;k t
V 1:3;k ¼ 0
@C ij

ð12Þ

The ﬁrst-order variation of the eigen vectors is obtained by solving the following linear system for each eigen-value:

" @d
#

k
V
 ei V jk
C  dk I @V 1:3;k
@C ij 1:3;k
¼
ðV 1:3;k Þt @C ij
0
@pn
@C ij

with ½xin ; yin ; zin t ¼ P  K j  sin . The convex hull of the set of projected
Ni
gives a convex polygon with vertices
points f^sin gn¼1
Ni
i
i
. The function h selects a subset of the profpn g ¼ f^shðnÞ g  f^sin gn¼1
jected points. We calculate the ﬁrst-order derivative of its vertex
with respect to h using he chain rule. The differentiation is straightforward and not detailed here.
3.3. Silhouette computation
Once all primitives are projected onto the image plane, we need
to calculate the hand silhouette, which corresponds to the boundary of the union of the polygon interiors. The projection of each
primitive from 3D into a polygon with respect to its associated
frame position produces a set of polygons described by a list of vertices P  fP i ¼ ðpi1 ; . . . ; pini Þgi¼1;...;Np . Their ﬁrst-order derivatives
h@pi i
k
are also computed. Such vertices are listed counter-clockwise.
@h
j

Let Pi denote the area within the ith polygon. The silhouette
½C  @ X corresponds to the contour of the unions ½X  [Ni¼1 Pi .
The silhouette is described by a complex polygon Q that might
have holes. Let us denote Q  fQ i  ðqi1 ; . . . ; qiNi Þgi¼1;...;Nq . Q 1 is the
exterior silhouette and Q 2:Nq describe holes in the silhouette. The
silhouette can be written as the union of segments
N

ni
q
C ¼ [i¼1
[n¼1
qin qinþ1 . The problem of computing the union of two

convex polygons with m and n vertices, respectively, has been addressed in the literature with linear time ðOðm þ nÞÞ algorithms
[25,26]. However it is not obvious how those algorithms could be extended in order to compute the union of N-polygons. Therefore we
address this task through the successive comparison of each pair of
polygons. The ﬁrst-order derivative of the vertex qik with respect to
h@qi i
h, i.e. @hkj is also computed. In case qik does not result from an intersection between two segments, its derivative is obtained from its
corresponding vertex in P. Otherwise it is calculated from the ﬁrstorder derivative of the extremities of both intersecting segments.
The next step consists of proposing an objective function that
measures the consistency of the synthesized silhouette with the
observed image.
4. Pose estimation

The differentiation of the constraint kV 1:3;k k ¼ 1 leads to

Then,

^sin ¼ ½xin =zin ; yin =zin t

t

@dk V 1:3;k ei ej V 1:3;k
¼
¼ V ik V jk
@C ij
V t1:3;k V 1:3;k



jection matches the 2D convex hull of the projected points. For a
polyhedron that is associated with the frame K j we can project
its points onto the image plane according to:

can be obtained from

@dk
@C ij

and

ð13Þ
dV 1:3;k
@C ij

using Eqs. (4) and (5).

3.2. Convex polyhedron projection and differentiation
The case of polyhedron projection is simpler. Suppose the ith
primitive is a polyhedron; then it can be described as the convex
Ni
in R3 . The contour of the prohull of a ﬁnite set of vertices fsin gn¼1

4.1. Observations models
In order to estimate the hand position through time (i.e. the
parameter vector ht ), we need to measure, for each frame, the consistency between the synthesized hand silhouette contour Cðht Þ
and the observed image It . In the Bayesian framework, this means
recovering the probability density pðIt jht Þ of getting the observed
image It given a hand conﬁguration ht . This probability is built from
generative models for pixels of the hand, the background and other
regions. Those regions are ordered in depth and may occlude each
other, leading to a so called 2.1D sketch model [27] (2D regions
plus depth ordering). Our model leads to a log-likelihood
LðX t Þ ¼ logðpðIt jht ÞÞ that can be interpreted as a cost function with
the lowest value corresponding to the hand conﬁguration that is
most consistent with the observed image. Despite our speciﬁc
modeling choice on background and foreground separation our approach can be adapted to other well-known contour-based or area
based segmentation functionals f ðC; It Þ. This could be done by taking the Gibbs distribution pðIt jht Þ / expðf ðCðht Þ; It Þ=TÞ with T a
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temperature parameter. Our generative model supposes that the
observation is made of four classes representing four different elements of the image: (1) the static background, (2) the skin, (3) foreground which might occlude the hand, and (4) parts of the body
behind the hand. Unlike most silhouette matching methods
[12,18], we do not suppose pre-segmentation of the image into those
four classes in order to match the hand to a segmented silhouette.
Our method uniﬁes segmentation and hand-pose estimation in a
single optimization problem thus improving overall robustness.
Under the assumption of a static camera, we assume that the
background is stationary or changing in a gradual fashion. The
background model based on a mixture of Gaussians [28] for each
pixel is an excellent compromise between low complexity and
fairly good approximation of stationary signals. This yields the following background log-likelihood:

fbk ðxÞ ¼  log

X

!
wix Nðlix ; Rix ÞðIðxÞÞ

ð14Þ

i

fhd ðxÞ ¼  logðdhd ðIðxÞÞÞ
fbd ðxÞ ¼  logðdbd ðIðxÞÞÞ

ð15Þ

pðIt jht Þ  pðIt jM hd ðht ÞÞ /

R

R
Mfor

M bd

pðIt jM hd ; M for ; M bd Þ

pðMfor ÞpðM bd ÞdMbd dMfor

ð16Þ

deﬁning
the depth order relation we get the ordering
for hd bd bk and we can write the observation likelihood taking occlusions into account:

Z

pðIt jMhd ; Mfor ; M bd Þ ¼
image

X

dj ðIt ðxÞÞM i

i

Y
j i

ð1  M j Þdx

ð17Þ

In order to simplify the computation we approximate by maximizing rather than marginalizing over the other masks and choose an
‘‘improper uniform prior” for pðMfor Þ and pðMbk Þ. Maximizing the
expression in Eq. (17) with respect to Mfor and Mbd and taking the
negative logarithm of the maximum leads to an approximate loglikelihood of the hand conﬁguration given the observed image. This
functional, also referred to as the data cost function, is ﬁnally expressed as:

Z

Z

minðfhd ; ffor ÞðxÞdx þ

Z

f ðxÞdx þ K
XðhÞ

I
f ðpÞdp ¼

XðhÞ

hF; Nids

ð19Þ

C¼@ X

where N denotes the outward unit normal to C; ds the Euclidean arc
length element and F ¼ ðF u ; F v Þ is chosen so that r F ¼ f . We
Rx
choose F u ðx; yÞ ¼ t¼0 f ðt; yÞdt and F v ¼ 0. The lowest potential of
this cost function with respect to the h parameters refers to the
most likely pose conﬁguration given the image.

The local maximization of pðIt jht Þ is equivalent to the minimization of the functional Lðht Þ (Eq. (18)). We aim to use the gradient
information to speed up convergence. In order to compute the likelihood derivative, we use the result obtained by [21] in the context
of active polygons. The derivative of the functional LðhÞ with respect to a vertex of the polygon is shown to be:

@L
¼ Jðqik  qik1 Þ
@qik

 ðhÞ
X

minðfbk ; fbd ; ffor ÞðxÞdx
ð18Þ

Z

1

f ðð1  tÞqik1 þ tqik Þtdt

0

Z

þ Jðqikþ1  qik Þ
with J ¼

We denote Mfor ; Mhd ; Mbd and Mbk , respectively, for the characteristic
function of the regions (including occluded parts) corresponding to
foreground, hand, body, and background. Rather than require the
regions form a partition of the image, we give a depth order: foreground, hand, body, and background. Each part may occlude deeper
parts. The probability of observing It given Mhd is obtained by marginalization over the possible conﬁgurations of the masks M for and
Mbd . The background mask Mbk ðxÞ remains equal to one on the entire image support and is therefore not marginalized.

¼

Z



ffor ðxÞ ¼  logðdfor ðIðxÞÞÞ

XðhÞ

R
with f ðxÞ ¼ minðfhd ; ffor Þminðfbk ; fbd ; ffor ÞðxÞ and K ¼ image minðfhd ; fbd ;
ffor ÞðxÞdx. The value K does not depend on the synthesized silhouette
and can be pre-calculated for a given frame. As we calculate (Eq.
(18)) several times for a single frame, we can speed up the computation using image integrals and the Green’s divergence theorem as
proposed in [29]. The integrals over the area X are then reduced to
an integral over the silhouette C thus reducing the computational
complexity:

4.2. Gradient computation

We model the three other classes using a kernel-based approximation (Parzen windows) of the RGB histograms. Some minimal interaction is required from the user in order to recover an initial form of
this non-parametric approximation. Current effort is made towards
automatic recovery and update of these approximations. We denote
dhd ; dfor and dbd the respective approximated distributions on the
RGB space. The histograms are thresholded such that no-zero probability is given to any color. In the absence of spatial inter-pixel
dependencies within each part, we obtain the following observation
log-likelihoods:

LðhÞ ¼

367

0
1

1

0

f ðð1  tÞqikþ1 þ tqik Þtdt

ð20Þ


1
i
:Denoting lk  jqik  qikþ j to be the lengths of the
0

segment qik ; qikþ , and nik to be its outward unit normal vector, we
i

get Jðqikþ1  qik Þ ¼ nik lk . One should point out that the information
of the functional f is being integrated along adjacent edges for a vertex, and that each edge gives an orthogonal contribution to its
extremity vertices. The resulting vector @L=@qik can be interpreted
as a data force acting on the silhouette vertex qik . Combining the
likelihood derivative with respect to the silhouette vertices and
their derivative with respect to h, we get:
nq X
ni
@LðhÞ X
@L @qik
¼
i @h
@hj
@q
j
k
i¼1 k¼0

ð21Þ

Through this simple matrix multiplication, forces on the silhouette
vertices are transcribed to forces on the hand parameters. We remind the reader that despite our speciﬁc modeling choice on background and foreground separation our approach can be adapted to
other well-known contour and region based segmentation functionals. As far as they can be expressed in the form of area integrals, the
gradient can be computed using Eq. (20).
4.3. Variable metric descent
Several methods exist in order to recover the lowest potential of
a cost function such as LðhÞ. Due to the explicit calculation of the
gradient, efﬁcient methods like quasi-Newton could be used. However we consider a quadratic penalization on the step based on the
chamfer distance between silhouettes rather than the approximation of the Hessian using the popular Broyden–Fletcher–Goldfarb–
Shanno (BFGS) method. This choice yields faster convergence due
to nonlinearity of the gradient. Our new optimization method
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can be assimilated to a variable metric gradient descent under linear constraints.
At each iteration of our method, the parameter vector is updated through minimization of a quadratic form that combines
the linear approximation of the cost function (based on the gradient) with a quadratic penalization of the step:



h

hþ

argmin
fDh jAðhþDh Þ6bg

dL
1
Dh þ Dth C h Dh
dh
q



ð22Þ

The solution of (Eq. (22)) is obtained using a standard quadratic
programming method and q is an adaptive coefﬁcient controlling
the step length. Indeed, without the linear constraints, the solution
of (Eq. (22)) would be given by Dh ¼ qC 1
h dL=dh. The coefﬁcient q is
adapted such that the decrease of the cost functional is within some
range of the predicted one.

Lðh þ Dh Þ  LðhÞ 6

1 dL
Dh
2 dh

ð23Þ

C h is a preconditioning matrix which can be seen as a variable metric. C h could be chosen as the approximation of the Hessian using
the BFGS method. However, due to nonlinearities, we choose C h
such that the quadratic term in (Eq. (22)) locally matches the quadratic chamfer distance between the silhouettes for small variations, i.e.:

Dqc ðCðhÞ; Cðh þ Dh ÞÞ ¼

Dth C h Dh

2

þ oðkDh k Þ

ð24Þ

with Dqc ðC1 ; C2 Þ the quadratic Chamfer distance between curves
that is deﬁned as

Z

Dqc ðC1 ; C2 Þ 

mint ðC1 ðsÞ  C2 ðtÞÞ2 ds

ð25Þ

C1

One can calculate C h given the set Q ¼ ðqik Þ of silhouette vertices.
With some calculation, this leads to:

Dqc ðCðhÞ; Cðh þ Dh ÞÞ ¼

1X i
l ½ðD i ni Þ2 þ ðDqi nik Þ2
kþ
3 i;k k qk k
þ ðDqi nik  Dqi
k

with Dqi ¼
k

P

@qik
j @hj

kþ

nik Þ2  þ oðkDh k2 Þ

ð26Þ

Dhj . The second term on the right side of Eq. (26) is

quadratic with respect to Dh and therefore can be rewritten under
the form of Eq. (22). This quadratic term penalizes large steps and
leads to a natural scaling between rotations and translations. Directions with a small inﬂuence on the silhouette are penalized less
than directions with a greater inﬂuence. Such a variable metric will
improve performance over the standard quasi-Newton method (see
[Fig. 8] in Section 5.1). However current effort is made to properly
combine BFGS approximation of the Hessian with the proposed
metric in order to gain efﬁciency. Such a local optimization method
allows reaching a nearby minimum quite efﬁciently. However
occlusions and depth ambiguities tend to create multiple local minima. Consequently, given the absence of temporal constraints in our
approach, the method could fail after several frames. Such a limitation can be dealt with through multiple hypotheses testing. Particle
ﬁlters are a common approach to implement such a framework.
4.4. Smart particle ﬁltering
Particle ﬁltering is proposed to tackle the problem of Bayesian
estimation of the hand trajectory. Given the set of frames
I0 : t ¼ ðI0 ; . . . ; It Þ we aim to recover the hand position and speed
X t ¼ ½ht ; h_ t t . We aim to compute the probability density functions
pðX t jI1:t Þ of present state X t , based on observations from time 1 to
time t I1:t . This pdf can be computed in a recursive manner: given
our previous pdf pðX t1 jI1:t1 Þ and a new observation It , the updated a posteriori pdf pðX t jI1:t Þ can be computed using Bayes’ rule:

pðX t jI1:t Þ ¼

pðIt jX t ÞpðX t jI1:t1 Þ
pðIt jI1:t1 Þ

ð27Þ

with PðIt jX t Þ ¼ ð1=Z T Þ expðLðht Þ=TÞ, where Z t is a normalizing factor and T a temperature parameter. We model the dynamic process
X t using a simple constant speed model:



1
1
PðX tþ1 jX t Þ ¼ exp  ðDX  XÞt R1
ðDX

XÞ
if Ahtþ1 < b; 0 else
d
Z
2
ð28Þ



1 4t
(4t being the time interval between two sucwhere D ¼
0 1
cessive frames), Z is a normalizing factor, and Rd is a covariance matrix which we deﬁned manually (by taking a diagonal matrix). Note
that this matrix could be estimated from training data using the
method proposed in [30].
Because the process is markovian (i.e. pðX t jX t1 Þ ¼ pðX t jX 1:t1 Þ
we obtain:

Z
pðX t jI1:t1 Þ ¼

pðX t jX t1 ÞpðX t1 jIt1 ÞdX t1

ð29Þ

The normalization factor in Eq. (27) is given by:

Z
pðIt jI1:t1 Þ ¼

pðIt jX t ÞpðX t jI1:t1 ÞdX t1

The recursive computation of the prior and the posterior pdf leads
to the exact computation of the posterior density. Nevertheless,
due to the dimension of the hand conﬁguration space it is impossible to exactly compute the posterior pdf pðX t jI1:t Þ, which must be
approximated. Particle ﬁlters, which are sequential Monte-Carlo
techniques, estimate the Bayesian posterior probability density
function (pdf) with a set of samples. Sequential Monte-Carlo methods have been ﬁrst introduced in [31]. For a more complete review
of particle ﬁlters, one can refer to [32]. Particle ﬁltering methods
approximate the posterior pdf pðX t jI1:t Þ by a weighted sum of M Dirac distributions centered at fX m
t ; m ¼ 1 . . . Mg with the weights
fwm
;
m
¼
1
.
.
.
Mg:
t

pðX t jI1:t Þ

N
X

wnt dðX t  X nt Þ

ð30Þ

n¼1

The set of pairs fX nt ; wnt gNn¼1 is called the weighted particle set. Each
weight wnt reﬂects the importance of the sample X nt in the pdf. Different methods exist for updating the approximated posterior pdf,
i.e. the set of particles each time a new frame is observed. One possible method is called Sequential Importance Sampling (SIS) and
consists in two steps:
m
 Draw each new state X m
t from the previous state X t1 using a
m
proposal distribution qðX t jX 1:t ; It Þ.
 The importance of each sample wm
t is updated according to the
ﬁtness measure between the generated solution and the
observed data.

m
wm
t / wt1

m
m
pðIt jX m
t ÞpðX t jX t1 Þ
m m
qðX t jX t1 ; It Þ

ð31Þ

The algorithm’s performance is dependent on the choice of the
importance distribution. Despite the fact that it is not the optimal
importance distribution, the transition prior can be used as the
importance function because it is easy to draw samples from it.
In order to keep a reasonable number of particles and avoid degeneracy of the algorithm due to situations where all but one of the
importance weights is close to zero, one could resample the set
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Fig. 3. The hand is clutched and extended without loosing track.

Fig. 4. Robustness to occlusion is demonstrated in this sequence.

Fig. 5. Six frames from a tracking sequence provided by authors of [6] in which the hand makes grasping motions and individual ﬁnger movements. The results are
qualitatively equivalent.

of particles after each pdf update. The approximated distribution
with N particles of heterogeneous weights fX nt ; wnt gNn¼1 is resampled
into an approximation with N particles of same weight fX nt ; N1 gNn¼1 .
The combination of SIS with resampling is called Sampling Importance Resampling (SIR).
Hand-pose estimation aims to recover parameters in a highdimensional space. A huge number of particles should be considered in order to get a reasonable approximation of the posterior
pdf. Unfortunately, this is not practical due to the heavy computational cost of evaluating pðIt jX t Þ for a single particle. Therefore, a
classical particle ﬁlter with a reasonable amount of particles is
likely to fail to produce optimal results. In order to address this
limitation while being able to deal to some extent with the presence of multiple local minima, we adopt the concept of ‘‘smart
particle ﬁlter” [17]. Such an approach combines multiple hypotheses generation with local gradient descent. After propagating the
particles, each particle is duplicated with half of the original
weight for both particles and a local maximization (which in our
case is of variable metric as was earlier explained) of pðIt jX nt Þ with
respect to X nt is performed for each copy in order to reﬁne the
positions of the particles toward the maximum of closest mode.
Because we change some particles’ positions, the represented
pdf pðX t jI1:t Þ would be altered if the weights were kept unchanged.
The resulting new particle set is therefore re-weighted such that
the original Bayesian distribution is not altered. This helps to get
more particles near the center of each mode of the distribution
and allows efﬁcient particle ﬁltering using far fewer samples.
We refer the reader to the original paper [17] for a fully detailed
explanation.

5. Discussion
5.1. Validation
In order to validate the proposed technique, several sequences
with important variations of the hand conﬁgurations were
considered. We also tested our method on two sequences provided
by authors [5,6]. Experimental tracking results are shown in
(Figs. 3–6). User-aided initial hand conﬁguration and calibration
is provided for the ﬁrst frame. The color distributions of the hand
and the foreground have been provided for the test using useraided labeling in the ﬁrst frame. Current efforts are made in order
to get automatic recovery of such distributions. For the sequences
(Figs. 3 and 4), we limited the number of particles to 30 and the
number of iteration to 10, thus limiting to 300 the number of function evaluations per frame. For the sequences (Figs. 5 and 6), we
used a single particle with 300 iterations. The runtime for a frame
is proportional to the number of function evaluations and is about
3 min on a 3 GHz intel XeonTMcpu when using 300 evaluations
(0.6 s per particle and per iteration). The code is fully written in
Matlab and not vectorized. Note that it is common to obtain a
speedup by at last two orders of magnitude by rewriting non-vectorized Matlab code in C. In the ﬁrst sequence (Fig. 3), the hand is
clutched and extended. In the second sequence (Fig. 4), robustness
to occlusion is demonstrated as tracking does not fail when the
foreground object occludes parts of the hand. In the third sequence
(Fig. 5), the hand makes grasping motions and individual ﬁnger
movements, as been provided by authors of [6]. We show the
same frame as the ones shown in [6]. We obtain results that are
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Fig. 6. Tracking results with a sequence provided by authors in [5] with a grasping movement of the hand. the ﬁrst and second are obtained with some additional linear
constraint between ﬁngers angles. The third and fourth row are obtained without additional linear constraints.

qualitatively as good. Unfortunately, ground truth is not available
in order to perform ﬁner comparisons of the results.
In the fourth sequence (Fig. 6), the hand is closed and then
opened, as been provided by authors of [5]. For computational reasons, the results presented in [5] were obtained with important
reduction in the dimension of the hand pose-space, adapted to
each sequence individually (8D movements for second sequence
– 2 for articulation and 6 for global motion – and 6D rigid movement for third sequence). We tested our algorithm both with and
without such reductions (with reduction rows 1 and 2, without
reduction rows 3 and 4). To reduce the space of poses, linear
inequalities were deﬁned between pairs or triplets of angles.
Inequalities were preferred to equalities because this limits the
range of possible poses while locally keeping enough freedom of
pose variation to make ﬁne registration possible. As one would expect, the results are better when the pose space is reduced (see the
ﬁrst and third images from the left in the fourth row). A limitation
of our approach appears while inspecting the results on these sequences. When the hand is closed, the position of the phalanges
that fully project within the hand palm are not well estimated. This
can be explained by that fact that these phalanges do not contribute to the synthetic hand/background boundary and thus their
positions do not affect the objective function being minimized. In
other words, our objective function does not allow us to capture
information relative to edges of ﬁngers that do not lie on the
hand/background silhouette.
We compared the results with both the classic particle ﬁlter
method (where no local search is performed to update the particle
set) and a single hypothesis method where the quasi-newton local
search is initialized with the best pose found in the previous frame.
We limited the number of particles to 300 for the former and the
number of iteration to 300 for the latter, thus obtaining the same
overall number of function evaluations per frame.
Some selected frame are presented in (Fig. 7). The classical particle ﬁlter method fails after few iterations. The dimensionality of

the pose space is too high for the particle ﬁlter to be stable with
only 300 particles. The single-hypothesis method fails the ﬁrst
time the hand gets occluded by an object. This is due to the fact
that the single-hypothesis tracker is unable to escape local minima.
We also compared our variable metric optimization method to
standard optimization methods for minimization of non-linear
function with linear constraints, using synthetic data. In Fig. 8
we illustrate the fact that our variable metric method yields faster
convergence rates than the standard quasi-newton method based
on a BFGS update of the Hessian approximate.
5.2. Summary and future work
In this paper we have proposed a novel optimization method for
hand-pose estimation from monocular images. Our method is
based on a hand model with 28 degrees of freedom for the articulations, while ﬁngers refer to a succession of ellipsoids. Anatomical
conditions are considered through constraints within the minimization process. Pose is estimated in a Bayesian manner through a
particle ﬁlter combined with local optimization of the observation-likelihood function. In contrast to prior work, we estimate
the gradient of the cost function with respect to the model parameters, and propose a new constrained variable metric gradient descent method, that improves convergence to the optimal hand
parameters. The particle ﬁlter framework addresses the limitations
of local optimization methods as it introduces multiple hypotheses
in the process, eliminating the risk of convergence to local minima.
Efﬁcient and automatic initialization of the method is one of the
most important limitations. The case of a mobile observer is also
a natural extension of our method where more advanced tools
for background–foreground separation are to be built. Introducing
a more sophisticated model of the hand appearance with adaptive
texture and shading is the most prominent direction to help to disambiguate conﬁgurations that lead to the same silhouette. Furthermore, modeling and understanding hand gestures as a succession
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Fig. 7. Tracking results comparisons: each row corresponds, respectively, to the smart particle ﬁlter, the classical particle ﬁlter and the single hypothesis method.
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Fig. 8. Convergence rates: (i) variable metric, (ii) without gradient, and (iii) BFGS.

of articulation parameters through autoregressive models could be
a natural extension of the proposed framework. Such an extension
could lead to sign-language recognition that is one of the most
challenging tasks of gesture analysis. more efﬁcient minimization
techniques like Belief Propagation methods could further improve
the performance of our method and help us dealing with the handsilhouette projections ambiguities.
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