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Abstract. This paper presents a new approach for real time detection and track-
ing of human hands and faces in image sequences. The proposed method builds
upon our previous research on color-based tracking and extends it towards build-
ing a system capable of distinguishing between human hands, faces and other
skin-colored regions in the image background. To achieve these goals, the pro-
posed approach allows the utilization of additional information cues including
motion information given by means of a background subtraction algorithm, and
top-down information regarding the formed image segments such as their spatial
location, velocity and shape. All information cues are combined under a prob-
abilistic framework which furnishes the proposed approach with the ability to
cope with uncertainty due to noise. The proposed approach runs in real time
on a standard, personal computer. The presented experimental results, confirm
the effectiveness of the proposed methodology and its advantages over previous
approaches.

1 Introduction

Real time segmentation of human hands and faces in image sequences is a funda-
mental step in many vision systems, including systems designed for tasks such as
human-computer and human-robot interaction, video-enabled communications, visual
surveillance, etc. A variety of approaches have been employed to achieve this task.
Several of them rely on the detection of skin-colored areas [1,2,3,4]. The idea behind
this family of approaches is to build appropriate color models of human skin and then
classify image pixels based on how well they fit to these color models. On top of that,
various segmentation techniques are used to cluster skin-colored pixels together into
solid regions that correspond to human hands and/or human faces.

A second family of approaches tries to differentiate between static and moving re-
gions based on background subtraction techniques [5,6,7,8]. These techniques involve
the calculation of a background model and the comparison (subtraction) of each new
frame against this model. Human parts and/or other non-static objects are extracted by
thresholding the result.

Both families of approaches have advantages and disadvantages: color based ap-
proaches generally work better on constant lighting and predictable background
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conditions but are unable to distinguish between skin-colored human body parts and
similarly-colored objects in the background. On the other hand, background subtrac-
tion techniques are not suitable for applications requiring a moving camera. Moreover,
depending on the application at hand, additional processing may be required to further-
process foreground regions and/or utilize additional information cues in order to dis-
tinguish humans from other moving objects and/or distinguish human hands or faces
[9,10,11].

In this paper we build upon our previous research on color-based, multiple objects
tracking [3]. Based on this, we propose a broader probabilistic framework that allows
the utilization of additional information cues (image background model, expected spa-
tial location, velocity and shape of the detected and tracked segments) to efficiently de-
tect and track human body parts, classify them into hands and faces, and avoid problems
caused by the existence of skin-colored objects in the image background. Thus, contrary
to other color based approaches, the proposed approach operates effectively in cluttered
backgrounds that contain skin-colored objects. All information cues are combined by
means of a graphical model (bayes network) which provides a clean mathematical for-
malism that makes it possible to explicitly model the probabilistic relationships among
the involved quantities.

The proposed approach runs in real time on a conventional personal computer. Ex-
perimental results presented in this paper, confirm the effectiveness of the proposed
methodology and its advantages over our previous approach.

The rest of the paper is organized as follows. For completeness purposes, Section 2
provides an overview of the existing approach to color based tracking, on which the
new, proposed approach is based. In Section 3 the proposed approach and its individual
components are presented in detail. Experimental results are presented in Section 4.
Finally, in Section 5, conclusions and hints for future work are given.

2 The Skin-Color Based Tracker

The proposed approach, builds on our previous research on color-based tracking of
multiple skin-color regions [3]. According to this approach, tracking is facilitated by
three processing layers.

2.1 Processing Layer 1: Assign Probabilities to Pixels

Within the first layer, the input image is processed in order to estimate and assign like-
lihood values to pixels for depicting skin colored regions like human hands and faces.
Assuming that S is a binary random variable that indicates whether a specific pixel de-
picts skin and C is the random variable that indicates the color of this pixel and c is a
perceived color, the probability P (S=1|C=c) can be estimated according to the Bayes
law as:

P (S=1|C=c) =
P (C=c|S=1)P (S=1)

P (C=c)
(1)

C is assumed to be two dimensional and discrete, i.e. encoding the Y and U components
of the YUV color space within [0..255]2. In the above equation, P (S=1) and P (C=c)
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are the prior probabilities of a pixel depicting skin and of a pixel having a specific color
c, respectively. P (C=c|S=1) is the conditional probability of a pixel having color c,
given that it depicts skin. All these three probabilities are computed off-line during a
separate training phase. A procedure for on-line adaptation of these three priors is also
described in [3].

2.2 Processing Layer 2: From Pixels to Blobs

This layer applies hysteresis thresholding on the probabilities determined at layer 1.
These probabiliies are initially thresholded by a “strong” threshold Tmax to select
all pixels with P (S=1|C=c) > Tmax. This yields high-confidence skin pixels that
constitute the seeds of potential skin-colored blobs. A second thresholding step, this
time with a “weak” threshold Tmin, along with prior knowledge with respect to object
connectivity to form the final blobs. During this step, image points with probability
P (S=1|C=c) > Tmin where Tmin < Tmax, that are immediate neighbours of skin-
colored image points are recursively added to each blob.

A connected components labeling algorithm is then used to assign different labels to
pixels that belong to different blobs. Size filtering on the derived connected components
is also performed to eliminate small, isolated blobs that are attributed to noise and do
not correspond to meaningful skin-colored regions.

Finally, a feature vector for each blob is computed. This feature vector contains sta-
tistical properties regarding the spatial distribution of pixels within the blob and will be
used within the next processing layer for data association.

2.3 Processing Layer 3: From Blobs to Object Hypotheses

Within the third and final processing layer, blobs are assigned to object hypotheses
which are tracked over time. Tracking over time is realized through a scheme which
can handle multiple objects that may move in complex trajectories, occlude each other
in the field of view of a possibly moving camera and whose number may vary over
time. To achieve this goal, appropriate hypothesis management techniques ensure: (a)
the generation of new hypotheses in cases of unmatched evidence (unmatched blobs),
(b) the propagation and tracking of existing hypotheses in the presence of multiple,
potential occluding objects and (c) the elimination of invalid hypotheses (i.e. when
tracked objects disappear from the scene of view).

3 Proposed Approach

As with our previous approach, the proposed approach is organized into three layers as
well. These layers are depicted in Fig. 1 and are in direct correspondence with the ones
described in the previous section. A major difference is that the first layer is completely
replaced by a new layer that implements the pixel model that will be described in the
following section. This new pixel model allows the computation of probabilities for
human hands and faces instead of skin. That is, distinguishing between hands and faces
is facilitated directly from the first layer of the architecture proposed in this paper.
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Fig. 1. Block diagram of the proposed approach. Processing is organized into three layers.

The second and the third layers consist of the same components as the ones used
in [3]. However, they are split into two different parallel processes, the first being re-
sponsible for managing hand blobs and hypotheses and the second for managing face
blobs and hypotheses. Another notable difference between our previous approach and
the current one is signified by the top-down dependence of the 1st processing level of
frame n + 1 from the 3rd processing layer of frame n (see Fig. 1). This dependence is
essentially responsible for bringing high-level information regarding object hypotheses
down to the pixel level.

In the following section, we will emphasize to the new approach for realizing the
fist processing layer of Fig. 1 which constitutes the most important contribution of this
paper. Details regarding the implementation of the other two layers can be found in [3].

3.1 Notation

Let U be the set of all pixels of an image. Let M be the subset of U corresponding
to foreground pixels (i.e a human body) and S be the subset of U containing pixels
that are skin colored. Accordingly, let H and F stand for the sets of pixels that depict
human hands and faces, respectively. The relations between the above mentioned sets
are illustrated in the Venn diagram in Fig. 2(a). Notice the convention that both F and
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Fig. 2. The proposed approach. (a) Venn diagram representing the relationship between the pixel
sets U , M , S, H and F . (b) The proposed Bayes net.
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H are assumed to be subsets of M (i.e all pixels depicting hands and faces belong to
the foreground). It is also important that F and H are not mutually exclusive, i.e. a
foreground pixel might belong to a hand, to a face or to both (i.e in the case of occlu-
sions). Last but not least, the model does not assume that all hands and face pixels are
skin-colored.

3.2 The Pixel Model

Let M , S, F and H be binary random variables (i.e taking values in {0, 1}), indicating
whether a pixel belongs to set M, S, F and H, respectively. Let L be the 2D location
vector containing the pixel image coordinates and let T be a variable that encodes a set
of features regarding the currently tracked hypotheses. Note that the source of this piece
of information lies in the third processing layer, i.e. the layer that is responsible for the
management and the tracking of face and hand hypotheses over time, hence this piece
of information traverses the model in a ‘top-down” direction.

The goal is to compute whether a pixel belongs to a hand and/or a face, given (a) the
color c of a single pixel, (b) the information m on whether this pixel belongs to the back-
ground (i.e. M=m) and, (c) the values l, t of L and T , respectively. More specifically, we
need to estimate the conditional probabilities Ph = P (H=1|C=c, T=t, L=l, M=m)
and Pf = P (F=1|C=c, T=t, L=l, M=m).1

To perform this estimation, we use the Bayesian network shown in Fig. 2(b). The
nodes of the graph are random variables that represent degrees of belief on particular
aspects of the problem. The edges are parameterized by conditional probability distri-
butions that represent dependencies between the involved variables. A notable property
of the network of Fig. 2(b) is that if P (H) and P (F ) are assumed to be independent,
then the network can be decomposed into two different networks one for the computa-
tion of hand probabilities and the other for face probabilities. The first one corresponds
to what remains from Fig. 2(b) when the red dotted components are excluded and the
second one is the one with the blue components excluded.

Regarding the hands, we know that:

P (H=1|c, t, l, m) =
P (H=1, c, t, l, m)

P (c, t, l, m)
(2)

By marginalizing the numerator over both possible values for S and the denominator
over all four possible combinations for S and H (the values of S and H are expressed
by the summation indices s and h, respectively), Eq. (2) can be expanded as:

Ph =

∑

s∈{0,1}
P (H=1, s, c, t, l, m)

∑

s∈{0,1}

∑

h∈{0,1}
P (h, s, c, t, l, m)

(3)

1 Note that capital letters are used to indicate variables and small letters to indicate specific
values for these variables. For brevity, we will also use the notation P (x) to refer to probability
P (X=x) where X any of the above defined variables and x a specific value of this variable.
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By applying the chain rule of probability and by taking advantage of variable indepen-
dence as the ones implied by the graph of Fig. 2(b), we easily obtain:

P (h, s, c, t, l, m) = P (m)P (l)P (t|h)P (c|s)P (s|l, m)P (h|l, s, m) (4)

Finally, by substituting to Eq. (2), we obtain:

Ph =

P (t|H=1)
∑

s∈{0,1}
P (c|s)P (s|l, m)P (H=1|l, s, m)

∑

h∈{0,1}
P (t|h)

∑

s∈{0,1}
P (c|s)P (s|l, m)P (h|l, s, m)

(5)

Similarly, for the case of faces, we obtain:

Pf =

P (t|F=1)
∑

s∈{0,1}
P (c|s)P (s|l, m)P (F=1|l, s, m)

∑

f∈{0,1}
P (t|f)

∑

s∈{0,1}
P (c|s)P (s|l, m)P (f |l, s, m)

(6)

Details regarding the estimation of the individual probabilities that appear in Eq. (5)
and in Eq. (6) are provided in the following paragraphs.

Foreground segmentation. It can be easily verified that when M = 0 (i.e. a pixel
belongs to the background), the numerators of both Eq. (5) and Eq. (6) become zero
as well. This is because, as already mentioned, hands and faces have been assumed
to always belong to the foreground. This convention simplifies computations because
Equations (5) and (6) should only be evaluated for foreground pixels.

In order to compute M , we apply the background subtraction technique proposed by
Stauffer and Grimson [6,7] that employs an adaptive Gaussian mixture model on the
background color of each image pixel. The number of Gaussians, their parameters and
their weights in the mixture are computed online.

The color model. P (c|s) is the probability of a pixel being perceived with color c given
the information on whether it belongs to skin or not. This probability is the same as the
one in Eq. (1) and can be obtained off-line through a separate training phase with the
procedure described in [3]. The result is encoded in the form of two two-dimensional
look-up tables; one table for skin-colored objects (s = 1) and one table for all other
objects (s = 0). The rows and the columns of both look-up tables correspond to the Y
and U dimensions of the YUV color space.

Top-down information. In this work, for each tracked hypothesis, a feature vector t
is generated which is propagated in a “top-down” direction in order to further assist the
assignment of hand and face probabilities to pixels at processing layer 1. The feature
vector t consists of two different features:

1. The average vertical speed v of the hypothesis, computed as the vertical component
of the speed of the centroid of the ellipse modeling the hypothesis. The rationale
behind the selection of this feature is that hands are expected to exhibit considerable
average vertical speed v compared to other skin colored regions such as heads.
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2. The ratio r of the perimeter of the hypothesis contour over the circumference of a
hypothetical circle having the same area as the area of the hypothesis. The rationale
behind the selection of this feature is that hands are expected to exhibit high r
compared to faces. That is, r = 1

2ρ/
√

πα, where ρ and α are the length of the
hypothesis contour and the area, respectively.

Given v and r, P (t|h) and P (t|f) are approximated as:

P (t|h) ≈ P (v|h)P (r|h) (7)

P (t|f) ≈ P (v|f)P (r|f) (8)

In our implementation, all P (v|h), P (r|h), P (v|f) and P (r|f) are given by means
of one-dimensional look-up tables that are computed off-line, during training. If there
is more than one hypothesis overlapping with the specific pixel under consideration,
the hypothesis that yields maximal results is chosen separately for P (t|h) and P (t|f).
Moreover, if there is no overlapping hypothesis at all, all of the conditional probabilities
of Equation (7) are substituted by the maximum values of their corresponding look-up
tables.

The spatial distribution model. A spatial distribution model for skin, hands and faces
is needed in order to evaluate P (s|l, m), P (h|l, s, m) and P (f |l, s, m). All these three
probabilities express prior probabilities that can be obtained during training and stored
explicitly for each each location L (i.e for each image pixel). In order to estimate these
probabilities, a set of eight different quantities are computed off-line during a training
phase. These quantities are depicted in Table 1 and indicate the number of foreground
pixels found in the training sequence for every possible combination of s and h or f .
As discussed in Section 3.2, only computations for foreground pixels are necessary.
Hence, all training data correspond to M = 1. We can easily express P (s|l, M=1),

Table 1. Quantities estimated during training for the spatial distribution model

h=0 h=1
f = 0 f = 1 f = 0 f = 1

s = 0 s = 1 s = 0 s = 1 s = 0 s = 1 s = 0 s = 1
s000 s001 s010 s011 s100 s101 s110 s111

P (h|l, s, M=1) and P (f |l, s, M=1) in terms of the eight quantities of Table 1.

P (s|l, M=1) =
P (s, M=1, l)
P (M=1, l)

=
s00s+s01s+s10s+s11s

s000+s001+s010+s011+s100+s101+s110+s111
(9)

Similarly:

P (h|l, s, M=1|) =
P (h, s, M=1, l)
P (s, M=1, l)

=
sh0s + sh1s

s00s + s01s + s10s + s11s
(10)

P (f |l, s, M=1|) =
P (h, s, M=1, l)
P (s, M=1, l)

=
s0fs + s1fs

s00s + s01s + s10s + s11s
(11)
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(a) (b) (c)

(d) (e) (f)

Fig. 3. The proposed approach in operation. (a) original frame, (b) background subtraction result,
(c),(d) pixel probabilities for hands and faces, (e),(f) contours of hand and face hypotheses.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4. Four frames for a sequence depicting a man performing gestures in an office environment
(a,b,c,d) hand hypotheses, (e,f,g,h) face hypotheses

4 Results and Discussion

The proposed approach has been assessed using several video sequences containing
people performing various gestures in indoor environments. Several videos of example
runs are available on the web2.In this section we will present results obtained from a
sequence depicting a man performing a variety of hand gestures. The resolution of the
sequence is 320 × 240 and it was obtained with a standard, low-end web camera at 30
frames per second. Figure 4 depicts various intermediate results obtained at different
stages of the proposed approach. A frame of the test sequence is shown in Fig. 4(a).

2 http://http://www.ics.forth.gr/ xmpalt/research/bayesfuse/index.html
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Figure 4(b) depicts the result of the background subtraction algorithm, i.e P (M). In
order to achieve real-time performance, the background subtraction algorithm operates
at down-sampled images of dimensions 160 × 120.

Figures 4(c) and 4(d) depict Ph and Pf i.e. the results of the first processing layer of
the proposed approach. The contours of the blobs that correspond to hand and face hy-
potheses are shown in Figures 4(e) and 4(f), respectively. As can verified, the algorithm
manages to correctly identify both hands and the face of the depicted man. Notice also
that, in contrast to what would happen with the original tracking algorithm of [3], the
skin-colored books are not detected.

Figure 4 shows additional four frames out of the same sequence. Figures on the left
column depict the resulting hand hypotheses, while figures on the right column depict
face hypotheses. In all cases, the proposed approach has been successful in correctly
identifying the face and the hands of the person. The presented results were obtained at
a standard 3GHz personal computer which was able to process images of size 320×240
at 30Hz.

5 Summary

We have presented an approach for visual detection and tracking of human faces and
hands. The proposed approach builds on our previous research on color-based, skin-color
tracking and extends it towards building a system capable of distinguishing between hu-
man hands, faces and other skin-colored regions in the background. This is achieved by
the exploitation of additional information cues including motion information as well as
spatial location, velocity and shape of detected and tracked objects. All information cues
are combined under a probabilistic framework which furnishes the proposed approach
with the ability to cope with uncertainty due to noise. Experimental results presented
in this paper, confirm the effectiveness of the proposed approach. The resulting system
combines the tracking robustness of the approach presented in [3] together with the new
capability of discriminating hands from faces. Additionally, the proposed system is not
influenced by the presence of skin-colored background objects. These features, together
with the maintained real-time performance characteristics, constitute a very attractive
framework for building more complex and ambitious vision systems.
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