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Fig. 1. Hand segmentation results obtained with the proposed
3D chromatic camera.

ABSTRACT

In this paper we present a new approach for hand shape seg-
mentation using a passive monocular 3D camera. The camera
depth estimation is based on the Depth from Defocus princi-
ple improved with the use of enhanced chromatic aberration.
As this camera is passive and monocular, it can be used for
indoor and outdoor application on a compact device, in con-
trast with active IR depth sensors that can be disturbed with
the sun’s infrared illumination. We show on various experi-
mental examples that hand can be segmented using a depth
cue from the proposed 3D camera.

Index Terms— Hand segmentation, partial hand pose es-
timation, Depth from defocus, chromatic aberration.

1. INTRODUCTION

Man-machine interface through vision has known an increas-
ing development in the last years, mostly due to miniaturiza-
tion of the cameras that are now present on everyday objects
such as laptops, smartphones and touchpads. In particular,
hand pose estimation (HPE) is a challenging task, because
of the 20 degrees of freedom of the hand, the requirement
of a processing speed compatible with man/machine interac-
tions, the possible uncontrolled environment and rapid hand
motions [1, 2]. A simplified problem is the case of Partial
hand pose estimation [2], where only the positions and orien-
tations of the fingertips and the palm are looked for. In this

field of application, an important issue is the hand localization
and shape estimation. In this paper we propose to handle this
problem using a passive 3D monocular camera. This camera
3D ability comes from a Depth from Defocus (DFD) approach
enhanced by the use of chromatic aberration that creates spec-
trally varying defocus blur in the acquired image. We present
results of hand segmentation obtained with the proposed chro-
matic 3D camera and a dedicated segmentation algorithm.

1.1. Related works

State of the art approaches for hand localization through
vision are usually either based on color cues, background
subtraction, motion cue and tracking or classification object
detection (see [1, 2] and references herein). However those
approaches are prone to illumination changes, use assumption
of a single motion in the scene, or require to build a large sam-
ples training set. On the other hand a very efficient solution
for hand segmentation in the context of uncontrolled back-
ground and illumination is now to use an active 3D camera,
also referred to as RGB-D camera. Impressive hand segmen-
tation results can be obtained using active sensors such as the
Kinect [3, 4], however this stereoscopic active device relies
on IR illumination of the scene that can be disturbed by the
IR illumination of the sun, which is a drawback for outdoor
applications. On the other hand, passive stereoscopic devices
have also been proposed for HGR in [5, 6]. However passive
and active stereoscopic devices both require the use of at least
two cameras, which leads to bulky devices.

In this paper, we propose to conduct hand segmentation
using a 3D camera based on DFD, i.e. a local estimation of
the defocus blur [7]. Compared to traditional stereoscopic
ranging system, a DFD camera requires only a single lens and
thus leads to a more compact and simple experimental setting.
Besides, in contrast to active ranging systems, it can be used
in outdoor as well as in indoor situations. Several 3D cameras
using DFD have been recently developed [8, 9, 10], however
to the best of our knowledge, no practical application of these
cameras for HPE have yet been thoroughly investigated.

1.2. Paper organization

Section 2 is dedicated to the derivation of a depth cue for hand
segmentation based on DFD and a chromatic camera. In sec-



tion 3 are presented the algorithms for hand segmentation and
fingertips localization from this depth cue and the results ob-
tained on experimental images. We discuss the perspectives
of the proposed approach for partial HPE before to conclude
in section 4.

2. 3D CHROMATIC CAMERA

2.1. Principle

Depth from defocus (DFD) is a passive depth estimation
method based on the relation between defocus blur and depth
[7]. Indeed, as illustrated in Fig.2, if a point source is placed
out of the in-focus plane of an imaging system, its image,
which corresponds to the point spread function (PSF), has a
size given by the geometrical relation:
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where f is the focal length, D the lens diameter, d and s re-
spectively the distance of the point source and the sensor with
respect to the lens. Knowing f and s, the depth d can be
inferred from a local estimation of the PSF size, or in other
words, of the local blur amount.

In focus plane Lens Sensor

d

Fig. 2. Principle of Depth from Defocus

In this paper we propose to conduct hand shape segmenta-
tion using a DFD camera having enhanced chromatic aberra-
tion. Chromatic aberration implies a variation of the in-focus
plane with respect to wavelength, thus as illustrated in fig-
ure 3, a variation of the defocus blur with respect to the color
channel. In contrast with conventional camera, a chromatic
camera has no depth ambiguity before or after the in-focus
plane, and no dead zone [10], which improves both the ac-
curacy in depth estimation and the range where depth can be
estimated.

We use the same F/4 25 mm chromatic lens, with axial
chromatic aberration of 100pm, as proposed in [10] but with a
different setting. Here we use a uEye 1240 camera with pixel
size of 5.3 pum and a resolution of 1280 x 1080. The camera
field of view is about 20°. Fig. 3 (a) shows a picture of the
camera and Fig. 3 (b) the camera theoretical RGB geometric
blur size variation with respect to depth.
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Fig. 3. (a) Picture of the 3D camera. (b) Blur size variation
of the proposed chromatic camera. Black vertical lines corre-
spond to the depths that are used to segment the hand.

2.2. Depth cue from a chromatic 3D camera

In [10] we have presented a DFD algorithm dedicated to the
processing of images produced by a chromatic camera. This
algorithm is based on the derivation of a generalized likeli-
hood calculated for each image patch and each depth. Here
we propose to use this likelihood has a depth cue for hand
segmentation.

2.2.1. Image formation model

The relation between the scene and the recorded image is usu-
ally modeled as a convolution with the PSF. In the general
case, defocus blur varies spatially in the image and this model
is only valid on image patches, where the PSF is supposed to
be constant. In the case of a lens having spectrally varying
defocus blur combined with a color sensor, each RGB chan-
nel has a different PSF. Using the matrix formalism on image
and scene patches, this case can be modeled as:

Yo = He(d)Xe, 2

where Yo = [y% y& yE]T and X¢o = [2h 2L L] repre-
sent the concatenation of the pixels of three RGB scene and
image patches respectively, IV stands for the noise which af-
fects the three channels and H(d) is a block diagonal matrix
containing each RGB channel convolution matrix [10]. As-
suming a zero-mean white Gaussian noise process with vari-
ance o2 the data likelihood writes:
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e HeXell) g

p(Yo| Xe, JZ) x exp < 207

2.2.2. Scene model

With a chromatic camera the RGB images originate from
three distinct scenes: g, x and xp, which are partially
correlated. We propose to decompose the images into the
luminance and the red-green and blue-yellow chrominance



decomposition X ¢ = [z] &l x| defined as:
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and ® stands for the Kronecker product and I, is the M x M
identity matrix. Following [11], the three components of the
luminance/chrominance decomposition are assumed indepen-
dent. The observation model then writes:

Yo = Hio(d) XYY + N=Ho(d)T @Iy +N. (5

We propose to use the Gaussian prior [12, 10], on each
luminance and chrominance components, which leads to:
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p(XEC, 0%, 1) o exp ( ©6)
where D¢ is a block diagonal matrix whose blocks are re-
spectively 4D, D and D given that D is the vertical concate-
nation of the convolution matrices relative to the horizontal
and vertical first order derivation operator [10]. Parameter p
models the ratio between the gradient variances of the lumi-
nance and the chrominance components and is fixed at 0.04
[10, 11].

2.2.3. Generalized likelihood derivation

Using the previous scene and image models, a marginal like-
lihood function can be analytically derived. Following the
derivation of [10] maximization of the marginal likelihood
over the noise parameter gives a generalized likelihood. In
[10] we show that maximization of this likelihood is equiva-
lent to minimize the criterion:

YZ P(a,d)Ye
GLc(d,a) = —¢ 1/(3N—3)
[ P(, d)[
P(a,d) = Iy — Hye(HEoHrpo +aDEDe) ' HY .,

where | A|; stands for the product of the non zeros eigenval-
ues of matrix A, 3N is the length of Y and a = 02 /02 can
be interpreted as the inverse of a signal to noise ratio. Note
that the criterion GL¢ can be calculated on any depth.

3. HAND SEGMENTATION FROM DFD

3.1. Segmented depth map

We propose to conduct hand segmentation using a Markov
random field model. The data fidelity term is the likelihood
defined in (7) and a segmented depth map is obtained by min-
imization of the energy :

E(d) =Y GLc(dp,a)+

P
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where V), is a first order neighborhood of the pixel p, d,, is
the estimated depth value at pixel p and y, is the result of
color image conversion in grayscale and & is obtained for
each depth with a 1D continuous minimization of (7) [10].
This energy favors depth jumps located on image edges. We
minimize this criterion using a graphcut algorithm [13].

Figure 4 (a) to (c) are respectively example of image
acquired with the chromatic camera and segmented depth
maps. We choose examples of hand in front of a person head
on purpose, to illustrate the effectiveness of our approach
on scenes that can be complex to process in particular with
only skin color cues. The likelihood is calculated for three
depths: 0.7 m, 1 m and 1.6 m. Figure 4 (b) is obtained with
o =4.5x10"%and A = 0, thus corresponds to a minimiza-
tion of GL¢(d, @) with no regularization. The result is noisy
and presents wrong depth labels. In contrast, Figure 4 (c),
obtained with the same value of o and A = 5, shows a smooth
segmented depth map consistent with the scene.

(d)

Fig. 4. (a) Acquired image. Results of the minimization of
(8) with (b) A =0 (c) A=5 (yellow label is for 1m, blue label
for 1.6 m and red label for 0.7m. (d) Extracted hand shape.

3.2. Hand shape extraction

Given the segmented depth map obtained with the minimiza-
tion of equation (8), hand shape is extracted using a threshold
in depth values, fixed at 0.9 m. Then the objects in the binary
image are labeled and we extract the hand as the object with
the largest area. Finally, hand contours are determined using
a boundary trace function, after erosion and dilatation of the
contour with a disk of 7 pixels diameter. Figure 4 (d) shows
the extracted hand shape, using the segmented depth map of
Fig 4 (¢).

3.3. Fingertips localization

An interesting application of hand shape estimation is finger-
tips localization, for instance to conduct finger spelling [6].
Using the extracted hand shape, we use the approach pro-
posed in [14] where peaks and valleys are detected from the



Fig. 5. Fingertips detection results. Green crosses are for
fingertips while red crosses are for junctions between fingers.

hand contour using the k-curvature, which is the angle be-
tween the two vectors [C(j), C( - k)] and [C(j), C(j + k)] at
each pixel j in a hand contour C, with k a constant. Small
k-curvatures are typical of a peak or a valley, while large k-
curvatures correspond to a smooth region. A threshold on
the k-curvature thus returns the peaks and valleys of the hand
shape, i.e fingertips or junction between fingers. Moreover,
the sign of the cross products between the two vectors indi-
cates if the selected point is actually a fingertip or not. Figure
5 shows fingers detection results obtained with a threshold of
30° and k=50. The overall time processing speed is of 0.8s
with a processor Corei7 3930k @ 3.26 GHz, with a Matlab
implementation of the proposed algorithms.

3.4. Discussion

In the proposed approach the quality of hand shape depends
on the regularization stage. Indeed a underregularization
leads to a noisy depth map, while overregularization leads to
oversmooth depth map, where fingers can be merged with the
background level (see for instance 6). Thus other segmenta-
tion approaches, based for instance on bilateral filters are to
be studied to make the hand segmentation more robust. Note
that depth information with the proposed camera could also
be merged with the usual hand localization cues such as color
cue or motion cue to improve hand localization performance.

Fig. 6. Examples of overregularization.

4. CONCLUSION

In this paper we have presented the first results of hand shape
segmentation using a chromatic 3D camera using DFD. In
contrast to state of the art methods, our approach is suitable
for indoor and outdoor applications on a compact device. A
perspective of this work is to develop a learning stage for par-
tial HPE with an experimental evaluation of the pose recog-
nition rate. Moreover with the proposed 3D camera and the

genericity of the likelihood model, we could also consider to
build a depth cue from DFD with more than 3 depths and thus
conduct a full degrees of freedom HPE.
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