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Abstract—We describe an approach to continuously capture
children’s 3D head pose and location during a tabletop social
interaction with an adult examiner. Our approach, called face
plus context, utilizes a fixed room camera in conjunction with a
head-worn camera on the examiner to simultaneously capture the
child’s face along with the toys and social partners that provide
context. Our system performs head tracking and pose estimation
along with multi-target tracking to provide 3D localization and
disambiguate identity. We evaluated our method on a dataset
of 16 children, including both typically developing and autistic
children. We present encouraging results for measuring children’s
social behaviors, along with validation results using an IMU.

I. INTRODUCTION

The problem of capturing and analyzing social behaviors
during naturalistic interactions is an important and challenging
task with a broad range of applications in automated behavior
analysis and social robotics. For example, the use of sensors
and machine learning methods to analyze social behaviors has
emerged recently as a promising technology for understanding
and treating developmental conditions such as autism [1], [2].
Moreover, in the area of human-robot interaction, there is a
long-standing interest in creating social robots with nonverbal
communication capabilities [3], [4]. While motion capture
technology can be used to record social behavior, it requires
the use of professional actors as marker-based methods are
too invasive to capture spontaneous naturalistic interactions
between multiple people. This is particularly true in the case
of children’s social behaviors. There has been a limited amount
of prior work on the analysis of children’s behavior from
video [5], [6], [7]. These works have tended to focus on
facial expression analysis or the detection of specific behaviors
such as eye contact. While several software packages exist for
tracking facial landmarks [8], [9], facial expressions are only
one element of social behavior. In particular, facial expressions
are coordinated with shifts of attention, and attention in turn
requires the coordination of head movement with the eyes.
Head movement provides additional nonverbal communication
cues, such head nods and shakes for “yes” and “no.” In
addition, the 3D location and pose of the head identifies the
portion of the scene that the person is facing and is likely to
be attending to. It follows that the ability to track head pose
and localize heads in 3D is a key capability for social behavior
capture and analysis.
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While there have been a variety of prior works on head
tracking from video [10], [11], [12], few of these methods
are designed to work with multiple video cameras, and as a
consequence they are limited to relative head pose and cannot
localize the head in a 3D room coordinate system. There have
been a few works on multicamera head tracking [13], [14]
along with works that focus on more general multicamera
reconstruction which can recover 3D head location [15], [16].
Unfortunately, these methods are not suitable for the large-
scale capture of children’s social interactions due to the
expense and complexity of their multi-camera setup. It is
commonplace to record assessment and therapy sessions with
children using a single room camera, but is not practical to
capture with the large number of cameras needed for dense
reconstruction.

As an alternative, we have developed a practical and effec-
tive approach to capturing children’s social behaviors which
combines a single room camera with a wearable camera
worn on an adult social partner. This setup reflects the fact
that measurement of a child’s behavior frequently occurs
via interactions with an adult, such as a clinician, therapist,
teacher, or caregiver. We call this setup face plus context
because the head-worn camera of the adult examiner provides
almost continuous capture of the child’s face and head, while
the room camera provides access to the social context, and
supports localization in a 3D room coordinate system.

We present a novel multi-camera system for 3D head
tracking and localization which is suited to the face plus
context scenario. We combine continuous tracking and cal-
ibration of the head-worn camera with 3D localization and
pose estimation of all heads in the social scene. Our system
uses state-of-the-art methods for face tracking and head pose
estimation combined with multi-target tracking to provide 3D
localization and disambiguate identity in the case where there
are multiple people present.” Our system automatically tracks
all heads in the scene and reconstructs the pattern of social
interaction between the participants based on head movement.
This is a first step towards a more comprehensive 3D social
capture system which will incorporate gestures and gaze shifts
in addition. This work makes the following contributions:

2For example, it is common for very young children to sit on a parent’s
lab during an assessment, with the result that the parent’s head becomes a
distractor for the task of tracking the child.
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Fig. 3. Camera pose estimation. Green boxes show detected markers used
for pose estimation of a room camera and a wearable camera.

our dataset. Since the videos captured by the POV camera
contain abrupt motions, a narrow camera field-of-view, and
a dynamic scene, these structure-from-motion methods had
difficulties in identifying stable features, and primarily tracked
points on the moving humans, which is not useful for camera
pose estimation.

According to the reported accuracy of marker-based pose
estimation by ARToolKit [35], our setup is within the range of
permissible error (2 degrees). In future work, we could explore
the use of bundle adjustment with the initial pose estimate to
improve the accuracy further.

C. Face Detection and Head Pose Estimation

In each view, faces are detected using the Omron OKAO
library.4 For each detected face, we use IntraFace [8] to find
and track facial landmarks and we use the Perspective-n-
Point algorithm to estimate head pose relative to the camera
coordinate frame. The result is a set of 5-DOF measurements,
3 for the head pose R/““ in (1), and 2 for the face ray X (1)
in (2), since the depth is unknown:

R{:ace :Rﬁ/ XR{uce (1)

gives the head pose R{“ in world coordinates based on the
estimated camera pose Rj, and the estimated face pose w.r.t.
camera RI“°.
Pt =P (pPT)"! @
X(A)=P*x+AC
gives the ray X(A) passing through the face center (i.e. face
ray), based on the camera center C, the camera projection
matrix P, and the image pixel location of the face center x.

D. Data Association and Tracking

One of the challenges in analyzing social interactions is to
track each person’s head consistently without confusing one
participant for another (i.e. ID-switch errors). We now describe
the multi-target tracking framework we developed to solve this
problem. We start by describing the 6-DOF head state model
which defines the state space for tracking and supports the
fusion of observations from both cameras over time.

“https://www.omron.com/ecb/products/mobile/okao01.html

1) Head State Model: For each head, we define a state
S = (x’y7z7xa)>7zai:7yaza
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where x,y,z is location, x,y,7 is velocity, &,¥,Z is acceleration,
q1,92,93,q4 is rotation in quaternion, ry,r,73 is angular ve-
locity, and 7y, 7>,r3 is angular acceleration. Then, each state is
tracked with an Extended Kalman Filter following the process
update model in (4) and measurement update model in (5).
The process update model is
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where S, is predicted state, P, is predicted state covariance,
w is process noise, Q is process noise covariance, f is the
function that projects the positional data and angular velocity
linearly, except for g that is updated through a quaternion mul-
tiplication with d, the difference caused by angular velocity.
The measurement update model is
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where £ is the function that extracts position and rotation from
the state vector, v is measurement noise, K is Kalman gain,
R is measurement noise covariance, m is taken measurement,
P is updated covariance matrix. Note that we let x,y,z,q be
measurables, and how this measurements are generated and
associated is described in detail in the following section.

2) Data Association: Initially, per view and per detected
face, we have a measurement of 5 degrees of freedom,

m=(X(A),q1,42,43,44), (6)

where ¢ is quaternion of R.* in (1) and X (A) is from (2).
For instance, if two faces are detected in camera 1 and two
faces are detected in camera 2, there should be four individual
m’s at that moment. Then, we define a cost function C(m,S)
between a pair of m’s and a state S, considering both geometric
and appearance constraints as follows:

C(m,S) = wg x Cg(m,S) +wy x Cy(face,S), (7

where w, and w, are weight parameters, C, is Mahalanobis
distance between m and S, which is calculated using P~ in
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(4), and C, is classification score of a detected face to the
state.> With this cost function, all m’s are assigned to a state S
independently per camera. Meanwhile, an m with a cost above
a certain threshold is discarded to remove spurious detections,
incorrect pose estimations, etc. Note that this matching is done
per view, such that an m from a given view is associated with
one state S exclusively (or discarded), but each state can have
multiple m’s from different views. As a result, if one state is
assigned two m’s, they are triangulated to obtain 3D position,
and the rotation is interpolated using the slerp algorithm. If
only one m is assigned to a state, the closest 3D point on the
line is selected. This is the m, used in the measurement update
model (5). To reflect the confidence of the final measurement,
the measurement noise covariance R in (5) is reduced as the
number of m’s used increases.

E. 3D Scene Estimation

In addition to 3D head tracking, we also estimate the
location of the table and the toy. We estimate table pose by
using the same approach as in camera pose estimation. In the
beginning of each session, a known square pattern is put on the
table for a few seconds. This is sufficient to retrieve table pose
as the table does not move throughout session. Additionally,
the play protocol we utilized (Sec. IV-B) incorporates a set of
toys presented at one location on the table (Fig. 5), for which
the estimated table pose can be used as well. Additional work
could be done to refine the toy locations further, for example
using pose estimation from a 3D model [36] or triangulation
with a custom toy-object detector.

IV. DATA

In this section, we describe the data used in the paper and
how it was collected and processed.

A. PFarticipants

Participants were recruited and data was collected at Geor-
gia Tech (GT) and Weill Cornell Medicine (WC). Our dataset
consists of eight sessions from typically developing (TD)
children and eight sessions from children with autism. Eight
TD children (3 female) with no known diagnosis of social,
developmental, or communication delays were recruited at GT
via community advertising and a parent mailing. Eight children
with a diagnosis of ASD (4 females) were recruited by WC.
The diagnosis of ASD was confirmed prior to participation
by a licensed clinician. TD participants were between 20
and 36 months of age (mean age = 30.8 months), and ASD
participants were between 32 and 60 months of age (mean
age = 43.8 months). All participants completed play-based
assessments during a single visit.

B. Play Protocol

All participants completed a modified version of the
Early Social Communication Scales [37], a semi-structured,
examiner-directed assessment of nonverbal communication

SIn the very first frame, each state is initialized by assigning a face to S parent
as —1 or to Sepig as 1, and a linear regressor is trained online subsequently.

skills in young children. The child is seated, sometimes on a
caregiver’s lap, at a small table across from the examiner. The
examiner presents several different toys and activities to the
child, selected because of their potential to elicit joint attention
(using gaze and gestures to share the experience of objects or
events with a social partner) and requesting (using nonverbal
behaviors to elicit aid in obtaining objects or events). The
toys include: a) three small wind-up mechanical toys, b) three
hand-operated toys, ¢) a small car and a ball that will roll
easily across the table, d) a book with large distinct pictures
on its pages, and d) colorful posters positioned on the walls to
the left, right and behind the child. The ESCS administration
takes about 15-25 minutes to complete.

The present analysis focused on the object spectacle toys,
which include three unique wind-up toys and three hand-
operated toys, including a trapeze monkey, a balloon, and
a spintop. For each of the six object spectacle tasks, the
examiner places one of the six toys in the corner of the table to
her left, activates the toy for about 5-10 seconds, then allows
the toy to remain inactive for about 5-10 seconds. Per the
scoring rules in the ESCS manual, any time the child shifts
their gaze from the active toy to the examiner’s eyes and then
back to the toy, they are credited with engaging in initiating
joint attention. When the toy becomes inactive, similar shifts
of attention are credited as initiating behavior regulation (i.e.,
requesting).
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Fig. 4. State update frequency and face detection frequency.

C. Annotation

Videos of the ESCS assessments from the room camera and
the POV camera were used for manual coding by trained raters
to identify each moment when the child was looking at the toy
or making eye contact with the examiner. The start and the end
of each spectacle toy presentation was coded as well. Coders
used Mangold International’s Interact annotation software® to
identify these moments and mark the onsets and offsets at the
video frame level.

V. RESULTS
In this section, we report quantitative and qualitative eval-
uations of our approach.
A. Head Tracking Statistics
We first evaluated the performance of our system by calcu-

lating overall tracking statistics. We ran the tracker on 15-25

Ohttps://www.mangold-international.com/en/software/interact
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Fig. 7. Gaze shift detection. Left figure shows how measurements change over time when there is a gaze shift from toy to examiner. Middle figure shows
how a segment is selected at testing time for gaze shift detection. Right figure is an ROC curve showing our gaze detector’s performance.

D. 3D Attention Map

We developed a method for generating a 3D attention
density map to support additional visualization and under-
standing of our collected measures. We begin by creating a
3D volumetric scalar field to represent the gaze density at any
3D point in the interaction space. We utilize a gaze model
similar to [38], wherein the gaze vector is assumed to lie in
a cone-shaped distribution emanating from the center of two
eyes, capturing the uncertainty in head pose and eye gaze.
The head pose estimate from our system directly gives a 3D
vector (Z axis of the head coordinate system) emanating from
the center of the eyes in the direction of the front of the head.
The uncertainty in the actual gaze direction with respect to the
head pose estimate is represented by a Gaussian distribution
on a plane normal to the head direction vector.

For computational feasibility, the volumetric scalar field is
discretized into 3D voxels (which are analogous to pixels in a
2D image). For speed and memory efficiency, we use a 5123
voxel array to represent the entire the 3D interaction space.
Each voxel stores a scalar score representing the likelihood
of gaze at that voxel. The scores are initialized to zero and
recursively updated for all head pose estimates. With our cone-
shaped gaze distribution model, each voxel’s gaze likelihood
score is updated according to the voxel’s 3D location with re-
spect to the gaze distribution. The scores are simply aggregated
across head pose estimates to produce the final cumulative 3D
gaze likelihood. Given this representation, we can compute a
heat-map on any 3D surface by extracting a slice through the
attention density map. An advantage of this 3D volumetric
approach is that it can accommodate any other arbitrary gaze
model.

Fig. 8 gives an example of the application of our attention
model to a sequence in which a child is reaching for a
toy. The cone-shaped gaze distribution in 3D space and its
reprojection on the image are shown. Fig. 9 illustrates the
process of cumulative map generation over a period of time
and the final cumulative volumetric map sliced along the table
surface, reprojected on a room camera image, and color-coded
in heat map color scheme. This example corresponds to a toy
presentation period, explaining the high density at the corner
where the toy is observed, and a smaller peak in the vicinity
of the examiner.

VI. CONCLUSION

We have presented a novel method for automatically captur-
ing children’s head motion in face-to-face naturalistic social
interactions. Our flexible camera setup and automated tracking
framework makes our system especially suitable for the large-
scale capture of children’s social interactions. Our method
has been successfully applied to 16 sessions that include
typically developing children and children with autism, during
naturalistic play interactions with an adult examiner. Our
experimental results demonstrate that our 3D head tracking
approach is effective in measuring children’s social behavior,
and we present promising results for detecting gaze shifts
based on head motion.

ACKNOWLEDGMENT

This work was supported by grant 288028 from the Simons
Foundation.

REFERENCES

[1] J. M. Rehg, A. Rozga, G. D. Abowd, and M. S. Goodwin, “Behavioral
imaging and autism,” /[EEE Pervasive Computing, vol. 13, no. 2, pp.
84-87, 2014.

[2] S. Narayanan and P. G. Georgiou, “Behavioral signal processing:
Deriving human behavioral informatics from speech and language,”
Proceedings of the IEEE, vol. 101, no. 5, pp. 1203-1233, 2013.

[3] C. Breazeal, “Role of expressive behaviour for robots that learn from
people,” Philosophical Transactions of the Royal Society of London B:
Biological Sciences, vol. 364, no. 1535, pp. 3527-3538, 2009.

[4] J. F. Ferreira and J. Dias, “Attentional mechanisms for socially in-
teractive robots—a survey,” IEEE Transactions on Autonomous Mental
Development, vol. 6, no. 2, pp. 110-125, 2014.

[51 Z. Ye, Y. Li, Y. Liu, C. Bridges, A. Rozga, and J. M. Rehg, “Detecting
bids for eye contact using a wearable camera,” in Automatic Face and
Gesture Recognition (FG), 2015 11th IEEE International Conference
on, vol. 1. IEEE, 2015, pp. 1-8.

[6] G. C. Littlewort, M. S. Bartlett, L. P. Salamanca, and J. Reilly, “Au-
tomated measurement of children’s facial expressions during problem
solving tasks,” in Automatic Face & Gesture Recognition and Workshops
(FG 2011), 2011 IEEE International Conference on. 1EEE, 2011, pp.
30-35.

[71 D. S. Messinger, M. H. Mahoor, S.-M. Chow, and J. F. Cohn, “Auto-
mated measurement of facial expression in infant-mother interaction: A
pilot study,” Infancy, vol. 14, no. 3, pp. 285-305, 2009.

[8] F. De la Torre, W.-S. Chu, X. Xiong, F. Vicente, X. Ding, and J. Cohn,
“Intraface,” in Automatic Face and Gesture Recognition (FG), 2015 11th
IEEE International Conference and Workshops on, vol. 1. IEEE, 2015,
pp. 1-8.

[9] D. E. King, “Dlib-ml: A machine learning toolkit,” Journal of Machine
Learning Research, vol. 10, pp. 1755-1758, 2009.

[10] J.-S. Jang and T. Kanade, “Robust 3d head tracking by online feature
registration,” in 8th IEEE Int. Conf. on Automatic Face and Gesture
Recognition, 2008.

405

Authorized licensed use limited to: GOOGLE. Downloaded on May 06,2022 at 19:21:12 UTC from IEEE Xplore. Restrictions apply.



Fig. 8. Visualization of our gaze distribution model when a child reaching for a toy. Bottom row shows it in the reconstructed 3D space and top row
shows it by reprojecting the model on actual image.

Fig. 9. Cumulative attention map during a toy presentation period. The cumulative map generation process and the final heat map along the table plane.

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

[23]

[24]

S. Choi and D. Kim, “Robust head tracking using 3d ellipsoidal head
model in particle filter,” Pattern Recognition, vol. 41, no. 9, pp. 2901—
2915, 2008.

E. Murphy-Chutorian and M. M. Trivedi, “Head pose estimation in
computer vision: A survey,” IEEE transactions on pattern analysis and
machine intelligence, vol. 31, no. 4, pp. 607-626, 2009.

S. O. Ba and J.-M. Odobez, “Multiperson visual focus of attention from
head pose and meeting contextual cues,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 33, no. 1, pp. 101-116, 2011.
L. Dong, H. Di, L. Tao, G. Xu, and P. Oliver, “Visual focus of attention
recognition in the ambient kitchen,” in Asian Conference on Computer
Vision.  Springer, 2009, pp. 548-559.

H. Joo, H. Liu, L. Tan, L. Gui, B. Nabbe, I. Matthews, T. Kanade,
S. Nobuhara, and Y. Sheikh, “Panoptic studio: A massively multiview
system for social motion capture,” in Proceedings of the IEEE Interna-
tional Conference on Computer Vision, 2015, pp. 3334-3342.

E. De Aguiar, C. Theobalt, C. Stoll, and H.-P. Seidel, “Marker-less
deformable mesh tracking for human shape and motion capture,” in
Computer Vision and Pattern Recognition, 2007. CVPR’07. IEEE Con-
ference on. IEEE, 2007, pp. 1-8.

J.-G. Wang and E. Sung, “Em enhancement of 3d head pose estimated
by point at infinity,” Image and Vision Computing, vol. 25, no. 12, pp.
1864-1874, 2007.

S. Ren, X. Cao, Y. Wei, and J. Sun, “Face alignment at 3000 fps via
regressing local binary features,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2014, pp. 1685-1692.
D. Cristinacce and T. Cootes, “Automatic feature localisation with
constrained local models,” Pattern Recognition, vol. 41, no. 10, pp.
3054-3067, 2008.

L. A. Jeni, J. F. Cohn, and T. Kanade, “Dense 3d face alignment from 2d
videos in real-time,” in Automatic Face and Gesture Recognition (FG),
2015 11th IEEE International Conference and Workshops on, vol. 1.
IEEE, 2015, pp. 1-8.

S. Tulyakov and N. Sebe, “Regressing a 3d face shape from a single
image,” in 2015 IEEE International Conference on Computer Vision
(ICCV). IEEE, 2015, pp. 3748-3755.

N. Checka, K. W. Wilson, M. R. Siracusa, and T. Darrell, “Multiple
person and speaker activity tracking with a particle filter,” in Acoustics,
Speech, and Signal Processing, 2004. Proceedings.(ICASSP’04). IEEE
International Conference on, vol. 5. 1EEE, 2004, pp. V-881.

J.-M. Odobez and S. O. Ba, “A cognitive and unsupervised map adap-
tation approach to the recognition of the focus of attention from head
pose,” in International Conference on Multi-Media & Expo (ICMEO7),
no. LIDIAP-CONF-2007-033, 2007.

R. Stiefelhagen, M. Finke, J. Yang, and A. Waibel, “From gaze to

406

[25]

[26]

(27]

[28]

[29]

[30]

(31]

(32]

(33]

[34]

(35]

[36]

(37]

(38]

focus of attention,” in International Conference on Advances in Visual
Information Systems. Springer, 1999, pp. 765-772.

B. Benfold and I. Reid, “Stable multi-target tracking in real-time surveil-
lance video,” in Computer Vision and Pattern Recognition (CVPR), 2011
IEEE Conference on. 1EEE, 2011, pp. 3457-3464.

M. Cristani, L. Bazzani, G. Paggetti, A. Fossati, D. Tosato, A. Del Bue,
G. Menegaz, and V. Murino, “Social interaction discovery by statistical
analysis of f-formations.” in BMVC, vol. 2, 2011, p. 4.

K. Smith, S. O. Ba, J.-M. Odobez, and D. Gatica-Perez, “Tracking the
visual focus of attention for a varying number of wandering people,”
IEEE transactions on pattern analysis and machine intelligence, vol. 30,
no. 7, pp. 1212-1229, 2008.

A. Fathi, J. K. Hodgins, and J. M. Rehg, “Social interactions: A
first-person perspective,” in Computer Vision and Pattern Recognition
(CVPR), 2012 IEEE Conference on. 1EEE, 2012, pp. 1226-1233.

H. Soo Park and J. Shi, “Social saliency prediction,” in Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition,
2015, pp. 4777-4785.

N. J. Emery, “The eyes have it: the neuroethology, function and evolution
of social gaze,” Neuroscience & Biobehavioral Reviews, vol. 24, no. 6,
pp. 581-604, 2000.

S. S. Rajagopalan and R. Goecke, “Detecting self-stimulatory behaviours
for autism diagnosis,” in 2014 IEEE International Conference on Image
Processing (ICIP). 1EEE, 2014, pp. 1470-1474.

P. Wang, G. D. Abowd, and J. M. Rehg, “Quasi-periodic event analysis
for social game retrieval,” in 2009 IEEE 12th International Conference
on Computer Vision. 1EEE, 2009, pp. 112-119.

R. Hartley and A. Zisserman, Multiple view geometry in computer vision.
Cambridge university press, 2003.

R. Mur-Artal, J. Montiel, and J. D. Tardés, “Orb-slam: a versatile
and accurate monocular slam system,” IEEE Transactions on Robotics,
vol. 31, no. 5, pp. 1147-1163, 2015.

D. F. Abawi, J. Bienwald, and R. Dorner, “Accuracy in optical tracking
with fiducial markers: An accuracy function for artoolkit,” in Proceed-
ings of the 3rd IEEE/ACM International Symposium on Mixed and
Augmented Reality. 1EEE Computer Society, 2004, pp. 260-261.

Y. Konishi, Y. Hanzawa, M. Kawade, and M. Hashimoto, “Fast 6d pose
estimation from a monocular image using hierarchical pose trees,” in
European Conference on Computer Vision. Springer, 2016, pp. 398—
413.

P. Mundy, C. Delgado, J. Block, M. Venezia, A. Hogan, and J. Seibert,
“Early social communication scales (escs),” Coral Gables, FL: Univer-
sity of Miami, 2003.

H. S. Park, E. Jain, and Y. Sheikh, “3d social saliency from head-
mounted cameras,” in Advances in Neural Information Processing
Systems, 2012, pp. 431-439.

Authorized licensed use limited to: GOOGLE. Downloaded on May 06,2022 at 19:21:12 UTC from IEEE Xplore. Restrictions apply.



