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Abstract—This paper presents two methods developed to ex- ill and require continuous bedside care. Neonatal seizures are
tract quantitative information from video recordings of neonatal  often brief and may not be recognized since nurses and physi-
seizures in the form of temporal motion strength and motor ac- ¢iang cannot provide continuous surveillance of all infants in

tivity signals. Motion strength signals are extracted by measuring . . - .
the area of the body parts that move during the seizure and the the neonatal intensive care unit. In addition, although neonatal

relative speed of motion using a combination of spatiotemporal intensive care unit nurses are highly trained in many aspects of
subband decomposition of video, nonlinear filtering, and segmen- care, there is significant variability in the level of skill and expe-
tation. Motor activity signals are extracted by tracking selected rience in seizure recognition among nurses. These factors illus-
anatomical sites during the seizure using a modified Version yate the clear need for improved seizure surveillance methods
of a feature-tracking procedure developed for video, known as - . L
the Kanade—Lucas—Tomasi (KLT) algorithm. The experiments thatsupplemgntdlrect observ_anon by nurses and physmlaps and
indicate that the temporal signals produced by the proposed thatare practical and economically feasible for routine use in the
methods provide the basis for differentiating myoclonic from focal neonatal intensive care environment.
clonic seizur_es and distin_guishing these types of neonatal seizures Early attempts to characterize neonatal seizures involved
from normal infant behaviors. primarily bedside observation and relatively brief electroen-
Index Terms—Focal clonic seizure, motion strength signal, cephalogram (EEG) recordings. The more recent development
motor activity signal, myoclonic seizure, neonatal seizure, spa- of portable EEG/video/polygraphic monitoring techniques
tiotemporal video decomposition, temporal feature tracking, video  4)5\ys investigators to assess and characterize neonatal seizures
processing and analysis. : ) ) ) ;
at the bedside and permits retrospective review [17]. Investiga-
tions using these techniques have confirmed that the majority
I. INTRODUCTION of neonatal seizures are either electroclinical (electrographic
EONATAL seizures are often the first and, in Somfg:'d F:Iinical feature; that are ter_nporally linked) or glinical only
linical features with no consistent electrographic correlate)

situations, the only clinical sign of central nervous syste )
dysfunction in the newborn. Identification of seizures in the character [27], [29], [49]. The;e Fechnlques are gengrally
ed for only a few hours of monitoring and are not routinely

newborn initiates a prompt evaluation for a wide range e . : .
etiologies and, whenever possible, treatment of the undg]y_gnable in many centers. Most research involving neonatal

lying pathological processes. In some situations, antiepilepﬁg'zur.es _has focused on anglygs of EE.G features and ho
medication is provided to diminish the likelihood of recurrenf)vestigations have used quantitative techniques to characterize

seizures and to lower the risk of physiologic instability durin isual features. This observation contrasts with the fact that the

seizures. The presence of seizures may also affect progna %ority of seizures in the newborn are clinically expressed,

particularly with regard to neurodevelopmental sequelae afi ter vtwt: %r without an elegtrogrlaphlc S|gnatur|e. TthJs, d
risk for certain forms of epilepsy. Thus, prompt recognition dgtutomated video processing and analysis may suppiement an

seizures by nursery personnel is important with regard to dia‘gfgtend human analysis of clinical seizure behaviors and may

nosis and management of underlying neurological problems! rovide new information leading to more useful classification

Despite the importance of seizure recognition, most neonaty gdmes. ding is tvoicall dwith hronized EEG and
intensive care units and nurseries have limited resources for’ Cc0 recordingistypically used with Synchronized =L an
ig'g er polygraphic measures to analyze the characteristics of a

ipical seizure after its recording [1], [3]-[5], [8], [10], [11],

171-[19], [22], [24], [28], [31]-[33], [35], [47]. This technique
is limited in terms of duration of recording and the availability of
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Most studies using video as a diagnostic tool for seizure chanovements between left and right extremities. These examples
acterization deal with problems associated with video recordingpresent common occurrences in the clinical setting and au-
itself. Synchronization has been one of the major practical diemated video techniques directed at analysis of specific com-
stacles for the simultaneous recording of EEG and motor gmnents of movement will contribute to a more objective and
tivity [11]. The synchronization problem has been overconguantitative analysis. In addition, these techniques may provide
by the development of integrated recording systems capabletwd basis for further work directed toward understanding the
recording motor activity as depicted on video, along with symathophysiology of certain seizure behaviors (epileptic versus
chronized EEG and projecting both on a split screen. nonepileptic mechanisms) and formulating more refined capa-

This paper presents video processing and analysis technigbiéites regarding prediction of outcome based upon the clinical
developed to extract quantitative information regarding the bpresentation of neonatal seizures.
havioral characteristics of neonatal seizures. More specifically,Recent developments in video processing and analysis re-
this paper describes two methods developed to extract tempaedrch can facilitate the analysis of neonatal seizures. These de-
motion strength and motor activity signals from video recordrelopments have been stimulated by the transition from analog
ings of neonatal seizures using a combination of spatiotempa@ldigital video, which is expected to expand the use of com-
subband decomposition of video and two-dimensional (2-[Puting devices into video processing and analysis. One of the
tracking of selected anatomical sites. major problems associated with video processing and analysis
is the huge amount of data involved. Nevertheless, video record-
ings of neonatal seizures are highly redundant since infants may
not move excessively in their beds while focal clonic and my-

The extraction of temporal motion strength and motor agclonic seizures affect specific parts of their bodies, such as
tivity signals from video recordings of neonatal seizures is tiieir extremities. Thus, the extraction of quantitative informa-
first step toward the development of an automated video piigen from video-taped seizures must focus only on the moving
cessing and analysis system for use in clinical settings [39].p&rts of the infant’s body that are relevant to the seizure. Quanti-
video system based upon automated analysis potentially offetgtve analysis of video-taped neonatal seizures requires the de-
number of advantages. Infants in the neonatal intensive care igtopment of mechanisms for tracking and quantifying motion
could be monitored continuously using relatively inexpensivé the infant’s body parts during the seizure. This can be accom-
and noninvasive video techniques that would supplement dir@dished by two different, but complementary, methods proposed
observation by nursery personnel. This would represent a mdjdithis paper.
advance in seizure surveillance and offers the possibility for ear-
lier identi.fication qf potential neurological problems and subm_ EXTRACTION OF TEMPORAL MOTION STRENGTH SIGNALS
sequent intervention. From a research perspective, automated
video processing and analysis holds great potential for refinedThe extraction from video recordings of quantitative infor-
characterization of clinical events. Characterization of clinicahation that is relevant only to the seizure can be accomplished
events has relied primarily upon visual analysis and consengysexploiting the redundancy typically found in video signals,
among pediatric neurologists, neonatologists, and clinical nexamely the redundancy between adjacent frames (interframe re-
rophysiologists regarding which paroxysmal behaviors repréundancy) and the redundancy within each frame (intraframe
sent clinical seizures. This has contributed to controversy medundancy). The intraframe and interframe redundancy can be
garding definitions of neonatal seizures and at times even skilletlized for identifying the infant's moving parts by performing
and experienced clinical neurophysiologists have different opispatiotemporal subband decomposition of the image sequences
ions regarding whether a specific behavior represents seiztivat compose the video recording. Subband decomposition al-
activity. lows the processing and analysis of signals, images, and image

Quantitative analysis using computerized video techniqussquences (i.e., video) at different resolutions from a set of fre-
may supplement and extend human analysis and may genecatency selective subbands [7], [13], [15], [16], [23], [34], [43],
novel methods for extracting relevant information from paroX46]. The spatiotemporal decomposition of an image sequence
ysmal behaviors. In certain types of neonatal seizure behavidregins with temporal decomposition, which is followed by spa-
refined analysis may shed light on specific motor activity patial decomposition of the resulting temporal subbands. Tem-
terns or attributes that constitute seizures, as compared wittral decomposition of image sequences is typically performed
repetitive behaviors that do not represent seizures and do hypta filter of length two, i.e., the shortest possible nontrivial
have the same clinical relevance. Development of a quantiféiter, in order to minimize the computational burden associated
tive, computerized method could lead to a more rigorous defith temporal filtering. Spatial decomposition is typically per-
inition of neonatal seizures and could uncover key motor sigprmed by longer wavelet filters in order to improve the fre-
natures that are not recognized using traditional visual angliency selectivity of the resulting subbands.
ysis or limited monitoring of body/limb motion by EMG or ac- Fig. 1 illustrates an 11-band spatiotemporal subband decom-
celerometry. Specific examples include: 1) the differentiation gbsition of a video signal. In the temporal decomposition phase,
focal clonic seizures from other repetitive movements such e frames of the image sequence are passed block-by-block
tremor or semirhythmic nonpurposeful movements and 2) thigough a filter bank containing a low-pass temporaP()
assessment of movement characteristics in myoclonic seizufétgr and a high-pass temporaHP) filter. If temporal de-
such as amplitude and velocity of movements and synchronyaafmposition is performed by a filter of length two, each block

Il. VIDEO PROCESSING ANDANALYSIS OF NEONATAL SEIZURES
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Fig. 1. Spatiotemporal subband decomposition of image sequences based on wavelets.

contains two consecutive frames of the sequence. Therefasepnce again followed by downsampling by a factor of two.
the temporal filtering results in two subbands: the low-pag%is sequence of operations completes one level of spatial
temporal (LPT) subband and the high-pass temporal (HPd@composition of the LPT and HPT subbands. If necessary, the
subband. The LPT subband is computed by averaging twesulting subbands can be further decomposed. As an example,
successive frames of the image sequence and carries low Figr. 1(a) describes an additional level of spatial decomposition
quencies. The HPT subband represents the difference betwekthe subband produced by thé,, LP,, andLP, filtering

two successive frames and thus, can be used to detect mjerators. Fig. 1(b) shows the 11 subbands produced by the
tion. In the spatial decomposition phase, each of the LRBpatiotemporal decomposition scheme described in Fig. 1(a).
and HPT subbands is passed through a filter bank which p&he LPT subband produces seven subbands after two levels
forms low-pass filtering along the horizontal dimensi@®() of spatial decomposition. Subbands 5, 6, and 7 result directly
and high-pass filtering along the horizontal dimensiéi*{). from the first level of spatial decomposition. Subbands 1-4
Low-pass and high-pass filtering is followed by downsamplingre the result of the second decomposition level applied on the
by a factor of two. Each of the resulting subbands is passepper-left subband, which is produced by the first decomposi-
through a filter bank which performs low-pass filtering alongion level and contains low frequencies in both horizontal and
the vertical dimensionL(P.) and high-pass filtering along thevertical dimensions. Subbands 8-11 are produced by applying
vertical dimension §IP,). Low-pass and high-pass filteringone level of spatial decomposition on the HPT subband. The
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time-sequence composed of subband 1 is a low-resolution (bptlkvious frame were used to initialize the clustering procedure
spatially and temporally) version of the original video. Befor the current frame. This was done in order to speed up the
cause of its significant role, subband 1 is frequently called tisegmentation process by exploiting the correlation between
dominant subband. The time sequences composed of subbajacent frames. Following the clustering process, one of the
2-11 are auxiliary video signals containing high-frequency d#éiree clusters produced for each frame contains the pixels
tailed information. The nondominant subbands 2—11 are spabsdonging to moving body parts, while the other two clusters
and highly structured. Subband 8 contains the low-frequencgntain background pixels as well as pixels representing
components of the HPT subband in both horizontal and vdrackground and other spurious information. The segmentation
tical dimensions. As a result, this particular subband carripsocess was completed by assigning to all pixels belonging to
most of the energy among subbands 8-11 produced by the cluster of the highest intensities the same intensity value
decomposition of the HPT subband [43]. Subband 8 is oftefi 255 (corresponding to white color in a black-and-white
used as a motion detector instead of the HPT subband sinciniage). All other pixels were assigned the intensity value
contains most of the information carried by the HPT subbamd zero (corresponding to black color in a black-and-white
and is reduced in size by a factor of 1/4 [13]. image). Thus, the segmentation process produced a sequence
Temporal motion strength signals were extracted froof black-and-white frames that display the moving body parts
video-taped neonatal seizures by measuring the area of #sewhite areas in a black background. Fig. 2(d) shows the four
body parts moving between successive frames and the relafizames produced by segmenting the frames shown in Fig. 2(c).
speed of motion. This method relied on the spatiotemporakégmentation eliminated all spurious clusters of pixels in
decomposition of the image sequence that constitutes the videones 0, 100, and 200, which contained no moving body
recording. Temporal decomposition was performed by the Hagzarts. Segmentation also eliminated the low-intensity clusters
filter of length two while spatial decomposition was performedf pixels from frame 14, which led to a better definition of the
by the Daubechies wavelet filter of length 20 [7]. Motion wasoving body part. The traces of the infant’s left leg are shown
detected and measured on subband 8 of the decomposed imadgeme 14 as white patches in a black background.
sequence, which detects motion between successive frameEhe experimental results indicated that the segmented frames
of the sequence. Fig. 2(b) shows subband 8 computed on thay still contain a few spurious bright patches due to noise
four frames of the video-taped myoclonic seizure shown in the original video recording. The contribution of such spu-
Fig. 2(a). Subband 8 corresponding to frame 14 shows clearigus patches to the measurements extracted from video record-
the infant’s left leg, which moves to the right and toward thangs was prevented in this study by tracking the centroids of
top of the frame between frames 10 and 16 (Fig. 2 shows orthe bright patches in the frame sequence produced by the seg-
frame 14). The infant’'s left leg is not visible in subband 8nentation process. Tracking was performed by considering only
computed on frames 100 and 200 since there was no motibose areas whose centroids were present within a small ra-
between frames 99 and 100 or between frames 199 and 200dius between successive frames. Averaging all such areas over
The experiments indicated that subband 8 contains theccessive frames produced the temporal sigiya(¢), which
moving body parts, but it is also corrupted by spiky noise, promeasures the average area occupied by the moving body parts
ably due to camera jitter and other recording imperfections. Theer time. The experiments also indicated that seizure identi-
noise appears as spurious patches (i.e., spikes) that occupy ¥ieation and recognition may benefit by a scaling scheme that
small areas in comparison with those of the moving body partan magnify fast motion of small body parts while suppressing
Most of these spurious patches were removed from subbaiow motion of bigger body parts that may not be caused by
8 by applying median filtering [12], a computationally simplea seizure. Scaling was performed in this study by multiplying
nonlinear operator that is particularly effective for this kind ofhe areas of the moving parts by the distance covered by them
noise. More specifically, subband 8 was filtered using a 2-Between adjacent frames. This scheme produced the temporal
median filter of size 3 3 pixels. It was found that this filter signal A;.(¢), which depends rather heavily on motion speed.
size guarantees sufficient noise removal without any noticeaflke signalA.(¢) can potentially facilitate the identification of
blurring effect on the moving body parts. Fig. 2(c) showseizures involving small body parts.
the frames shown in Fig. 2(b) after median filtering. Median
f||_ter|ng eliminated most Of. the s:purlous pgtches appearng "?V. EXTRACTION OF TEMPORAL MOTORACTIVITY SIGNALS
Fig. 2(b). As a result, the infant’s left leg is clearly traced in
frame 14. However, frame 100 contains some spurious clusterdleasuring the motor activity of certain parts of the human
of pixels even after median filtering. body is a challenging problem due to the amount of data pro-
Following median filtering, the time sequence constituteduced by locomotion in a three-dimensional (3-D) space. This
by subband 8 was segmented in order to isolate the movipgpblem is often simplified by data reduction techniques based
body parts from background noise and other spurious clusters the projection of selected kinematic data into a space of
of pixels that have typically lower intensity values than thodewer dimensionality [6], [30], [40]-[42], [48], [50]. Neonatal
of the moving body parts. Segmentation was performed Bgizures occur in a 3-D space, but infants viewed in bed by a
an adaptive version of the-means (ork-means) algorithm video system are confined in a 2-D plane. In this application,
[9]. This adaptive clustering algorithm clustered all pixels adata reduction can be accomplished by projecting the location
each frame from the sequence formed by subband®84n3 of selected anatomical sites to the horizontal and vertical axes.
clusters. The clusters produced by theeans algorithm on the As the seizure progresses in time, these projections will produce
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Frame number: 0 Frame number: 14 Frame number: 04 Frame number: 2040

(d)

Fig. 2. Extraction of temporal motion strength signals. (a) Selected frames from a video-taped myoclonic seizure. (b) Frames produced by abhandiig s
using spatiotemporal decomposition. (c) Frames produced by applying median filtering on subband 8. (d) Frames produced by segmenting ¢hsidittered v
subband 8.

temporal signals recording motor activity of the body parts d@ffant’s body during focal clonic and myoclonic seizures. Fig. 3

interest. depicts a single frame containing the sketch of an infant’s body
Fig. 3 illustrates the mechanism that was used for extractimgth four selected anatomical sites. In this particular configura-

temporal signals tracking the movements of different parts of thien, X ;,;, andY7,, represent the projections of the site located
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Y A is a predetermined threshold. The features selected from the
first frame are then tracked through the image sequence by
using a Newton—Raphson optimization method to minimize
the difference between the windows in successive frames.

O The tracking scheme was improved by Shi and Tomasi [38],
who extended the Newton—Raphson search method to operate

under affine image transformations. This modification led to

an optimal feature selection criterion and a feature monitoring
scheme that can detect occlusions, disocclusions, and points

Yru that do not correspond to visually important features.

The latest version of the KLT algorithm was utilized in this
study to track selected anatomical sites in video-taped neonatal

Yig

Yir seizures. Fig. 4(b) shows the location of 400 features selected
and tracked by the KLT algorithm in the four frames of the
Yar video-taped myoclonic seizure shown in Fig. 4(a). It is clear

from Fig. 4(b) that the features selected by the KLT algorithm
in the first frame of the sequence (i.e., frame 0) are almost
uniformly distributed over the entire frame area. However, the
KLT algorithm became increasingly selective as the seizure pro-
ressed. In frames 14, 100, and 200, the features are located
t the frame area occupied by the infant’s body (including the
moving body part) and the textured and nonhomogeneous areas
of the background. It is also remarkable that the KLT algorithm
at the left leg to the horizontal and vertical axes, respectiveljid not track throughout the entire sequence the features lo-
The projections of the sites located at the right leg, left hangated between the infant’s legs at the lower-right quadrant of the
and right hand are denoted BYz; andYr;, Xrz andYzy, frames. This can be attributed to the uniform intensity profiles of
Xry andYgy, respectively. As the infant moves its extremithe windows considered by the algorithm in this homogeneous
ties, the locations of the sites in the frame will change, as wikea.
the projections of the sites to the horizontal and vertical axes.Although the KLT algorithm was generally successful,
Recording the values of the projections from frame to frame §if some cases the algorithm lost some features that were
the video-taped seizure will generate four pairs of temporal sigarticularly important for this application. Lost features are
nals, namely the signal¥ ;. (t) and Yy . (t) for the left leg, typically tracked by the algorithm in the initial sequence of
the signalsX gy (t) and Yr,(t) for the right leg, the signals frames, but are not selected for tracking in subsequent frames.
Xrr(t) andYyx(t) for the left hand, and the signalérx () The experiments also indicated that the KLT algorithm failed
and Yry(t) for the right hand. For a given set of anatomicalo track moving body parts through the entire frame sequence
sites, each seizure will produce signature signals dependingvaien those parts contained a large amount of lost features. The
its type and location. susceptibility of the KLT algorithm to “lost features” motivated
Temporal motor activity signals were extracted fronthe tracking of a sufficiently large number of features within a
video-taped neonatal seizures by projecting a selected anatpnedetermined radius from the selected anatomical site in the
ical site to both horizontal and vertical axes. This methddame sequence. Fig. 4(c) shows the features tracked by the
relied on an automated algorithm developed to track the siteKIT algorithm within a predetermined radius from the site in
interest in successive frames of video-taped neonatal seizuths. infant’s left foot. In the first frame of the sequence (i.e.,
The site-tracking algorithm was developed in this study Hyame 0), the KLT algorithm selected four features within the
modifying and extending the KLT algorithm, a feature-trackingeighborhood of the site indicated by a circle. It is apparent
procedure developed for video by Tomasi and Kanade [4#bm Fig. 4(c) that one of the original features has been lost in
based on earlier work by Lucas and Kanade [21]. The KLffame 14. Only two of the features in the neighborhood of the
algorithm automatically selects “good features” from the firdite were tracked by the KLT algorithm in subsequent frames
frame of an image sequence. A good feature is one that azfrthe sequence. One of these features provided the reference
be tracked well throughout the entire image sequence. Tioe tracking the site through the entire sequence.
selection of good features is based on the requirement thaf he strategy described above allowed the tracking of the site
the spatial gradient matrix computed on the correspondittyough the frame sequence even in cases where some of the
frame location is above noise level and well conditioned. THeatures in its close neighborhood were lost by the KLT algo-
noise requirement implies that both eigenvalues of the gradieithm at some point in time. When the radius was sufficiently
matrix must be sufficiently large, while the conditioningsmall, there were no noticeable differences between the ideal
requirement means that the eigenvalues cannot differ by sevéeahporal signals (i.e., the signals corresponding to projections
orders of magnitude. Thus, a window is accepted as a goafdthe site) and the resulting temporal signals (i.e., the signals
feature if the two eigenvaluels;, and A, of the corresponding corresponding to the projections of the features tracked by the
gradient matrix satisfy the conditianin{A;, A2} > A, where algorithm). This is clear from Fig. 4(d), which shows the feature

XrH Xim Xrr  Xir X

Fig. 3. Extration of temporal motor activity signals by projecting four sites
an infant’s body to the horizontal and vertical axes.
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Frame number: 0 Frame number: 14 Frame number: 100 Frame number: 200

(d)

Fig. 4. Extraction of temporal motor activity signals. (a) Selected frames from a video-taped myoclonic seizure. (b) Frames containing tiraéetlitssthe
KLT algorithm. (c) Frames containing the features within a close neighborhood of the site. (d) Frames containing the feature whose projectiorizdottie
and vertical axes produced the motor activity signals.

selected in each frame to produce the corresponding valuesTbe tradeoff typically associated with the selection of the radius
the temporal signals. motivated an extension of the KLT algorithm that improves its
The experiments indicated that the selection of a small rability to recover the site even if all features in its close neigh-
dius improved the accuracy of the tracking process, but alsorhood are lost. In such a case, the location of the site in the
increased the likelihood of losing all features close to the siteext frame is predicted using the history of its motion in the
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previous frames. Prediction was realized in this study throuftames. Thus, the video-taped seizures selected from the avail-
interpolation of the previous locations of the site. After the sit@ble database were digitized to produce frames of the standard
was recovered by the method used for prediction, the KLT algsize of 352« 240 pixels.
rithm was used to track a new set of features in its close neigh-
borhood. VI. EXPERIMENTAL RESULTS
The two methods developed for extracting temporal signals
from video recordings of neonatal seizures were tested on
The two methods developed for extracting motion strengtivo myoclonic and two focal clonic seizures selected from
and motor activity signals from video recordings were tested atite CRCNS database of neonatal seizures. Temporal signals
evaluated on video-taped clinical seizures selected from a dateere also produced for two video recordings of normal infant
base developed by the Clinical Research Centers for Neondt@havior (random infant movements). These video recordings
Seizures (CRCNS). The CRCNS were established by the Nae ordinarily used to test the ability of trained nurses to
tional Institute of Neurological Disorders and Stroke (NINDSylistinguish neonatal seizures from normal infant behaviors.
in 1991. The overall goal for this initiative was to develop a conFhe results of these experiments are summarized in Figs. 5-10,
prehensive understanding of the clinical and EEG features, pwaitich show the four temporal signals extracted from each
disposing risk factors, etiology, and outcome of seizures in thi@eo-taped clinical event together with four representative
newborn. A comprehensive database has been created whiclirammes of each sequence. These frames show the locations of
cludes detailed demographic information and maternal and the moving body parts during the clinical event and can be
fant risk factors, medical and neurological problems, neurologsed to verify the consistency of the temporal signals with the
ical examinations, weekly tracking of subjects throughout hoshinical event captured by the video recording. The values of
pitalization, and long-term follow-up at 6, 12, and 24 monththe signals corresponding to the frames shown at the bottom of
of age. As part of this work, bedside video/EEG/polygraphieach figure are indicated by dots, while the moving body part
monitoring was performed (minimum of two hours for initialin each video sequence is shown within a box.
study), followed by repeat one-hour studies 3-5 days after therigs. 5-10 indicate that there is an excellent correspondence
initial seizure characterization and at the time of discharge. Adetween all four temporal signals extracted from each video
ditional studies were performed whenever clinically indicatedecording and the motion of the body part of interest during the
particularly when new seizure behaviors occurred. clinical event. For example, in the myoclonic seizure shown
The CRCNS database contains several hundred individiralFig. 5, the infant’s left leg moves to the right of the frame
clinical seizures, which are available to establish a libralyetween frames 10 and 16 (Fig. 5 shows only frame 14).
of motor signature patterns that are characteristic of fochhis movement is captured by the temporal signal obtained as
clonic and myoclonic seizures in the newborn. Data froite projection of the moving part to the horizontal axis. The
bedside video/EEG/polygraphic monitoring is available otemporal signal obtained as the projection of the moving part
videocassettes, including video recordings as well as digitizewlthe vertical axis indicates that the left leg also moves toward
signals from EEG and polygraphic recordings. The seizurtd® top of the frame, which can be verified by comparing
included in the CRCNS database have been characterized &tathes 0 and 14 of the sequence. The motor activity observed
classified by a team of clinical neurophysiologists and neonatstween frames 10 and 16 was also captured by the temporal
electroencephalographers in terms of their electrographic asignals measuring the area and scaled area of the moving part,
behavioral features and the associated physiological manifestadis clearly indicated by their spikes between frames 10 and
tions have been documented. In making these determinatiob®, The infant’s left leg remains at an almost fixed position
the team members studied each video recording together wittween frames 50 and 140. In this time interval, the temporal
simultaneously recorded EEG. Decisions on characterizatiomotor activity signals are almost flat. The area and scaled area
of seizures were made during group reviews (face-to-faokthe moving body part are almost zero between frames 50
discussions) in a way that a consensus was reached for eaot 140, which is consistent with the absence of any significant
seizure included in the CRCNS database. motion in this time interval. Right before frame 150, the left
All seizures contained in the CRCNS database have bdeg moves slightly to the left and toward the bottom of the
recorded in analog video. Analog-to-digital conversion of videfoame, as is clearly indicated by the temporal motor activity
involves the determination of the temporal and spatial samplisgnals. This movement is shown as a relatively weak spike
rates [43]. The temporal sampling rate specifies the numberinfthe temporal motion strength signals.
frames that must be stored per second and depends mainly oimspection of Figs. 5-10 indicates that all four temporal
the maximum velocity of the infant’s moving body parts. Theignals obtained by the two methods developed in this study
video-taped events were digitized in this study using a tempoeak consistent and reliable quantitative measures of the motor
sampling rate of 30 frames/s, which is typically used in applactivity of the moving body part of interest. Moreover, the
cations requiring digital video of high temporal resolution. Theombination of all four temporal signals constitutes an ef-
spatial sampling rates specify the number of pixels that must teetive representation of the clinical event captured by the
stored for each frame. In this particular application, the spatidteo recording. Figs. 5-10 also indicate that the temporal
sampling rates are not particularly important since the infantsignals produced by the two proposed approaches capture
upper and lower extremities occupy a large area of the vidand quantify the differences between the motor activity of

V. DATA SELECTION AND PREPROCESSING
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Fig. 5. Temporal signals produced for a video recording of a focal myoclonic seizure affecting the infant’s left leg. (a) Temporal motion stnatgytlb3ig
Temporal motor activity signals. (c) Selected frames of the sequence.

body parts caused by myoclonic and focal clonic seizures. tlmee focal clonic seizures also revealed the importance of the
the case of myoclonic seizures, the temporal motor activitgmporal signal representing the scaled area of the moving
signals are consistent with the “jerky movements” that are tiparts, that is, the signal obtained by multiplying the area of the
typical signatures of such events. The temporal motion strengtioving parts by their displacement from frame to frame. This
signals contain a significant spike and a few weaker spikes.lecomes obvious by inspecting Figs. 7 and 8, which indicate
the case of focal clonic seizures, the temporal motor activithat some of the spikes obtained by measuring the area of the
signals capture and quantify the rhythmicity that characterizesving parts were reduced in magnitude when the scaled area
the movements of such clinical events. The temporal motievas computed. This is consistent with the relatively low speed
strength signals contain multiple spikes that correspond vesf/the corresponding movements, which can also be observed
well with their rhythmic movements. The experiments ofrom the temporal motor activity signals.
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Fig. 6. Temporal signals produced for a video recording of a focal myoclonic seizure affecting the infant's right foot. (a) Temporal motion igtnetgyttby
Temporal motor activity signals. (c) Selected frames of the sequence.

According to Figs. 5-10, the temporal signals produced Isgizures. There are also significant differences between the
the two methods developed in this study provide a reliable bagtsnporal signals produced for random movements of the infant’s
for distinguishing normal infant behaviors from myoclonic anbody parts and those corresponding to myoclonic seizures.
focal clonic seizures. The temporal motion strength signalfie temporal motion strength signals produced for random
produced for random movements of the infant’'s body pansovements of body parts contain spikes that are wider than
contain fewer spikes compared with those corresponding ttise corresponding to myoclonic seizures. This experimental
focal clonic seizures. The temporal motor activity signalsutcome is consistentwith clinical observations, which indicated
produced for random movements of the infant’'s body partisat random movements of body parts are typically slower than
contain bell-shaped spikes, which can easily be distinguishise caused by myoclonic seizures. This is also revealed by
from the chain-saw-like signals produced for focal clonithe rate at which temporal motor activity signals increase to
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Fig. 7. Temporal signals produced for a video recording of a focal clonic seizure affecting the infant’s right hand. (a) Temporal motion stratsytfbsign
Temporal motor activity signals. (c) Selected frames of the sequence.

reach their peak value, which is lower in the case of randoaxample, the presence of motion of body parts as the clinical
movements of the infant’'s body parts. event progresses in time can be detected by computing the
In conclusion, this experimental investigation indicated thanergy of motion strength signals in successive time intervals of
the extraction of quantitative information from video-tapethe same duration. Myoclonic seizures and focal clonic seizures
seizures in the form of temporal signals is feasible. Accordirggn be distinguished from nonseizure events, such as tremor
to the experimental results, the temporal signals extracted framd posturing of the extremities, by detecting the most signifi-
video recordings of neonatal seizures provide a solid basis fmnt spikes in the temporal motion strength signals. Short-time
selecting features that complement each other by conveyspectral analysis of motor activity signals can produce a set
some unique behavioral characteristics of neonatal seizures. #ofeatures measuring the frequency of motion. Finally, the
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Fig.8. Temporal signals produced for a video recording of a focal clonic seizure affecting the infant’s right leg. (a) Temporal motion strelsgtb)sigmaporal
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rhythmicity of movements can be quantified through featuregher abnormal paroxysmal behaviors not due to seizures; and
obtained from temporal motor activity signals by determining) facilitating the detection of neonatal seizures. Even more
the locations and amplitudes of their peaks. importantly, the temporal signals extracted from video record-
ings can be utilized in the development of an automated system
capable of recognizing focal clonic and myoclonic seizures and
distinguishing them from clinical events characterized by high

The temporal motion strength and motor activity signalsiotor activity of the infants’ extremities. Such a system could
extracted using the methods developed in this study can lideveloped by using a set of features computed in terms of the
used together with EEG monitoring to provide the basis for: 1#¢mporal motion strength and motor activity signals extracted
refining the characterization of repetitive motor behaviors; Z)om video to train classifiers based on artificial neural networks
improving the differentiation of certain clinical seizures fronj2], [36].

VII. CONCLUSION AND FUTURE RESEARCH
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The methods described in this paper were tested on randatith further development and refinement of these methods.
infant movements and neonatal seizures of the focal clonic ahlde absence or “arrest” of ongoing motor activity can also be a
myoclonic type. The proposed methods may not be suitalif@nifestation of a seizure. Such cases can also be detected and
for all types of seizures, including those involving subtlguantified by extending and improving the methods described
movements of body parts other than the extremities. Ocularthis paper. Of course, these methods are not applicable to
and orobuccolingual seizures are typical examples of thessizures whose only manifestation is electrical seizure activity
important types of clinical seizures [37], [45]. Nevertheles@y EEG [20]. The remainder of this section outlines some
focal clonic and myoclonic events constitute a large proportiggotential improvements in the design and implementation of
of seizures observed in neonates in unselected populatitims proposed methods.

[27], [29], [49]. Quantification of more “subtle” seizure types The method used in this study to extract temporal motion
[45] or motor automatisms [29] may eventually be feasiblgtrength signals relied on the segmentation of the filtered ver-
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sion of subband 8. Segmentation was performed in this studymgntation was performed in the experimental study by forming
a clustering algorithm that was used to perform scalar quantizhree clusters in order to accommodate the moving body parts,
tion, which is naturally inferior to vector quantization. This indithe background, and spurious clusters of pixels. This choice was
cates that the robustness of the signal extraction procedure mativated by the presence of spurious bright patches of inten-
be improved by a segmentation technique that relies on vecsities in between those of the background and the moving body
guantization. In such a case, the clustering algorithm will hgarts. However, the formation of three clusters may create two
used to form clusters of vectors formed by groups of pixels. Tiodusters for the moving body parts if the level of noise in the
results of segmentation may also be improved by replacing thhames is low. This can be prevented by selecting the number of
c-means algorithm by competitive learning vector quantizatiariusters based on the signal-to-noise ratio computed for each
algorithms, which have been successfully used to perform ségme sequence. The contribution of spurious patches to the
mentation of magnetic resonance images of the brain [14]. Segeasurements extracted from video recordings was prevented
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in this study by tracking the centroids of the bright patches [5]
in the frame sequence produced by the segmentation process,
. Y 6]
Tracking was performed by considering only the areas whosé
centroids are present within a small radius between successive
frames. This approach is effective if the motion between succest’]
sive frames is within the predetermined radius of motion. This (8]
problem can be dealt with by developing an adaptive scheme
that would modify the radius according to the motion present
. . . : 9]
in the sequence. This can be accomplished by using as a refeP—
ence the temporal motor activity signals extracted from the samjeo]
frame sequence.

The method used in this study to extract temporal motor ac-
tivity signals relied on the KLT algorithm. This algorithm was [11]
designed to select features that can be tracked through the en-
tire frame sequence, but gives no priority to features located
on moving objects in the sequence. This explains the loss gf2]
a substantial number of features located on the infant’s movinﬁ3
parts during the seizure. In order to minimize the number o ]
lost features affecting the extraction of motor activity signals,
the KLT algorithm may be modified to track features located(14]
on moving objects with higher priority. This can be accom-
plished by including motion in the criteria used for rejecting [15]
features during the sequence. This improvement is expected to
reduce the rejection of features located on moving body parts,
but it is unlikely that this problem will be completely elimi- [16]
nated. This implies that the automated procedure used to ex-
tract temporal motor activity signals may still stop tracking a
selected anatomical site in a frame sequence if all features in
its close neighborhood are lost. This reveals the need for a rét7]
liable procedure that can be used to predict the location of the
site in the next frame if the algorithm stops tracking the fea-
tures within its close neighborhood in the current frame. Predictll
tion was performed in this study by simple interpolation, which
may not be always reliable. The reliability of prediction can be[19]
improved by applying optimal linear prediction techniques or
nonlinear prediction models based on neural networks. The ayyg,
tomated procedure developed in this study for extracting tem-
poral motor activity signals is capable of tracking a single site
throughout each frame sequence. However, the CRCNS datg-l]
base of video-taped neonatal seizures contains events involving
movements of multiple body parts. The extraction of temporal22]
motor activity signals for such events can be accomplished by
extending and improving the existing procedure to make it cap3]
pable of tracking multiple sites throughout each frame sequence.
Tracking of multiple anatomical sites during the seizure also repy
quires the development of an automated procedure for detecting

the moving body part(s). 25]
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