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Abstract. This paper 1 presents our participation to the head pose esti-
mation tasks of the the CLEAR 07 evaluation workshop. Two hea d pose
estimation task were to be tackled in CLEAR07. The �rst task c alled
the AMI head pose estimation consisted in estimating head poses with
respect to the camera of people sitted around a table and involved in a
four person meeting. The second task called the CHIL head pose estima-
tion task consisted in estimating the head pose with respect to a global
room coordinate of people in a lecture room seen from four cameras. we
used to solve the �rst task a probabilistic exemplars based h ead pose
tracking methods based on a mixed state particle �lter repre senting in a
joint state space head localization and pose variable allowing to jointly
search for the optimal head location and pose. To solve the second task
we used a similar head tracking framework than for the �rst ta sk to
obtain the head poses with respect to the four camera. Than using the
camera calibration parameters, we the head pose w.r.t the camera were
transformed into head pose w.r.t to the global room coordina tes. Then
the tracking output of the 4 cameras are fused using the amount of skin
in the localized head box. Among the 4 estimates the two head pose
estimate having the highest amount of skin in their correspo nding head
box are average. Good head pose tracking performances are obtained for
both the two AMI and CHIL tasks.

1 Introduction

The study of head related behavior such as head gesture is of interest in many
computer vision related applications. To study head gesture, the head pose needs
to be accurately estimated. Thus it is required to evaluate head pose tracking,
head pose database are required. Thus, some researchers built and made publicly
available head pose video database with people having theirhead orientation con-
tinuously annotated with a magnetic �eld location and orien tation tracker [1].
This database can be used for evaluation to allow researchers working on head
pose tracking to be able to evaluate their algorithms on the same data to make
possible algorithm comparison. Due to the importance of evaluation the CLEAR
Evaluation workshop since 2006 has as one of its various task, the evaluation of
head pose estimation methods. In 2007, two head pose estimation tasks are pro-
posed. A �rst task, called the AMI task, consists in estimating people head pose
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with respect to a camera view. The data for this task consistsin 8 one minute
long recordings. In each recording 4 people are having meeting and two people
always visible from one camera have their head pose annotation with respect to
the camera available. This ground truth will be used for evaluation. The second
task, called the CHIL task, consisted in estimating the headpose of a person
w.r.t. to a global room coordinate system given four camera views of the person.
These two tasks are interesting in the sense they cover two common scenario in
computer vision head pose estimation situations: the meeting room situation in
which people are sitted and mostly static and the lecture room situation in which
people have a lower resolution head size are standing and moving. Evaluating
head pose tracking methods in these two situations is important to understand
the behaviors of the method in a wide range of potential experimental setup.

In this work we proposed a probabilistic method to perform head pose track-
ing with respect to a camera view. For the second task, the head pose w.r.t. the
camera are transformed into head pose w.r.t to the global room coordinate using
the camera calibration parameters. Then the head pose w.r.t. to the global room
coordinate obtained from the four camera are fused into a single estimate using
the amount of skin present in a head box as reliability measure. The head pose
estimated by the two cameras in which the amount of skin in thehead box is
higher are averaged weighted by the amount of skin.

The remainder of this paper describes with more details method we used to
solve the two tasks. Section 2 describes the method we used toestimate the head
pose with respect to a camera view. Section 3 describe the methods we used to
estimate the head pose w.r.t to a global room coordinate to solve the second
task. Section 4 gives our results for the AMI task. Section 5 give the results for
the CHIL task and Section 6 concludes the paper.

2 Head Pose Tracking with Respect to a Camera View

In this subsection, we describe the Bayesian probabilisticapproach which was
used to track the head pose. [2] gives thorough description of this method. This
Bayesian method is based on particle �ltering (PF). Five elements are important
in de�ning a PF:

1. head pose appearance models
2. a state model de�ning the object we are interested in
3. a dynamical modelp(X t jX t � 1) governing the temporal evolution of the state
4. a likelihood model measuring the adequacy of data given the proposed con-

�guration of the tracked object; and
5. a sampling mechanism which have to propose new con�gurations in high

likelihood regions of the state space.

These elements are described in the next paragraphs.



2.1 Head Pose Appearance Models

The head pose appearance model are built from texture, skin color and binary
features obtained from background subtraction. Texture and skin color head
appearance models are pose dependent model learned from thePrima-Pointing
database [3]. The silhouette model based on binary foreground feature based
appearance model is pose independent.

Pose Dependent Head Pose Models The Prima-Pointing database is com-
posed of 15 people seen at 91 head posef � k ; k = 1 ; :::; 91g recorded in two session.
We selected the 79 head poses displayed in Fig 1(a) to build texture and skin
color based appearance models.

The texture model of head pose� k is obtained by resizing to a reference size
and pre-processing with histogram equalization the training head appearance
corresponding to the pose. Then the pre-processed trainingimages are �ltered
with with three �lter a Gaussian �lter at coarse scale and two Gabor �lters. The
output of the three �lters are concatenated into a single feature vector to give a
texture features. The mean vector of the training features is used a texture model
for the head pose� k . The texture model and the diagonal covariance matrix of
the training features is used to build the texture likelihood of an input texture
observation ptex (Y tex jk) as described in [2].

The skin appearance model for a head pose� k is obtained by �rst training
a Gaussian skin color model in normalized RG color space. Then the training
appearances for the head pose are resized to a reference sizeand their pixel
classi�ed into skin or non-skin. Skin pixel are assigned to the value 1 value and
non-skin pixels are assigned to the value 0 to give the skin color feature vector.
The average of the skin color feature vectors is used as skin color appearance
model for the head pose� k which is used to de�ne the skin color likelihood of a
skin color observationp(X skin jk) as described in [2].

Pose Independent Head Models Together with the pose dependent head
model we built also a pose independent head model, denominated head silhou-
ette. The head silhouette model is pose independent becauseseen from a certain
distance it the variation of its shape is very small. The headsilhouette model
is mostly dependent on the camera location and orientation.The head silhou-
ette is mostly used to head the texture and the skin color appearance model
in the head localization task. The head silhouette is built from binary features
obtained from background subtraction. A background model based on color and
texture is built as described in [4]. The background model isused to segment
an input image into foreground and background. Foreground pixel are assigned
to the value 1 and background pixel are assigned to the value 0. The silhouette
model obtained by averaging training head binary features is used to build a the
silhouette likelihood psil (X sil ). See [2] for more details about this model.



(a) Pointing database head poses used to build the pose
dependent appearance models

(b) Texture
and skin color
features.

Fig. 1. Sample set of appearances from Prima-Pointing database andtexture and skin
color features

2.2 State Space:

The state space is de�ned asX = ( S; r; k ) where S is the head location variable
specifying the head location and size,r is the head in-plane variable specifying
how the head is rotated in the image plane andk is a discrete index labelling
one of the discrete pose� k for which a head pose appearance model is built. The
variable k models the head out of plane rotation. The state space is de�ned to
allow a joint search of the optimal head location and orientation.

2.3 Dynamical Model

The dynamical model governing the temporal evolution of thestate is de�ned
as

p(X t jX 1:t � 1) = p(r t jr t � 1; kt � 1)p(kt jkt � 1; St )p(St jSt � 1; St � 2): (1)

The state dynamics is composed by 3 elements. The �rst element p(St jSt � 1; St � 2)
is an second order autoregressive model de�ning the temporal evolution of the
head location and size variable. The second elementp(kt jkt � 1; St ), learned from
training data, models the temporal evolution of the head out of plane rotation
variable k. The third element p(r t jr t � 1; kt � 1) governs the temporal evolution of
the head in plane rotation.

2.4 Observation Model

This model p(Y jX ) measures the likelihood of the observation for a given state
value. The observationsY = ( Y tex ; Y skin ; Y sil ) are composed by the texture,
skin color and binary foreground observations. Assuming that, given the state
the observation are independent, the observation likelihood is modeled as:

p(Y jX = ( S; r; k )) = ptex (Y tex (S; r)jk)pskin (Y skin (S; r)jk)psil (Ysil ) (2)



(a) projection in the
image plane

(b) top view

Fig. 2. Example illustration of e�ect of head position in the head po se w.r.t the camera.
While , because of the person location, the person's appearance is projected as a frontal
in the image plane, the pan angle � w.r.t to the camera is non null. Similar e�ect can
occur for the head tilt.

2.5 Sampling Method

In this work we use the Rao-Blakwellization sampling methoddescribed in [2].

2.6 Head Pose Correction

Usin the appearance model and the particle �lter framework described in this
section, it is possible to estimate the head orientation of aperson wrt the camera
when the person's head is located close to the optical axis ofthe camera. When
the person's head is located far from the optical axis the pose estimated from
the appearance model does not correspond to the pose w.r.t the camera. A
simple example illustrating this situation is the case of a person moving in a line
orthogonal to optical axis plane and having frontal pose at the when he is head
is exactly at the optical axis. When this person will be at the edge of the image
his appearance model will correspond to a near pro�le pose, while, with respect
to the camera he is still at a frontal pose. Figure 2 give another illustration of
the situation where because of the head location the pose estimated from the
appearance does not correspond to the pose of the person w.r.t the camera. If
(x; y) is the head location in the image plane, a correction matrixR(x; y) can
be applied to the rotation matrix Rvirt estimated by the head pose tracker from
the appearance model to �nd the head pose of the person w.r.t the camera. The
head pose of the person w.r.t to the camera can be obtained from the Euler
angle decomposition of the corrected matrixRcorr = Rvirt R(x; y).

3 Head Pose w.r.t to a Global Room Reference

3.1 Head Pose Estimation w.r.t to a Global Room Reference usi ng
a Single Camera View

Given the rotation matrix Rcam; 3D obtained from a camera calibration the ro-
tation matrix to pass from the con�guration of the head wrt th e camera to the



(a) Example view of two per-
sons in the evaluation data.

(b) Head attached ba-
sis. The pointing vec-
tor is the normal unit
vector of the z-axis.

Fig. 3. Example views of two persons in the evaluation data.

con�guration of the head wrt to the global room coordinate system can be ob-
tained wit the matrix multiplication Rhead; 3D = Rcorr Rcam; 3D . The pose wrt to
the global room reference is then obtained using Euler anglerepresentation of
the matrix.

3.2 Head Pose Estimation w.r.t to a Global Room Coordinate us ing
Multiple Camera Views

The method described in Section 3.1 allows to estimate the head pose of a person
wrt the global room reference using only a single camera. When multiple camera
views are available, the head pose can be estimated from all the camera views by
de�ning a camera fusion procedure. A fusion between the camera can be done
by making use of a camera reliability measure. Assuming a head is correctly
tracked, the amount of skin pixel in the localized head box can be used as
reliability measure. When the percentage of skin is high, itmean that the skin
pixel are dominant in the head box. This is characteristic ofnear frontal head
pose, while when the skin amount is low it means the head is in anear frontal
head pose or even the head is seen from the back. Recalling that some work
showed that head pose tracking is more reliable for near frontal head pose, the
amount of skin is a good reliability measure. Thus we de�ned acamera fusion
procedure based on the percentage of skin in the head box. After having tracked
the person in each of the camera views and having estimated the head pose wrt
to the global room reference we will estimate the �nal head pose from the two
camera for which the amount of skin is higher by averaging thetwo head poses
estimated by these two camera wighted by their amount of skin.



error 1R 1L 2R 2L 3R 3L average
pve c 15. 6 17. 5 16. 0 14. 8 8. 4 11. 6 14. 0
pa n 9. 9 13. 4 4. 9 12. 9 4. 4 7. 4 8. 8
t i l t 11. 2 9. 5 14. 7 6. 7 6. 8 7. 5 9. 4
r ol l 10. 4 8. 1 13. 7 8. 2 7. 2 11. 5 9. 89

Table 1. Head pose estimation performances for the person left and right in the three
test meetings of the AMI data. The last column of the table giv es the average pose
estimation error.

4 The AMI Head Pose Estimation Task

4.1 Evaluation Data and Protocols

The AMI data is composed by 8 meeting recorded by a single camera view. In
each meeting, 4 people are involved. Among the 4 people, two persons which are
always visible are used for head pose estimation evaluation. Figure 3(a) shows
an example view of the two people denominated "person right"for the person
sitting to the right in the image and "person left" for the per son sitting to the
left. The evaluation data is constituted by 1 minute of recording for 16 people.
The head pose annotations of the 16 people used for evaluation was obtained
using a magnetic �eld 3D location and orientation tracker called a 
ock of bird.
After calibration of the 
ock of bird sensor to the camera, th e outputs of the

ock of bird sensor that was attached to a person's head were transformed to
generate the head pose annotations.

The AMI head pose estimation task is to track the head pose with respect
to the camera of the people in the evaluation database using the single camera
view available. Among the 16 people available, the data of 10people will be used
as development data, and the data of the 6 remaining people will be used a test
data.

We used four metrics: the head pointing vector error, the absolute head pan,
tilt, and roll estimation error. The head pointing vector is the unit norm vector
of the z axis of the basis attached to the head as shown in Figure 3(b).In our
representation, the unit norm head pointing vector dependsonly on the head
pan and the head tilt. It de�nes the head pointing direction. The head pointing
vector error is the absolute angle between the ground truth head pointing vector
and the estimated head pointing vector.

4.2 Results for the AMI Task

To solve the AMI task, we gave the �rst head localization by hand and applied
the head pose tracking method described in Section 2. The performance of the
algorithm for the 6 persons in the test set are given in Table 1. over the whole
test data, our head pose tracking method achieves an averageestimation error of
14 degrees for the pointing vector estimation, 8.8 degrees for head pan estima-
tion, 9.4 degrees for the head tilt estimation and for 9.8 degrees for the head roll



Fig. 4. Sample images of head pose tracking results in the AMI data. � rst row �rst
test meeting, second row second test meeting and last row, last test meeting.

estimation. Deeper analysis of the errors shows signi�cantvariability of the per-
formance. For the head pointing vector estimation, the lowest estimation errors
is achieved with the person right in the third test meeting while the highest error
is obtained with the person left in the �rst test meeting. Thi s shows that some
people are better tracked than other. The main reason is thatsome person are
better represented by the appearance model than others. Figure 4 gives sample
images of head pose tracking results. This Figure can be analyzed in parallele
with Table 1. The �rst row of Figure 4 shows that for the person left of the
recording there head localization problem occur in some frames. In the last row
of Figure 4 it can be noticed that the person left for whom the best tracking
performance is achieved has his head always correctly localized. This illustrates
the correlation between good head pose estimation performance and good head
localization performance.



(a) Top view of the UKA CHIL lec-
ture room in which the CHIL data
is recorded. To the top left corner is
displayed the global room reference
and at the four corners camera

(b) Sample view from the four
cameras used to record the CHIL
data.First row camera 2 and 4,
second row camera 1 and 3

Fig. 5. Top view of the UKA CHIL lecture room and Sample image from the four
cameras

method pvec pan tilt roll
CHIL-M1 30.0 24.1 14 7.3
CHIL-M2 19.4 15 10 5.3

Table 2. Head pose estimation average errors over whole test set of the CHIL data
using single camera estimation (CHIL-M1) and the fusion of t he four camera estimation
(CHIL-M2).

5 The CHIL Head Pose Estimation Task

5.1 Evaluation Data and Protocols

The CHIL data consisted in 15 people recorded in a lecture room environment.
The 15 people were wearing a magnetic �eld location and orientation tracker
providing their head pose ground truth w.r.t a global reference attached to the
room. Four cameras located in the upper corner of the room were used to record
the whole scene during three minutes in which the people had to move around
and orient their head toward all the possible direction. Figure 5(a) shows a top
view of the lecture room, the global room reference and the location of the four
camera and Figure 5(b) shows a sample view from the four cameras. In each of
the recording head location annotation are provided each 5 frames. The recorded
data are splitted into 10 videos for training and 5 for testing. Only the frames for
which head location annotations are available are used for head pose estimation
evaluation.

Similarly to the AMI task the errors measure that are used for evaluation
are the head pointing vector, pan, tilt and roll errors in degrees.



5.2 Results for the CHIL Task

To solve the CHIL task we used two methods. The �rst method, denoted CHIL-
M1, performs head pose tracking with respect to a single camera view as de-
scribed in Section 2, then applied the methodology described in Section 3.1 to
transform the pose w.r.t. the camera into pose w.r.t. to the global room refer-
ence. only the camera 3 will be considered for this method. The second method,
denoted CHIL-M2, uses the head poses w.r.t. to the global room reference esti-
mated by the four camera and fuses the four estimates into a single one using the
fusion procedure described in Section 3.2. Recall that in all our experiment the
initial head locations are given by hand, than our tracking methods are applied.

Table 2 gives the average head pose estimation errors for whole test data using
the two methods CHIL-M1 and CHIL-M2. From the results in Tabl e 2 we can
conclude that the method based on the multiple camera fusionis outperforming
the method using a single camera view. The improvement can beexplained by
the the camera selection implicitly embedded into the fusion process. Because we
are using the two cameras having the highest reliability measure to estimate the
head pose and that the reliability high when the amount of skin in the localized
head box is high. This means that our fusion procedure selects the cameras w.r.t
which the head pose is near frontal to estimate the head orientation with respect
to the room reference. As we found in previous work, head poseestimation is
more reliable in near frontal [5].

Although because the databases and the task are di�erent comparison have
to be done with cautious, if we compare the results from the single camera head
pose tracking using the AMI data in Table 1 and the results from single camera
tracking (CHIL-M1) with the CHIL data we can notice that the p erformance
are much better with the AMI data. Possible explanations about this di�erence
can be that in the CHIL data the head pose range is wider. In theCHIl data
the pan ranges between -180 to 180 degrees while in the AMI data the head pan
ranges between -90 to 90 degrees. Also, in the CHIL data people are standing
and moving and looking at any possible direction making the tracking with a
single camera problem more di�cult. When multiple camera are used (CHIL-
M2 ) the head pose estimation performance on the CHIL data arecloser to the
perfromace on the AMI data.

Figure 6 shows sample images of head pose tracking results for one person
in the four cameras. this �gure illustrates the usefulness of fusion. While for
the in the �rst image of the second row corresponding to camera two the head
was badly localized leading to pose estimation errors, in the others cameras (�rst
images of other rows) tracking was correct. Thus in the fusion process the second
camera will be discarded leading to a better estimate.

6 Conclusion

In this paper we described our participation to the CLEAR07 head pose estima-
tion tasks. Two tasks were to be tackled one consisting in estimating the people's



Fig. 6. Sample images of head pose tracking results for the three �rst cameras for one
person in the CHIL test data. Each row displays sample images of the corresponding
camera. Image of the same column correspond to a single time frame recorded from
many camera.

head pose w.r.t a camera view and another corresponding to estimating people
head pose w.r.t. to a global room reference system. We proposed to address
these two tasks using an exemplars based representation of head appearances
embedded into a mixed state particle �lter framework for whi ch the state space
is de�ned in the image plane. This method allows us to estimate the head ori-
entation of a person w.r.t to a camera view solving the �rst task. The second
task was solved by transforming the rotation matrix de�ning the pose w.r.t the
camera using the camera calibration parameter of a camera toobtain the head
pose w.r.t a global room reference. This procedure was improved by fusing the
single camera estimates using the percentage of skin in a localized head ox as
reliability measure for fusion. good performances were achieved by the system
we proposed in solving both the task. A potential future could be to de�ne the
state space of our mixed state particle �lter directly in the 3D space and not in
the image plane.
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