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Abstract ing person's eld of attention. Depending on the context,

knowing the allocation of subject's attention can help detect
Knowing the visual attention eld of a monitored subject certain behaviors, ranging from showing interest or brows-
is of great value for many applications including surveil- ing for a product in the retail store context to following a
lance and marketing. This paper proposes rst to track peo- person or monitoring a vehicle in security applications.

ple's bodies, and then estimates visual attention eld for  Hare we present a method for estimation of human at-
each human using head pose information. The proposediention eld consisting of three major steps. As a rst step,
head pose te_chnique aims at estimating the yaw angle only,yqork we propose a way of utilizing an additional source
The method is shown to operate on monocular color cam- sf information - a thermal camera/sensor which produces
era sequences and is further re ned with the data from a ¢or each pixel a gray scale mapping of the temperature at
thermal sensor. In typical monocular tracking sequences ihe corresponding location. At this step foreground masks
the resolution of the head is very low and parts of the head 4,0 generated as a combination of color and thermal back-
are occluded with the face often invisible to the camera. Weground modeling. Second, based on color matching and the
propose a method of combining a skin color detector with foreground masking from the previous step we estimate the
the direction of motion in a probabilistic way. We show |ocation of facial area and based on it nd the yaw angle be-
how head pro le obtained from the thermal sequence can yeen the face center and the head center to infer the head
be used to further improve the result. orientation. As the last step we probabilistically combine
the information about the face angle with the direction of

Keywords: Head Pose Estimation, People tracking, Vi- mpotion for moving people to improve the accuracy of the
sual Attention Estimation, LWIR, Thermal Imagery, Head gystem.

Pose determination, Disparate Sensors Fusion. T .
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-
Sensor fusion has become an increasingly important gi-timation of head pose presents as a reasonable alternative.
rection in computer vision and in particular human tracking 'nstead of fully modeling the yaw, pitch and roll of the head,
systems in recent years. The problem of automatic real-time®nly the yaw.i.e. the angle in a horizontal plane parallel to
people recognition has gained a lot of attention in the ma- the grou_nq, can serve as an |nd|cator_ of the visual at_tentlon
chine vision community and is as being identi ed as one €ld- This is precisely the focus of this paper: to estimate
of the key issues in numerous applications ranging from human visual attention through head pose estimation using
collision avoidance with people in the automotive world, (1) thermal and (2) color surveillance sequences.
through border surveillance, and situation awareness in au- The paper is organized as follows. We rst review ex-
tonomous vehicles and robotic systems [2, 12] through hu-isting approaches in head pose estimation in section 2. Our
man activity recognition [9, 14]. method for obtaining foreground mask, center of the face
In several tracking applications, human head orienta- area and computing the resulting head pose yaw is presented
tion can provide crucial information about human interac- in section 3. The results of the face location detector and
tion and serve as a useful feature in behavior recognitionthe resulting head pose orientation are shown in section 4.
[15, 8, 7] and eventually act as a de ning factor in determin- Finally, we attempt to discuss the experimental results and

1. Introduction



future implications of this research in the broader context in the skin color histogram matching where parts of the face

section 5 are visible. The matching process is ltered by the blob
mask obtained with the use of the multi-modal background
2. Related work model for both thermal and color channels. The yaw angle

from color matching is probabilistically combined with the

) Head pose estimation and_ tracking from mo_nocular orientation of motion which is show to increase estimation
videos recently became an active eld of research in com- accuracy.

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-3- Modeling Head and Face
ple in well controlled conditions. For example multiple vis- 3 1 Multi-modal Pixel Representation
ible and thermal cameras were employed for 3D driver pose
estimation in [1]. Gruendig et al. estimate 3D head pose First we compute the foreground mask that will be cru-
based on the symmetric illumination assumption in [6]. The cial in nding the center of the face area.
authors detect prominent face features such as eyes and nose We model each pixel in the image as two dynamically
and later re ne the pose estimation based on face symmetrygrowing vectors of codewords. For the color input a code-
assumption. Feature based head tracking and pose estimaword is represented by: the average ppgts Vvalue and
tion was attempted in several works [18, 17]. A template by the luminance rangh,, andlp; allowed for this par-
based yaw estimation in [16] is based on feeding the match-ticular codeword. If an incoming pixel is within the lumi-
ing results over ve prede ned grayscale head templates nance range and the dot productpats andRGB of the
into the RBF neural network. The authors demonstrate howcodeword is less than a prede ned threshold it is considered
the initial assumptions can be relaxed by non-perfect back-to belong to the background. For the thermal monochro-
ground subtraction and introducing pitch and roll rotations. matic input a codeword is represented by: intensity range
Overall, this method shows promising results on a single Tiow and Tp; occurring at the pixel location. Unlike for
person, frontal head view videos. To summarize all previ- the color codewords the matching of the incoming pixel's
ous methods rely on two things: a front80 degview of temperaturegpr 2 0;255is done by comparing the ratios
the face and a relatively high resolution of the head image of pr=Tiow andpr =Ty to the empirically set thresholds.
(around40 40 pixels). This way we can hard limit the percentage of temperature
In typical monocular tracking sequences there are a num-change allowed to happen at each location. By observing
ber of challenges the above approaches face. The resolutioseveral thermal sequences we have established that changes
of the head is low and the face or even a part of the headin cloud cover or shadows produced by other moving ob-
is occluded by other people or by the static objects in the jects do not typically cause the temperature change of more
scene. However, some form of rough head pose estimatéhan 10% A more in-depth description of multi-modal
can be useful in both tracking and recognition of human in- background modeling can be found in [11].
teractions with each other and with their environment. One  During the model acquisition stage the values are added
attempt for coarse head-pose estimation in low resolutionto the background model at each new frame if there is no
videos was performed in [15]. Skin and hair color his- match found in the already existing vector. Otherwise the
tograms were combined with the direction of body motion matching codeword is updated to account for the informa-
in a Kalman lIter to place the head as facing in one out of tion from the new pixel. Empirically, we have established
eight directions. Here we show that head localization andthat there is seldom an overlap between the codewords.
hence the skin region detection can be made more accuratén the situation when this is the cases. more than one
if a thermal image of the body is used. match has been established for the new pixel, we merge the
Substantial research has been accumulated in detectiomverlapping codewords. We assume that the background
and tracking of people. The majority of the studies ad- changes due to compression and illumination noise are of
dress tracking of isolated people in well controlled environ- re-occurring nature. Therefore, at the end of training we
ments, but increasingly there is more attention to tracking clean up the values (“stale” codewords) that have not ap-
speci cally in crowded environmen{8, 13, 9, 5]. Ourhead peared for periods of time greater than some prede ned
pose estimation algorithm relies on the output of our own percentage of frames in the learning stage as not belong-
Bayesian blob-based tracker describe in [11, 10]. ing to the background. We keep in each codeword a so-
In this paper, we introduce a new approach to estimatecalled “maximum negative run-lengtM(NRL )” which is
a human head pose in combined thermal and color track-the longest interval during the period that the codeword has
ing sequences. The goal of this work is to handle very low not occurred. One additional bene t of this modeling ap-
resolution, illumination noise and occlusions occurring in proach is that, given a signi cant learning period, it is not
typical outdoor tracking sequences. Our approach relies onessential that the frames be free of moving foreground ob-



Figure 1. Left: Modeling body (green) and head (red) locations
with vertical spheroids Right: 2D hue-saturation skin color his-

togram

°

ject. The background model can be learned on the fly and
is helpful when tracking and model acquisition are done si-
multaneously.

3.2. Finding Head and Face Center

The goal of this step is to establish the center of the head
and the centroid of the skin-color area, further hypothesized
to represent the face in image pixel coordinates. The image
coordinates are then converted to the yaw angle of the face
orientation oy which lies in the plane parallel to the floor-
plane.

To accomplish this we must account for the camera pro-
jection since the head will present itself differently de-
pending on its location in world coordinates. Our tracking
method outlined in [11] includes a full camera calibration
subsystem, therefore the location of the camera Cgimerq 18
know, so are the locations of each tracked body, modeled as
a vertical spheroid B located on the floor plane. The bodies
are moving on the floor plane Z = 0 and 3 x 4 projection
matrix P allows conversion from world to image coordi-
nates and, knowing the Z coordinates the conversion from
the image to world coordinates.

The top of the body model By, is located at the height
of the human body and we attempt to define an spheroidal
area Mp,.q with the vertical semi axis a = %height
and two horizontal semi-axes b = %width proportional
to the height and the width of the body, corresponding
to the head as located right below this point. Therefore
the world coordinates of the head center are Cheqq =
{Biop, > Btop,» Biop. — a} and the image coordinates are
Chead = P X Cheqq are obtained by perspective projection
operator.

We define the center of the face as the center of the skin
colored foreground area located inside the head sphere. In
our test videos this skin area was ranging from 1 to 10 pixels
in its largest dimension. To find the center of the face we
perform a lookup of a pixel p., in the skin color histogram
H of 32 x 32 bins.

Figure 2. This figure illustrates (from left to right)a human body
as appearing in thermal and color channels and the resulting fore-
ground blob

ZH = Hhue sat
Pf — hue,sat=Paxy ) ,Vx,y c M Mh . (1)
Zthe,sat Hhue,sat ﬂ ea

Where M is a binary body blob mask (see Figure. 2).
The image coordinates of the face center can be obtained
therefore as the weighted average of all matched coordi-
nates:

ZH we.sat=Pa thue,sat
Clace, = —atestat=P i NV € M () Mhead
Zth&sat hue,sat

ZHhue,sat=pwy xHhue,sat

avy S MﬂMhead

@

The histogram H is created by manually hand picking
several face pixels in any given sequence, computing their
hue and saturation values and incrementing the correspond-
ing bin.

The binary foreground mask M is important in to sepa-
rate the moving skin-colored parts of the human body from
the rest of the scene. It excludes the chance of similar col-
ored parts of the scene (e.g. wooden floor tile) from consid-
eration, thus improving the results.

To compute the foreground mask in a noisy outdoor en-
vironment with a moving cloud cover, a thermal sequence
was used in addition to the color video. The foreground
blob of each human body was computed as a combination
of two codebook based background models, described in
greater detail in [11].

Cface, =
Zthe,sat Hhue,sat

3.3. Estimating Head Pose

The next step is to obtain the angle between head center
Cheaa and face center Crqce represented in 3D world co-
ordinates. Considering the geometry of the scene we make
an assumption that the head and face centers are located
at the same height (Cheqd,, = Crace,) and therefore the
image angle will translate into the yaw angle in the floor
plane. Head center Cheqq is already in world coordinates



and having the height xed, the 2D face centgs.e can noise for static people. To formulate this in terms of proba-
be converted t&:,ce in 3D by solving a system of linear  bilities, similar to theP; we introduce the direction of mo-
equations by singular value decomposition. tion probabilityP,, 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

When the image of the head is represented by a small|ose 101 to the moving bodies and a zero weight to static
number of pixels measurements fdér tend to be very 5 qq:

noisy. In previous steps we measured the histogram match-
ing con denceP; ranging fromO 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 distan@®,ce ; Cheadj has to be signi cant

as the angle estimations tend to get very noisy if these two
are almost identical in the image. Therefdéte is further
normalized by the ratio of the distance to the length of the

major head semi-axiB; = P J%w«% Thus only the
angles created by the face centers, that are signi cantly far

apart from the head center will get a considerable weight. =WiP; ¢+ WyPm m
Ws Py + Wi, Py =1

To summarize, presented in this section is an algorithm
While the color of the skin can be a useful feature, in for head pose yaw estimation that operates as a combination
many cases, such as when the subject if facing completelyof face angle detection and the direction of motion. Both
away from the camera or the face is fully occluded there components are combined probabilistically to account for
needs to be an additional source of head pose informationthe accuracy of each measurement and are further smoothed

To the most part the anatomy of the human body prohibits a5 the running average to exclude single frame outliers.
rotating the head in the horizontal plane more thar2

away from the front facing axis of the torso. We show how 4. Results

to incorporate this constraint into the head pose estimation

algorithm in a probabilistic way. For testing and validation purposes we used thermal and
At the level of a single frame, inaccuracies arise in track- color dataset from OTCBVS [4]. The set contains short

ing thex;y locations on the oor map which result in un- outdoor people walking sequences in two locations. Each

stable motion angle measurement. To eradicate the problenscene is Imed both with a RGB and thermal camera at the

we applied Gaussian smoothing to the path trajectory. Thisidentical resolution, thus providing a pixel to pixel corre-

way, each point along the path at tieis computed as per  spondence between two types of sensors.

Cface Chead
¢ =arctan( —X——);

®3)

Cface X Chead X

JPniPn+1]

Pm = min 1 (6)

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

(7)
3.4. Motion Constraints

Equation 4. Sample video frames from three different tracking se-
guences (Figure 3) illustrate the head and face center de-

o+ tection process. Note that the imprecise tracking realists
Pto = pe N(t;to; ?) (4) can skew the head area and change the result dramatically,

t=to 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
— Pny  Pn+1y 4) .

m =arctan( ————*) (5) Overall, from the yaw tracking results we observed
Pa. Pnet three factors to in uence the performance of the algorithm:

A helpful feature for walking humans, direction of mo- pixel size of the head, visibility of the face area, human

tion becomes irrelevant and contains mostly measuremenbody tracker precision. For non-moving bodies, errors in

Wherepy, is body location on the oor plane in world
coordinates(; Y;Z =0 attimety andN is a density func-
tion for normal distribution with the meaty and variance

2

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