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Objective(s): Seizure detection during online recording of electrophysiological parameters is very 
important in epileptic patients. In the present study, online analysis of field potential recordings was 
used for detecting spontaneous seizures in epileptic animals.
Materials and Methods: Epilepsy was induced in rats by pilocarpine injection. During the chronic period 
of the pilocarpine model, local field potential (LFP) recording was run for at least 24 hr. At the same time, 
video monitoring of the animals was done to determine the real time of seizure occurrence. Both power and 
sample entropy of LFP were used for online analysis.
Results: Obtained results showed that changes in LFP power are a better index for seizure detection. 
In addition, when we used one hundred consecutive epochs (each epoch equals 10 ms) of LFP for data 
analysis, the best detection was achieved.
Conclusion: It may be suggested that power is a suitable parameter for online analysis of LFP in order 
to detect the spontaneous seizures correctly.  
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Introduction
With 68.8/100000 victims, epilepsy is one of the 

most common neural diseases (1). In most cases, the 
cause of epilepsy is unknown, but events such as brain 
damage, stroke, and trauma may be the reason in some 
cases (2). Many developments have occurred in epilepsy 
treatment during recent years  (3). During the past 
decade, many novel anticonvulsant drugs have been 
introduced to the market, yet a third of epileptic patients 
still suffer from seizures (4). However, 30% of patients 
are drug-resistant, and many others cannot undergo 
surgery because the focal-point of their seizure-attack 
is unidentified (5). Therefore, it is necessary to find new 
treatments for these patients. Deep brain stimulation 
(DBS) has been recently studied in many experimental 
models of epilepsy as an alternative therapy for drug-
resistant epilepsies.

Among different laboratory models of epilepsy, 
the pilocarpine model is very similar to human 
temporal lobe seizures according to its behavioral, 
electrophysiological, and morphological properties 
(6). Various parts of the limbic system, including the 
amygdala and hippocampus, have an important role 
in the spreading of seizures (7). Synchronized and 
overactive neurons of these regions can be targeted 
for studying brain dynamics by using spatiotemporal 
signals, such as local field potential (LFP) recordings 
(8). After the discovery of electro-encephalography, LFP 
recording has been extensively used for studying brain 

activity (9). LFP is used to record all frequency ranges of 
brainwaves and can represent brain activity. 

In the past two decades, low-frequency stimulation 
(LFS), as an effective anti-convulsant pattern of DBS, 
has been investigated by many researchers for curing 
drug-resistant epileptic patients (10). Seizure-detecting 
systems constantly monitor seizure activity and have 
a significant role in managing and controlling seizure. 
Following detection, brain stimulation can be applied 
as a curing option as soon as the clinical symptoms are 
revealed. This method results in limited side-effects 
compared to epilepsy surgery and prevents seizure 
attacks (11). 

Two methods of stimulation have been used to 
stimulate the brain for curing epilepsy during the past 
decades: the open-loop and the closed-loop. The open-
loop method applies a pre-determined stimulating 
protocol regardless of clinical symptoms (12); however, 
the closed-loop method applies its stimulation during a 
seizure attack (13). In the open-loop method, the brain 
is stimulated in a semi-constant (12, 14) or alternating 
schedule in a given time (15). This daily pattern changes 
depending on each patient and time of therapy (16). 
The open-loop does not have a smart-mechanism to 
determine the condition of the brain for stimulation.

The closed-loop method has three subsystems: the 
brain-recording system, seizure-detecting system, 
and stimulation program. Analysis is performed 
simultaneously with LFPs recording , and stimulation is 
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applied once a seizure is detected (13, 17). Nevertheless, 
the closed-loop method has advantages including: better 
capability to prevent the spreading of seizure, fewer 
stimulations (only on previously scheduled moments), 
fewer undesired effects (the open-circuit method 
may impair normal brain activity), fewer number of 
stimulation which decreases the battery usage and 
therefore fewer surgery will be needed for battery 
exchanging, the ability to study seizure frequency, and 
other parameters for detecting seizures (18, 19). Several 
algorithms have been produced in the past decades for 
detecting and predicting seizures (20–22). Most of these 
studies are based on previously available data (23, 24).

Detecting seizures enables us to overcome some of 
the challenges faced in managing the epilepsy curing 
procedure. This information can be utilized for exact 
detection of seizures and to provide proper curing in 
a suitable time for epilepsy. In the present research, 
we tried to find an appropriate algorithm for seizure 
detection in the pilocarpine epilepsy model in rats. 
Finding this algorithm is very important for use in 
future studies on closed-loop electrical stimulation of 
epileptic subjects. 

Materials and Methods
Animals

21 male Wistar rats (weighing 200–250 g), obtained 
from the Razi Institute (Karaj, Iran), were used. Animals 
were maintained under the standard conditions, 22–25 
°C temperature, 12 hr light/dark, and access to food and 
water ad libitum. All manipulations were in line with the 
ethical guidelines approved in advance by the Ethical 
Committee of the Faculty of Medical Sciences, Tarbiat 
Modares University according to the NIH Guide for the 
Care and Use of Laboratory Animals.

Chronic Seizure Induction
For epilepsy induction, animals received lithium 

chloride (212 mg/kg, IP) and pilocarpine hydrochloride 
(150 mg/kg, IP) 24 hr later.  Methylscopolamine 
bromide (1 mg/kg, IP) was also administered 30 min 
before pilocarpine hydrochloride in order to limit the 
peripheral effects of pilocarpine. Diazepam (4 mg/
kg) was administered one hour after the first seizure 
experience to control the severity of status epilepticus 
and to prevent animal death. Rats developed diarrhea 
and showed other signs of cholinergic stimulation 5 
min after pilocarpine injection. They exhibited head 
nodding, scratching, chewing, and exploratory behavior 
during the next 15–20 min. Pilocarpine treatment 
induced the following behavioral changes: akinesia, 
facial automatisms, and limbic seizures consisting of 
forelimb clonus with rearing, salivation, masticatory jaw 
movements, and falling. In fact, pilocarpine side effects 
were restricted to the first week after its administration, 
while the recurrent seizures started around 30–60 min 
after the pilocarpine administration, and the animals 
were unresponsive to their environment. The initial 
acute insult was followed by a seizure-free phase 
(silent) and, finally, a chronic period characterized by 
the occurrence of spontaneous seizures; the chronic 
phase started 45–60 days after the first attack. Only 7 
out of 21 rats showed epileptic behaviors. 

Surgery
Under 100 mg/Kg ketamine (10%, Alfasan, The 

Netherlands) and 10 mg/Kg xylazine (20%, Alfasan, 
The Netherlands), animals underwent stereotaxic 
implantation with a monopolar recording electrode 
in the CA1 region of the right ventral hippocampus 
(coordinates: A, -6.0 mm; L, 5.5mm; and V, 6.8 below 
dura) according to the atlas of Paxinos and Watson 
(1985). Recording electrode (stainless steel, Teflon 
coated, 127 µm in diameter, A.M. Systems, USA) and 
reference electrode (connected to the skull by a 
miniature screw) were insulated except at their tips. 
Three screws were planted into the skull as anchors. 
All electrodes were connected to pins of a lightweight 
multichannel miniature socket as a head-stage and 
fixed on the skull with dental acrylic. The animals were 
allowed 10 days as post-surgery recovery period before 
starting the experiments.

Local field potential recording
LLFPs were recorded from the CA1 region of the 

hippocampus. After recovery, hippocampal LFPs were 
recorded when the animals were put in a Plexiglas 
recording box inside a Faraday’s cage. The rat’s head-
stage was connected to a flexible, shielded cable, and 
the animal was allowed to move freely during recording 
in the recording box. Signals were filtered at 3 kHz, 
amplified, and digitized (at 10 kHz) using a PC-based 
data acquisition system (BIODAC ES1721, TRITA 
WaveGram CO., Tehran, Iran) and were continuously 
monitored and stored on disk.

Hippocampal LFPs were recorded 24 hr a day for 
one week. Simultaneously, 24 hr video recording was 
run to evaluate the occurrence of seizure attacks based 
on animal behaviors. Seizure behaviors were detected 
according to the Racine’s scales (25).

Seizure detector
For seizure detecting, a detection algorithm based 

on comparing either the short-term total power or 
the short-term sample entropy of signal to a threshold 
value was used. Both the total power and the entropy 
can be potentially suitable indices for seizure detection 
as their values change during seizure occurrence. The 
power, which is related to the amplitude of the LFP 
waves, increases by seizure. The sample entropy, which 
is calculated as the negative natural logarithm of an 
estimated conditional probability that subseries of 
length  match point-wise within a tolerance , also match 
at the next point, decreases during seizure.

The calculation of short-term power and short-term 
sample entropy values   was done by windowing analysis 
of signal. We analyzed the LFP signals and epileptic waves 
by using a MATLAB toolbox named signal processing 
toolbox.  We used the pwelch function of the MATLAB 
software package to calculate the short-time power. In 
addition, the sampen function, which is available on the 
physio.net site for the MATLAB software package, was 
used for calculating the sample entropy. The length of 
the time-windows for both methods was 2 sec and the 
overlap between windows was 95%. In the pwelch 
method, which includes an additional segmentation, 
the length of each segment was 1 sec and the overlap 
between segments was 75%.
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To detect the onset of seizures, the average of the 
desired parameter (either power or sample entropy) 
was calculated for a long time (10 sec in our study) 
of signal as base value of that parameter. In each data 
update (0.1 sec in our study), the instantaneous value 
of power or sample entropy was calculated and was 
compared to a threshold value. The threshold level was 
considered as 3 times increase in power (or 0.25 time 
decrease in sample entropy). The greater the magnitude 
of the threshold coefficient, the harder conditions were 
considered for seizure detection. Therefore, in this 
condition, seizure may be detected with more latency, 
but more confidently.

In this study a closed-loop system was used for 
seizure detection in freely moving animals. Therefore, 
the confidence coefficient of detection should be high 
enough to avoid misdiagnosis of the movement artifacts 
of the animal. For this purpose, we considered a time 
interval during which the short-term values should 
stay greater than (for power) or less than (for sample 
entropy) the threshold value. It should be noted that if 
in any moment of this interval, the momentum value 
of power is less than the threshold value, the interval 

will begin from zero again. The longer the length of this 
interval, the higher the reliability of the detection and 
lower the misdiagnosis of environmental artifacts and 
noises; but more latency in the time of seizure detection. 
The flowchart of the used algorithm is shown in Figure 
1.

Statistical analysis
All obtained data were analyzed via the MATLAB 

(MathWorks) software package, and are presented as 
means±SEM. Statistical comparison between delay time 
of seizure detection by power or sample entropy analysis 
was performed using Graphpad Prism software, version 
6.01 for Windows (Graphpad, CA, USA). The level of 
significance was P<0.05. 

Results
As explained previously, the online analysis of power 

and entropy of hippocampal LFPs were run using the 
MATLAB software package. During seizure induction, 
the occurrence of ictal discharges resulted in huge 
fluctuations in LFP recording and was accompanied 
with changes in power and entropy. To determine that 
between sample entropy or power of LFP which one is 
a better parameter for seizure detection, we compared 
the online detection of 16 seizures in 6 epileptic rats. 
Obtained results revealed that LFP power is a better 
indicator for online seizure detection compared to 
LFP entropy. As Figure 2 shows, the changes in power 
were correctly matched with seizure occurrence in all 
of the cases while there was no relationship between 
the changes in entropy and seizure occurrence in some 
cases. Table 1 shows the number of correct and incorrect 
detections of seizures in these two methods illustrating 
power as a better indicator for seizure detection.

There were also some non-seizure noises in LFPs, 
for example from animal movement or electronics 
instruments. To find a way for correct detection of 

 

Figure 1. A) Schematic figure showing the setup used for online 
analysis of LFP recorded from an epileptic animal accompanied by the 
video monitoring of rat. B) Block diagram showing the algorithm used 
for online analysis of data 
LFP: Local field potential

  

Figure 2. Using the change in wave power and sample entropy for 
seizure detection in freely moving animals. A) Left: Sample record 
of LFS from the hippocampal CA1 region during occurrence of 
spontaneous seizure. Red dashed line shows the time of seizure 
initiation. Right: Sample online analysis of changes in LFP power and 
sample entropy for detecting the seizure initiation. Dashed line shows 
the real initiation time of seizure and arrows show the detection time 
according to online analysis of power (above) or sample entropy 
(below).  B) Delay in seizure detection time according to online 
analysis of power or sample entropy of LFP. Sixty sec was considered 
as cut-off time for seizure detection. As the graph shows, online 
analysis of power is more suitable for seizure detection
LFP: local field potentials



Iran J Basic Med Sci, Vol. 23, No.2, Feb 2020

Zare et al. Online seizure detection 

176

seizure behavior, the power or entropy of the changes 
were assessed online in 10 ms epochs. A five times 
increase in power or entropy compared to baseline, 
was considered as criteria of seizure induction. Figure 
3 shows that when the software calculated this increase 
in one or 10 consecutive epochs, both seizure and non-
seizure induced fluctuations were detected as seizure. 
However, after increasing the number of epochs to 100, 
correct detection occurred (Figure 3).

Discussion
The main aim of this study was to find a method for 

online detection of seizure attacks according to LFP 
recording. We used the online analysis of power and 
entropy of LFP waves. Our study showed that LFP power 
was a more reliable criteria compared to its entropy.

Many studies have been done to find the best methods 
for seizure detection and/or anticipation. However, 
in most of them the rout of analysis was according to 
the offline EEG analysis. During the online detection 
of seizure, one important problem is the ability to 
distinguish between seizure- and nonseizure-induced 
fluctuations in LFP waves. This is a big problem especially 
in preclinical experiments with animals. During freely 
moving behaviors, there are a lot of sources which can 
produce noises in the LFP, such as sudden and rapid 
movements of animal, while in human EEG there is no 
movement-induced noises during interictal periods. 

In this study we recorded LFPs from the ventral 
hippocampus. In pilocarpine model of epilepsy, the 
chemical is distributed to all brain regions, but those 
regions which are susceptible to seizure initiation, will 
exert the main role. The hippocampus is one of the 
most important focal points of the seizure. It has been 
reported that in the pilocarpine model, the initial origins 
of the seizure are the ventral hippocampus and ventral 
subiculum (equivalent to the anterior hippocampus in 
humans) (26).

Artificial neural networks use a variety of criteria to 
detect the seizures. We used wave entropy and power to 
detect seizure. Algorithms designed based on artificial 

neural networks usually use complex signal analysis 
methods that are suitable for offline seizure detection. 
However, these complex analyses take time and may 
not be suitable for online seizure detection. Considering 
this fact, analysis of the wave power is a suitable manner 
for online detection of seizure activity, as it has low 
complexity (27). The characteristics of various band 
frequencies, such as the delta and theta waves change 
continuously (28). Accordingly, in this study, the total 
power frequency band was considered for analysis, 
which was a more stable parameter. The results of the 
present study revealed that wave power increases when 
a seizure begins to initiate. Novak et al. have shown that 
wave power increases 30 sec before onset of seizure 
activity and quickly drops once seizure ends (29).

Acharya et al. (2015)  have shown that among the 
various entropy measures used for detecting seizure, 
RE, SEN, and PE are the best types (30). Therefore, we 
also used sample entropy to detect seizures. Our data 
revealed that sample entropy is not a suitable criteria 
for detecting seizure activity online. Nevertheless, some 
studies have shown that sample entropy is a suitable 
and reliable criteria for online detection of seizures 
(31). Jouny et al. (2012) have found that sample entropy 
changes in partial seizures and mesial onset seizures. 
Perhaps one of the reasons is that seizure with sample 
entropy does not fully perform in epilepsy of the 
pilocarpine model, which is a complex epilepsy (28).

Seizure detection by EEG of LFP recording is very 
important in closed-loop circuit for using brain 
stimulation as a potential anticonvulsive agent. The time 
of brain stimulation is very important for maximum 
effectiveness. We previously showed that application of 
low-frequency stimulation (as an anti-seizure agent) at 
the beginning of epileptiform activity is more effective 
compared to its application before or several minutes 
after the onset of seizure (32) . Therefore, correct 
detection of seizure can be used in a closed-loop circuit 
for applying the brain stimulations at the beginning of 
epileptic seizures.

Wrong detections Correct detections No. of seizures Detection method 
0 100 16 Power 

31.25 68.75 16 Entropy 

 

Table 1. The percentage of correct and wrong seizure detection by using either power or entropy of local field potentials 

 
Figure 3. Effect of change in the number of epochs (10 ms) when LFP power was used for seizure detection in sample LFS recorded during 
spontaneous seizure recording (left). Red dashed line shows the time of seizure initiation. Using one or ten epochs (red arrows in the right graph) 
resulted in incorrect detection of seizure. Using one hundred epochs (black arrows in the right graph) resulted in correct detection of seizure
LFP: local field potentials; LFS: low frequency stimulation 
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Conclusion
Simple algorithms must be used for online detection 

of seizure. We demonstrated that LFP wave power is 
a more reliable criteria than entropy. Noises caused 
by animal behavior are best omitted using software 
modifications. Modifying algorithms related to power is 
more reliable since changing entropy algorithm resulted 
in false seizure detection.
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