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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. The minimization 
problem is made analytically tractable by approximating 
the error function using a second-order Taylor 
expansion. The displacement between two successive 
frames is computed in an iterative fashion using gradient 
descent. The improved reliability of the proposed 
method is illustrated by its application in the extraction 
of temporal motor activity signals from video recordings 
of neonatal seizures. 

successive frames is estimated by minimizing an error 
function defined in terms of the intensity functions at these 
frames. In the proposed procedure, the error function is 
approximated by using a second-order Taylor expansion for 
the intensity function at the next frame. The proposed 
feature tracking method is used to extract motor activity 
signals from video recordings of neonatal seizures. 
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  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. Focal clonic and myoclonic seizures are 
manifested as repetitive and rapid movements of the infants’ 
extremities, respectively [1], [5], [6], [10]. Figure 1 depicts a 
single frame containing the sketch of an infant’s body with 
four selected anatomical sites. In this particular 
configuration, XLL and YLL 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 XRL and YRL, 
XLH and YLH, and XRH and YRH, 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 XLL(t) and YLL(t) for the left leg, the signals XRL(t) 
and YRL(t) for the right leg, the signals XLH(t) and YLH(t) for 
the left hand, and the signals XRH(t) and YRH(t) for the right 
hand. For a given set of anatomical sites, each seizure will 
produce signature signals depending on its type and 
location.  

I. INTRODUCTION 
 
 Feature tracking is an essential operation in many 
applications involving video surveillance. The problem is to 
track a feature (i.e., a block of pixels) throughout a sequence 
of frames. A typical application involving feature tracking is 
the extraction of temporal motor activity signals from video 
recording of neonatal seizures [2], [3]. These signals can be 
obtained by projecting to the horizontal and vertical axes an 
anatomical site located at a moving body part that may be 
affected by a seizure. Feature tracking can be performed by 
the KLT algorithm, which was developed to track “good 
features” throughout a frame sequence [4], [8]. 
 The KLT algorithm was utilized recently to extract 
motor activity signals from video recordings of neonatal 
seizures [2], [3]. Although the KLT algorithm was generally 
successful, in some cases the algorithm lost features that 
were located at moving body parts tracked throughout the 
frame sequence. A feature was lost when the error function 
computed between two successive frames assumed a value 
higher than a certain threshold. The susceptibility of the 
KLT algorithm to “lost features” was dealt with by tracking 
a sufficiently large number of features within a 
predetermined radius from the selected anatomical site.   
 This paper proposes a new procedure for estimating the 
location of a feature in the next frame of the video 
recording. The displacement of the feature between two  
       

III. FEATURE TRACKING 
 

Consider a frame sequence { ( , )}I tu , where 
,  denotes the transpose of a vector a, T[ ]u x y= Ta x  and 

 are the coordinates of a pixel in the frame. It is assumed 
that the intensities of small frame regions are displaced but 
their intensities remain the same, that is,  
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and  
   ( , ) ( , )[

W

I t I t τ= − +∑e g u u ] .      (8) 

The displacement d can be updated several times in order to 
reduce the error ε . A feature is typically rejected if the error 
ε  resulting after several updates is higher than a certain 
threshold.  
 

IV. A NEW FEATURE TRACKING METHOD 
 
 The approach employed by the KLT algorithm for 
estimating the displacement d can be improved by 
minimizing the same error ε , defined in (2), but using a 
better approximation for ( , t )I τ+ +u d . More specifically, 
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Figure 1: Extraction of temporal motor activity
signals by projecting four selected anatomical sites to
the horizontal and vertical axes. 
( ,I t )τ+ +u d  can be approximated by using a second-order 
Taylor expansion about u  as 

 

 ( , ) ( , )I t I tτ+ + =u d u ,        (1) 
T T1( , ) ( , )

2
I t I tτ τ+ + = + + +u d u g d d Hd ,   (9) here  is the displacement vector. The 

ondition in (1) is valid under the assumption that motion 
an be approximated by pure translation. This assumption is 
alid only for sufficiently high temporal sampling rates. 
racking of a feature (i.e., a block of pixels) requires the 
evelopment of a procedure for estimating the displacement 
 of the feature between two successive frames from the 
ixel intensities in these frames. The procedure employed by 
he KLT algorithm for feature tracking was developed by 
inimizing the error [4], [8] 

T[ x yd d=d ]
where H is defined in terms of 2 2
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Using this approximation, the error ε  defined in (2) takes 
the form 

 21 ( , ) ( , )
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The gradient ε∇d  of ε  with respect to d is  

    T T1( , ) ( , ) ( )
2

 [ ] 
W

I t I tε τ∇ = + − + + +∑d u u g d d Hd g Hd .     (12) here  is a window centered at the pixel whose 
isplacement d is estimated. The minimization of 

W
ε  was 

ade analytically tractable by approximating 
( , )I t τ+u d +  using a first-order Taylor expansion as 

4], [8] 
   I t ,       (3) T( , ) ( , )I tτ τ+ + = + +u d u g d

here T =   [ x y ]I Ig  and  = xI I x∂ ∂ ,  = yI I y∂ ∂ . Using 
his approximation, the error defined in (2) becomes  

 T 21 ( , ) ( , )
2

[
W

I t I tε τ= + − +∑ u u g ]d .      (4) 

In this case, d cannot be obtained directly by solving the 
equation ε∇ =d 0 . Instead, d can be obtained in an iterative 
fashion by minimizing the error ε  using gradient descent. 
According to such an approach, the new value d of the 
displacement vector d after each iteration can be obtained in 
terms of the value d of d produced by the previous 
iteration as 

new

old

    old
new old α ε= − ∇d d=dd d ,     (13) 

he displacement vector d can be obtained in terms of the 
radient ε∇d  of ε  with respect to  by solving the 
quation 

d
where ε∇d  is the gradient in (12) and α is the step size. 
  

V. EXPERIMENTAL RESULTS 
      ∇ = .        (5) T( , ) ( , )[ ]

W

I t I tε τ+ − + =∑d g u u g d 0  
 Figures 2 and 3 show the motor activity signals 
extracted from the video recordings of neonatal seizures by he equation (5) can also be written as  
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utilizing the feature tracking method employed by the KLT 
algorithm, a feature tracking method employing a first-order 
Taylor expansion and gradient descent for minimization and 
a feature tracking method employing a second-order Taylor 
expansion and gradient descent for minimization. The 
locations of the moving body parts during the clinical event 
are shown in representative frames of each video recording. 
The frames of the video recordings shown in Figures 2 and 3 
can be used as a reference to verify the consistency of the 
temporal signals with the corresponding clinical events. The 
values of the signals corresponding to the frames shown at 
the top of each figure are indicated by dots, while the 
moving body part in each video recording is shown within a 
box. 

In the myoclonic seizure shown in Figure 2, the infant’s 
left leg moves to the right of the frame between frames 10 
and 16 (Figure 2 shows only frame 14). This movement was 
captured by both feature tracking methods that relied on 
gradient descent for minimization. The same two methods 
captured the movement of the left leg toward the top of the 
frame, as indicated by the temporal motor activity signals 
obtained as the projection of the feature tracked to the 
vertical axis. However, the motor activity occurring between 
frames 10 and 16 is not shown in Figure 2(b), which was 
produced by using the feature tracking method employed by 
the KLT algorithm. The reason is that the feature located at 
the infant’s left leg was lost by this feature tracking method 
after frame 13. In fact, the feature tracked by this method 
after frame 13 was located at the bed and remained almost 
fixed throughout the sequence; this explains the flat motor 
activity signals shown in Figure 2(b). The infant’s left leg 
remains at an almost fixed position between frames 50 and 
150. In this time interval, the temporal motor activity signals 
produced by the two feature tracking methods based on 
gradient descent are almost flat. In the case of myoclonic 
seizures, the temporal motor activity signals are consistent 
with the “jerky” movements that are the typical signatures of 
such events. 

Figure 3 shows the temporal motor activity signals 
produced by the feature tracking methods tested in the 
experiments for a focal clonic seizure affecting the infant’s 
right leg. Figure 3 indicates that the temporal signals 
produced by all three feature tracking methods capture and 
quantify the rhythmicity that is the signature characteristic 
of focal clonic seizures. In fact, all these methods were 
successful in tracking the feature located at the infant’s right 
leg. However, the three feature tracking methods produced 
different measurements of motor activity as indicated by the 
different amplitudes of the temporal signals representing 
motor activity along the vertical direction. In fact, the 
feature tracking method employed by the KLT algorithm 
produced the motor activity signals of the smallest 
amplitude. On the other hand, the motor activity signals with 
the largest amplitude were those produced by the feature 
tracking method relying on a second-order Taylor expansion 
for approximation and on gradient descent for minimization. 

Frame-by-frame visual inspection of the video recording 
indicated that the feature tracked moved considerably along 
the vertical direction between frames 60 and 160. This is 
consistent with the motor activity signals produced by the 
feature tracking methods based on gradient descent and 
shown in Figures 3(c) and 3(d). 
 

VI. CONCLUSIONS 
 

This paper introduced a new method for tracking 
features in video. The proposed method relies on a pure 
translation motion model and 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. The minimization problem was made 
analytically tractable by approximating the error function 
using a second-order Taylor expansion. The displacement 
was computed in an iterative fashion using gradient descent. 
The proposed method was evaluated and compared with 
other feature tracking methods on the extraction of temporal 
motor activity signals from video recordings of neonatal 
seizures. The experiments indicated that the proposed 
method outperformed considerably two alternative feature 
tracking methods that rely on a first-order Taylor expansion 
to approximate the error function. This experimental 
outcome indicates that the superiority of the proposed 
method can only be attributed to the approximation of the 
error function by means of a second-order Taylor expansion. 
An interesting problem for future research is to combine the 
proposed treatment of the minimization problem with a 
motion model that is more sophisticated than the pure 
translation model considered in this paper. This can be 
accomplished by employing rigid or deformable motion 
models [7], [9]. 
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Figure 2: (a) Selected frames of a video recording of a 
myoclonic seizure affecting the infant’s left leg, (b) motor 
activity signals produced by the feature tracking method 
employed by the KLT algorithm, (c) motor activity signals 
produced by a feature tracking method employing a first-
order Taylor expansion and gradient descent for 
minimization, and (d) motor activity signals produced by a 
feature tracking method employing a second-order Taylor 
expansion and gradient descent for minimization. 
 
 

 
Frame Number: 0 Frame Number: 45 Frame Number: 100 

 
(a) 

(b) 

(c) 

(d) 

Y
RL

(t)

X
LL

(t)

Y
LL

(t)

X
R

L
(t)

Y
R L

(t)

X
RL

(t)

Y
R L

(t)

X
RL

(t)

(t)

Y
LL

(t)
(t)

X
LL

(t)

Y
LL

X
LL

Figure 3: (a) Selected frames of a video recording of a focal 
clonic seizure affecting the infant’s right leg, (b) motor 
activity signals produced by the feature tracking method 
employed by the KLT algorithm, (c) motor activity signals 
produced by a feature tracking method employing a first-
order Taylor expansion and gradient descent for 
minimization, and (d) motor activity signals produced by a 
feature tracking method employing a second-order Taylor 
expansion and gradient descent for minimization. 
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