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Abstract

We present a real-time approach to estimating the gaze
direction of multiple individuals using a network of far-field
surveillance cameras. This work is part of a larger surveil-
lance system that utilizes a network of fixed cameras as well
as PTZ cameras to perform site-wide tracking of individu-
als. Based on the tracking information, one or more PTZ
cameras are cooperatively controlled to obtain close-up fa-
cial images of individuals. Within these close-up shots, face
detection and head pose estimation are performed and the
results are provided back to the tracking system to track the
individual gazes. A new cost metric based on location and
gaze orientation is proposed to robustly associate head ob-
servations with tracker states. The tracking system can thus
leverage the newly obtained gaze information for two pur-
poses: (i) improve the localization of individuals in crowded
settings, and (ii) aid high-level surveillance tasks such as
understanding gesturing, interactions between individuals,
and finding the object-of-interest that people are looking at.
In security application, our system can detect if a subject is
looking at the security cameras or guard posts.

1. Introduction

Automatically understanding and recognizing behaviors
from surveillance video in urban environments such as mass
transit, schools and prison yards is challenging due to a
large number of factors. Crowdedness and lack of reso-
lution in a typical surveillance camera makes the accurate
localization and tracking of individuals difficult and intro-
duces uncertainty to subsequent reasoning stages. In such
environment, one can at most hope to perform the localiza-
tion of individuals without further knowledge about body
pose or orientation. Although body pose estimation has
been studied in the context of surveillance [7], it is far from
real-time performance. In this work we study part of the
problem of estimating body pose, or more specifically head
orientation of individuals in real-life videos, in order to: (i)

reason over the orientation of individuals, in particular as
part of pair-wise interactions between people, and (ii) to un-
derstand what people are looking at. The former feature is
important for analyzing group interactions for which it is
important to know e.g. if two people that are physically
close, facing each other (mutual gaze), facing the same di-
rection, or looking away from each other. The latter feature
is of particular relevance to applications such as retail se-
curity [15] and facility protection, where security operators
are interested in whether people are surveying (i.e., looking
at) camera locations, guard and clerk movements, or simi-
lar things of interest to a person who is about to commit a
crime.

Head pose and gaze estimation from standard resolu-
tion surveillance views is challenging at best and impos-
sible in many other cases. Hence, we utilize a hybrid ap-
proach where we perform multi-camera multi-target person
tracking within a network of fixed cameras, and pass the
tracking information to drive one or more PTZ cameras to
zoom-in on individuals (detailed in §3). Face tracking and
head pose estimation is then performed within the close-up
views of these PTZ captures, fusing information hand-in-
hand with the person tracker. The face location and head
pose information is mapped back into an unified coordinate
system, where it can be used to improve the tracking per-
formance (under crowded conditions) and perform higher
level reasoning over the pose (e.g., to analyze social inter-
actions [21] or behaviors [6]). The proposed system op-
erates in real-time under challenging imaging conditions.
Due to the relatively larger computational burden in face de-
tection, the person tracking and face tracking must operate
asynchronously. We will elaborate in §4 how we integrate
the information dynamically and consistently in a flexible
framework.

This work is the first (to the best of our knowledge) that
investigates the augmentation of multi-camera tracking with
multi-PTZ facial gaze tracking in the surveillance domain.
Our main contribution is a unified approach to robustly fus-
ing together person tracking information with asynchronous
PTZ facial tracking information. Our system is flexible to
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operate on either a single or multiple cameras. While the
use of multiple cameras is not a hard requirement, it does
improve the overall tracking performance, in particular in
situations where multiple PTZ cameras view a group of peo-
ple from a set of different directions.

The paper is organized as follows. We will describe re-
lated work in §2, the overall system in §3, and our approach
to gaze analysis in §4. We will present real-time experimen-
tal results in a variety of settings in §5. We will discuss the
results in §6 and conclude the paper in §7.

2. Related Work
Head pose estimation from one or more views has been

extensively studied over the past 15 years with applica-
tions ranging from robotics, human computer interaction
[18], driver assistance, and virtual reality. The recent re-
view article of Murphy-Chutorian and Trivedi [17] pro-
vides an excellent summary and comparison between var-
ious approaches including using appearance, non-linear re-
gression, non-rigid model fitting, tracking and hybrid meth-
ods. Among them we highlight automatic methods that de-
tect and track head pose from single or multi-view videos
in an unconstrained environment. Works in this category
[3, 2] involve head detection followed by pose estimation
and tracking, e.g. using Kalman filter [9] or particle filter-
ing [4, 12].

Hu et al. [8] fit a single Active Appearance Model
(AAM) simultaneously to multiple synchronous face im-
ages to estimate head pose, with a requirement that the head
image quality must be high enough. Voit et al. [20] use a
neural network classifier to estimate head pose from each
view and use Bayesian dynamics to merge estimations, with
a strong assumption that the individuals are sitting in fixed
seats such that no tracking or camera zooming is required.
Lanz and Brunelli [12] track body parts using a Bayesian
framework over shape and appearance and estimate head
orientation across multiple views using particle filtering.
Canton-Ferrer et al. [5] assume head location is known and
estimate its orientation by back-projecting the skin appear-
ance patches onto the estimated 3D head model and employ
a particle filter in tracking across multiple views. In a re-
cent work, Bäuml et al. [4] assume head location is known
and track face pose across a distributed camera network for
recognition and re-identification. The face tracker runs sep-
arately and independently from the person tracker, and there
is no attempt to exploit the advantage of multiple overlap-
ping facial views.

To the best of our knowledge, all existing works make
strong assumptions that (i) the head locations are (roughly)
known and (ii) head image quality is (reasonably) good,
so as to simplify the problem of simultaneous tracking and
pose estimation. A major difference that sets the proposed
work apart is that our system operates in a more uncon-

strained, challenging environment in live, where both per-
son locations and head poses are unknown, in addition to
that the close-up PTZ views are dynamically changing as
well. The person tracking and PTZ face tracking thus must
be performed asynchronously. We try to bring together var-
ious observations and fuse them into a consistent, central
tracking scheme (see §4).

3. System Description
In this section we will provide a brief outline of our

tracking system as well as the type of environment we are
addressing in this paper.

3.1. Video Tracking System

The tracking system that we utilize [10, 22, 21] com-
prises of multiple calibrated static cameras tracking coop-
eratively in a synchronized fashion. For each view, the po-
sition and image dimension of each person at all possible
3D locations in the scene are estimated using calibration.
Foreground pixels from online tracking are used to vote for
these precomputed image locations to form a set of (fore-
ground) detections [10]. This effectively leverages the cal-
ibration information to significantly reduce false positives
arising from occlusions and crowdedness.

The set of detections for each view are then projected
onto the ground plane in 3D in order to further disambiguate
any confusion due to occlusions and crowdedness. These
projections are consumed by a centralized tracking sys-
tem that either (1) associates detections with existing tracks
based on spatial proximity or (2) initiates new tracks. The
states of tracks are estimated by a standard Kalman filter,
performed in the world reference ground plane. The system
is designed to maintain tracks across camera boundaries in
order to perform site-wide tracking.

3.2. Pan Tilt Zoom Control

To enable face detection and gaze estimation of uncoop-
erative individuals from a distance, the tracking system con-
trols multiple pan tilt zoom (PTZ) cameras automatically
[11]. The control algorithm pursues the goal of optimally
scheduling the PTZ cameras in real-time under a variety of
performance objectives. The control system provides each
PTZ camera with a continuously evolving schedule that de-
scribes what targets to visit in what order. Schedules are
planned several target capture steps into the future based
on the current and predicted motion of observed individu-
als. A given schedule is assigned a probability of achieving
the goal of capturing high quality facial shots of all tracked
individuals. The quality of facial shots is governed by the
distance of individuals from the camera, the angle at which
a face is captured, and the accuracy with which a person is
being located by the tracking system. A control strategy is



Figure 1. Projecting the detected faces to the head plane and cal-
culating the gaze vectors.

chosen by selecting the schedule with the highest probabil-
ity from the set of all possible schedules. Details of our PTZ
control approach are provided in [11].

Contrary to the fixed cameras, the poses of PTZ cameras
change over time. As part of the control, the system’s task
is to estimate the time varying projection matrices for the
PTZ cameras, given as Pp

i [t], where i ∈ {1, . . . , NP} the
index over all PTZ cameras and t the time.

In the majority of the experiments shown below we uti-
lize a testbed that is equipped with four fixed cameras for
tracking and four PTZ cameras for face capture. It should
be noted that the ratio between the number of tracked indi-
viduals and available PTZ cameras makes an impact on sys-
tem performance. A larger number of individuals typically
requires a larger number of PTZ cameras or the utilization
of high resolution mega-pixel cameras.

4. Gaze Analysis
In this section, we describe in detail our method to obtain

gaze tracks for each of the individuals using a Kalman filter
based gaze orientation tracking system. We assume that a
person’s head pose generally aligns with one’s gaze direc-
tion, even though the head pose is only a coarse estimate of
visual gaze (i.e. eye ball) direction [17].

As the PTZ cameras locate the individuals, they zoom
into the estimated head locations, such that face detection
can be performed in each PTZ views. The detected face lo-
cations are projected back to the 3D head-plane to obtain
an estimate of the person’s head position in the 3D world
(§4.1). Meanwhile, the head pose is estimated from the
face image and converted to a 3D gaze vector using the PTZ
camera’s rotation matrix (§4.2). This is performed for each
PTZ camera that is currently obtaining individual head/gaze
location and orientation, see Fig. 1. We develop a Kalman
filter based gaze tracker that operates on angular coordi-

nates of the gaze vectors. The tracked gaze orientation aug-
ments the person tracker (which is in fact another Kalman
filter tracker) that operates on the ground plane. We uti-
lize the Hungarian algorithm [16] to associate the location
and orientation of the faces to the individuals by minimiz-
ing a cost function (§4.3). Note that our state and observa-
tion spaces are both in angular coordinates so there are no
non-linearities involved. We track transformed observations
rather than raw observations that would be non-linearly tied
to the state space. Once the observations corresponding to
different trackers are obtained, a Kalman filtering update is
performed.

4.1. Face Detection and Projection

We use an off-the-shelf face detector [19, 1] to detect
faces in the PTZ views. The algorithm is chosen because it
works well with a wide variation in head poses, from frontal
to profile views. It is able to detect faces in fairly low-
resolution video. In this work, we deal with 640×480 pixel
images and the system controls the PTZ to capture facial
shots with a rough resolution of 20-30 pixels eye-to-eye.
The face detector has a low false-positive rate in our sys-
tem. As we will demonstrate later, remaining false-positive
detections can be handled robustly by the gaze tracker.

Face detections in each image view are used to estimate
each individual’s head location in the 3D world. This is
done by (i) projecting a ray from the optical center of the
PTZ camera Pp

i [t] through the center of the face location
in the image plane, and then (ii) finding the intersection of
this ray with the head-plane, which is assumed parallel to
the ground plane at a height of 1.8 meters; see Fig. 1. Also,
the width and the height of the face are used to estimate a
covariance confidence level for the face location. The co-
variance is projected to the groundplane using an unscented
transform (UT) from the image to head plane, followed by
downprojection to the groundplane. The above operation is
performed for all face detections in all PTZ views to obtain
multiple head locations for all individuals, with estimates
of (mean, covariance) pair simultaneously. All observation
information is organized in a unified 3D world coordinate
system, where a central tracker can operate in an integrated
manner.

Along with the face detection, face orientation (head
pose) can be estimated from either using (i) active appear-
ance models (AAM) matching [13, 14], or (ii) face feature
detection followed by pose estimation (as done in [1]). In
theory, one could model the full egocentric parameters of
the head: the yaw (left/right), pitch (chin up/down) and roll
(around “nose” axis). However the roll direction is not sig-
nificant for gaze estimation, and the pitch is often unreli-
able. We thus mainly focus on tracking the yaw orientation.
As we will show in §4.2, we can still estimate the global
head pitch, because its 3D pose is viewed from different



Figure 2. Relation of the gaze egocentric angles (yaw α and pitch
β) with the gaze vector gw.

PTZ cameras mounted at different heights.

4.2. Head Pose to 3D Gaze

In order to track gaze from multiple cameras, we need
to transform it from local camera coordinates to the central
3D world space (to be tracked by the central tracker). To do
this, the gaze vector (face normal) is first obtained in Carte-
sian coordinates in the camera space from the head pose
angles, and transformed to the world space using the cam-
era rotation matrix. Finally the transformed gaze vector is
converted back in terms of egocentric angles (orientations)
in the world space.

To first obtain the face normal, that is the gaze vector
local to the camera coordinate system gim=(xim, yim, zim)
from the head pose yaw angle (φim), we use the following
equations.

xim = cos(φim), yim = sin(φim), zim = 0 (1)

The rotation matrix of the PTZ camera is then used to
convert the gaze vector from the local image space to the 3D
world space. Using the technique of transforming normals,
the gaze vector is multiplied by the transpose of inverse of
the rotation matrix of a PTZ camera Pp = [R|t] (we will
ignore the PTZ index i in the following).

gw = gim ∗ (R−1)T (2)

The transformed gaze vector gw = (xg, yg, zg) is converted
to back to the egocentric angles representation of yaw (α)
and pitch (β) in 3D space (see Fig. 2) using the following
equations:

α = arctan(
xg
yg

) (3)

β = arctan(
zg√

x2
g + y2

g

) (4)

At the end of this step, the head location and gaze orienta-
tion is obtained for one or more targets from multiple PTZ
cameras projected to a common centralized 3D space.

4.3. Kalman Filtering for Gaze

In order to track the gaze orientations of the individu-
als, we extend the person tracker state by adding gaze in-
formation to it. The gaze state of a target (Θ) is modeled in

Figure 3. Geodesic distance between orientation vectors measured
on the great circle.

terms of the two orientation angles (α, β), as well as their
first derivatives — the angular velocities (α̇, β̇). Therefore,
Θ =

[
α β α̇ β̇

]T
.

The state transition model that relates the gaze state at
time k − 1 to the state at time k is given as

Θk = F ∗Θk−1 + wk−1, (5)

where the state transition matrix (F) using a constant veloc-
ity model is given as

F =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

 , (6)

and wk−1 is the gaussian distributed process noise. The
measurement model which extracts the orientation informa-
tion from the gaze state (Θ) is given as[

α
β

]
=

[
1 0 0 0
0 1 0 0

]
∗Θk + vk, (7)

where vk is the gaussian distributed measurement noise.

4.4. Data Association for Faces

Since we are dealing with the tracking of multiple indi-
viduals, a necessary step is to associate the different face
detections obtained from multiple cameras with their corre-
sponding trackers so that the gaze states of the trackers can
be updated appropriately. Note that even though the system
knows the identity of an individual when the PTZ camera is
allocated to look at, it is still possible that multiple face de-
tections are obtained from a video frame, especially when
individuals are close to each other. Therefore, the system
may not know exactly which face in the image belongs to
which individual. Consequently, this data association step
becomes essential to resolve the ambiguities in assigning
gaze detections to tracks reliably.



The data association module uses two cues to assign the
detected faces to trackers appropriately: (1) Head location
(from §4.1) and (2) 3D gaze orientation (from §4.2).

Let Nd be the number of face detections and Nt be the
number of trackers at a given timestep k. In order to per-
form the data association, we need a distance metric to
measure the distance between head observations hi (where
1 ≤ i ≤ Nd) and tracker states tj (where 1 ≤ j ≤ Nt). The
following cost metric η is proposed to measure the distance
between head observation hi and a tracker state tj .

η(hi, tj) = exp(−
d(hx

i , t
x
j )

σx
−
λ(hΘ

i , t
Θ
j )

σΘ
), (8)

where d(hx
i , t

x
j ) is the Euclidean distance between the head

observation’s location on the head plane and tracker’s lo-
cation on the ground plane (ignoring the height differ-
ence). λ(hΘ

i , t
Θ
j ) is the geodesic distance (see Fig. 3) be-

tween the gaze orientation of the head observation and the
tracker’s current gaze orientation, which is calculated using
the spherical law of cosines as

Aij = λ(hΘ
i , t

Θ
j ) = arccos(sinβhi

sinβtj

+ cosβhi
cosβtj cos(αhi

− αtj )). (9)

Using the above cost function, the distance between ev-
ery pair of the i-th head detection and the j-th gaze track is
calculated to build a cost matrix Aij of size Nd ×Nt. The
task of assigning the heads to the correct trackers is now a
combinatorial optimization problem. For this, the Hungar-
ian algorithm [16] is employed to find an optimal assign-
ment of observations to trackers (by minimizing the cost) in
polynomial time.

Once the faces have been assigned to their respective
trackers, the standard update step of the Kalman filter is
performed to update the gaze state of each individual be-
ing tracked. In order to visualize the gaze of the target at
every point during tracking, the gaze angles (α, β) from the
state vector of the Kalman filter are converted into their cor-
responding Cartesian representation as follows:

x̂gaze =
cosα

| cosα|
, (10)

ŷgaze = ŷgaze tanα, (11)

ẑgaze =
√
x̂2
gaze + ŷ2

gaze tanβ. (12)

5. Experiments and Results
We first demonstrate results from the first part of the sys-

tem, which is the face detection and gaze vector calculation
from head poses. After that we perform experiments and
demonstrate results with tracking the gaze of one or more
individuals.

Figure 4. Sequence A: Face detections and head pose estimation
from three PTZ camera views (top) projected to the three corre-
sponding static camera views (bottom). Observe how qualitatively
the gaze vectors are tracked from the visualization of a few trailing
frames around the subject. Yellow mesh grids visualize the ground
plane in projective view.

Figure 5. Sequence B: Face detections and gaze tracking for mul-
tiple individuals in the scene. Observe the asynchronous nature of
the mixture of the person tracking (diamond outlines) and face de-
tection updates (grayscale boxes), suggesting the need for a robust
data association.

5.1. Gaze Observations from Head Pose

Our system consists of four fixed cameras and four PTZ
cameras overlooking portions of a courtyard. As the indi-
viduals walk around, the fixed cameras are used to perform
tracking and the PTZ cameras zoom into the calculated head
location and performed face detections. These detections
are then used to estimate the gaze vectors. Results from
test sequence A are shown in Fig. 4. Face detections from
the PTZ cameras provide different views and consequently
different head poses. These poses are transformed to ob-
tain 3D gaze vectors, which are visualized back in the static
views. In the bottom row, different colors of the vectors cor-
respond to gaze vector coming in from different cameras.
Also shown are gaze vectors from a few trailing frames with
reducing intensity.

Fig. 5 shows a few frames of another test sequence,
where multiple individuals are tracked and their face detec-
tion are associated to form gaze tracks. Even though PTZ
cameras are allocated to particular targets, multiple face de-



Figure 6. Sequence A: Few frames of simultaneous person track-
ing and gaze tracking at different time.

tections are obtained from each view. Consequently, the as-
sociation of individual face detections to from gaze tracks
becomes necessary (§4.4).

5.2. Gaze Tracking

Single-person gaze tracking: The gaze observations
from previous section are used to update the state of the
Kalman filters corresponding to each individual’s gaze
tracker. The gaze orientation vectors are then projected onto
each camera views for visualization. Figs. 6 and 8 show
such visualization from a few frames of gaze tracking in
sequences A and C, respectively. Fig. 7 plots the Kalman
filter states α and β for sequence A against time, as well as
a scatter plot of the two, demonstrating a smooth tracking
of the target’s gaze orientation.

Multi-person gaze tracking: We also performed exper-
iments on sequences with multiple individuals in the scene.
Fig. 9 (top) shows results of gaze tracking from two inter-
acting individuals. Fig. 9 (bottom) shows the tracking of
three individuals.

6. Discussion
6.1. Improving primitive surveillance tasks

Gaze tracking has a lot of potential to improve primitive
video surveillance tasks like person detection and tracking.
(i) For example, the high-res face location can be used to
improve person tracking accuracy. As shown in Fig. 10,
when the tracker (red diamond) starts to deviate away from

Figure 7. Sequence A: (Top two) Gaze trajectory in yaw (α) and
pitch (β) plotted against time. (Bottom) Scatter plot of yaw vs.
pitch.

the actual target location, at this point the face detection
location on the head plane can be treated as a new target ob-
servation and correct the tracker location estimate. (ii) Sim-
ilarly, the gaze can also be used to predict the future loca-
tions of the person, under the assumption that in most cases
a person walks in straight direction one is looking. (iii) The
gaze states of the trackers can also be helpful in circumvent-
ing common issues like trackers getting switched between
individuals that are standing close to each other. This can
be done by looking at the gaze states of both trackers and
using that to resolve the ambiguities. This is especially im-
portant in any system that looks to perform group behavior
analysis.

6.2. Potential Applications

Surveillance: The proposed multi-view multi-target
gaze tracking system has application in behavior and so-
cial group analysis. Gaze provides valuable information to



Figure 8. Sequence C: Few frames of simultaneous person track-
ing and gaze tracking at different time.

Figure 9. Sequences D, E: Gaze tracking with multiple individu-
als in the scene. Top two rows: two individuals. Bottom two rows:
three individuals.

aid detecting events such as grouping formation, aggression
[6]. More importantly, it may provide cues towards predic-
tion and prevention of harmful events.

Figure 10. Example of where an individual’s ground plane location
estimation can be improved by using the observation from face
detection.

Retail application: The proposed system has applica-
tions in retail that the gazes of customers can be studied to
infer product preferences. This system could also be used to
study the reaction of customers to advertisements to study
attention characteristics [15].

6.3. Challenges

A major challenge with tracking gazes of multiple tar-
gets in any environment is the limitation of number of gaze
observations that are obtained. This is a hardware issue and
is a function of the number of cameras installed. Nowa-
days, with the proliferation of cameras and their reducing
costs, this issue can be expected to of lesser importance if
not disappear in the future. Another challenge in real-time
performance is the difference in running speed of the face
detection module as compared to the ground plane tracking,
which could possibly result in a few seconds lag between
the face detections and the tracking. We consider this to be
a factor of hardware and expect this concern to be allevi-
ated with faster systems in the future. The head pose esti-
mation obtained in our system is relatively coarse grained
and can be improved with better pose estimation algorithms
(e.g., [13] with a tradeoff in speed), with the requirements
decided by the application.

7. Conclusions
We have presented a multi-PTZ, multi-target gaze track-

ing system that operates in real-time in unconstrained en-
vironments. A gaze vector is estimated for each individual
based on face detection and a head-plane back-projection.
A centralize Kalman filter tracking system is implemented
to model the gaze tracks. A new cost metric based on lo-
cation and gaze orientation is also proposed to robustly as-
sociate head observations with tracker states. Experimen-
tal results with multiple sequences demonstrate potential in
surveillance, security, retail, and social group analysis ap-
plications.

Future work includes a quantitative validation of gaze
tracking accuracy and reliability using standard datasets
summarized in [17].
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