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Abstract

We present a comprehensive approach to track gaze by
estimating location, body pose, and head pose direction of
multiple individuals in unconstrained environments. The
approach combines person detections from fixed cameras
with directional face detections obtained from actively con-
trolled pan tilt zoom (PTZ) cameras. The main contribution
of this work is to estimate both body pose and head pose
(gaze) direction independently from motion direction, us-
ing a combination of sequential Monte Carlo Filtering and
MCMC sampling. There are numerous benefits in tracking
body pose and gaze in surveillance. It allows to track peo-
ple’s focus of attention, can optimize the control of active
cameras for biometric face capture, and can provide better
interaction metrics between pairs of people. The availabil-
ity of gaze and face detection information also improves lo-
calization and data association for tracking in crowded en-
vironments. The performance of the system will be demon-
strated on data captured at a real-time surveillance site.

1. Introduction

Detecting and tracking individuals under unconstrained
conditions such as in mass transit stations, sport venues, and
schoolyards are important. On top of that, the understand-
ing of their gaze and intention are more challenging due to
the general freedom of movements and frequent occlusions.
Moreover, face images in standard surveillance videos are
usually low-resolution, which limits the detection rate. Un-
like previous approaches [15, 17, 12] that at most obtained
gaze information, we use multi-view pan tilt zoom (PTZ)
cameras and tackle the problem of joint, holistic tracking
of both body pose and head orientation in real-time. Fol-
lowing Stiefelhagen et al. [16], we assume that the gaze
can be reasonably derived by head pose in most cases [15].
Throughtout the paper we refer to head pose as gaze or vi-
sual focus of attention and use them interchangably. The
coupled person tracker, pose tracker, and gaze tracker are
integrated and synchronized, thus robust tracking via mu-
tual update and feedback is possible. The capability to rea-
son over gaze angle provides a strong indication of atten-
tion, which benifits a surveillance system on many fronts.
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In particular as part of interaction models in event recog-
nition, it is important to know if a group of individuals are
facing each other (e.g., talking), facing a common direction
(e.g., looking at another group before a conflict is about to
happen) or facing away from each other (e.g., because they
are not related or because they are in a “defense” forma-
tion).

Our contribution is three-fold. (/) We propose a uni-
fied framework to couple multi-view person tracking with
asynchronous PTZ gaze tracking to jointly and robustly es-
timate pose and gaze. The novelty over [13] is a coupled
particle filtering tracker that jointly estimates body pose and
gaze. While we use person tracking to control PTZ cam-
eras, which allow us to perform face detection and gaze
estimation, we in turn utilize the resulting face detection
locations to further improve tracking performance. (2) We
can thus actively leverage track information to control PTZ
cameras in maximizing the probability of capturing frontal
facial views. Our work significantly improves previous ef-
forts [7] that used the walking direction of individuals as
an indication of gaze direction, which breaks down in sit-
uations where people are stationary. (3) Our framework is
general and applicable to many other vision-based applica-
tions. For example, we allow optimal face capture for bio-
metrics particularly in environments where people are sta-
tionary, because it obtains gaze information directly from
face detections.

We use a network of fixed cameras to perform site-
wide person tracking. This person tracker drives one or
more PTZ cameras to target individuals (details in §3) to
obtain close-up views. A centralized tracker operates on
the ground plane to fuse together information from per-
son tracks and face tracks. Due to the large computational
burden on inferring gaze from face detections, the person
tracker and face tracker must operate asynchronously to run
in real-time. Our system can operate on either a single
or multiple cameras. The multi-camera setting improves
overall tracking performance in crowded conditions. Gaze
tracking in this case is also useful in performing high-level
reasoning e.g., to analyze social interactions [ 18], attention
model, and behaviors [3].



2. Related Work

To the best of our knowledge, we are the first to proac-
tively integrate multi-camera with multi-PTZ pose estima-
tion for gaze tracking in unconstrained environments. Our
work involves multi-view person tracking and head pose
tracking across one or more views. In practice the face res-
olution is typically low, so one must either rely on special
methods [4, 12] or use PTZ camera [13] to obtain close-up
shots (as we did). The method of Robertson et al. [12] is
data-driven based on Bayesian fusion of priors, thus relies
on training videos. Their coupling of face angle and head
tracking workes in a limited single field of view. Hoedl et
al. [5] use a two-camera system (one fixed and one PTZ)
to perform pedestrian detection, however no face or gaze
analysis is performed.

Head pose and gaze tracking has been studied exten-
sively [10]. However, most existing systems restrict to an
indoor room setting and it is often assumed that subjects
stay seated (therefore tracking is trivial and no camera con-
trol is involved).

The idea of joint person and face tracking is not new,
however, existing works do not attempt to fuse both track-
ers in using one to update the other. Ozturk ez al. [11] track
body and head pose using independent trackers on a single
top-view camera. Biuml et al. [1] assume head location is
known and track faces across a distributed camera network
for recognition and re-identification. Their face tracker and
person tracker runs separately, where the overlapping facial
views are processed independently. Smith er al. [15] es-
timate multiple individuals’ body pose/gaze to track their
visual focus of attention. Their work is relevant to us, ex-
cept that they use a single camera view, while we fuse the
tracking across multiple views.

3. Video Tracking and PTZ Control

Our video tracking system is based on [0] consisting of
4 fixed and 4 PTZ cameras. The fixed camera views are uti-
lized by a centralized tracker to estimate the 3D locations of
individuals in a common ground plane. The person track-
ing are then used online to drive the PTZ cameras to capture
zoom-in face images. Recognized faces are then associated
with person trackers to cooperatively improve the overall
tracking.

Our PTZ camera control strategy aims at capturing
frontal face views from individuals, even including uncoop-
erative ones at a distance. The system must then determine
how (what camera to drive, and where to move) to obtain
the best shots automatically. Our control algorithm pursues
the goal of scheduling PTZ cameras in in a way optimiz-
ing frontal face capture. The control system provides each
PTZ camera with a continuously evolving schedule [7] that
describes what targets to visit in what order. Schedules are
planned several target capture steps into the future based
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Figure 1. We are estimating each person’s location (x), velocity
(v), body pose (ex) and gaze direction (¢, ) in world coordinates.

on the current and predicted motion of observed individu-
als. A given schedule is assigned a probability of achiev-
ing the goal of continuously capturing high quality facial
shots of all tracked individuals. The quality of facial shots
is governed by several factors: 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
tracker. A control strategy is chosen by selecting the sched-
ule with the highest probability from the set of all possible
schedules. Our PTZ control is pursuing a chicken and egg
problem. It leverages gaze information to schedule the PTZ
cameras, but (at least for stationary individuals) no gaze in-
formation will be acquired until close-up PTZ views have
been obtained. The controller hence builds the uncertainty
around the gaze estimates into the control strategy.

4. Person, Body Pose and Gaze Tracking
4.1. Problem Definition

We represent each individual with a state vector s =
[x, v, a, ¢, 0], where x is the location on the (X,Y) ground-
plane metric world, v is the velocity on the groundplane, o
is the horizontal orientation of the body around the ground-
plane normal, ¢ is the horizontal gaze angle and 6 is the
vertical gaze angle (positive above the horizon and negative
below it), see Fig.1. There are two types of observations in
our system: person detections (z, R), where z is a ground-
plane location measurement and R the uncertainty of this
measurement and face detections (z, R, 7, p) where the ad-
ditional parameters v and p are the horizontal and vertical
gaze angles. Each person’s head and foot locations are ex-
tracted from image-based person detections [6] and back-
projected onto the world head- and ground-plane respec-
tively, using an unscented transform (UT). Next, face posi-
tions and poses in PTZ views are obtained using the PittPatt
face detector [14]. Their metric world groundplane loca-
tions are again obtained through back-projection. Face pose
is obtained by matching face features. Individual’s gaze an-
gles are obtained by mapping face pan and rotation angles
in image space into the world space. Finally, the world gaze
angles are obtained by mapping the image local face normal
Nip,g into world coordinates via n,, = ning_T, where R
is the rotation matrix of the projection P = [R[t]. Ob-
servation gaze angles (v, p) are obtained directly from this
normal vector. Width and height of the face are used to es-
timate a covariance confidence level for the face location.
The covariance is projected from the image to the ground-
plane again using the UT from the image to the head plane,



followed by down projection to the groundplane. Fig.3 de-
picts detected faces and gaze angles in estimation in multi-
ple views.

In contrast to [ 13], where a person’s gaze angle was esti-
mated independently from location and velocity, and body
pose was ignored, this work aims at correctly modeling the
relationship between motion direction, body pose, and gaze.
First, in this work body pose is not strictly tied to motion
direction. People can move backwards and sideways espe-
cially when people are waiting or standing in groups (al-
beit, with increasing velocity sideways people’s motion be-
comes improbable, and at even greater velocities, only for-
ward motion is assumed). Secondly, head pose is not tied
to motion direction, but there are relatively strict limits on
what pose the head can assume relative to body pose. Un-
der this model the estimation of body pose is not trivial as
it is only loosely coupled to gaze angle and velocity (which
in turn is only observed indirectly). We perform the entire
state estimation using a Sequential Monte Carlo filter, de-
scribed in the next section.

4.2. Estimation of Location, Pose and Gaze

We assume for now that we have a method for associ-
ating measurements with tracks over time. For the sequen-
tial Monte Carlo filter, we need to specify (i) the dynamical
model and (ii) the observation model of our system.

Dynamical Model: Following the description in the pre-
vious section, our state vector is s = [x, v, «, ¢, 0] and the
state prediction model decomposes as follows:

p(ser1lse) = p(auyqlag)p(aesr|[ Vi, o)

1
P(Di11]Pt, aer1)p(Or4110:), M

where we used the abbreviation q = (x,v) =
(x,y,vs,vy). For the location and velocity we assume a
standard linear dynamical model

p(aiqlay) = N(agy; — Frap, Qy), ()

where N denotes Normal distribution, F, is a standard
constant velocity state predictor corresponding to X;y1 =
x: + v¢At and Q, the standard system dynamics [2]. The
second term in Eq.(1) describes the propagation of the body
pose under consideration of the current velocity vector. We
assume the following model

P(Oét+1|Vt+1Oét) = N(Oét+1 - Oét,Ua)' 3)

(10 — PO)N(O[t+1 — I/t+1,o—l/a) +PO% lf||V|| > 2111/87

1
27
PIN (ap41 — vig1,00a)+

PN (apy1 — Vir1 — T, 000) + Poﬁ otherwise,
where P/ = 0.8 is the probability (for medium veloci-
ties % m/s < v < 2m/s) of a person walking forwards,

orif [|v]| < § mis,

P = 0.15 the probability (for medium velocities) of walk-
ing backwards, and P° = 0.05 the background probabil-
ity allowing arbitrary pose to movement direction relation-
ships, based on experimental heuristics. With v;; we de-
note the direction of the velocity vector v, and with o,
the expected distribution of deviations between movement
vector and body pose. The front term N (a1 — au,04)
represents the system noise component, which in turn lim-
its the change in body pose over time. All changes in pose
are attributed to deviations from the constant pose model.

The third term in Eq.(1) describes the propagation of
the horizontal gaze angle under consideration of the current
body pose. We assume the following model

P(Pera1|praiir) = N(bey1 — ¢1,04)-

{Pgu@(|¢t+1 - g\) + PN (fe41 — at+170a¢)} ;
where the two terms weighted by P = 0.4 and P, = 0.6
define a distribution of the gaze angle (¢.1) with respect to
body pose (cv;+1) that allows arbitrary values within a range
of a1 + 5 but favors distribution around body pose.

Finally the fourth term in Eq.(1) describes the propaga-
tion of the tilt angle, p(0;41|0:) = N (0141,09)N (0141 —
6:,09), where the first term models that a person tends to
favor horizontal directions and the second term represents
system noise. Noted that in all above equations, care has to
be taken with regard to angular differences.

To propagate the particles forward in time, we need to
sample from the state transition density Eq.(1), given a pre-
vious set of weighted samples (si, w}). While for the loca-
tion, velocity and vertical head pose, this is easy to do. The
loose coupling between velocity, body pose and horizon-
tal head pose is represented by a non-trivial set of transition
densities Eq.(3) and Eq.(4). To generate samples from these
transition densities we perform two Markov Chain Monte
Carlo MCMC). Exemplified on Eq.(3), we use a Metropo-
lis sampler [&] to obtain a new sample as follows:

“)

e Start: Set o} ,[0] to be the o] of particle i.

e Proposal Step: Propose a new sample o} [k + 1] by
sampling from a jump-distribution G(a|a [k]).

o Acceptance Step: Set r = p(ai [k +
virraq) /plag k][ viriag). I r > 1, accept
the new sample. Otherwise accept it with probability
r. If it is not accepted, set o} [k + 1] = o, [K].

e Repeat: Until £ = N steps have been completed.

Typically only a small fixed number of steps (N = 20)
are performed. The above sampling is repeated for the hor-
izontal head angle in Eq.(4). In both cases the jump dis-
tribution is set equal to the system noise distribution, ex-
cept with a fraction of the variance i.e., G(a|aj 4 [k]) =



N(a — aj,[k],00/3) for body pose; G(¢|¢j[k]) and
G007, ,[F]) are defined similarly. The above MCMC sam-
pling ensures that only particles that adhere both to the ex-
pected system noise distribution as well to the loose relative
pose constraints are generated. We found 1000 particles are
sufficient.

Observation Model: After sampling the particle distri-
bution (si, w!) according to its weights {w} and forward
propagation in time (using MCMC as described above),
we obtain a set of new samples {s}_ ;}. The samples are
weighted according to the observation likelihood models
described next.

For the case of person detections, the observations are
represented by (z;41, R¢11) and the likelihood model is:

P(zes1lst41) = N(Ze41 — Xeq1|Reg)- )

For the case of face detection (241, Ret1, Vi1, Pr41)
the observation likelihood model is

P(Ze41, Vi1, Per1l8e41) = N(Zey1 — Xe1|Rigr)
NA((Veg1, pe41), (Pe41,0:11)),010),

where A(.) is the geodesic distance (expressed in angles)
between the points on the unit circle represented by the
gaze vector (¢ry1,0;41) and the observed face direction

(V+1, pr+1) respectively.

(6)

A (V415 pr41), (P41, 0¢11)) = arccos(sin pyy1 sin Oy
+ €08 py11 €080y 11 coS(Ver1 — Pii1))-

The value o is the uncertainty that is attributed to the face
direction measurement. Overall the tracking state update
process works as summarized in Algorithm 1.

4.3. Data Association

So far we assumed that observations had already been
assigned to tracks. In this section we will elaborate how
observation to track assignment is performed. To enable
the tracking of multiple people, observations have to be as-
signed to tracks over time. In our system, observations arise
asynchronously from multiple camera views. The observa-
tions are projected into the common world reference frame,
under consideration of the (possibly time varying) projec-
tion matrices, and are consumed by a centralized tracker in
the order that the observations have been acquired. For each
time step, a set of (either person or face) detections Zi have
to be assigned to tracks s¥. We construct a distance mea-
sure Cy; = d(sk, Z7) to determine the optimal one-to-one
assignment of observations [ to tracks k using Munkres al-
gorithm [9]. Observations that do not get assigned to tracks
might be confirmed as new targets and are used to spawn
new candidate tracks. Tracks that do not get detections as-
signed to them are propagated forward in time and thus do
not undergo weight update.

Data : Sample set S; = (wi,sk)
Result
begin
fori=1,..., M (number oqurlicleAr) dq o
Randomly select sample s; = (X}, vi, ay, ¢, 0%)

from S; according to weights w;

: Sample set Si41 = (wi+1, Si+1)

Obtain forward propagated locations X§+1 and
vi41 by sampling from distribution Eq.(2).

Perform MCMC to sample a new body pose O¢§+1
from Eq.(3).

Perform MCMC to sample a new horisontal gaze
vector @i from Eq.(4).

Sample new vertical face angle 9§+1 from distribu-
tion p(9t+1 |9t ) .

Evaluate new state wi,; = p(zi11|si 1) with
Eq.(5) if the observation is a person detection, or
Eq.(6) if it is a directional face detection. Renor-
malize particle set to obtain final update distribu-
tion St41 = (Wiy1,St41)-

end

Algorithm 1: Location, pose and gaze angle tracking.

The use of face detections lead to an additional source
of location information. We explicitly use this to improve
tracking. Results show that this is particularly useful in
crowded environments, where face detectors are less sus-
ceptible to person-person occlusion. Our other advantage
is that the gaze information introduces an additional com-
ponent into the detection-to-track assignment distance mea-
sure, which works effectively to assign oriented faces to per-
son tracks.

For person detections, the metric is computed from the
target gate as follows:

. 1 . .
k ki ki__ kY (scki_ k\T | R
x;', By = N1 Z(th_ﬂt)(xtz_#t) +R;,
i i
where R/ is the location covariance of observation I and
xF? is the location of the ' particle of track k at time t.

The distance measure is then given as:
Clu = (py —20)" (B) " (u — 21) +log |SY|

For face detections, the above is augmented by an additional
term for the angle distance:
(v pb), (il 16,))?
2
BY

Cri ZCIQ.Z-F +loga§,
where the ufj and pf are computed from the first or-
der spherical moment of all particle gaze angles (angu-
lar mean); o) is the standard deviation from this moment;
(4}, pl) are the horizontal and vertical gaze observation an-
gles in observation /.
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Figure 2. Pose and gaze estimation in absence of face detections:
(a) forward motion, (b) backward motion. See text for explanation.

Since only PTZ cameras provide face detections and
only fixed cameras provide person detections, data associa-
tion is performed with either all person detections or all face
detections; the gaze of mixed associations does not arise.

5. Experiments and Results

We first demonstrate the concept of our system with a
single person, without the use of face detection informa-
tion. In this mode the estimation reduces to the prior of the
body pose and gaze, conditioned on the motion vector of
the person. As one can see in Fig.2, for moderate walk-
ing speeds the system correctly estimates the direction to
be either forward or backward facing, relative to the mo-
tion vector (representing the two possibilities of the person
walking forward or backward), and the gaze vector is es-
timated to fall within a range of these forward and back-
ward directions. Figs. 2 to 5 visualize the gaze and body
pose estimates via circular histograms around each person,
where the fan of circular bars radiate away from each tar-
get. The direction of the bars indicate different pose and
gaze angles; the length of the bars indicates the probability
associated with this direction. In Fig.2 the yellow histogram
around the head represent gaze direction and the green his-
togram around the feet represent bode pose direction. The
two green lines radiating from the head are the one sigma
standard deviations from the average gaze direction and the
red lines radiating from the feet are the one sigma devia-
tions of the body pose. Also shown are the trajectory in
the ground plane (dark red). Fig.2(b) shows how for slow
backward motion the ambiguity between forward or back-
ward pose increases, represented by the two almost equally
distributed direction possibilities.

We repeated the single person tracking experiment with
the face detector enabled in Fig.3. We can clearly see how
the introduction of gaze measurements have significantly
improved the accuracy of the gaze and pose estimates. We
also see how in particular in the case of backward motion,
the correct body pose and gaze angles have been main-
tained. Fig.3(c) also shows how the system can correctly
track sideway glances where the motion and gaze angles
differ significantly during tracking.

We next demonstrate the system with multiple individu-
als. Fig.4 shows several examples of two people standing

©) :
Figure 3. Pose and gaze estimation with face detections from
PTZ cameras: (a) forward and (b) backward motion, (c) sideways
glance with large difference between body pose and gaze. Overall
tracking improves significantly when compared to Fig.2.

Table 1. Average angle difference in degrees for our method, the
gaze tracker, and the baseline tracker.

Our method Gaze tracker [13] Baseline
pose gaze pose gaze pose gaze
one person 19.47 | 23.82 | 57.58 33.01 39.84 | 33.10
two people 57.12 | 35.65 | 73.40 45.33 73.40 | 88.32
three people | 42.40 | 38.30 | 73.55 37.31 73.55 | 90.67

closely, where the system correctly estimates the body pose
and gaze angles for different situations. Fig.5 shows an ex-
periment with three people moving and turning freely.

We performed a quantatively evaluation based on ground
truth on all three sequences in Table 1. Pose and gaze
groundtruth was annotated in 3D using a customized user
interface. We compare our method against two methods: (/)
a baseline method which uses a simple groundplane person
traker similar to Fig.2, and (2) a gaze tracking method re-
ported in [13] which uses a separate person and gaze tracker.
For the baseline method, gaze and pose was assumed to be
equivalent to motion direction. The method in [13] pro-
vided gaze information but not the body pose, so we again
equate the pose to motion direction. In five out of six cases,
our method has the smallest estimation error. The advan-
tage of correctly modeling the relationship between motion
direction, body pose, and gaze is clear.

The above experiments demonstrate the efficacy of esti-
mating gaze and body pose for a group of people in close
proximity. We foresee that the system should extend well
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cl):igure 4. Pose and gaze estimation of two people (a) facing each

other, (b) standing next to each other, and (c) facing in opposite
directions. The top second view in each case depicts an artificial
top-down re-rendering, which provides a better visualization of the
relative pose and gaze.

=

Figure 5. Pose and gze estimation for threé ople moing and
turning freely.

to work in a crowded condition, provided that a sufficient
number of PTZ views are added.

6. Discussion and Conclusions

We have presented a comprehensive system for tracking
location, body pose and gaze direction in unconstrained en-
vironment using surveillance and PTZ cameras. We have
shown through qualitative experiments that the system per-
forms well under a variety of experimental conditions. The
algorithm has important applications in security, surveil-
lance, and behavior recognition, as well as the emerging
areas of gaming, interactive entertainment and advertising.
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