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Extraction of Temporal Motor Activity Signals From Video Recordings of
Neonatal Seizures By Feature Tracking Methods Based on Rigid Motion Models
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Abstract—This paper presents a new method for tracking
features in video. This method estimates the
displacement of a feature between two successive frames
by minimizing an error function defined in terms of the
feature intensities at these frames. Feature tracking relies
on a rigid motion model, which allows for translation,
rotation and uniform scaling of the feature tracked from
one frame to the next. The proposed feature tracking
method is used to extract motor activity signals from
video recordings of neonatal seizures.
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I. INTRODUCTION

Identification of seizures in the newborn initiates a
prompt evaluation for a wide range of etiologies and,
whenever possible, treatment of the underlying pathological
processes [2], [6], [10]. Video recording is typically used
with synchronized EEG and other polygraphic measures to
analyze the characteristics of a seizure after its recording [1],
[6], [7]. Post-seizure analysis in the neonate can facilitate the
classification of the event as epileptic or nonepileptic,
determine the type of the ictal event (e.g., clonic, tonic,
myoclonic, and spasms), and reveal the precise sequence of
motor components within a single seizure.

Motor activity due to neonatal seizures was quantified in
a recent study by extracting temporal motion strength and
motor activity signals [3], [4]. Temporal motor activity
signals can be extracted from video by projecting to the
horizontal and vertical axes an anatomical site located at a
moving body part that may be affected by a seizure. The
anatomical sites located at moving body parts were tracked
in this study by employing the KLT algorithm, which
determines the location of a feature in the next frame by
estimating its displacement between two adjacent frames
based on a motion model involving pure translation [5], [9].
The study outlined in this paper focused on the development
of a feature tracker based on a rigid motion model that can
be used to track features that may be translated, rotated, and
uniformly scaled from one frame to the next.
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II. EXTRACTION OF TEMPORAL MOTOR ACTIVITY
SIGNALS FROM VIDEO

Figure 1 illustrates the mechanism that can be used for
generating temporal signals tracking the movements of
different parts of the infant’s body during focal clonic and
myoclonic seizures [4]. Figure 1 depicts a single frame
containing the sketch of an infant’s body with four selected
anatomical sites. In this particular configuration, X;; and
Y. represent the projections of the site located at the left leg
to the horizontal and vertical axes, respectively. The
projections of the sites located at the right leg, left hand, and
right hand are denoted by Xy, and Yy, Xiy and Yy, and
Xruy and Ygry, respectively. As the infant moves its
extremities, the locations of the sites in the frame will
change, as will the projections of the sites to the horizontal
and vertical axes. Recording the values of the projections
from frame to frame of the videotaped seizure will generate
four pairs of temporal signals, namely the signals X (t) and
Y. (t) for the left leg, the signals Xgi(t) and Yg.(t) for the
right leg, the signals X x(t) and Ypu(t) for the left hand, and
the signals Xgpu(t) and Ygu(t) for the right hand. For a given
set of anatomical sites, each seizure will produce signature
signals depending on its type and location.

I1. RIGID MOTION MODELS
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u=[x y]",a" denotes the transpose of a vector a, x and y

Consider a frame sequence where

are the coordinates of a pixel in the frame, and /(u,?)
represents the intensity of the pixel from frame ¢ located at
(x,y). Let I(v,t+7) be the intensity of a small region (i.e.,
a feature) at frame 7+ 7, where v = f(u) represents the new
coordinates of the pixels within this region at frame 7+7 .
The function f(.) determines the model of motion

employed for feature tracking.
Consider the linear model
v=u+Au + d,, €))

where A e R**? and d, = [dx d, ]T. The pure translation
model is a special case of a linear motion model (1), which
corresponds to A =0. The linear model (1) implements
translation and a proper rotation if A satisfies the
constraints ATA =1, anddet A=1. The linear model (1)
implements translation, rotation, and uniform scaling if A
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Figure 1: Extraction of temporal motor activity signals
by projecting four selected anatomical sites to the
horizontal and vertical axes.

satisfies the constraints ATA =1 and det A = s> , Where s
is the scaling factor. These constraints are satisfied by

A =sR(0), where
cosd Fsind
R(@) = . 2
©) {isinﬁ } @

If A=s5R(0), then the motion of the pixels within the
tracked described by the

z:[@s d, dy]T, which is formed in terms of the

cos@

feature can be vector

parameters of the motion model.

It is assumed that, under the linear motion model
v=u+Au+d,, the intensities of the pixels within the
feature tracked remain the same, that is,

(z+9dz,t+7)=1(z,1). 3)

The assumption is valid only for sufficiently high temporal
sampling rates.

IV. FEATURE TRACKING

Tracking of a feature (i.c., block of pixels) throughout a
sequence of frames requires the development of a procedure
for estimating the unknown vector Oz between two
successive frames in terms of the pixel intensities in these
frames. This can be accomplished by minimizing the error

(51, [9]
g:%ZW: [I(z+§z,t+r)—1(1,f)]2’ “4)

where W is a window located at the center pixel of the
feature tracked. The minimization of & can be made

analytically tractable by approximating /(z+ Jz,t+ ) using
a first-order Taylor expansion about z as

Page 2 of 4

I(z+6z,t+7) = I(z,t+7) + g," 5z, (5)
where g, = V, I(z,t+7r) denotes the gradient of /(.) with
respect to z , defined as

T
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Using this approximation, the error defined in (4) becomes
g:lZ[l(z,tﬂ)—l(z,tngT sz]*. 7)
25

The unknown vector 6z can be obtained by solving the
equation

Vae=2 g [l -1@n+g, s2]=0. (8
w

The equation (8) can also be written as
Gdoz=e, )
where

G=>1gz8, . (10)
w

and

e=> g, [I(z.)-1(z.t+0)]. (11)
w

The estimate oz obtained by solving (9) may not be
particularly accurate. An alternative approach is to minimize
the error in (7) by using an iterative optimization procedure,

such as the Newton-Raphson method. In such a case, the

"W of the unknown vector oz is obtained

in terms of the current estimate 5z°¢ as
Id -1
62" =62 -H Vg,¢, (12)

where V5,6 =—(e—Goz) is the gradient of & with respect

new estimate Oz

to 0z, and H is the Hessian matrix. For the error function
defined in (7), the Hessian matrix can be obtained as

H=G=Yg, g . (13)
w

ForVs,e=—(e—Gdoz) and H' =G™', the update equation
(12) becomes

52" =G le. (14)
In this particular case, each iteration of the Newton-Raphson
method is equivalent to solving the equation (9).

IV. FEATURE TRACKING BASED ON RIGID MOTION
MODELS
Consider the rigid motion model v=u+sR(@)u+d,.
Since v=¢(u,z),
V I(zt+7)= V,(v)" V I(v,t+7), (15)
where

V,(v)=

ov Ov Ov ov . (16)
00 os od, ad,



The gradient V I(v,t+7) can be computed in terms of the
gradient g, = V, I(u,?), defined as
Ter ar7'
(2 2
This can be accomplished by using (3), which can also be
written as

(a7

I(v,t+7)=1(u,1). (18)
Since v =¢(u,z), taking the gradient with respect to u of
both sides of (18) gives

V.V V I(v,t+7)=V I(u,1), (19)
where
oV ov
V,(v)= {E 5}. (20)
Since v=u+sR(Au+d,, V,(v)=I+sR(F). Thus,
(19) gives
V Iv,t+7)=[1+sR@)"'1" g,. (21)

The gradient g, =V, I(z,t+7)
combining (21) and (15) as

can be obtained by

g, =[A+sR@O)'V,(]" g,. (22)
For v=u+sR(#)u+d,, it can be shown that
1
I+sR@O)]'V,(v)=———[h, h, h, h,],
[ OV s2+2500549+1[1 2 B ]
(23)
where
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V. EXPERIMENTAL RESULTS

Figures 2 and 3 show the motor activity signals
extracted from the video recordings of neonatal seizures by
utilizing the feature tracking methods based on pure
translation and rigid motion models. The locations of the
moving body parts during the clinical event are shown in
representative frames of each video recording. The values of
the signals corresponding to the frames shown at the top of
each figure are indicated by dots, while the features tracked
in each video recording are indicated by a box.

Figure 2 shows the temporal motor activity signals
produced for a myoclonic seizure affecting the infant’s right
foot by a feature tracking method relying on a pure
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translation and the feature tracking method developed in this
paper based on a rigid motion model. Both methods
identified significant motor activity along the horizontal
direction around frame 160. Frame-by-frame inspection of
the video recording indicated that there was no substantial
motor activity outside a short interval in the neighborhood of
frame 160. Thus, the fluctuations of the motor activity
signals outside this interval are indeed artifacts of the feature
tracking methods. Nevertheless, the appearance of such
fluctuations in the motor activity signals does not actually
affect the quantification of substantial motor activity that
may be due to seizures. In fact, the signals quantifying motor
activity along the horizontal direction are consistent with the
rapid and “jerky” motion due to the myoclonic seizure.

Figure 3 shows the temporal motor activity signals
produced by the two aforementioned feature tracking
methods tested on the video recording of a focal clonic
seizure affecting the infant’s right leg. Both feature tracking
methods identified substantial motor activity along the
vertical direction. However, the two methods produced
different motor activity signals especially after frame 150.
Frame-by-frame inspection of the video recording indicated
that the motor activity signal produced by the proposed
feature tracking method constitutes a better representation of
the actual motor activity after frame 150. Regardless of their
differences, the motor activity signals shown in Figure 3
captured the rhythmicity that is the signature characteristic
of focal clonic seizures.

VI. CONCLUSIONS

This paper introduced a new feature tracking method for
video. This method relies on a rigid motion model that can
track features subjected to translation, rotation, and uniform
scaling between two successive frames. The proposed
feature tracking method is the essential generalization of
feature tracking methods relying on a pure translation model.
In terms of its computational requirements, the proposed
feature tracking method is a compromise between feature
tracking methods that rely on pure translation motion models
and those relying on affine motion models [8]. On the other
hand, the proposed method would not be capable of tracking
features that may be deformed from one frame to the next.
Nevertheless, it seems that this shortcoming is not
particularly significant for the extraction of temporal motor
activity signals from video recordings of neonatal seizures.
The reason is that the features tracked in this application
typically occupy a relatively small region located at the
infant’s moving body part. This implies that this application
may not require sophisticated motion models to quantify the
motion of the features tracked between successive frames.
This argument is also supported by the outcome of the
experiments reported in this paper, which revealed that there
are no significant differences between the motor activity
signals produced for the video recordings of two neonatal
seizures by the feature tracking methods relying on
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Figure 2: (a) Selected frames of a video recording of a
myoclonic seizure affecting the infant’s right leg, (b) motor
activity signals produced by the feature tracking method
relying on a pure translation model, (c) motor activity
signals produced by a feature tracking method relying on a
rigid motion model.

pure translation and rigid motion models. The comparison of
these feature tracking methods is the focus of a major study
currently under way, which involves their testing on a large
database of video recordings of neonatal seizures and other
normal and abnormal infant behaviors not due to seizures.
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