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Abstract

Knowing the visual attention �eld of a monitored subject
is of great value for many applications including surveil-
lance and marketing. This paper proposes �rst to track peo-
ple's bodies, and then estimates visual attention �eld for
each human using head pose information. The proposed
head pose technique aims at estimating the yaw angle only.
The method is shown to operate on monocular color cam-
era sequences and is further re�ned with the data from a
thermal sensor. In typical monocular tracking sequences
the resolution of the head is very low and parts of the head
are occluded with the face often invisible to the camera. We
propose a method of combining a skin color detector with
the direction of motion in a probabilistic way. We show
how head pro�le obtained from the thermal sequence can
be used to further improve the result.

Keywords: Head Pose Estimation, People tracking, Vi-
sual Attention Estimation, LWIR, Thermal Imagery, Head
Pose determination, Disparate Sensors Fusion.

1. Introduction

Sensor fusion has become an increasingly important di-
rection in computer vision and in particular human tracking
systems in recent years. The problem of automatic real-time
people recognition has gained a lot of attention in the ma-
chine vision community and is as being identi�ed as one
of the key issues in numerous applications ranging from
collision avoidance with people in the automotive world,
through border surveillance, and situation awareness in au-
tonomous vehicles and robotic systems [2, 12] through hu-
man activity recognition [9, 14].

In several tracking applications, human head orienta-
tion can provide crucial information about human interac-
tion and serve as a useful feature in behavior recognition
[15, 8, 7] and eventually act as a de�ning factor in determin-

ing person's �eld of attention. Depending on the context,
knowing the allocation of subject's attention can help detect
certain behaviors, ranging from showing interest or brows-
ing for a product in the retail store context to following a
person or monitoring a vehicle in security applications.

Here we present a method for estimation of human at-
tention �eld consisting of three major steps. As a �rst step,
work we propose a way of utilizing an additional source
of information - a thermal camera/sensor which produces
for each pixel a gray scale mapping of the temperature at
the corresponding location. At this step foreground masks
are generated as a combination of color and thermal back-
ground modeling. Second, based on color matching and the
foreground masking from the previous step we estimate the
location of facial area and based on it �nd the yaw angle be-
tween the face center and the head center to infer the head
orientation. As the last step we probabilistically combine
the information about the face angle with the direction of
motion for moving people to improve the accuracy of the
system.

Accurate gaze estimation is an extremely dif�cult prob-
lem under very low resolution and with the presence of dis-
tortion and noise. However in these conditions a rough es-
timation of head pose presents as a reasonable alternative.
Instead of fully modeling the yaw, pitch and roll of the head,
only the yaw,i.e. the angle in a horizontal plane parallel to
the ground, can serve as an indicator of the visual attention
�eld. This is precisely the focus of this paper: to estimate
human visual attention through head pose estimation using
(1) thermal and (2) color surveillance sequences.

The paper is organized as follows. We �rst review ex-
isting approaches in head pose estimation in section 2. Our
method for obtaining foreground mask, center of the face
area and computing the resulting head pose yaw is presented
in section 3. The results of the face location detector and
the resulting head pose orientation are shown in section 4.
Finally, we attempt to discuss the experimental results and



future implications of this research in the broader context in
section 5

2. Related work

Head pose estimation and tracking from monocular
videos recently became an active �eld of research in com-
puter vision. Head pose estimation has been mostly accom-
plished for the high quality, unobstructed view of the head.
The majority of the studies address tracking of isolated peo-
ple in well controlled conditions. For example multiple vis-
ible and thermal cameras were employed for 3D driver pose
estimation in [1]. Gruendig et al. estimate 3D head pose
based on the symmetric illumination assumption in [6]. The
authors detect prominent face features such as eyes and nose
and later re�ne the pose estimation based on face symmetry
assumption. Feature based head tracking and pose estima-
tion was attempted in several works [18, 17]. A template
based yaw estimation in [16] is based on feeding the match-
ing results over �ve prede�ned grayscale head templates
into the RBF neural network. The authors demonstrate how
the initial assumptions can be relaxed by non-perfect back-
ground subtraction and introducing pitch and roll rotations.
Overall, this method shows promising results on a single
person, frontal head view videos. To summarize all previ-
ous methods rely on two things: a frontal180 degview of
the face and a relatively high resolution of the head image
(around40� 40pixels).

In typical monocular tracking sequences there are a num-
ber of challenges the above approaches face. The resolution
of the head is low and the face or even a part of the head
is occluded by other people or by the static objects in the
scene. However, some form of rough head pose estimate
can be useful in both tracking and recognition of human in-
teractions with each other and with their environment. One
attempt for coarse head-pose estimation in low resolution
videos was performed in [15]. Skin and hair color his-
tograms were combined with the direction of body motion
in a Kalman �lter to place the head as facing in one out of
eight directions. Here we show that head localization and
hence the skin region detection can be made more accurate
if a thermal image of the body is used.

Substantial research has been accumulated in detection
and tracking of people. The majority of the studies ad-
dress tracking of isolated people in well controlled environ-
ments, but increasingly there is more attention to tracking
speci�cally in crowded environments[3, 13, 9, 5]. Our head
pose estimation algorithm relies on the output of our own
Bayesian blob-based tracker describe in [11, 10].

In this paper, we introduce a new approach to estimate
a human head pose in combined thermal and color track-
ing sequences. The goal of this work is to handle very low
resolution, illumination noise and occlusions occurring in
typical outdoor tracking sequences. Our approach relies on

the skin color histogram matching where parts of the face
are visible. The matching process is �ltered by the blob
mask obtained with the use of the multi-modal background
model for both thermal and color channels. The yaw angle
from color matching is probabilistically combined with the
orientation of motion which is show to increase estimation
accuracy.

3. Modeling Head and Face

3.1. Multi­modal Pixel Representation

First we compute the foreground mask that will be cru-
cial in �nding the center of the face area.

We model each pixel in the image as two dynamically
growing vectors of codewords. For the color input a code-
word is represented by: the average pixelpRGB value and
by the luminance rangeI low andI hi allowed for this par-
ticular codeword. If an incoming pixel is within the lumi-
nance range and the dot product ofpRGB andRGB of the
codeword is less than a prede�ned threshold it is considered
to belong to the background. For the thermal monochro-
matic input a codeword is represented by: intensity range
Tlow and Thi occurring at the pixel location. Unlike for
the color codewords the matching of the incoming pixel's
temperaturepT 2 0; 255 is done by comparing the ratios
of pT =Tlow andpT =Thi to the empirically set thresholds.
This way we can hard limit the percentage of temperature
change allowed to happen at each location. By observing
several thermal sequences we have established that changes
in cloud cover or shadows produced by other moving ob-
jects do not typically cause the temperature change of more
than 10%. A more in-depth description of multi-modal
background modeling can be found in [11].

During the model acquisition stage the values are added
to the background model at each new frame if there is no
match found in the already existing vector. Otherwise the
matching codeword is updated to account for the informa-
tion from the new pixel. Empirically, we have established
that there is seldom an overlap between the codewords.
In the situation when this is the case,i.e. more than one
match has been established for the new pixel, we merge the
overlapping codewords. We assume that the background
changes due to compression and illumination noise are of
re-occurring nature. Therefore, at the end of training we
clean up the values (“stale” codewords) that have not ap-
peared for periods of time greater than some prede�ned
percentage of frames in the learning stage as not belong-
ing to the background. We keep in each codeword a so-
called “maximum negative run-length (MNRL )” which is
the longest interval during the period that the codeword has
not occurred. One additional bene�t of this modeling ap-
proach is that, given a signi�cant learning period, it is not
essential that the frames be free of moving foreground ob-





and having the height �xed, the 2D face centercface can
be converted toCface in 3D by solving a system of linear
equations by singular value decomposition.

� f = arctan(
Cface y � Chead y

Cface x � Chead x

); (3)

When the image of the head is represented by a small
number of pixels measurements for�f tend to be very
noisy. In previous steps we measured the histogram match-
ing con�dencePf ranging from0 to 1. It can be treated
as the probability of the current observation matching the
model. In addition to that we argue that the value of the ab-
solute Cartesian distancejcface ; chead j has to be signi�cant
as the angle estimations tend to get very noisy if these two
are almost identical in the image. ThereforePf is further
normalized by the ratio of the distance to the length of the
major head semi-axisPf = Pf

j cface ;chead j
max( a;b)=2 . Thus only the

angles created by the face centers, that are signi�cantly far
apart from the head center will get a considerable weight.

3.4. Motion Constraints

While the color of the skin can be a useful feature, in
many cases, such as when the subject if facing completely
away from the camera or the face is fully occluded there
needs to be an additional source of head pose information.
To the most part the anatomy of the human body prohibits
rotating the head in the horizontal plane more than�= 2
away from the front facing axis of the torso. We show how
to incorporate this constraint into the head pose estimation
algorithm in a probabilistic way.

At the level of a single frame, inaccuracies arise in track-
ing thex; y locations on the �oor map which result in un-
stable motion angle measurement. To eradicate the problem
we applied Gaussian smoothing to the path trajectory. This
way, each point along the path at timet0 is computed as per
Equation 4.

pt 0 =
t = t 0 + �X

t = t 0 � �

pt � N (t; t0; � 2) (4)

Wherept 0 is body location on the �oor plane in world
coordinatesX; Y; Z = 0 at timet0 andN is a density func-
tion for normal distribution with the meant0 and variance
� 2.

Then motion angle then can be computed from two
points in adjacent time framesn andn + 1 :

� m = arctan(
pn y � pn +1 y

pn x � pn +1 x

) (5)

A helpful feature for walking humans, direction of mo-
tion becomes irrelevant and contains mostly measurement

noise for static people. To formulate this in terms of proba-
bilities, similar to thePf we introduce the direction of mo-
tion probabilityPm which is computed as follows.

For a walking scenario we assume there is a nor-
mal walking dynamics and designate a maximum velocity
Vmax = 100cm=sec. Afterward the con�dence of motion
angle is computed in term of this norm, giving a weight
close to1 to the moving bodies and a zero weight to static
ones:

Pm = min
�

jpn ; pn +1 j
Vmax

; 1
�

(6)

Finally, face direction angle� f is combined with the mo-
tion direction angle� m in a linear combination with prob-
abilistic weights to get the �nal head-pose estimation. Lin-
ear multipliersWf andWm are chosen empirically to give
higher weight either to one or another component, depen-
dent on the quality of motion or skin-color information.

� = Wf Pf � f + Wm Pm � m

Wf Pf + Wm Pm = 1
(7)

To summarize, presented in this section is an algorithm
for head pose yaw estimation that operates as a combination
of face angle detection and the direction of motion. Both
components are combined probabilistically to account for
the accuracy of each measurement and are further smoothed
as the running average to exclude single frame outliers.

4. Results

For testing and validation purposes we used thermal and
color dataset from OTCBVS [4]. The set contains short
outdoor people walking sequences in two locations. Each
scene is �lmed both with a RGB and thermal camera at the
identical resolution, thus providing a pixel to pixel corre-
spondence between two types of sensors.

Sample video frames from three different tracking se-
quences (Figure 3) illustrate the head and face center de-
tection process. Note that the imprecise tracking realists
can skew the head area and change the result dramatically,
proving to be a dif�cult problem. In sequence 2, the pres-
ence of neck skin areas predictably shift the detected face
center from its expected position. In such cases the angle
can deviate sharply from it's ground truth value.

Face angle combined with the detection of motion (see
Section 3.4) demonstrates more stable performance. For
walking humans the detection is mostly reliant upon the di-
rection of motion averaged over a short time period. (Figure
4).

Overall, from the yaw tracking results we observed
three factors to in�uence the performance of the algorithm:
pixel size of the head, visibility of the face area, human
body tracker precision. For non-moving bodies, errors in





Pattern Recognition (CVPR'05) - Workshops, page 3, Wash-
ington, DC, USA, 2005. IEEE Computer Society.

[2] R. Collins, A. Lipton, and T. Kanade. Introduction to the
special section on video surveillance.IEEE Trans. on Pattern
Analysis and Machine Intelligence, 22(8):745–746, 2000.

[3] R. Collins, A. Lipton, T. Kanade, H. Fujiyoshi, D. Duggins,
Y. Tsin, D. Tolliver, N. Enomoto, O. Hasegawa, P. Burt, and
L. Wixson. A system for video surveillance and monitor-
ing. Technical Report CMU-RI-TR-00-12, Carnegie Mellon
University, Pittsburgh, PA, May 2000.

[4] J. Davis and V. Sharma. Fusion-based background-
subtraction using contour saliency. InIEEE International
Workshop on Object Tracking and Classi�cation Beyond the
Visible Spectrum, IEEE OTCBVS WS Series Bench, 2005.

[5] A. Elgammal and L. Davis. Probabilistic framework for seg-
menting people under occlusion. InInternational Confer-
ence on Computer Vision, 2001.

[6] M. Gruendig and O. Hellwich. 3d head pose estimation with
symmetry based illumination model in low resolution video.
In DAGM-Symposium, pages 45–53, 2004.

[7] R. Hammoud.Passive Eye Monitoring: Algorithms, Appli-
cations and Experiments. Springer: Signals and Communi-
cation Technology, 2008.

[8] R. I. Hammoud, A. Wilhelm, P. Malawey, and G. J. Witt.
Ef�cient real-time algorithms for eye state and head pose
tracking in advanced driver support systems. InCVPR '05:
Proceedings of the 2005 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition (CVPR'05) -
Volume 2, page 1181, Washington, DC, USA, 2005. IEEE
Computer Society.

[9] I. Haritaoglu, D. Harwood, and L. Davis. W-4: Real-time
surveillance of people and their activities.IEEE Transactions
on Pattern Analysis and Machine Intelligence, 22(8):809–
830, 2000.

[10] A. Leykin. Visual Human Tracking and Group Activity Anal-
ysis: A Video Mining System for Retail Marketing. PhD the-
sis, Indiana University, 2007.

[11] A. Leykin and R. Hammoud. Robust multi-pedestrian track-
ing in thermal-visible surveillance videos.cvprw, 0:136,
2006.

[12] S. Maybank and T. Tan. Introduction to special section on vi-
sual surveillance.International Journal of Computer Vision,
37(2):173–173, 2000.

[13] A. Mittal and L. Davis. M2tracker: A multi-view approach
to segmenting and tracking people in a cluttered scene using
region-based stereo. InEuropean Conference on Computer
Vision, 2002.

[14] N. Oliver, B. Rosario, and A. Pentland. A bayesian com-
puter vision system for modeling human interactions.IEEE
Transactions on Pattern Analysis and Machine Intelligence,
22(8):831–843, 2000.

[15] N. Robertson and I. Reid. Estimating gaze direction from
low-resolution faces in video. InECCV, pages 402–415,
2006.

[16] M. Romero and A. Bobick. Tracking head yaw by interpola-
tion of template responses. InCVPRW '04: Proceedings of

the 2004 Conference on Computer Vision and Pattern Recog-
nition Workshop (CVPRW'04) Volume 5, page 83, Washing-
ton, DC, USA, 2004. IEEE Computer Society.

[17] J. Strom, T. Jebara, S. Basu, and A. Pentland. Real time
tracking and modeling of faces: An ekf-based analysis by
synthesis approach. InMPEOPLE '99: Proceedings of the
IEEE International Workshop on Modelling People, page 55,
Washington, DC, USA, 1999. IEEE Computer Society.

[18] C. Wiles, A. Maki, N. Matsuda, and M. Watanabe. Hyper-
patches for 3d model acquisition and tracking.cvpr,
00:1074, 1997.


