Dual-Camera 3D Head Tracking for Clinical Infant
Monitoring
Ronald W.J.J. Saeijs

Walther E. Tjon a Ten

Peter H.N. de With

Department of Electrical Engineering
Eindhoven University of Technology
Eindhoven, The Netherlands
r.w.j.j.saeijs@tue.nl

Department of Pediatrics
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Abstract—This paper presents a new algorithm for dualcamera 3D head tracking, intended for clinical infant monitoring.
The paper includes a brief motivation with reference to the
state-of-the-art in face-related image analysis. The proposed
algorithm uses a clipped-ellipsoid head model and 3D head pose
recovery by joint alignment of paired templates based on denseHOG features. In the algorithm, template pairs are dynamically
extracted and a limited number of template pairs are stored and
re-used for drift reduction. We report experimental results on
real-life videos of infants in bed in a hospital, captured in visual
light as well as near-infrared light. Results show consistently
good tracking behavior. For challenging video sequences, the
mean tracking error in terms of endocanthion location error
relative to the innercanthal distance remains below 30%. This
error has proven to be sufﬁciently low for 3D head tracking
to support infant face analysis. For this reason, the proposed
algorithm is used successfully in an infant monitoring system
under development.
Index Terms—3D head tracking, dual camera, dense HOG,
infant monitoring

I. I NTRODUCTION
Monitoring children for pain and discomfort is important
in many clinical contexts. For example, in the context of
gastro-esophageal reﬂux disease (GERD), infants suspected
of GERD routinely undergo 24-hour reﬂux monitoring, and
pain monitoring will allow to analyze detailed time relations
between pain and reﬂux to improve diagnosis. Recent work on
detecting discomfort [11] and acute pain [19] of infants shows
that automatic continuous monitoring can be based on video
analysis of facial expression (cf. [17]).
Our objective is to develop a video analysis system for inbed monitoring of infants in a clinical setting. This system has
two signiﬁcant characteristics with respect to video capture.
Firstly, we use dual-camera capture, in order to ensure that the
face is visible for a large range of poses of an infant’s head.
Secondly, we capture video from visual light and, alternatively,
from near-infrared light (when infants are sleeping in the dark).
For an example of infrared images and a typical dual-camera
conﬁguration, see Figure 1.
This paper concentrates on the problem of 3D head tracking
in the context of dual-camera monitoring. In this context,
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the task of 3D head tracking is to determine the 3D pose
of the head for all images of a synchronized dual-camera
video sequence, given an estimated shape of the head and an
estimated initial pose. Here, 3D pose has 6 degrees of freedom
with reference to the world coordinate system, which is used
to specify the calibrated ﬁxed positions of the two cameras.
In order to explain the relevance of the work reported here,
we brieﬂy present a perspective with reference to the stateof-the-art in face-related image analysis. In recent years, large
progress has been made in the areas of face detection [22],
facial landmark localization (also known as face alignment or
facial feature detection) [9], and facial landmark tracking [18]
[21]. As discussed in [5], the current practice for landmark
tracking is to combine a generic face detection algorithm and a
generic landmark localization algorithm. With recent advances
in using deep learning for these tasks, remarkable performance
can now be achieved. As argued in [3], accuracy for 2D
and 3D landmark localization now seems close to saturating
existing datasets for in-the-wild faces. However, as yet we
cannot straightforwardly solve facial landmark tracking for
our monitoring application in this manner. This is because the
domain of face appearances in our setting is not sufﬁciently
covered by existing in-the-wild datasets (see Section II for the
main differences). At the same time, we only have a relatively
small (though slowly growing) dataset from our setting, which
only very sparsely (and hence also insufﬁciently) covers our
domain of potential face appearances.
For the system that we are developing, we consider two
ways to tackle the above-mentioned problem of the appearance domain for facial landmarking. Firstly, we investigate
possibilities for enlarging the set of appearances for training
(so that transfer learning becomes possible). For this, we try to
artiﬁcially augment our data, a.o. by means of ’face proﬁling’
as introduced in [23]. Secondly, in our current system, we
condense the domain of appearances for both training and
testing, by factoring out some of the pose-related variations.
For this, we employ components for landmark localization in
a slightly altered manner, making use of additional 3D-pose
information obtained from 3D head tracking. In this paper
we focus exclusively on how to reliably obtain this additional
information. Therefore, we discuss 3D head tracking here as
a stand-alone problem.

Fig. 1: Example of a pair of infrared input images (and tube, plasters, and paciﬁer) from sequence 2 in Table I. Here the left image is the face-view image.
Cameras are positioned as follows: the camera of the left image is positioned between the bars in the lower left corner of the right image, and vice versa.

The problem of 3D head tracking in our context is special
because of the use of two cameras, and it is complicated by
challenges relating to facial texture, illumination, occlusion,
etc., as discussed in Section II. In this paper, we present a
new algorithm that handles all of these complications, based
on simultaneous alignment of dynamically extracted denseHOG templates. Our main contributions are the deﬁnition of
the reﬁned algorithm and its evaluation for real-life infant
monitoring conditions.
Below, Section II points out the main challenges posed by
our setting and discusses our 3D head tracking approach in
relation to other work. Section III contains deﬁnitions, models,
and notations that are used for a compact description of the 3D
tracking algorithm in Section IV. Finally, Section V presents
experiments and results, with conclusions in Section VI.
II. C HALLENGES , APPROACH , AND RELATED WORK
In comparison to typical in-the-wild conditions for facerelated image analysis, our setting of clinical infant monitoring
poses several additional challenges. Below we discuss them
in two groups, viz. challenges related to facial appearance in
individual images and those related to image sequences.
Considering individual images, there are three main aspects
in which infant faces in our clinical context may be different.
Firstly, in comparison with adults and older children, faces
of young infants have less pronounced texture (in addition
to somewhat different shape proportions). For example, they
have no prominent eyebrows, wrinkles or creases. Also, infants
in bed will have their eyes closed for long periods of time.
Secondly, in clinical settings parts of the face may be covered.
For example, in case of monitoring for GERD, the face has
plasters and a tube in the nose for a probe in the esophagus. In
addition, infants may have a paciﬁer in their mouth, resulting
in a large variety of appearances. More generally, cuddles,
toys, or blankets may also partly occlude the face. Thirdly,
as seen from bedside cameras, the range of head poses is
very wide, with sometimes non-uniform illumination from
directions that do not occur in typical indoor or outdoor in-thewild settings. For example, camera viewpoint or illumination
may also be from below (with reference to the face).

Considering image sequences, there are two additional challenges in our setting. Firstly, sometimes infant head movements (and especially head turns) may be very fast. For
monitoring pain and discomfort, episodes of fast movements
are often very relevant, as for example episodes of coughing
in case of monitoring for GERD. Secondly, occasionally fastchanging occlusions may occur, for example when an infant
moves a hand or arm in front of its face.
In view of the above, the essence of the tracking approach
that we need is that it does not rely on a pre-determined
model of appearance. Among existing approaches that meet
this requirement (cf. [13]), many use a pre-determined model
of a rigid 3D head shape for recovering head motion. We
adopt the same principle, because it allows maximum use of
image information for robustness, since visible features of both
face and non-face parts of the head can be used. Existing
approaches based on this principle have broad variations, both
in terms of head shape and in terms of motion recovery.
With respect to head shape, the variations of rigid-head 3D
tracking approaches range from simple geometric shapes such
as cylinders (e.g. [20] [8] [7]) and ellipsoids (e.g. [10]) to more
complicated generic and morphable 3D models (e.g. [4]). For
our case, we use a clipped ellipsoid, for three reasons. Firstly,
it is a simple shape that can approximately match the actual
head shape, even when posed at a slightly inaccurate angle.
This is important because small pose errors may result from
pose initialization, especially when initialization starts from
a difﬁcult, non-frontal, camera view. Secondly, an ellipsoid
approximates the most relevant part of an infant head (in
between top and bottom) well, reﬂecting that it is more curved
(less elongated) than an adult head. Thirdly, by clipping we
exclude the neck and the top of the head, where simple shape
approximation is least accurate.
With respect to motion recovery (for a given head shape),
two main variants exist. Some concepts for tracking (e.g. [8]
for single-camera tracking and [4] for multi-camera tracking)
recover motion by key point matching. For our application,
this is not feasible, because infant heads often yield few and
unstable key points. Other tracking systems (e.g. [20] [10] [7])
recover motion by Lucas-Kanade template alignment [12]. In
[15] and [16] we have introduced a new single-camera variant

that uses densely sampled Histogram-of-Oriented-Gradient
(‘dense-HOG’) features [6], instead of pixel intensities for
a template. This improves Lucas-Kanade alignment [1] [15].
For our case here, we also use a dense-HOG-based variant,
because it yields better tracking for less-pronounced texture
and less-uniform illumination, e.g. for a sleeping infant in bed.
For practical systems, the number of cameras is an important
factor for 3D head tracking. Most approaches were developed
for a single camera or, in a few cases, two (stereo) or three
cameras positioned close to each other. This is because many
applications (e.g. in human-computer interaction or vehicle
driver monitoring) are concerned with tracking an adult with a
natural orientation (e.g. towards a screen or a steering wheel).
Very few 3D head tracking approaches were developed for
multiple cameras positioned far from each other. This was
done in [4] for uncalibrated positions and in [7] for known
camera positions. In our case, we use calibrated positions and
we apply the principle of joint template alignment from [7],
because it allows to use image information from both cameras
simultaneously.
Overall, our dual-camera 3D head tracking algorithm uses
joint camera alignment from [7] and is based on [16] in its
use of dense HOG, weighting, trimming, and drift reduction.
III. D EFINITIONS , MODELS , AND NOTATIONS
A. Cameras, images, and camera projection
For in-bed monitoring, we need cameras positioned such
that the face is visible for a maximal pose range. For this
reason, we use two cameras with wide-angle lenses viewing
between the bars of the bed sides. In order to eliminate
lens distortions, images are pre-processed ﬁrst, and we only
consider their corrected versions from here on. For an image
I, we represent 2D image locations as u = [u, v]T ∈ U,
where U = R2 , and we deﬁne U(I) ⊂ U to denote
its set of pixel locations (and, in general, we may add
indices c ∈ {1, 2} to refer to a speciﬁc camera, e.g. Ic ).
We use gray-level images only, in order to treat visual-light
capture and infrared capture alike, and images are captured by
the two cameras as pairs at the same time instant.
For the undistorted images, we model the output image of
the camera as a full-perspective projection of the 3D scene
onto the focal plane. Representing 3D points in homogeneous
coordinates as x = [x, y, z, 1]T ∈ X, with X = R3 ×{1}, we
deﬁne this camera projection as a function W from 3D points
to 2D image locations, as follows:
W(x;C) = [u, v  ]T/s,

where [u, v , s ]T = Cx.

(1)

Here, C is the 3×4 camera projection matrix that combines
the intrinsic and extrinsic characteristics of a given camera.
B. Head, pose, visibility, and moves
As our model for the head, we choose a clipped ellipsoid.
We deﬁne the un-posed head as an oriented 3D surface
with centroid at [0, 0, 0, 1]T. From this, we obtain the posed
head by applying a 3D rigid-body transformation g ∈ SE(3).
To represent a head pose, we use the 6-dimensional vector

p = [ωx , ωy , ωz , tx , ty , tz ]T ∈ R6 of exponential coordinates
of g. From p we obtain the homogeneous transformation
matrix G of g as follows [14]:
3
2
p
p
+
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(2)
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where I is the 4×4 identity matrix and operator  is deﬁned
by
⎤
⎡
0
−ωz ωy tx
⎢ ωz
0
−ωx ty ⎥
⎥.
=⎢
(3)
p
⎣−ωy ωx
0
tz ⎦
0
0
0
0
+
G = ep = I + p

For practical calculation of the exponential mapping ep and
its inverse log G, see [14].
A pose p transforms a surface point x to a posed-head
point ep x, so that projection by a camera C yields an image
location W(ep x;C). For our algorithm we re-write this as
W(x;Cep ), which associates the rigid-body transformation
with the camera (instead of the head points) and allows to
keep all head point references x in the un-posed coordinate
system centered at [0, 0, 0, 1]T. The equivalence follows from
(1).
For every combination of camera and pose, some part of
the head will not be visible. Therefore, camera projections of
3D points on the invisible side of the head surface should be
ruled out. For compact description of our algorithm, we rule
out such points by introducing a non-negative weight function
wD (x;Cep,..) that yields zero for invisible points (with values
for other points deﬁned later in Section IV-B). As for W, we
keep references x for wD in the un-posed coordinate system.
Note that the ‘,..’-notation indicates that more parameters are
involved, as wD is shape-dependent.
For convenient description of tracking, we also use the unposed coordinate system as reference for head motion. For this,
we introduce the concept of a move with value Δp. We deﬁne
this as a pose update that results from applying a rigid-body

transformation eΔp to the un-posed head. For a pose variable
p, it corresponds to changing p as implied by


ep ← ep eΔp .

(4)

C. Dense-HOG appearance and templates
For our tracking, we consider head appearance in terms
of dense-HOG features instead of pixel intensities. In this,
we follow [15] where dense HOG was shown to yield more
accurate single-camera tracking.
We use the same HOG variant as [15], based on blocks
of 2×2 cells, cells of 8×8 pixels, and 9-bin histograms for
signed orientations. Using trilinear interpolation of location
and orientation, plus L2-Hys normalization [6], it yields a
normalized 36-dimensional vector for every pixel location.
We use this vector as our deﬁnition for the appearance value
a ∈ A1 at pixel locations, so that A1 = {a ∈ R36 | a2 = 1}.
For convenience, we will use the notation I(u) to denote the
appearance value for an image I at pixel location u ∈ U(I).
Generalizing this to non-pixel locations, we deﬁne I(u) for

u ∈ U\U(I) by means of linear inter-/extrapolation of pixel
appearance values. As a consequence, we deﬁne the general
set of appearance values as A = R36 .
Using the above, we introduce a dense-HOG template with
the intuition that it represents a textured part of the head.
We deﬁne a template T ⊂ X × A as a set X(T ) of 3D
points situated on the un-posed head surface with associated
appearance values. For a template point x ∈ X(T ), we will
use T (x) to denote its associated appearance value.
We extract a template from an image, using reverse projection of head pixels for a presumed value of the head pose.
To deﬁne this, we use the fact that camera projection maps
visible 3D points on the head surface one-to-one to 2D head
locations in the image. Reverse camera projection is then the
inverse mapping, which takes 2D head locations to 3D points
on the head surface. When applied to pixel locations only,
this inverse mapping yields a ﬁnite set of 3D points on the
un-posed head surface. The extracted template is deﬁned by
associating this set of 3D points with the appearance values
of the originating pixels.
For a given combination of camera C and pose p, some
part of a template may be invisible. In order to rule out this
part, we deﬁne a convenient notation for the set Ω of visible
points of a template T , as follows:
Ω(T, Cep ) = x x ∈ X(T ) ∧ wD (x;Cep ) > 0 .

(5)

IV. T RACKING ALGORITHM
A. Dual-camera alignment move
Our aim for tracking is to estimate the pose of the head
in each new pair of images by aligning pairs of templates
extracted from earlier image pairs. For this, we introduce an
alignment move as a main building block for the algorithm.
The intuition for an alignment move is that it moves the
head from a coarsely estimated head pose to a new pose
that better approximates the true pose in a pair of images.
For this, it takes a pair of templates to serve as an ad-hoc
textured 3D approximation of the head, with each template
approximating the part that is visible for its corresponding
camera. The paired templates are then jointly moved, using
6 degrees of freedom, to obtain the best match with the true
head appearance in the paired images.
More formally, we deﬁne a dual-camera alignment move
(for a pair of images Ic of cameras c ∈ {1, 2}) as a process
that takes a pair of templates Tc and an estimated pose p.
Its desired output is an updated value for p such that, for
all template points x, image appearances Ic (u) at projected
locations u = W(x;Cc ep ) are close to template appearances
Tc (x). We formalize this as an optimization for minimum sumof-weighted-squared-errors cost that yields a move Δp (using
the concept of ‘move’ that we deﬁned in Section III-B):
2

Δp = argmin
Δp



 Δp
e )
c=1 x∈Ω(Tc ,Cc ep


2




wc (x;Cc ep eΔp,..)· Ic (W(x;Cc ep eΔp ))−Tc (x) .
2

(6)

Here, wc is a non-negative weight function that adjusts the
contribution of individual template points from camera c in
the alignment process. It is further deﬁned in Section IV-B.
To implement an alignment move, we employ the LucasKanade (LK) method of gradient descent optimization [12].
For this, we adopt the standard LK formulation in [2] with
two modiﬁcations. Firstly, we use a 3D→2D motion model
by deﬁning new warp functions Wc with more parameters,

as follows: Wc (x;Δp,p,Cc ) = W(x;Cc ep eΔp ). Secondly, we
use a 3D-compatible parameter update, as deﬁned in (4).
The intuition for LK is that it approximates alignment by
iteration, resulting in a sequence of smaller moves. Each
iteration updates p by a move ΔpLK , which is deﬁned as the
approximation for Δp that results from (6) after ﬁrst-order

Taylor expansion of W(x;Cc ep eΔp ) for small Δp. This is:
ΔpLK = −H−1

2

)
c=1 x∈Ω(Tc ,Cc ep



∂Wc T
wc (x;Cc ep,..)· ∇Ic
Ic (W(x;Cc ep ))−Tc (x) .
∂Δp

(7)

∂Wc
c ∂Ic
Here, ∇Ic is the gradient [ ∂I
∂u , ∂v ] of image Ic , and ∂Δp is
the Jacobian of the warp (for Δp = 0 and varying x and given
p), and H is the 6 × 6 Gauss-Newton approximation of the
joint-camera Hessian, deﬁned as follows:


∂Wc T
∂Wc 
wc (x;Cc ep,..) · ∇Ic
∇Ic
.
∂Δp
∂Δp

)
c=1 x∈Ω(T ,C ep
2

H=

c

(8)

c

B. Weighting and iterative re-weighting
The use of weights for alignment serves three purposes.
This is reﬂected by deﬁning wc as a product of three terms:
wc (x;Cc ep,..) = wD (x;Cc ep,..) wR,c (x;Cc ep ) wC,c .

(9)

The three terms change per LK-iteration. Below, we deﬁne
them from left to right, because the deﬁnitions depend on each
other.
We use a density term wD to ensure that template points
contribute in proportion to the amount of visible head area
that they represent. For invisible points, this yields wD = 0.
For visible points, we consider an inﬁnitesimal surface area
around a template point x and its camera projection, and we
deﬁne wD (x;Cc ep,..) as the area ratio of the latter divided
by the former. This follows from the direction of the surface
normal at x and the distance of x to the image plane. For
points seen by the same camera, it implies that points seen
from the side contribute less than points seen from the front.
We use robustness terms wR,c to reduce contributions of
template points that cause large appearance errors, typically
due to local noise, non-rigid motion or occlusion. For this,
we employ the IRLS (iteratively re-weighted least squares)
method of [20] for robust optimization. The method adapts
weights prior to every LK-iteration, based on error statistics

for the current pose estimate. Applying this independently for
each camera, we deﬁne wR,c for camera c as follows:

2
 ))−T (x)
−Ic (W(x;Cc ep
c
2
2σc 2
wR,c (x;Cc ep ) = e
,
(10)
where σc = 1.4826·mc and


mc = median Ic (W(x;Cc ep ))−Tc (x)2 .
)
x∈Ω(Tc ,Cc ep

(11)

We use camera terms wC,c to balance contributions of
cameras. For this, we set wC,c for c ∈ {1, 2} such that the
sum of weights over all points per camera yields a constant:
wC,c ·

wD (x;Cc ep,..)wR,c (x;Cc ep ) = constant.

(12)


x∈Ω(Tc ,Cc ep
)

C. Template trimming
For robustness, we normally do not use a template in its
entirety for an alignment move. This is because a template
reﬂects the appearance of the head at some moment in time,
and over time appearance may change locally, for example,
as a result of a change of facial expression or a temporary
occlusion. For this reason, we normally omit areas of large
local changes from a template. Here we call this trimming.
In order to judge where local changes may have occurred,
we compare a template T with a reference image I  of the
same camera at another time moment. For this, we use the
pose estimate p that was already computed for image I  . For
each template point x, we compare its appearance T (x) and

the appearance I  (W(x;Cep’ )) at its projected location in I  .
We omit x as outlier from the trimmed version if

For all other inputs, we perform two alignment moves in
succession to produce the output pose. We refer to them as
the approach move and the reﬁnement move, respectively. The
approach move uses trimmed versions of the current templates.
For input i, the trimming reference is input i−2 (which is the
input preceding the input from which the current templates are
extracted). The reﬁnement move uses trimmed versions of a
pair of key templates. For the trimming of key templates, we
use input i−1 as reference.
The purpose of the reﬁnement move is to reduce drift. Its
use is partly similar to re-registration as mentioned (without
detail) in [20]. Our method for drift reduction here is almost
the same as in the ﬁrst extension for drift reduction of [16].
While tracking, we store a limited number of templates as
key templates, and we re-use them later to reﬁne poses for
output and thereby correct accumulated alignment errors. For
a pair of key templates, we also store the pose that was used
to extract them. Below, we refer to this pose as the key pose
that corresponds with the key templates.
For storage of key templates, we use the following rule.
After initialization, we store the current templates as the ﬁrst
pair of key templates. During tracking, we store a new pair of
current templates if their corresponding key pose is far from
all the key poses that have already been stored.
For a formal deﬁnition of ‘far from’ for a pose p and a key
pose p, we introduce a boolean condition close(p,p ;f ) with
a threshold parameter f . This condition is deﬁned as:




|angle(e−p ep’ )| ≤ α ∧ |dist(e−p ep’ )| ≤ f ·ρ,

(14)

D. Complete dual-camera tracking algorithm

where angle and dist denote rotation angle and translation
distance, α = 10 degrees, and ρ equals half the head width.
We then deﬁne ‘far’ for key pose storage as ¬ close(p,p ;2).
For usage in a reﬁnement move, we search for a pair of
stored key templates with a key pose that is close to the
estimated pose resulting from the approach move. This is
based on the intuition that the appearance of the head in key
templates can only resemble the appearance in the input if
the corresponding poses are close. Here, we formally deﬁne
‘close’ as close(p,p ;1). If more than one key pose is found,
we select the most recent one. In the rare cases where none
is found, we select the key templates based on minimizing an
ad-hoc alternative measure for the proximity of a pose and a
key pose.

The tracking algorithm sequentially inputs pairs of images
and it maintains an internal variable for the estimated head
pose in the most recent input. After a new input, the pose
variable is updated by one or two alignment moves, and the
resulting value is the output pose for this input. Internally, this
output pose is also used to extract a pair of templates from
the corresponding input images. For convenience, we call this
pair the current templates.
For the ﬁrst input, we assume that its output pose results
from initialization by face detection, etc. This initialization
also yields the speciﬁcation of the un-posed head surface.
For the second input, the output pose is updated by one
alignment move. This move uses the current templates.

V. E XPERIMENTS
A. Dataset and evaluation criteria
For our experiments, we used two types of dual-camera
sequences recorded at Máxima Medical Center Veldhoven.
The ﬁrst type show infants in bed, with a tube and plasters
and occasionally a paciﬁer. They were captured during 24-hour
reﬂux monitoring for GERD, partly in visual light and partly
in infrared. For quantitative evaluation, we selected 5 short
episodes with signiﬁcant motion, changes of facial expression,
and partial occlusions.
The second type of sequences show realistic anatomical
dummies of very young infants in motion, captured in visual


p’

I  (W(x;Ce ))−T (x)∞ > max(min(b·σ, d),m ),


(13)



where σ and m are deﬁned as in (11) with I and p primed
and using L∞-norm. This is similar to outlier removal for
intensity appearance in [20], but we use max-min functions
because dense-HOG appearances are normalized vectors.
Threshold b · σ  (with b = 1.5) is based on robust statistics
as in [20] (for low-median cases), threshold d (with d = 0.35)
avoids inappropriately high values (for mid-median cases), and
m guarantees that never more than half of the template is
omitted (for high-median cases).
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Fig. 2: Tracking results for sequence 13: top = head angle θ; mid = key index (index of key templates used for reﬁnement); bottom = maximum ELE.

light in the same hospital beds. In these videos the dummies
are manipulated to move the head in a trajectory that rapidly
covers a large range of realistic poses, while trying to avoid
frequent repetition of poses. For quantitative evaluation, we
selected 9 short videos, featuring 2 dummies with different
versions (with/without tube and plasters, and with/without
paciﬁer).
In our tracking experiments, all inputs consisted of pairs of
distortion-corrected downscaled gray-level images with 960×
540 pixels at 30 fps.
For judging tracking quality, we concentrate on the face
because it is the part of the head that is most relevant in the
context of our monitoring system. For this, we select, for every
pose, from every pair of images one image as the face-view
image for that pose. This is deﬁned as the image with the
smallest head angle. Here the concept of the head angle θc (p)
for a pose p and a camera c is deﬁned as the angle of rotation
from pose p to a pose that is upright-frontal with respect to
camera c (note that a single θc -value can correspond with many
rotation axes and therefore with many combinations of yaw,
pitch and roll).
For qualitative judgment, we usually consider the face in
a normalized version of the face-view image (NFV). This

view is obtained by projecting the visible head texture into
an image that corresponds with a virtual camera positioned
upright-frontally before the head.
For quantitative judgment, we consider two landmarks in
the NFVs that are related to the eyes. For these, we choose
the left and right endocanthion points, because they can be
identiﬁed consistently for both open and closed eyes. For
ground truth, endocanthion annotations in input images are
reverse-projected as 3D points on the head and then NFVprojected. We compare them with NFV-projections of ﬁxed
3D references, viz. the reverse-projected annotations of the
ﬁrst image of the sequence. As comparison metric, we use
the endocanthion location error (ELE), deﬁned for an NFV
as the distance between locations of same-eye endocanthion
points divided by the innercanthal distance for the ground
truth in the NFV of the ﬁrst face-view image. This metric
allows to compare results for different sequences, as well as
alternative ground-truth annotations. We use annotations made
at full camera resolution in each 10-th frame, or 13 sec.
Note that the ELE metric deﬁned here differs from that in
[15] [16], which is based on eye centers with location errors
divided by the eye-center distance. Elsewhere, e.g. in [18],
location errors of landmarks are divided by the outercanthal

TABLE I: Tracking accuracy.
nr.

time

1
2
3
4
5
6
7
8
9
10
11
12
13
14

24s
31s
1m06s
19s
1m12s
24s
44s
43s
46s
1m07s
1m03s
51s
44s
1m13s

ELE
mean max

type

light

extras

0.279
0.294
0.164
0.288
0.070
0.078
0.107
0.045
0.119
0.272
0.090
0.175
0.189
0.210

infant 1
infant 1
infant 2
infant 2
infant 2
dummy 1
dummy 1
dummy 2
dummy 1
dummy 1
dummy 2
dummy 1
dummy 1
dummy 1

infrared
infrared
visual
visual
infrared
visual
visual
visual
visual
visual
visual
visual
visual
visual

tube/plaster/paciﬁer
tube/plaster/paciﬁer
tube/plaster
tube/plaster
tube/plaster

0.825
1.073
0.369
0.538
0.255
0.204
0.230
0.091
0.278
0.623
0.355
0.710
0.514
0.787

paciﬁer
paciﬁer
tube/plaster
tube/plaster/paciﬁer
tube/plaster/paciﬁer
tube/plaster/paciﬁer

Note: mean/max ELE are over all left and right endocanthion points with
ground truth, but excluding images for which head angle θ ≥ 40 degrees.

Given the practical situation of our case study with infants, it
can be concluded that the ELE of below 0.3 is sufﬁciently low
to sustain the tracking. This is in alignment with our earlier
qualitative observations on consistently good tracking from
many experiments. More speciﬁcally, the 3D pose information
obtained is reliable enough to enable and support landmark
localization in the context of our monitoring system.
VI. C ONCLUSIONS
Fig. 3: Examples of tracking results in cropped versions of paired inputs. The
overlay dots indicate the front half of the clipped-ellipsoid surface. Green dots
denote the visible part, yellow dots denote the invisible part. (top = sequence
3; mid = sequence 8; bottom = sequence 12.)

distance. Such divisors would yield roughly 2 and 3 times
smaller numbers here, respectively.
B. Tracking results
Our qualitative impression from many experiments with
both types of sequences is that tracking is consistently good,
for both visual light and infrared light.
Figure 2 gives an example of tracking, showing results for
an input sequence that features an anatomical dummy. In this
ﬁgure, the θ-graph illustrates the fast head motion. The index
graph illustrates that the head pose does not often return near
values from much earlier on, as new values for the key index
are added steadily. The ELE graph shows that the errors are
largest when the face is completely turned away (with head
angle up to 127 degrees) from Camera 1, which is the camera
of the initial face-view image.
We have excluded ELE values for poses with head angles
θ ≥ 40 degrees. This is because of an artifact of ELE
computation, which is due to the fact that the 3D reference
points derived from an image of a sequence, do not usually
coincide with the true 3D endocanthion points. This causes
ELE offsets that increase disproportionally for increasing θ.
Table I shows quantitative results on selected videos. All of
these sequences are challenging, as illustrated by Figs. 1 and
3, and for all of them the mean ELE remains below 0.3.

We have presented a new algorithm for dual-camera 3D
head tracking, using a clipped-ellipsoid rigid head model and
3D head pose recovery. The algorithm employs joint alignment
of paired templates based on dense-HOG features. In the
algorithm, template pairs are dynamically extracted and a
limited number of template pairs are stored and re-used for
drift reduction.
We have also evaluated the algorithm on video sequences
of infants in bed in a hospital, captured in visual light as well
as in near-infrared light, and also on sequences of realistic
anatomical dummies of very young infants. Results show
consistently good tracking behavior. For challenging video
sequences, the mean tracking error in terms of endocanthion
location error relative to the innercanthal distance remains
below 30%. This error has proven to be sufﬁciently low for
3D head tracking in the context of infant monitoring.
With this performance, the proposed algorithm is able to
provide reliable 3D pose information that can be used to
support landmark localization for infant face analysis. This
support allows to circumvent the problem of absence of sufﬁcient facial data of infants addressing the practical conditions
of clinical monitoring (e.g. nighttime, paciﬁers, etc.). This
absence has been preventing the use of state-of-the-art deeplearning-based techniques.
The experiments have shown that the stand-alone problem
of 3D head tracking can be solved with the proposed algorithm, as it can handle all tracking challenges for clinical
infant monitoring (e.g. lack of texture, occlusions, etc.). For
this reason, the proposed algorithm is used successfully in an
infant monitoring system under development.
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