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Low-Complexity Image Processing for Real-Time
Detection of Neonatal Clonic Seizures
Guy Mathurin Kouamou Ntonfo, Gianluigi Ferrari, Riccardo Raheli, and Francesco Pisani

Abstract—In this paper, we consider a novel low-complexity realtime image-processing-based approach to the detection of neonatal
clonic seizures. Our approach is based on the extraction, from a
video of a newborn, of an average luminance signal representative
of the body movements. Since clonic seizures are characterized by
periodic movements of parts of the body (e.g., the limbs), by evaluating the periodicity of the extracted average luminance signal it is
possible to detect the presence of a clonic seizure. The periodicity
is investigated, through a hybrid autocorrelation-Yin estimation
technique, on a per-window basis, where a time window is defined
as a sequence of consecutive video frames. While processing is first
carried out on a single window basis, we extend our approach to
interlaced windows. The performance of the proposed detection
algorithm is investigated, in terms of sensitivity and specificity,
through receiver operating characteristic curves, considering video
recordings of newborns affected by neonatal seizures.
Index Terms—Average luminance signal, image processing,
neonatal clonic seizure, periodicity analysis.

I. INTRODUCTION
LINICAL operators in one of the most difficult health
care fields, namely neonatal neurology, on a daily basis
have to face the diagnosis of epileptic seizures [1]. Most of the
neonates affected by perinatal diseases are at risk of neonatal
seizures, which are the most common sign of acute neurological
dysfunctions and must be promptly and accurately recognized
in order to establish timely treatments. Traditional diagnostic
methods are based on Electroencephalographic (EEG) monitoring. The neonatal EEG analysis is, however, a very specialistic and time-consuming technique that requires particular skills
not always easily available in Neonatal Intensive Care Units
(NICUs). Therefore, noninvasive, real-time, automated, lowcost, wide-scale diagnostic methods and equipment capable of
reliably recognizing neonatal seizures would be of significant
value in the NICUs.
Seizures are defined as paroxysmal alterations of neurological
functions including motor, behavioral and/or autonomic func-
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tions [1]. In the newborns, seizures often represent a symptom of
a number of pathological conditions with neurological involvement. Conventionally, neonatal seizures are age-dependent phenomena with onset within the 28th day of life in newborns at
term and within the 44th week of conceptional age in preterm
infants. Population-based studies indicate an incidence rate of
neonatal seizures of 2.6 per 1000 live births, 11.1 for preterm
neonates, and 13.5 for infants weighing less than 2500 g at
birth [2]. Hypoxic-ischaemic encephalopathy, intracranial hemorrhage, and sepsis represent the major etiologies of neonatal
seizures in many series of patients.
The classification of neonatal seizures has been based on
their clinical presentation. Volpe divides neonatal seizures into
four main categories [1]: clonic, tonic, myoclonic, and subtle.
This classification is exclusively based on clinical monitoring
and can cause a bias due to nonepileptic phenomena, such as
brain stem release phenomena. It is then difficult to define the
epileptic or nonepileptic nature of the events. For this reason
other classifications based on a clinical definition together with
a specification regarding EEG-correlated modifications are of
interest. According to this EEG-based classification one can
have electroclinical, electrical, and clinical seizures [3].
While the importance of promptly diagnosing the presence of
neonatal seizures is clear, there are no actual methods to early
recognize or detect such pathological behaviors, nor currently
available instruments to predict them. The only available and
reliable method is the EEG, which is moderately invasive and
needs well-trained medical personnel to be correctly administered and interpreted [4]. In order to support medical doctors in
diagnosing the presence of seizures, the use of signal-processing
techniques has attracted a significant attention in the research
community. In [5], signal processing has been first considered
to perform automatic detection of seizures by analyzing EEG
signals to search for specific irregularities.
A very appealing alternative, with respect to the EEG, to automatically detect the presence of seizures consists in acquiring,
through a video camera, the movements of the newborn’s body
and properly processing the relevant video signal. The goal of
an effective image-processing algorithm is the detection of “unusual” movements of the newborn. In [6], the authors discuss the
use of optical flow techniques to discriminate between movement and nonmovement in nocturnal recordings from pediatric
patients with epilepsy. This study focuses on pediatric patients
up to 18-year old, who may experience seizures very differently from those of newborns who are the interest here. The
acquisition of the motion strength (through sophisticated image
processing) has been proposed as expedient to detect the presence of neonatal seizures [7]. In [8], the authors use the optical
flow-based techniques to track and characterize the movements
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of newborns during a long monitoring time. Neural networks
are then used to obtain a diagnosis based on a previous training
stage. Taking into account the long monitoring time and the
fact that the implementation of a long reliable tracking of jerky
movements of a newborn limb may be very complex, this approach is not suitable for real-time detection and requires high
cost hardware for accurate optical flow processing (especially
for “dense” optical flow techniques).
In this paper, we propose an innovative low complexity
image-processing-based approach to the detection of clonic
neonatal seizures. The main idea of our approach consists in
extracting an average differential luminance signal from the acquired video. The average is carried out over all pixels of the difference between consecutive frames: periodic body movements
lead to periodic average luminance signals, and seizure detection reduces to periodicity detection. The proposed algorithm
has a low complexity and leads naturally to the implementation
of low-cost camera-based diagnostic systems to assist neonatal
medical personnel. Our approach does not require a long-term
analysis and is not computationally intensive, thus making it
suitable for real-time processing. The performance achieved by
the proposed system, evaluated in terms of sensitivity and specificity through receiver operating characteristic (ROC) curves,
appears very promising, showing the operational significance
“in the field” of the proposed clonic seizure diagnosis approach.
Extensions of the proposed approach to other types of neonatal
seizures are the subject of current investigation [9].
II. LOW-COMPLEXITY ALGORITHM FOR REAL-TIME CLONIC
SEIZURE DETECTION
Neonatal seizures are primarily characterized by the purposeless movements of one or more parts of the body. Because of
their high movement capability, limbs and head are the infant
body parts mostly affected by seizure-caused motion. As seen
in the previous section, a seizure may be characterized by typical movements. Therefore, in order to perform a video-based
automatic diagnosis, the detection system should focus mainly
on the movements of the body parts that are mostly affected by
seizures and automatically recognize the possible presence of
the pathology. In particular, the detection system should distinguish a pathological movement from a random one.
A. Motion Signal Extraction
Motion detection in a scene is a significant research area in
computer vision [10]. Motion is defined as a relative displacement between the video acquisition system and the moving part
of the scene. We consider a generic video signal composed of
a sequence of frames sampled with period T , where a frame at
discrete time1 i is an array of matrices of M × N pixels, containing red, green, and blue (RGB) values. The corresponding
gray-scale matrix, denoted as Y [i], is the luminance of the considered frame and can be expressed as the following weighed
average [11]:
Y [i] = 0.299 · R[i] + 0.587 · G[i] + 0.114 · B[i]
1 The

time instant is specified as an integer multiple of T .

Fig. 1. Illustrative initial steps of the considered image-processing approach.
(a) Gray-scale conversion. (b) Difference filtering. (c) Binary conversion.
(d) Erosion.

where R[i], G[i], and B[i] are the matrices of pixel luminance
values of red, green, and blue, respectively, associated with the
frame. The weighting coefficients of the previous linear combination are chosen considering how single colors are perceived
by the human eye [12].
As an illustrative example of a gray-scale frame sequence, a
few video frames relative to the recording of a newborn affected
by clonic seizures, which manifest themselves as movement of
the legs, are shown in Fig. 1(a). The gray-scale frames {Y [i]}
have then to be properly filtered so that the output frame sequence is representative of the moving parts of the infant body. In
this study, we use a simple differential filtering method: an output frame is given by the difference of two consecutive frames.
The output frame sequence, denoted as Z[i], is, thus, given by
Z[i] =| Y [i + 1] − Y [i] |

i = 0, 1, 2, 3, . . . .

(1)

The resulting output video signal, shown in Fig. 1(b), is still a
gray-scale video signal in which the movement parts are highlighted. As one can see, each pixel of Z[i] has a luminance value
that varies in a gray scale, typically with 256 gray levels. Considering all M × N pixels, a relatively long monitoring time
would generate a huge quantity of data to process.
In order to limit the complexity, we move from a large range
of 256 possible values of luminance for a pixel to a binary scale.
To this end, it is very important to choose the quantization
threshold value above which the brightness of a pixel will be
mapped into a “1” (which corresponds to the maximum luminance value of 255). An appropriate choice of the quantization
threshold minimizes the conversion error and contributes also to
the reduction of the effects of other spurious readings that occur
even in the absence of movement. The resulting sequence after
binary-scale conversion is shown in Fig. 1(c).
The quantization threshold for binary image conversion
should be chosen in order to maximize, in the obtained binary
image, the ratio ρ between the number of white pixels of the
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Fig. 2. Average ratio between the number of white pixels of the moving part
most affected by the seizure and the number of remaining white pixels as a
function of the quantization threshold for binary image conversion.

moving body part most affected by the seizure and the number
of remaining white pixels of the frame (including the remaining body parts) so that the obtained luminance signal consists
mainly of the considered body part pixels. In order to select a
good value for the quantization threshold, the following heuristic approach has been considered. Given a representative sample
video, for all 256 possible values of the quantization threshold,
the average value ρ (over all binary images) of the previously defined ratio ρ obtained from the video parts in which the newborn
is moving, has been computed. The obtained results are shown
in Fig. 2. The optimal quantization threshold corresponds to the
threshold value in correspondence to which ρ is maximized.
After conversion to the binary scale, there may still be many
pixels that are highlighted (converted to “1” in the binary scale)
even if they do not correspond to moving body parts. Therefore,
they act as noise for the detection of the body movements. In
order to reduce the remaining nuisance, we use one of the fundamental operations in morphological image processing: erosion [11], [12]. In erosion, every object pixel that is touching
a background pixel, for example, the object border, is changed
into a background pixel. This operation is helpful to eliminate
irrelevant details from the image and is based on a kernel, such
as a square of m × m pixels.
After erosion, some noisy (i.e., bright and isolated) pixels
may still exist but their number is negligible with respect to the
number of pixels of the moving parts. The degree of erosion can
be adjusted by choosing the value of m or the number of times
the frame is processed. Obviously, erosion leads to the loss of
a part of the signal which is, however, negligible. The resulting
image sequence, after the sequence in Fig. 1(c) undergoes a
single erosion process with m = 3, is shown in Fig. 1(d).
Bright binary pixels have a luminance value equal to 1 and the
average luminance signal, denoted as L[i], is defined as follows:


L[i] =

N
M 

x=1 y =1

L(x, y, i)

(2)



where L(x, y, i) denotes L[i] x,y , i.e., the entry of matrix L[i]


at position (x, y), and L[i] is the frame sequence after erosion.
In the following, we refer to L[i] as average motion signal.
At this point, the key idea of the proposed approach to neonatal seizure detection resides in the observation that, in the presence of clonic seizures, the characteristic periodicity of body
movements appears in L[i]. Therefore, the problem of clonic
seizure detection reduces to the detection of the presence of

Fig. 3. Motion signal and corresponding EEG and EMG signals. (a) Average
motion signal. (b) EEG and EMG signals.

periodicity in the signal L[i]. In Fig. 3(a), the average motion
signal, extracted from a video of a newborn affected by a neonatal seizure, is shown. A periodic pattern clearly emerges. For
comparison, in Fig. 3(b), the EEG and the electromyographic
(EMG) signals corresponding to the same seizure occurrence
are shown. In the latter subfigure, a periodic pattern appears as
well. To make the correspondence clearer, in Fig. 3(a), we also
directly compare the Fp2 C4 (EEG) signal with the average motion signal. This illustrative example suggests that the proposed
approach exhibits a good agreement with the predictions based
on the EEG/EMG analysis. An accurate performance analysis
with the proposed approach is the subject of Section III.
In the following section, a simple, yet efficient, algorithm for
periodicity detection is described.
B. Detection of Periodicity in the Average Motion Signal
There are various algorithms for detecting the periodicity
of signals. They typically depend on the type of signal under
exam. We now derive a hybrid approach based on the use of
theAutoCorrelation Function (ACF) and the Yin estimator [13].
We preliminarily note that the analysis of the average motion signal L[i] will be carried out on a window basis, i.e., considering
a sequence of consecutive frames. In other words, the proposed
approach aims at detecting the periodicity within each window,
i.e., using only the video frames belonging to a window.
The ACF can be interpreted as a representation of the degree
of similarity between a given signal and a lagged version of itself
over successive time intervals. The ACF of a discrete signal S[i],
at lag τ and epoch i, is defined as follows:
ri (τ ) =

i+W

j =i+1

S[j] · S[j + τ ]

(3)
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where W is the (summation) window size. In the presence of periodic signals, the ACF will show peaks for values of τ multiple
of the period. The ACF analysis leads to selecting the highest
nonzero-lag peak through a search within a block of peaks corresponding to small values of the parameter τ . Unfortunately,
the ACF-based approach has a limited reliability because of its
sensitivity to amplitude changes. In fact, if the signal amplitude
varies with time, the ACF peak amplitudes vary accordingly
with τ , rather than remaining constant. After determining the
ACF of the signal S[i], one may introduce the Normalized ACF
(NACF), denoted as ri (τ ), by dividing the ACF by the energy
of the signal (i.e., ri (τ ) = ri (τ )/ri (0)). This operation forces
the ACF to take values in the interval [0, 1], avoiding the need
to deal, in the following steps, with large values of ACF.
The Yin estimator was originally developed for pitch extraction in speech and music signals [13]. This estimator is based
on the evaluation of the difference function (DF), defined, with
reference to the signal S[i], as


di (τ ) =

i+W


(S[j] − S[j + τ ])2 .

(4)

j =i+1

Fig. 4. Periodicity detection. (a) Average motion signal. (b) CMNDF, NACF,
and CMNDF–NACF comparison.

The DF can then be expressed, in terms of ACF, as follows:
di (τ ) = ri (0) + ri+τ (0) − 2ri (τ ).

(5)

The first two terms at the right-hand side of (5) are energy terms:
if they were constant, the DF would vary in the opposite way
with respect to the ACF. Therefore, the minimum of one of
them should coincide with the maximum of the other. However,
the second energy term also varies with τ so that the maxima
of ACF and the minima of DF sometimes may not coincide.
Unlike the ACF, the DF is insensitive to variations of the signal
amplitude over time, as amplitude changes cause period-toperiod dissimilarity to increase with τ in all cases. Ideally, the
period of the analyzed signal can be found by searching for
the values of τ for which the ACF is zero: this would occur
at values equal to multiples of the period. A modified version
of the DF, denoted as cumulative mean normalized difference
function (CMNDF) [13], can be defined as follows:

1
if τ = 0


di (τ )
(6)
di (τ ) =

otherwise.
(1/τ ) · τj =1 di (j)
This new function is obtained by dividing each value of di (τ )
by its average over lag values. Unlike the DF, the CMNDF starts
at 1 (rather than 0), tends to remain large for low values of τ ,
and drops below 1 only where di (τ ) falls below average. The
fact that the CMNDF is bounded in [0,1] will be beneficial for
the following steps.
As we have seen before, in the NACF the period and its
multiples are detected by the positions of maxima, which correspond to minima of the CMNDF. For periodic noiseless signals,
these positions can be perfectly detected and the period of the
signal easily estimated. Since in this study, we are dealing with
quasi-periodic noisy signals (i.e., the average motion signal), the
maxima and minima of the previous functions may not manifest
clearly. In order to emphasize the characteristics of the CMNDF

and NACF, our novel algorithm compares the two functions by
computing the difference between them, defined as follows:


zi (τ ) = di (τ ) − ri (τ ).

(7)

The function zi (τ ) would have the trend of the CMNDF, but
with emphasized minima. As for the CMNDF, the positions of
the minima will reveal the fundamental period and its multiples. In particular, the “interesting” values of the minima of
a periodic signal are those nearest to −1. Fig. 4(a) shows an
example of average motion signal obtained from a real video
of a clonic seizure. The direct comparison of the CMNDF, the
NACF, and the difference between CMNDF and NACF of the
average motion signal shown in Fig. 4(a) is shown in Fig. 4(b).
To make the search of minima faster, one can define a threshold
−1 < zth < 1 and limit the search to the region [−1, zth ].
A decision about the periodicity depends on the size of the array of discovered minima. If the array contains only one element,
one can infer the fundamental period from its corresponding lag,
denoted as τm . The period of the signal, denoted as Ts , can then
be computed as
Ts = T × τm .

(8)

If the array contains more than one element, one can search for
the isolated local minimum associated with the smallest value
of τ . The period of the signal can then be computed as in (8),
reinterpreting τm as the lag of the found local minimum. If the
array is empty, one can conclude that the signal is not periodic.
C. Decision on the Presence of a Clonic Seizure
In neonatal neurology, conventionally the shortest time interval necessary to characterize a neonatal clonic seizure is 10 s [1]
and the estimated period should be in the range from 0.5 to
3.5 s [3]. Therefore, the periodicity detection algorithm outlined
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Fig. 5. Single window-based processing with partial window overlap. (a) First
window. (b) Second window. (c) Third window.

in Section II-B is applied to a 10-s long window of the average
motion signal and aims to detect the cases in which the period
is in the above range. One can first consider, for the diagnosis,
single observation windows: in other words, the periodicity can
be analyzed window by window. However, in order to improve
the reliability, one can analyze the extracted average motion signal on successive half-interlaced windows, as shown in Fig. 5.
In fact, a seizure could manifest itself across two consecutive
disjoint windows: our algorithm could miss it in each of the two
windows, should they be analyzed disjointly. In this study, we
will use interlaced windows to avoid this problem. One can also
consider multiple observation windows. As in the single window case, the periodicity is still analyzed window by window.
However, we assume that a clonic seizure occurs when periodicity is detected in all multiple windows. As the movements of
the body part affected by seizures might change across consecutive overlapped windows, the estimated values of the period
might vary from window to window. An illustrative example of
processing groups of three consecutive interlaced windows is
shown in Fig. 6.
The fact that the proposed algorithm operates on a perwindow basis, rather than on a long monitoring interval, enables
the latency of the decision on the presence of a clonic seizure to
be quite short (normally it corresponds to an observation window length). Therefore, the diagnosis of the presence of clonic
seizures in the video signal can be considered real time, from a
medical perspective.
III. PERFORMANCE ANALYSIS
The performance of the proposed detection system is analyzed considering a binary classification test, i.e, classifying
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Fig. 6. Multiple window-based processing, with groups of three interlaced
windows. (a) First group. (b) Second group. (c) Third group.

the results into two groups: presence of clonic seizures in
the video of the newborn (positive) and presence of random
movements (negative). Therefore, the following situations may
occur: clonic seizure correctly diagnosed (True Positive, TP);
random movement correctly diagnosed (True Negative, TN);
random movement incorrectly diagnosed as seizure (False Positive, FP); and clonic seizure incorrectly diagnosed as random
movement (False Negative, FN).
In the medical field, the performance of a test is characterized by two statistical measures, namely the specificity and the
sensitivity, which are defined, over a given sequence of n tests,
as follows [14]:
nTP
nTP + nFN
nTN

Specificity =
nTN + nFP


Sensitivity =

(9)
(10)

where nTP , nTN , nFP , and nFN denote the numbers of TPs,
TNs, FPs, and FNs in the considered sequence, respectively. A
sensitivity of 100% means that the test recognizes all TPs (i.e.,
all clonic seizures in our case) and no FNs. Thus, a negative result in a high sensitivity test excludes the disease. A specificity
of 100% means that the test recognizes all TNs (i.e., all random
movements) and no FPs. Since 100% specificity means that no
positives are erroneously tagged, a positive result in a high specificity test indicates strongly the presence of the pathology. In the
terminology of detection theory [15], sensitivity and specificity
are empirical measures of the probabilities of correct detection
and correct rejection, respectively.
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TABLE I
CONFUSION MATRICES FOR z th = 0.4 AND 250-FRAME WINDOW LENGTH

Fig. 7. Example of clonic seizure analysis. (a) Real clinical result. (b) Automatic result with the proposed algorithm.

The performance of the proposed detection method can then
be analyzed by considering a sufficiently large set of real cases
and comparing the prediction of the automatic videocamerabased system with the true status. Clonic seizures were identified
through video-EEG analysis, were defined according to Volpe’s
classification, modified by Lombroso, and had to be associated
with EEG changes [16]. The correlated EEG ictal discharges
must be with clear beginning and end, lasting more than 10 s,
and with evolution in frequency and morphology. In Fig. 7, an
illustrative comparison between the prediction of the proposed
method and the real clinical result, relative to a video signal of a
specific newborn affected by a clonic seizure, is shown. It can be
observed that the proposed approach is in good agreement with
the results confirmed by expert medical personnel watching the
same video recording and considering the relevant EEG signals.
While this example refers to a single video, in the remainder
of this section we investigate the average performance of the
proposed algorithm over a large number of video recordings.
The performance of the proposed algorithm was carried out
analyzing consecutive half-interlaced windows and was based
on two parameters. The first parameter is the single window length (in frames), which can take on values in the set
{250, 400, 500, 600, 750}. The second parameter is the number
of consecutive interlaced windows, which can take on values in
the set {1, 2, 3}. Therefore, the periodicity is investigated considering single window-based, two window-based, and three
window-based processing. In each case, various window sizes
are considered.
The analyzed windows belong to 10 video recordings, available in the Department of Gynecology, Obstetric, and Neonatal
Sciences of the University of Parma (Italy). Each video recording has the following characteristics:
1) video sample frequency: 25 frames/second;
2) video resolution: 320 × 240 pixels;
The detection of a clonic seizure is based on the presence of at least a minimum below zth in the characteristic
function zi (τ ) in (7). For the purpose of performance analysis, we processed all videos for each value of zth in the
set {−1, −0.5, 0, 0.2, 0.4, 0.5, 0.7, 0.8, 1}. To the best of our
knowledge, this is the first time that periodicity detection of the
average motion signal is used to detect neonatal clonic seizures.

TABLE II
CONFUSION MATRICES FOR z th = 0.7 AND 400-FRAME WINDOW LENGTH

In Table I, we show the confusion matrices [15], relative to the
obtained results, considering zth = 0.4 and 250-frame window
length. In Table II, the confusion matrices relative to results
obtained considering zth = 0.7 and 400-frame window length
are shown. In the confusion matrix, the positive predictive value
(PPV) corresponds to the portion of subjects, with positive test
results, who are correctly diagnosed, while the negative predictive value (NPV) is the portion of subjects, with negative test
results who are correctly diagnosed [17]. Therefore, the PPV
and NPV can be expressed as follows:
nTP
(11)
PPV =
nTP + nFP
nTN
.
(12)
NPV =
nTN + nFN
Note that in order to avoid obtaining inaccurate specificity and
very high NPV, due to a large value of nTN , in absence of
movements in the video scene (i.e., the newborn is still), the algorithm output (TN) is not considered, as this result is obvious.
Furthermore, the difference between the real events in Tables I
and II is due to the different values of the frame window lengths
which are, respectively, 250 frames and 400 frames. As previously stated, we classify as seizures only events that last more
than 10 s. Because the diagnosis is performed on a per-window
basis, the number of considered seizure events depends on the
frame window length.
In Fig. 8, the ROC curves and the corresponding relative area
under curve (AUC) values, for (a) 250-frame and (b) 400-frame
length of the observation window are shown. The curves are
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Fig. 9. Frame fragmentation with two values of the number S m of subframes:
(a) 4 × 4 frame (S m = 16). (b) 5 × 5 frame (S m = 25).

Fig. 8. Representation of ROC curves (a) 250-frame length window. (b) 400frame length window.

obtained considering the previously reported set of values of the
threshold zth .
From the results in Figs. 1 and 2, we can state that the proposed algorithm detects pathological events (i.e., high sensitivity) better with single window processing than with double
or triple window processing. In fact, single window processing
allows us to analyze periodicity in a short period of time so
that even short clonic events can be detected. Unfortunately,
isolated almost-periodic random movements may be labeled as
pathologic and this is why the specificity with single window
processing is lowest. On the other hand, using interlaced windows excludes clonic events that do not last enough to cover the
duration of three successive interlaced windows (the sensitivity
thus reduces, as short events are missed), but also prevents isolated almost-periodic movements to be labeled as pathologic.
From the results in Tables I and II, it can also be observed that
the type of processing (single or multiple window based) has a
stronger impact on the sensitivity and on the PPV, whereas the
specificity and the NPV tend to vary less. Regardless of the type
of processing, single window or multiple window based, from
our results the optimal values of the window length and zth turn
out to be 400 frames and 0.7, respectively.
In addition to the single window length and to the number of
consecutive interlaced windows considered to make a decision
on the presence of a seizure, the proportion of the area, with
respect to the entire frame, on which periodic movements occur
may play a crucial role. In fact, our detection system is sensitive to periodic variations between consecutive video frames,
regardless of the area involved by the variation. As movements
caused by clonic seizures typically involve a large body area,
taking into account the relative percentage of the moving body
area could allow to exclude small possible periodic movements,
like the movement of the chest caused by breathing, that can
be erroneously interpreted, by our detection system, as seizures.
In order to take into account this aspect, we assume that the
video signal, composed by a sequence of M × N pixel matrices, is divided into a sequence of Sm subsignals, each obtained by dividing the original frame into Sm subframes. We
refer to this operation as “frame fragmentation” and show an
illustrative example in Fig. 9, where Sm is (a) 4 × 4 = 16 and
(b) 5 × 5 = 25.

The proposed approach is then applied to each video subsignal (i.e., to each sequence of subframes). Indicating by Nm
the number of subsignals, i.e., portions of the frame where a
periodicity is detected, a seizure is declared when Nm ≥ Sth ,
where Sth is a properly selected threshold.
For each of the two configurations, single window or multiple window-based processing, a per-video subsignal is considered. After video processing, we observed that the sensitivity is
lower than in the case without frame fragmentation, even though
the optimal window length is still equal to 400 frames. In all
cases, the specificity is near 100%. This means that considering
frame fragmentation allows us to reliably reject nonpathological
cases. However, the probability of correct detection is rather low
and, therefore, this approach may not be suitable for diagnostic
purposes.
IV. DISCUSSION AND CONCLUSION
In this paper, we have investigated a novel low-complexity
image-processing approach to the automatic detection of neonatal seizures. From a video of a newborn, we extract, through
proper low-complexity filtering, a motion signal representative
of the body movements. In the presence of clonic seizures, the
motion signal shows a periodicity very similar to that of the
body movements. By applying a new hybrid CMNDF–NACF
periodicity detection algorithm, the periodicity is detected per
window (i.e., over a sequence of video frames). Single window processing and multiple interlaced window processing are
considered. While in the case of single windows the sensitivity
is significantly high, the use of interlaced windows guarantees
good values of specificity. To improve the performance of the
proposed algorithm, the observation window length that maximizes sensitivity and specificity, can be determined.
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