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Abstract. Gesture recognition plays an important role in Human Com-
puter Interaction (HCI) but in most HCI systems, the user is limited to
use only one hand or two hands under optimal conditions. Challenges
are for instance non-homogeneous backgrounds, hand-hand or hand-face
overlapping and brightness modifications. In this research, we have pro-
posed a novel approach that solves the ambiguities occurred due to the
hand overlapping robustly based on multi-hypotheses object association.
This multi-hypotheses object association builds the basis for the tracking
in which the hand trajectories are computed and this leads us to extract
the features. The gesture recognition phase takes the extracted features
and classifies them through Hidden Markov Model (HMM).
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1 Introduction

Multimodal human behavior analysis in modern human computer interaction
(HCI) systems is becoming increasingly important, and it is supposed to out-
perform the single modality analysis. Like other modalities, for instance facial
expression [1] and prosody, gestures play an important role, since they are very
intuitive and close to natural human-human interaction [2]. The analysis of ges-
tures in HCI systems requires a robust and realtime-capable hand tracking sys-
tem. In our work we provide such a system. A lot of work has been done on hand
tracking and gesture recogntion. An overview can be found in [3]. However, hand
tracking is due to the high number of freedoms, self occlusions and possible over-
lappings a difficult task. Many HCI applications are therefore limited to only one
hand [4] or require other contraints, e.g. that the hand is the most foreground
object [5], there are no overlappings [6] or that the user wears colored gloves
[7]. In [8] a system was proposed that can handle hand-hand-overlappings if the
appearance of both hands do not change during the overlapping. In [9] the au-
thors developed a multi hypotheses based tracking approach. Such an approach
provides the possibility to automaticly correct false tracking results, which is
important in a HCI environment.
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2 System Architecture

Figure 1 presents the architecture of the proposed approach which comprises
of two main modules namely 1) hand detection and tracking, and 2) feature
extraction and classification. Moreover, the hand detection and tracking problem
is divided in two phases. In the first phase, skin colored objects are segmented
and then clustered using 3D-data (i.e. image and depth information) of these
objects by utilizing the distance from the camera. Further, the location and
orientation of each object is re-estimated using Expectation Maximization (EM)
algorithm at each frame. The second step contains a multi-hypotheses based
tracking approach in which the hypotheses are generated based on the detected
objects and fitted to the model of human body. The features are extracted in
the second module which are derived from the hand trajectories and are then
classified using discrete Hidden-Markov models (DHMM).

Fig. 1. System structure for hand gesture recognition

2.1 Hand Detection and Tracking

In the proposed approach, the data is acquired from Bumblebee2 camera which
gives us 2D image and depth sequences. From these 2D images, the detection
of skin colored objects starts with the classification of pixels as skin and non-
skin pixels. For this purpose, a Gaussian mixture model (GMM) is trained using
YCrCb color space. Moreover, a pixel is classified as skin color if Y > 80 and its
probability p(x) is above a threshold p(skin) = 0.1. p(x) is determined as:

p(x) =

N∑

i=1

πi
e−0.5(x−μi)

TΣ−1
i (x−μi)

2π
√|Σi|

, (1)

where x = [Cr Cb]T represents the color value of the pixel, N = 4 is the number
of mixtures, and μi ,Σi are the mean and covariance of each mixture. The trained
parameters are shown in table 1. The skin color classification results in a mask
image Iskin. Every skin-colored region (blob) in Iskin is detected using a blob-
detection-algorithm. Since each blob Bi does not necessarily contain only one ob-
ject, we create a histogram of depth values within each region. Finally, the initial
number of objects and their positions are determined by peak-detection within
each blob (see Fig.2). Each skin colored object Ok is described by (µk, Σk),
with µk = [xk yk zk]

T as 3D object position and Σk as 3x3 covariance matrix
describing the spatial distribution of the 3D-points qi that are assigned to the
object (Fig. 3). Here, tracking means to re-estimate both µk and Σk in each
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Table 1. Trained parameters of the Gaussian mixture model for skin-detection. Sam-
ples were taken from a self created database with 8 different persons and 50 sample
images per person (400 samples in total). The lighting conditions have remained stable
due to the LED panels.

weight πi 0.46 0.16 0.14 0.24

mean μi

(
131.1 141.2

) (
100.1 178.2

) (
110.6 158.8

) (
106.7 166.7

)

covariance Σi

(
24.6 2.4
2.4 42.3

) (
10.3 −13.1
−13.1 30.6

) (
20.4 −33.6
−33.6 72.2

) (
17.0 −20.6
−20.6 40.2

)
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Fig. 2. Depth based object clustering: (a) Both hands share the same blob (B0), (b)
Depth-histogram of B0, (c) Hands were detected as two separate objects

frame and is done by EM-algorithm. In the E-step, we determine the probability
pk,j for each skin-colored 3D-point qj = [xj yj zj]

T that it belongs to object
Ok : p = N(μk, Σk). In the M-step, we then update µk and Σk of every object
according to pk,j . Moreover, to prevent the close objects to merge, only the Mk

3D-points with maximum probability of belonging to object Ok are used.

pk,j =
e−0.5(qj−μk)

TΣ−1
k (qj−μk)

2π
√|Σk|

(2)

μk =
1

|Mk|

∑Mk

j pk,j · qj
∑Mk

j pk,j
, Σk =

1

|Mk|

∑Mk

j pk,j · (qj − µk)
2

∑Mk

j pk,j
(3)

The E- and M-step are repeated until convergence. To avoid numerical instabil-
ities, the diagonal elements of Σk are set to σ2

k = max(σ2
k, 10

−4).
The second step in the proposed approach is the hand tracking. In this associ-

ation problem, user’s hands are identified from the observed objects Ok detected
at frame t. It is a difficult task for several reasons:

– Usually three objects are to be expected (head and hands). However, there
can be more objects, e.g. skin-colored clothes.

– There can be less than the three expected objects (e.g. hand is hidden).
– Hands are hard to distinguish after an overlap.
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(a) (b)

Fig. 3. Object tracking. (a) The user touches his head, but both are still separated
objects. (b) the error ellipsoids of Σk and the corresponding eigen-vectors.

To tackle these issues, our approach contains the following steps:

– Head detection, based on face recognition. It is used for hypotheses creation.
– Based on the list of observed objects {Ok}, create a list {Hi} of all possible

hypotheses about the position of the hands at each time step t.
– Each hypothesis Hi is measured with a scoring function Sp(Hi) which gives

the probability of estimated pose according to model of the human body.
– Determine how each hypothesis matches the predictions of the N best hy-

potheses Ĥj of the previous time step (SM (Hi, Ĥj)).
– Calculate the total score of all combinations and select the N best hypothe-

ses. Discard all other hypotheses. In our system N was limited to 50 for
computational reasons.

In HCI environments, where the user mostly faces the camera, it is unlikely
that both elbows cross. So, each hypothesis contains the following assumptions:
Hi = {xh, xlh, xrh, xle, xre}, where xh is the position of the head, determined by
the face detector, xlh, xrh are the assumed positions of both hands and xle, xre

are the estimated positions of the elbows. To estimate xle, xre, we assume that
the elbow is in the direction of the largest hand extension. This is not always
correct, however, sufficient for the validation of the hypotheses. So, for each skin-
colored object Ok = (μk, Σk), we calculate the normalized largest eigenvector
vk of Σk and assume that the elbow is at xe1,k1 = μk ± 0.3 · vk, with 0.3 the
estimated length of an underarm in meters. Figure 4 shows the generation of
hypotheses in which three skin colored objects are observed with one object
(H) recognized as head. This leads to a total of eight hypotheses. The next
step is to calculate the score for each hypothesis and to discard the impossible
hypotheses. So, first, we remove all the hypotheses where either the euclidian
distance between the head and a hand is above 1.2meters or the hands are far
behind the user(xhand.z− xh.z > 0.5m). The score Sp of the pose is determined
by assuming a ground position of both elbows relative to the head(zle/re =
xh + [±0.2 − 0.4 0.1]T ) and calculating:
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Fig. 4. Hand tracking: Based on the observed skin-colored objects, a list of all possible
hypotheses about the body pose is created

Sp = e−|xle−zle|/σe · e−|xre−zre|/σe . (4)

The parameter σe = 1 was chosen empirically. So, the pose is less likely to
be higher than the distances between the estimated and assumed elbow po-
sitions. In the final step, for each hypotheses Hi of the current timestep, the
score SM (Hi, Ĥj) is calculated which determines how well it matches N best

hypotheses Ĥj of the previous timestep. This score is based on the euclidian
distances between the predicted positions of the last hypothesis and the current
one. This prediction is done by assuming that the user is moving his head and
hands with the same velocities as in the previous timestep. So, the velocities are
the euclidian distances between each hypotheses Ĥj and its parent hypothesis

Hj . S(Hi, Ĥj) is given by:

SM (Hi, Ĥj) = 1− 1

dmax

5∑

k=1

wk · dk (5)

with weights wk = [0.3 0.25 0.25 0.1 0.1]T and dk the distances between the
prediction of Hj and Hi for all five hypothesis-elements, limited to dmax. So, the

total score S(Hi, Ĥj) is calculated as: S(Hi, Ĥj) = SM (Hi, Ĥj) · Sp(Hi) ∀i, j =
1 . . .M,N with M the number of valid hypotheses in the current timestep and
N the number of the best selected hypotheses of time step t− 1. Finally the hy-
potheses of {Hi} with the N highest scores are selected: Ĥ ← H(S = maxN (S)).

2.2 Feature Extraction and Classification

The features are extracted from the detected hand trajectories at each frame.
There are three features used in the proposed approach as:
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(a) (b) (c)

Fig. 5. Preprocessing: (a) A typical scene in the HCI environment. (b) Partially in-
complete 3D data of the scene. (c) Extracted skin-colored objects (head and hands).

– Cylindrical coordinates of both hands relative to the head: Fc = [h, r, φ]
– Velocities of the hands in m/s:Fv = [vx, vy, vz].
– Spatial orientation Fo = {diag(Σk)} of the hands. Herefore, we used the

diagonal elements of the covariance matrix Σk of objects, representing hands.

All the detected features are normalized to [−1 1] and are combined to one single
feature vector at every frame Ft. A complete gesture path is then described as a
temporal sequence of feature vectors: G = {Ft−0 . . . Ft−T }. Since, we use discrete
HMM for gesture classification, the feature vectors Ft are quantized to obtain
discrete symbols zt (vector quantization). It is done by using k-means clustering
algorithm. The cluster index is then used as input to the DHMM. We have
used a DHMM with LRB-architecture (left-right-banded) where Baum-Welch
algorithm is used for training and Viterbi algorithm for evaluation.

3 Experimental Results

We tested our tracking and gesture recognition system on some videos taken from
a database, which has been created at our university in the context of a research
project that focuses on the development of companion-technology. In Fig. 5(a),
a typical scene in an HCI environment is shown, in which the user is performing
a gesture in front of the system. Fig. 5(b) shows the corresponding 3D-data
captured with the Bumblebee2 stereo camera. Within the regions of user’s cloth,
3D-data is partially incomplete. In Fig.5(c), the results of skin-segmentation and
object-clustering are shown. Our proposed hand tracking system is tested on
app. 120,000 frames (ca. 90min) and provided very good results. One of the
complicated cases is to track hands when the user crosses arms after a previous
hand-hand-overlapping as shown in Fig. 6. The red (purple) circle represents
the currently best assumed position of the right (left) hand. Starting from an
initial position (t=0), there is a hand-hand contact (t=23). After that, the user
crosses his arms (t=26) and during these time steps, the assignment of the hands
was correct. However, a false assignment can occur during the hand-hand contact
when the positions of the elbows are incorrectly estimated (Fig.7, t=5). However,
due to the multi-hypotheses approach, the system is able to correct this false



304 S. Handrich, A. Al-Hamadi, and O. Rashid

t=0 t=23 t=26
hypotheses about the position of the head (green),  right hand (red),  and left hand (purple)

trajectories of head and hands

estimated skeleton of the user

Fig. 6. Correct hand tracking in the case of hand-hand overlappings followed by a
crossing of both arms

(t=0) (t=5) (t=12)

Fig. 7. Correction of false hypotheses during hand-tracking. In time step t=5 the as-
sumed hand positions are incorrect (red/purple circles refer to left/right hand rather
than vice versa. This is corrected in time step t=12.

assumption, since they become very unlikely (t=12). Since the hand detection is
only based on skin-color, the system is only able to handle persons wearing long
sleeves. Here, additional work to seperate arms and hands has to be done. We
combined our tracking module with a basic gesture recognition system. In Fig.8,
row 1-3, time course of features (Section 2.2) for two consecutive gestures and
the corresponding cluster results (row 4) are shown. Best results are achieved
with K=5 clusters. Although, in Fig.8, the user performed an identical gesture
twice, the features and so the cluster results (t=0) (t=5) (t=12) differ. However,
this problem is handled by HMM. In the gesture recognition, HMM was trained
on a dataset (40 sequences) and tested on a different set (40 sequences, different
users). Best results are achieved with 5-state HMM, where 95% of all performed
gestures were correctly recognized. An exemplary sequence is shown in Fig. 9.
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Fig. 8. Features for gesture recognition. Row 1-3 show the time course of features
for two performed gestures. Bottom row: Result of k-Means algorithm used to obtain
discrete observation symbols as input for the HMM.
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Fig. 9. Gesture recognition. The lower line (black stars) shows points in time at which
the user performs a gesture (manually labeled). The upper line (red stars) shows the
result of the automatic gesture recognition. All performed gestures were recognized.

4 Conclusions

Multimodal human behavior analysis in HCI environments is becoming increas-
ingly important. Different modalities are involved in such analysis for instance
facial expression, gestures and prosody. A gesture recognition system requires a
robust hand tracking system. In our work, which is part of a HCI companion
system, we provided such a system, which is able of tracking hands in non-trivial
situations, for instance during hand-hand overlappings or hand-face-contacts. As
an application we combined our tracking module with a basic gesture recognition
system. The system was able to work in realtime (20 fps, 400 by 300px).
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