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Abstract— In this paper we address an important issue in
human-robot interaction, that of accurately deriving pointing
information from a corresponding gesture. Based on the fact
that in most applications it is the pointed object rather than
the actual pointing direction which is important, we formulate
a novel approach which takes into account prior information
about the location of possible pointed targets. To decide about
the pointed object, the proposed approach uses the DempsterShafer theory of evidence to fuse information from two different
input streams: head pose, estimated by visually tracking the
off-plane rotations of the face, and hand pointing orientation.
Detailed experimental results are presented that validate the
effectiveness of the method in realistic application setups.

I. INTRODUCTION
In the emergent field of social robotics, human–robot
interaction via gestures is an important research topic.
Pointing gestures are especially interesting for interaction
with robots, as they open up the possibility of intuitively
indicating objects and locations and are particularly useful
as commands to the robot. An example scenario of this
type is the use of pointing gestures to direct the robot to
a specific object or location. The robot must be able to
detect the pointing gesture and estimate the pointed target
location, thus major issues arise that have concerned recent
vision research in this field [1], [2]. Some of the most
important challenges are related to the requirement for real
time computations, the accuracy of the computations and the
operation in difficult cluttered environments with possible
occlusions, variable illumination and varying background.
Another common requirement is that pointing gestures must
be recognized regardless of scale, referring to large pointing
gestures performed with full arm extend and small pointing
gestures reduced to forearm and hand movement only [3].
Based on the fact that, for most applications, it is the
pointed target rather than the actual pointing direction which
is important, we formulate a novel approach which, in
contrast to existing pointing gesture recognition approaches,
also takes into account prior information about the location
of possible pointing targets. Assuming the most common
type of deictic gesture, i.e., the one that involves the index
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finger pointing at the object of interest and the user’s gaze
directed at the same target [4], [5], we formulate an approach
which uses a monocular-only camera setup to track off-plane
face rotations and at the same time recognize hand pointing
gestures. These two input streams are combined together to
derive the pointing target using a formulation which is based
on the Dempster-Shafer theory of evidence. The later allows
the approach to elegantly handle situations when one or both
of the input streams are missing (e.g. the hand pointing
direction is not visible due to self-occlusions), achieving
impressive results which could not have been derived with
contemporary probabilistic fusion approaches.
In the following sections the related work (section II)
and proposed methodology (section III) are discussed. The
algorithm on hand pointing gesture recognition is presented
in section IV and the face pose estimation is explained in
section V. The fusion of face pose and hand pointing, as
the main aspect of the paper, is analyzed in section VI. Experimental results in a simulated environment, results using
ground truth data, as well as results in a real environment
are provided in section VII. The paper concludes with a
discussion in section VIII.
II. RELATED WORK
With the recent advances in computer vision techniques
and the availability of faster processors, the interest in
vision-based non contact interfaces increased, overcoming
the drawbacks of wearable devices that hinder the ease
in interaction. Recent vision-based techniques for gesture
recognition have been comprehensively reviewed in [6] and
with respect to vision-based pointing gesture research, there
are several approaches using stereo or multi-camera systems
and which focus only on the hands/arms [7], [8], [9] or
both hands/arms and face [10], [1], [11], [3]. Some of the
above approaches suffer from delayed recognition, e.g. [1],
[9], limited accuracy assessment, e.g [11], [9] and most ([3]
being an exception) do not support the scale of gesture.
Unlike the above approaches we use a single camera, that
can be placed on a moving robotic platform. Single camera
systems, were examined by different authors [12], [13] and
although good initial results were reported, further efforts are
necessary to deal with the demanding cases of real world
environments.
The method presented in this paper supports scale of
gesture, obtuse angle of pointing gesture beyond the range
of [−90 ◦ , 90 ◦ ], considering at the same time the real-time
response of the system and the pointing accuracy. In this
work, face orientation is effectively fused with hand gesture

Fig. 1. Block diagram of the proposed method for pointing direction
estimation.

recognition, to accurately estimate the pointed target. The
Dempster–Shafer theory [14] is utilized to formulate fusion
as a belief estimation problem in the space of possible
pointing directions. Even in cases that the system is not able
to recognize hand pointing gestures or face orientation (or
neither), this information provides a piece of evidence which
in most cases is enough to significantly limit the number of
possible solutions.
III. TARGET SCENARIO AND PROPOSED
METHODOLOGY
The target scenario we address is a robot operating in a
public space, such as an exhibition or a museum, interacting
with humans and providing information about specific Points
Of Interest (“POIs”, e.g. exhibits). It is assumed that all
pointing gestures refer to POIs and the task at hand regards
the accurate estimation of the POI that the user points to.
The overall approach consists of the estimation of the
pointed POI by integrating information of face orientation
with information from a hand gesture recognition system
which is able to robustly recognize two different hand
gestures: “point left” and “point right”. The face and the
hands are detected and tracked in 2D using a 2D skincolor blob tracker and detected skin-colored blobs are further
classified into left hand, right hand and face. The occurrence
of a hand pointing gesture is detected based on a rule-based
technique taking into account the motion of the hand and
the number and relative location of the distinguishable hand
fingertips. Face pose estimation is based on Least-Squares
Matching (LSM) and differential rotations are computed via
patch deformations across image frames. Finally, in order to
combine evidence from the two different information sources
(hand pointing gesture and face orientation), we make use of
the Dempster’s rule of combination. The proposed approach
is depicted in Fig. 1 and in the following sections we describe
these components in detail.
IV. HAND POINTING GESTURE RECOGNITION
The first step of our approach is to detect skin-colored
regions in the input images. For this purpose we use a

technique similar to the one described in [15]. Initially,
the foreground area of the image is extracted by the use
of a background subtraction algorithm. Then, foreground
pixels are characterized according to their probability to
depict human skin and then grouped together into solid
skin color blobs using hysteresis thresholding and connected
components labeling. The location and the speed of each
blob is modeled as a discrete time, linear dynamical system
which is tracked using the Kalman filter equations, according
to the propagated pixel hypotheses algorithm as in [16].
Information about the spatial distribution of the pixels of
each tracked object (i.e. its shape) is passed on from frame
to frame using the object’s current dynamics, as estimated
by the Kalman filter. The density of the propagated pixel
hypotheses provides the metric, which is used in order to
associate observed skin-colored pixels with existing object
tracks in a way that is aware of each object’s shape and the
uncertainty associated with its track.
The second step is to further classify blobs as left hand,
right hand and face, as well as maintain and continuously
update the belief about the class of each tracked blob. For this
purpose we employ an incremental probabilistic classifier,
as in [17], using as input the speed, orientation, location
and contour shape of the tracked skin-colored blobs. This
classifier permits identification of hands and faces of multiple
people and is able to maintain hypotheses of left and right
hands, even in cases of partial occlusions.
For the actual hand pointing recognition, an important
aspect is the detection of the effective time a pointing gesture
occurs. According to [5], the temporal structure of hand
gestures can be divided in three phases: preparation, peak and
retraction, with an exception to this rule the so called “beats”
(gestures related to the rhythmic structure of the speech).
“Preparation” and “retraction” are characterized by the rapid
change in position of the hand, while in the “stroke”, the
hand remains, in general, motionless. Taking into account
the trajectory of the moving hand and a number of relevant
criteria, as in [18], we detect the “stroke” phase, i.e. the
phase at which the pointing gesture takes place.
In order to recognize hand pointing gestures among the set
of gestures that comprise the gesture vocabulary of the robot,
and, additionally, to classify them as “point left” and “point
right” gestures, we employ a rule-based technique, similar
to the one presented in [18]. According to this technique,
gesture recognition is performed based on the number and the
posture of the distinguishable fingers of the hand performing
the gesture, i.e., the number of visible fingertips and their
relative location with respect to the centroid of the hand’s
blob.
V. FACE POSE ESTIMATION
To estimate the POI that the user is looking at while
performing a pointing gesture in a non-intrusive way, we
employ a technique that tracks the orientation of the user’s
head. This is achieved by tracking off-place facial rotations
via a feature-based face tracking approach based on LeastSquares Matching (LSM).

A. The Least Squares approach
LSM is a matching technique [19] able to model effectively radiometric and geometric differences between image patches, also considered as a generalization of crosscorrelation, since, in its general form, it can compensate
geometric differences in rotation, scale and shearing, whereas
cross-correlation can model geometric differences only by
translation and radiometric differences only due to variations
in brightness and contrast.
In our context LSM is used for inter-frame calculations,
over a long time span in tracking, to derive the rotation
of the user’s face while performing the pointing gesture.
The problem statement is finding the corresponding part
of the template image patch f (x, y) in the search images
gi (x, y), i = 1, ...n − 1.
f (x, y) − ei (x, y) = gi (x, y)

(1)

Equation (1) gives the least squares grey level observation
equations, which relate the f (x, y) template and gi (x, y) image functions or image patches. The true error vector ei (x, y)
is included to model errors that arise from radiometric and
geometric differences in the images.
Assuming we have two images, in our case two consecutive frames, the f (x, y) and g(x, y), a set of transformation
parameters need to be estimated from (1). Since (1) is
nonlinear, it is linearized by expanding it into a Taylor series
and keeping only zero and first order terms according to (2):
f (x, y) − e(x, y) = g(x0 , y0 ) +

∂ g(x0 , y0 )
· dx+
∂x
∂ g(x0 , y0 )
+
· dy
∂y

(4)

x̂ = (AT PA)−1 (AT Pl)

(5)

where x̂ is the vector of unknowns, A is the design matrix
of grey level observation equations, P is the weight matrix,
and l is the discrepancy vector of the observations. The
number of grey level observations relates to the number of
pixels in the template and a weighting scheme is adopted, to
reduce contribution for grey level observation equations that
correspond to pixels close to the border [22].
The method requires that the change from frame to frame
is small, considering the speed of the object and the framerate
of the acquired image sequence, for the solution to converge.
To improve performance and handle cases of fast motions we
operate the algorithm at lower resolution levels.
B. Estimating the head orientation
Considering the human head as a rigid body in a threedimensional space, head orientation can be derived by analyzing the transformations of the facial patch (frontal part of
the head). The rotations of the head can be in-plane rotations
of the face around the head’s z-axis, off-plane rotation in
vertical direction around the head’s x-axis and off-plane
rotation in horizontal direction around the head’s y-axis (see
Fig. 2). The latter, which corresponds to an off-plane rotation
of the face towards the pointing direction, mainly deforms
the facial patch in x-shift and x-scale.

(2)

The estimation model should accommodate enough parameters in order to be able to model completely the underlying image formation process. Similar efforts in modeling a
region include Hager and Belhumeur’s work [20] that explicitly modeled the geometry and illumination changes with low
parametric models. In the model only geometric parameters
are included and radiometric corrections, e.g. equalization,
for the compensation of different lighting conditions are
applied prior to LSM in template and image. Assuming
that the local surface patch of the face area is a plane to
sufficient approximation (since depth variation exhibited by
facial features are small enough) an affine transformation
is used to model geometric differences between template
or image frame n and search image or image frame n + 1.
Instead of a conformal set of parameters [21], we utilize an
affine transformation to track the face patch during off-plane
face rotations. The affine transformation (3) is applied with
respect to an initial position (x0 , y0 ):
x = a0 + a1 · x0 + a2 · y0
y = b0 + b1 · x0 + b2 · y0

xT = (da0 , da1 , da2 , db0 , db1 , db2 )

(3)

By differentiating (3) and the parameter vector being
defined according to (4) the least squares solution of the
system is given by (5).

(a)

(b)

Fig. 2. (a) Rotation axes of head in three dimensional space and (b) offplane facial patch rotation around the y axis of the head.

To derive the above-mentioned face rotations we employ
LSM by initializing the template patch, at the center of the
detected blob ellipse at the occurrence of the preparation
phase of gesture at image frame n and assuming frontal view
of the face. In practice the initial position of the frontal view
of the face can be derived via available face detectors as
[23]. The template is updated in image frame n + 1 based
on the estimated affine parameters and matched to the next
image frame. A number of criteria used to evaluate the
matching result, also ensure that the error propagation from
frame to frame is minimized. For instance, such criteria are
the number of iterations (assuming fast convergence should
be achieved), the alteration of the size of parameters in
each iteration and the size of parameters. Variations in the
parameter values (magnitude and sign) in each iteration have

to be within certain thresholds to ensure stability of the
solution.
The rotation between the initial position of the template
and the final matched position is computed by accumulating
the differential rotation angles derived by matching each
consecutive template and patch. In Fig. 3, px denotes the
initial patch width and p0x is the patch width, occurring
at different rotations of the face around the y-axis of the
head. x1 and x10 are the projections of the minimum and
maximum patch width in frontal view of the face with respect
to the camera. Similarly x2 and x20 are the projections of the
minimum and maximum patch width at horizontal rotation
of the head.
To compute the rotation angle we assume the mapping
equations of the vertical perspective projection, given by the
transformation equations
y

x = k0 cosφ · sin(λ − λ0 )
− sinφ1 · cosφ · cos(λ − λ0 )]

= k0 [cosφ1 · sinφ

(a)

(d)

Fig. 4. Derivation of face orientation via LSM with varying distance from
the camera. In (a) and (b) the computed face rotation angle is 42.5◦ and
−39.1◦ respectively.

(6)

where P is the distance of the point of perspective in units of
sphere radii, derived by simple anthropometric assumptions
k0 = (P − 1)/(P − cosc)

(7)

cosc = sinφ1 · sinφ + cosφ1 · cosφ · cos(λ − λ0 )

(8)

and

Under the assumption that the head approximates a spherical body, we compute the horizontal angle λh from λ0 = 0 ◦
with φ = 0 ◦ and φ1 = 0 ◦ according to (9) and (10)
x2 − µx
)
k0
0
x −µ
λ20 = arcsin( 2 0 x )
k
λ2 = arcsin(

λh =

λ2 + λ20
2

(9)

Fig. 5.

Fusion of information from two input sources.

example) surrounding the user and the robot. Each point of
interest constitutes a possible pointing direction.
Let X be the universal set: This is the set that contains all
visible POIs, also called the frame of discernment (11).
X = {P1 , P2 , . . . , PN }

(10)

The power set 2X is the set that comprises of all subsets
of X, including the empty set ∅ and the whole set X.
The elements of the power set can be taken to represent
propositions about the pointing direction. Each proposition
contains the POIs for which the proposition holds true and
it is assigned an amount of belief by means of a function
m : 2X → [0, 1] which is called a basic belief assignment and
it has two properties:
• The mass of the empty set is zero:
m(∅) = 0
•

Fig. 3.

Horizontal face orientation computation.

Fig. 4 illustrates temporal matching results with LSM,
tracking the face’s off-plane horizontal rotation.
VI. DERIVING EVIDENCE OF POINTING
DIRECTION
Assume the setup depicted in Fig. 5. The user (at the center
of the figure) and the robot stand in a scene which contains
N points of interest P1 , P2 , . . . , PN , (N = 8 in this specific

(11)

(12)

The masses of all the members of the power set add up
to a total of 1:
(13)
∑ m(A) = 1
A∈2X

In the task at hand, the user raises his hand to point to an
exhibit Pi , 1 6 i 6 N and simultaneously rotates his/her face to
look at the direction of the exhibit, as described in section III.
Hence, two sources of information exist: information from
the hand pointing gesture and information from the face
orientation. Each of the two sources of information has an
independent basic belief assignment. Let m f represent the

belief from face pose estimation and mh represent the belief
from the hand pointing direction. To combine evidence from
these two sources of information we make use of Dempster’s
rule of combination.
According to the Dempster’s rule of combination, the
joint mass m f ,h can be computed as the orthogonal sum
(commutative and associative) of the two masses, as follows:
m f ,h (∅) = 0

(14)

TABLE I
C ONFUSION MATRIX FOR HAND POINTING GESTURE
G
GO
“point le f t 00
“invisible00
“point right 00

Point left

Point center

Point right

0.90
0.10
0.00

0.05
0.90
0.05

0.00
0.10
0.90

For the example of Fig. 5, the above belief masses are
defined as follows:
mh−L = mh ({P6 , P7 })

m f ,h (A) = (m f ⊕ m2 )(A) =

1
∑ m f (B)mh (C) (15)
K B∩C=A6
=∅

where K is a normalization coefficient which is used to
evaluate the amount of conflict between the two mass sets,
given by:
K = 1−

∑

m f (B)mh (C)

(16)

B∩C=∅

Equation (15) provides a combined belief mass for every
POI A as a function of all pieces of evidence m f (B) and
mh (C) that agree on A. The POI with the larger combined
mass is selected as the one pointed by the user.
It is to be noted at this point that the assumption behind
this work that the user is simultaneously looking and pointing at the same exhibit eliminates the cases of conflicting
evidence which, according to Zadeh’s criticism [24] for
Dempster’s rule of combination, may lead (15) to produce
counter intuitive results.
In the next two sections we will elaborate on the actual
calculation of mh and m f .
A. Computation of the belief mass mh
For hand pointing gesture recognition, we assume that
the system knows when a gesture takes place but can
only recognize the pointing direction if it is within the
intervals [φh−min , φh−max ] ∪ [−φh−max , −φh−min ]. If a “point
left” gesture is recognized, we assume that the user is
pointing to a POI within [−φh−max , −φh−min ] (P6 or P7 in
the example of Fig. 5). Similarly, if a “point right” gesture
is recognized, we assume that the user is pointing to a
POI within [φh−min , φh−max ] (either P3 or P4 ). If there is no
recognized gesture, we assume that the user pointed to a POI
outside these two intervals (“point center”) with a belief mass
of mh−0 = mh ({P1 , P2 , P5 , P8 }). For the “point center” case,
in the example of Fig. 5, the user might have pointed to
any of P1 , P2 , P5 or P8 . Depending on the recognized hand
pointing gesture (“point left”, “point right”) or the fact that
the gesture “invisible”, different belief masses are assigned
for the exhibits on the left, the exhibits on the right and the
exhibits in the front and in the back of the user for which a
pointing gesture cannot be recognized.

mh−R = mh ({P3 , P4 })
mh−C = mh ({P1 , P2 , P5 , P8 })
with mh−L + mh−R + mh−C = 1.
To appoint the sets that correspond to “point left”, “point
right” and “point center” directions and define the masses
mh−L , mh−R and mh−C accordingly, we use specific values for
φh−min and φh−max . These values have been experimentally
calculated as φh−min = 140o and φh−max = 40o and roughly
correspond to the angle limits beyond which the hand pointing gesture is not recognizable.
Let G be the actual gesture performed by the user
and let GO be the gesture recognized (or not recognized) by the system. G takes values in HG =
{“point le f t 00 , “point right 00 , “pointcenter00 }. and GO takes
values in HO = {“point le f t 00 , “point right 00 , “invisible00 }.
To assign masses to mh−L mh−R and mh−C , we calculate the probabilities P(G = “point le f t 00 |GO ), P(G =
“point right 00 |GO ) and P(G = “point center00 |GO ), respectively which are computed using the Bayes’ rule as:
P(G|GO ) = P(GO |G)

P(G)
∑ P(GO |G = h)P(G = h)

(17)

h∈HO

In the above equation P(G) is computed as the number of
visible POIs that fall within G divided by the total number
of visible POIs. The likelihoods P(GO |G) are obtained offline and correspond to the percentage of times a pointing
gesture was recognized as GO given that the actual gesture
was G. The actual values computed during our experiments
are summarized in the confusion matrix in Table I.
B. Computation of the belief mass m f
For face orientation, we assume that it is recognizable only
within the range [−φ f −max , φ f −max ]. If the user is looking at
a POI which lays within this range then the face orientation
can be computed using the algorithm described in section VB and, additionally, this information can be employed to
identify the target exhibit Pi , with a belief m f ({Pi }). If
the face orientation cannot be computed, we assume with
a belief m f −O = m f ({P1 , P2 , P8 }) that the face is looking at a
POI outside [−φ f −max , −φ f −max ]. Since m f is a basic belief
assignment, we make sure that the following equation holds.
m f −O +

∑
k=1..N

m f ({Pi }) = 1

(18)

Similarly to hands, to assign masses to m f , we use the
conditional probabilities for the user looking at each POI
Pi given the perceived face orientation φO , calculated as:
P(Pi |φO ) = P(φO |Pi )

P(Pi )
N

TABLE II
S IMULATION RESULTS OBTAINED BY THE PROPOSED APPROACH FOR
THE THREE ENVIRONMENTS DEPICTED IN

(19)

∑ P(φO |Pk )P(Pk )
k=1

In the absence of any prior information, P(Pi ) are assigned
equal values for all Pi . The likelihood P(φO |Pi ) is computed
according to the relative angle of Pi with respect to the user.
The exact values are found by interpolation to data gathered
off-line, stored as a confusion matrix (Fig. 6).
VII. EXPERIMENTAL RESULTS
A. Ground truth data
Quantitative evaluation of pointing direction is considered
difficult because of the lack of dependable ground truth.
In our case, we have setup a series of experiments which
involve a user standing in front of the robot and pointing in
predefined directions (specified POIs) using both his hand
and face. The POIs were defined in the range of 0 ◦ ± 180 ◦
with an angular step of 10 ◦ .
For each pointing gesture, the system identifies the orientation of the face and classifies the hand gesture as a
left pointing gesture or a right pointing gesture. Sample
recognition results for face orientation are shown in Fig. 4.
The confusion matrix of Fig. 6 relates the absolute (both
left and right) estimated head orientations to the intended
head orientations in the range of 0 ◦ ± 180 ◦ . The percentages
were derived from image sequences of a total of 7000 image
frames. As can be easily seen, the algorithm achieves high
success rates for low angles (user looks in directions close
to the direction of the camera) which are decreased for
higher angles. The algorithm maintains significant success
rates (more than 50%) for angles up to 120 ◦ , where only a
small part of the facial patch is visible. The hand pointing
gesture has always been recognized correctly for pointing
orientations within the range [30 ◦ , 130 ◦ ] and [−30 ◦ , −130 ◦ ].

N
nav
Corm
Cors
False

Experim. A
(Fig. 7a)
1000
1.06
996 (99.6%)
961 (96.1%)
4 (0.4%)

Experim. B
(Fig. 7b)
1000
1.25
970 (97.0%)
819 (81.9%)
30 (3.0%)

F IGS . 7 AND 8.
Experim. C
(Fig. 8)
1000
1.13
997 (99.7%)
927 (92.7%)
3 (0.3%)

B. Simulated environment
Evidently the performance of an algorithm that identifies
pointed POIs instead of pointing directions depends on the
structure of the environment and the distribution of the
POIs within it. To evaluate the performance of the proposed
methodology under different environment arrangements, we
have conducted a series of experiments in three different
simulated environments, depicted in Figs. 7 and 8. The
first environment, shown in Fig. 7(a), consists of a single
rectangular room with four POIs positioned on its walls.
The second environment, depicted in Fig. 7(b), is similar
to the first but contains eight POIs instead of four. Finally,
the last environment, depicted in Fig. 8, contains five rooms
connected together via a corridor. Within the rooms there are
eight exhibits in total but they are arranged in a way that no
more than three exhibits are simultaneously visible by both
the robot and the user, for any user-robot arrangement.

(a)

(b)

Fig. 7. Two simulated environments, used to evaluate the performance of
the proposed algorithm.

(a)

Fig. 6. Confusion matrix encoding perceived face orientations (rows) for
intended face orientations (columns) in the range of 0 ◦ ± 180 ◦ . The matrix
contains data for both left and right pointing directions.

(b)

Fig. 8. Two different, user-robot configurations in a simulated environment,
with a number of rooms. The robot location is depicted using a red rectangle.
The user is depicted using a green circle with a line segment indicating the
pointing direction. The visible POIs for each configuration are painted with
green color.

To run the simulated experiments we randomly selected
a large number of human-robot arrangements within each

TABLE III
S IMULATION RESULTS OBTAINED BY USING A SINGLE SOURCE OF
INFORMATION ONLY

Vh
Ch
Vf
Cf

Experiment A
(Fig. 7a)
550 (55.00%)
245 (24.50%)
731 (73.10%)
722 (72.20%)

Experiment B
(Fig. 7b)
558 (55.80%)
47 (4.70%)
730 (73.00%)
703 (70.30%)

Experiment C
(Fig. 8)
535 (53.50%)
336 (33.60%)
796 (79.60%)
776 (77.60%)

of these environments (1000). Each arrangement included
a randomly selected POI that was visible by both the user
and the robot and was assumed as pointed by the user. Fig. 8
depicts two such arrangements. In the first arrangement there
are three visible POIs (P3 ,P4 and P7 ) marked with green color
and the user points to P4 . The second arrangement involves
two visible POIs (P5 and P6 ), marked with green color, with
P5 being pointed by the user. The user’s perception regarding
both the recognition of the hand pointing gesture as well
as the face orientation was assumed imperfect, simulating
the distributions shown in the confusion matrices depicted
in Table I and Fig. 6, respectively.
The results obtained are shown in Table II. The total
number of arrangements (N) for each environment was 1000.
In the vast majority of cases, the fusion algorithm returned a
single result. In cases that there were ambiguities regarding
the pointed POI (e.g., there were more than one POI outside
the angular regions defined in Fig. 5), the algorithm returned
more than one results with the same mass. The average
number of returned results with the same, maximum, mass is
indicted as nav . The row labeled “Corm ” provides the number
of times that the correct result was within the returned results,
even if the number of results with the maximum mass was
more than one. The row labeled “Cors ” provides the figures
for the cases that the algorithm returned a single, correct
result. Finally, the row labeled “False” corresponds to the
cases that the algorithm failed to provide the correct POI
within the returned results.
It is to be noted at this point that many of the above
arrangements correspond to cases that the robot is not able
to recognisee neither the hand pointing direction nor the
face orientation (e.g., when the user points to an exhibit
behind him/her). In these cases, the lack of input is a
piece of evidence by itself, which is correctly utilized by
our algorithm to limit the number of possible solutions.
As can be easily seen from the results of Table II, this is
especially successful for environments like the ones depicted
in Figures 7a and 8 where the spatial arrangements of POIs
and the topology of the environment (walls, doors, etc.) help
distinguish between different possible solutions.
Table III shows the results obtained for the same configurations when a single source of information was only available: either face orientation or hand pointing direction. Vp
corresponds to the number of cases that the pointed POI was
either within [φh−min , φh−max ] or within [−φh−max , −φh−min ],
i.e., within one of the two ranges that the pointing ges-

TABLE IV
R ESULTS OBTAINED FOR THE EXPERIMENT DESCRIBED IN
SECTION VII-C.

Number of tests
Correctly recognized
Percentage

First environment
Figure 9(a)
140
122
87.14

Second environment
Figure 9(b)
150
125
83.33

ture is recognizable (see Figure 5). C p corresponds to the
classification results that would have been obtained if the
recognition of a pointing gesture in either of there ranges
was the only information available to the classifier. The
assumption used to derive the obtained results was that
we had a correct classification if the gesture was correctly
recognized (recognition rates were assumed as shown in
Table I) and, additionally, a single POI existed within the
pointed region. Similarly, V f corresponds to the number of
cases that the pointed POI was within [−φ f −max , φ f −max ] and
C f corresponds to the results that would have been obtained
if we were using a classifier which could achieve the results
depicted in Fig. 6.
By comparing the results from Tables II and III,
one arrives at the conclusion that the proposed approach
clearly outperforms both “single-evidence” classifiers described above. In all three environments, the algorithms successfully combines evidence from both information streams,
achieving recognition rates that could not have been obtained
by any of the two information streams alone.
C. Real environment
To further test the performance of the system under
real conditions we conducted two large-scale human-robot
interaction experiments. The first experiment took place in a
corridor structure (9(a)) which contained 29 POIs, each one
assigned to a door leading to a different room. The second
experiment took place in a large public structure (9(b)), also
within our building complex. In this case, 16 POIs were
assigned to doors leading to different parts of the complex,
elevators, the cafeteria, as well as various posters on the walls
of the foyer.
Both experiments involved an autonomously navigating
robot which interacted with a human user. The human used
his hand and head to point to one of the predefined target
points (POIs). The robot employed the proposed approach in
order to recognize the pointed target. If there were ambiguities about the pointed target (e.g. the algorithm returns more
than one results with the same mass) the robot randomly
picked one of the possible targets. The robot moved to
the picked target and the human confirmed whether the
robot correctly recognized the target or not. The procedure
was repeated for a number of times and the results are
summarized in Table IV.
As can be easily observed the results in the case of the
real environments are equivalent to the ones obtained for the
simulated environments.

(a)

(b)
Fig. 9. The two environments used to evaluate the proposed system under
real conditions. POIs are numbered and marked with circles. Grayed areas
in both pictures indicate the areas that the experiments took place.

VIII. CONCLUSIONS
In this paper we have presented a novel method for
estimating the pointing direction by fusing information regarding hand pointing gestures and the pose of the user’s
head. The proposed method is able to achieve surprisingly
good performance by considering prior knowledge about
the location of possible pointing targets which reduces the
problem to deciding which is the pointed target rather than
calculating the actual pointing direction.
Unlike other contemporary methods, our approach operates with a single camera and we have demonstrated its
ability to achieve significant recognition rates even in cases
that either of the two or both input streams are missing.
The method is readily applicable in a large variety of
human-robot interaction scenarios. Future work will involve
its enhancement by fusing additional sources of information,
such as arm pose, body orientation and a-priori probabilities
of POI selection.
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