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Automated seizure detection in a home environment has been of increased interest the last couple of
decades. The electrocardiogram is one of the signals that is suited for this application. In this paper,
a new method is described that classifies different heart rate characteristics in order to detect seizures
from temporal lobe epilepsy patients. The used support vector machine classifier is trained on data from
other patients, so that the algorithm can be used directly from the start of each new recording. The
algorithm was tested on a dataset of more than 918 hours of data coming from 17 patients containing
127 complex partial and generalized partial seizures. The algorithm was able to detect 81.89% of the
seizures, with on average 1.97 false alarms per hour. These results show a strong drop in the number
of false alarms of more than 50% compared to other heart rate-based patient-independent algorithms
from the literature, at the expense of a slightly higher detection delay of 17.8s on average.
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1. Introduction

Epilepsy is a neurological disorder that affects

around 1% of the people worldwide.1 In around 30-

40% of the cases, epilepsy can not be cured with

anti-epileptic drugs. To improve the quality of life

of these refractory epilepsy patients at home, sev-

eral solutions are possible. One of these solutions is

the use of an alarm system in which the seizures are

detected automatically. Relatives and friends of the

patient can then be warned so that they can come

and help the patient when a seizure occurs. Another

solution would be to use automated seizure detection

in a closed-loop system with vagus nerve stimulation

(VNS).2 VNS can then be activated if a seizure is

detected, thereby shortening the seizure duration.3

Automated epileptic seizure detection is typi-

cally done by analysis of the electroencephalogram

(EEG). Obtaining EEG is however very impracti-

cable outside the hospital.4 Previous studies showed

that other easily acquired signals such as the electro-

cardiogram (ECG), accelerometry, electromyogram

and electrical dermal activity can also be used to de-

tect certain types of seizures in an automated fash-

ion.5 In this paper, single-lead ECG is used to detect

complex partial and secondary generalized seizures

in temporal lobe epilepsy (TLE).

Seizures from TLE patients are often accompa-

nied with a strong ictal heart rate increase (HRI).6–8

These HRIs often follow a pattern (see Fig. 1 for the

most common ictal pattern), in which the heart rate

(HR) first increases linearly, then stays stable at a

certain peak heart rate, and finally decreases expo-

nentially.8,9 Variations on this ictal HR behavior can

however occur as well.10 Despite the strong patient-

dependency of HR features, the patient-independent

approach is preferred for online seizure detection in

practice. This is mainly due to two drawbacks of

patient-specific seizure detection:

• There should be sufficient (seizure) data available

of the specific patient before the algorithm can

be used. This could take more than a week for

some patients (for patients with a low seizure fre-

quency), which would be a problem for short-term

applications. In this case, data collected during di-

agnostic monitoring will not be sufficient in order

to make a robust patient-specific algorithm.

• The data of every new tested patient should be

correctly annotated. This is typically done using

the gold standard (video-EEG monitoring), and

requires the cooperation of medical experts for ac-

curate results.

-
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Figure 1. Illustration of ictal heart rate changes during
temporal lobe seizures.

State-of-the-art HR-based seizure detection al-

gorithms are all based on thresholding approaches.

Most of them, however, do not recommend parame-

ter settings for patient-independent use.9–11 Ungure-

anu et al. (2014)12 uses minimal patient-specific prior

information (the patient’s age) in order to tune these

parameters to that patient, which is still acceptable

for the intended patient-independent goal. In this pa-

per, the algorithm is trained automatically in order

to optimize seizure detection parameters by using

support vector machines (SVM).

Most of the algorithms in the literature try

to detect the seizures as fast as possible, already

a couple of seconds after the seizure onset. Stud-

ies however show that the entire HRI might con-

tain important information (such as the peak HR)

for automated seizure detection.13,14 Therefore, a

method is proposed that analyses the entire HRI.

Features of HRIs are then extracted and classified

using a patient-independent SVM classifier — us-

ing leave-one-patient-out crosstesting (LOPO CT)—

into seizure and non-seizure HRIs. Although machine

learning has been discussed in previous works for of-

fline seizure detection in neonates,15,16 it has not

been thoroughly investigated for online HR-based

seizure detection in adults and children.
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Different algorithms from the literature will be

implemented and tested on the same dataset as the

proposed algorithm. To our knowledge, this is the

first time multiple HR-based seizure detection algo-

rithms are evaluated on the same dataset.

The used dataset is summarized in section 2.

The proposed patient-independent seizure detection

algorithm is described in section 3. The results of

the proposed algorithm and the implementations of

several algorithms from the literature are shown and

discussed in section 4. A precursor of this paper has

been discussed in Ref. 17.

2. Data Acquisition

The proposed algorithm was developed based on a

dataset containing single-lead ECG recordings from

18 patients with refractory temporal lobe epilepsy,

who underwent presurgical evaluation at UZ Leu-

ven. All patients gave consent to their participation

in this study. Patients were allowed to move freely in-

side their hospital room during monitoring. Analysis

of one of these patients was left out from this study

due to poor overall ECG quality. Seizure onsets were

annotated by a clinical expert using video-EEG mon-

itoring as part of a presurgical evaluation, indepen-

dently of this study. In total 127 complex partial and

secondary generalised seizures were recorded during

more than 918 hours of continuous ECG data. Table

1 gives a detailed overview of this dataset. The ECG

was recorded from lead II with a sampling frequency

of 250Hz.

3. Methodology

The online seizure detection algorithm using heart

rate consists of three main stages: significant HRI

extraction, feature extraction and seizure detection.

The different steps are shown in Fig. 2 and are dis-

cussed in this section.

3.1. Online R peak detection

In a first step, the single-lead ECG is processed in or-

der to obtain the immediate HR measurements. The

immediate HR is computed as

HR =
60

RR
, (1)

Table 1. Overview of the used dataset.

patient patient number of seizure record

number age seizures types † duration‡

1 37 4 1 23:20:19
2 49 10 2,3 26:30:50
3 41 9 2 63:03:34
4 27 13 1,2 70:59:30
5 35 5 2 53:04:57
6 15 10 3 24:40:45
7 17 4 2 43:02:34
8 29 11 2,3 47:06:33
9 27 4 2 30:38:16

10 33 1 1 02:06:25
11 54 2 1,2 15:06:09
12 26 7 1,2 148:08:27
13 34 2 2 10:59:55
14 52 3 1,2 45:37:02
15 9 30 2,3 66:57:00
16 38 11 1,2,3 113:47:48
17 46 1 2 133:12:28

total [9-54] 127 - 918:10:04
† indicates the seizure severity classes found for each
patient (see section 4.8).
‡ record duration expressed in hh:mm:ss.

with RR the time difference between consecutive R

peaks in seconds. The tachogram is defined as the

time series of these instantaneous heart rates. The

automated online detection of the R peaks is done

by using an adapted version of the R peak detec-

tion algorithm described in Ref. 18. The algorithm is

adapted in order to operate online according to the

following steps:

(1) The ECG is filtered by a low-pass (cut-off fre-

quency 40Hz) and a high-pass (5Hz) Butter-

worth filter.

(2) The derivative of this signal is computed.

(3) Positive maximum peaks P+ above a threshold
T+

1.5 and a negative minimum peak P− below a

threshold T−

1.5 are searched in real-time. If a com-

bination of such a P+ and P− are found with a

peak-to-peak distance lower than 140ms, an R

peak is detected.

(4) T+ is updated online as

T+ = 0.8 ∗ T+ + 0.2 ∗ P+ (2)

and similarly for T− with P−.

The different fixed factors in this algorithm were cho-

sen after analysis of their performance on the MIT-

BIH arrythmia database.19,20 T+ and T− are ini-

tialized as the positive/negative peak values from
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Figure 2. Overview of the followed procedure for P patients in the dataset (P = 17 here). For every tested patient,
feature selection and classifier training are performed on all other patients in the available dataset. This procedure is then
repeated for every patient. The significant HRI extraction procedure is identical for all patients.

the third largest/smallest maximum/minimum in

the first 5 seconds from the recording. The online

search-back procedure from Ref. 21 was also added

to this procedure for improved R peak detection per-

formance.

3.2. Extraction of significant heart rate
increases

The ictal HR changes should now be detected au-

tomatically from the online constructed heart rate

signal. Detecting the complete ictal HR pattern as

shown in Fig. 1 however has some important draw-

backs. First, the entire ictal HR pattern can take

over two minutes in some cases, which would lead to

a too large detection delay for early seizure detec-

tion. A second issue is the fact that multiple vari-

ants of the shown ictal pattern exist in practice.10,22

Therefore, this paper restricts itself to detecting and

analyzing the incremental phase of the ictal HR pat-

tern. It allows a faster detection of the seizures, and

contains sufficient information for accurate seizure

detection.9,10,12,17,23

The proposed preprocessing algorithm (called

HRI-EXTRACT from now on) detects this linear

HRI phase in 3 stages, which are mainly based on

using the gradient of the tachogram. The tachogram

is first filtered by applying a median filter (with a

filter order of 15 HR measurements). This is done

in order to remove smaller peaks inside the linear

phase due to respiratory sinus arrhythmia or R peak

detection errors. This improves the robustness of the

significant HRI extraction procedure. The gradient

∇HR is computed as the gradient of the linear fit

on 10 HR measurements. In a first stage, the al-

gorithm looks for a gradient larger than 1bpm/s. If

such a gradient is found, the algorithm assumes that

a strong HRI is occurring. In the second stage, the

algorithm searches back in time for when this HRI

started (tstart). This is done by searching for the last

point for which the gradient is negative or near zero.

In the third stage, the end of the linear phase (tend)

is found by again searching for the first negative gra-

dient.

Once the end of the HRI is found (at time tend),

several heart rate features are extracted from this

HRI phase, and the following rules are imposed (see

Fig. 3 for the definition of the different variables):

∆HR > 10bpm (3a)

HRpeak

HRbase
> 1.1 (3b)

HRpeak
HRrest

> 1.25 (3c)

∆HR

∆tHRI
> 0.35bpm/s (3d)
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Figure 3. Example of an ictal HRI from patient 17. The
features required for the extraction of significant HRIs
are defined in this figure. HRbase indicates the average
HR over the 60s before the start of the HRI. HRstart
indicates the HR at the beginning of the HRI, HRpeak
the peak HR at the end of the HRI. ∆tHRI indicates
the length of the HRI (in seconds), ∆HR indicates the
amount of increased HR. The EEG seizure onset is lo-
cated at 33922s in this example.

HRrest stands for the estimated average HR at
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rest for the patient under testing and is computed

on-the-run. HRrest is set to HRbase if

• HRbase < HRrest ,

• the linear fit on the data of HRbase results in an

absolute gradient < 0.2bpm/s and

• the linear fit is found with R2 > 0.7.

These rules were set after analysing a different

dataset in Ref. 17. As this step is used as a pre-

processing step, rule values were chosen so that all

seizure HRIs were detected in that database. If the

HRI follows the rules from Eq. 3a-3d, it is assumed

that it is a significant HRI, and further processing is

required. This algorithm is completely identical for

all patients and is summarized in Alg. 1.

Algorithm 1 HRI-EXTRACT

Input: Online HR data
Output: Information of a significantly strong HRI

1: for each new HR measurement HRk at time tHRk

do
2: Filter HR data using median filter
3: Compute HR gradient ∇HRk
4: if not currently looking for end of a HRI
5: if ∇HRk > 1bpm/s
6: Look back for last ∆HR ≤ 0bpm/s: start of

HRI tstart
7: Start looking online for tend
8: end if
9: else if ∇HRk ≤ 0bpm/s

10: Current time is end of HRI tend = tHRk

11: if Eq. 3a-3d apply
12: Significant HRI detected!
13: end if
14: Stop looking for end of HRI
15: end if
16: Check if HRrest needs an update
17: end for

3.3. Feature extraction

If a significant HRI is detected, several HR features

are extracted from the segments before and during

this HRI. The extracted features can be divided into

three big groups.

The first group contains some specific HR fea-

tures related to the mentioned HRI. These are

amongst others HRpeak, ∆tHRI and the maximal

HR gradient ∇HRmax during the HRI, which were

also discussed in section 3.2. The second group con-

tains several heart rate variability (HRV) features

extracted from the HRI period. These include linear

HRV statistics like the standard deviation of suc-

cessive differences (SDSD) conform the Task Force

recommendations.24 The last group of features con-

sists of linear HRV features and several HR frequency

features extracted from the 60 seconds preceding the

HRI.

3.4. Feature selection

In the last phase of the algorithm, the features

of significant HRI’s are classified in order to indi-

cate if these are caused by an epileptic seizure or

not. As mentioned in the introduction, a patient-

independent classifier is preferred here. The classi-

fier is trained on data from other patients than the

tested patient (LOPO CT) as illustrated in Fig. 2.

The feature selection is also done for each patient

separately, using only the data from other patients.

In this paper, forward feature selection is used,

incrementally adding features to the pool of selected

features. The first two features are added simultane-

ously as a lot of HR features are strongly correlated

to each other. Let S be the collection of selected fea-

tures (initially empty) and the set of Nf features

X = [X1, ..., XNf ]. The first two selected features

are then

S1 = {[Xk′ , X l′ ]} (4)

with

[k′, l′] = arg max
k,l|k 6=l

Fβ(SVM([Xk, X l]))

k, l = 1, ..., Nf (5)

and

Fβ = (1 + β2) ∗ Se ∗ PPV
(β2 ∗ Se) + PPV

(6)

the Fβ-score, in which Se stands for the sensitivity

and PPV stands for the positive predictive value of

the support vector machine (SVM) classifier outputs

using the selected features [Xk, X l]. The β parameter

allows to give β times more importance to sensitiv-

ity than to PPV in the computation of the F-score.

Additional features were added to S iteratively as

Sm+1 = {Sm ∪Xj′}, m ≥ 2 (7)

with

j′ = arg max
j /∈Sm

Fβ(SVM(Sm∪Xj))}, j = 1, ..., Nf

(8)

as long as the addition of this feature Xj′ leads to

an increased Fβ-score on the validation set.



February 6, 2017 17:46 ws-ijns

6 T. De Cooman et al.

The SVM output is found by using LOPO cross-

validation (LOPO CV) on the training set (see next

section for classifier details). This means that the

training set is split up so that the classifier is trained

on every patient with exception of one patient, which

is the patient used for validation. The trained classi-

fier is then evaluated on this patient in the validation

set. This procedure is then repeated so that every pa-

tient in the training set is used once for validation.

The output for the different validation datesets are

then combined to one general sensitivity and PPV

output value for the training set. To lower the un-

balance in the training sets, the non-seizure samples

were limited to the first 100 non-seizure samples of

each patient during the training step, similarly as in

Ref. 25.

Table 2 gives an example of the Fβ-scores for

different β values during feature selection. The F5-

score leads to the extraction of features that result

in a more desirable sensitivity (around 80%) and an

acceptable false alarm rate (±2FPs/h) compared to

lower β values. Therefore, the F5-score is used in this

paper.

Table 2. Comparison of Fβ results for dif-
ferent typical heart rate-based seizure detec-
tion results during training. All Fβ-scores, PPV
and sensitivity (Se) are shown in percentages.

Based on Se FP/h PPV F1 F3 F5

F1 74.6 1.9 5.1 9.6 31.6 49.0
F3 74.6 1.9 5.1 9.6 31.6 49.0
F5 82.5 2.2 4.8 9.1 31.5 50.9

This method of feature selection is chosen here

as it is able to identify features that work well in

the used generic way. Features that lead to a good

classification result in patients for which no data was

used during training were chosen, so that the patient-

specific impact on the feature selection is reduced as

much as possible.

3.5. Classification

Let {xi,yi} be the training data with xi ∈ Rd the in-

put vector containing the selected feature data, and

yi ∈ {−1,+1} the corresponding output values. Let

class -1 correspond to non-seizure samples and class

+1 to seizure samples. SVM will then map these in-

put data to a higher dimensional space using a func-

tion ϕ(.).26 A non-linear mapping ϕ then makes it

possible to make a non-linear separating hyperplane

wTϕ(x) + b = 0, with w ∈ Rd the unknown weight

vector and b ∈ R an unknown constant. The classifier

output is then defined as

f(x) = sign(wTϕ(x) + b). (9)

The unknown variables w and b can be found by

solving the following optimization problem:

min
w,b,ξ

1

2
wTw+C+

N∑
i=1|yi=+1

ξi +C−
N∑

i=1|yi=−1

ξi (10)

such that

yi(w
Tϕ(xi)+b) ≥ 1−ξi, ξi ≥ 1, i = 1, ..., N.

(11)

Due to the unbalance in the dataset between the dat-

apoints belonging to both classes, a modification of

the typical SVM is used.27 The values of C+ and C−

are set here to

C+ = α ∗ (N+ +N−)

2 ∗N+
(12)

C− =
N+ +N−

2 ∗N−
(13)

with N+ and N− indicating the number of data-

points belonging to classes +1 and -1 respectively.

The factor α in C+ is added in order to increase the

impact of misdetecting seizure samples compared to

non-seizure samples. α is set initially to a heuristic

value of 3 for the feature selection. Once the features

are chosen this way, α is optimized on the training

set by retraining the model for different α ∈ [2, 5].

The α value leading to the highest F5-score on the

training set is used for training the final SVM model.

A Gaussian kernel is used in this paper. The entire

procedure for seizure detection (called HRI-SVM ) is

summarized in Alg. 2.

3.6. Evaluation criteria

Online automated seizure detection algorithms are

typically analyzed using four metrics. The sensitivity

gives the percentage of seizures that are detected by

the algorithm. The number of false alarms are eval-

uated by both the number of false positives per hour

(FP/h) and the PPV. The fourth metric is the de-

tection delay, which is the delay between the seizure

onset and the moment the seizure is detected by the

algorithm. The seizure onset is taken as the scalp

EEG onset if this is available. In some cases (for pa-

tients 2, 6 and 8), no clear EEG onsets were found.
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For these cases the clinical onsets are used as refer-

ence onset. Seizures were detected correctly when an

alarm was given between 30s before and 90s after the

seizure onset. These boundaries are chosen as none

of the seizures showed any significant HRIs before

30s prior to the EEG onset, which is in consensus

with the results of Ref. 28. HRIs typically end be-

fore 90s after the EEG onset, and detecting a seizure

1.5 minutes after the EEG onset is considered to be

too late for online seizure detection. Alarms within

1 minute of each other are counted as one alarm.10

General measurements of the entire dataset can be

divided into overall performance (computed on the

total number of seizures) and patient-averaged per-

formance (the average of the performances of each

patient). Unless specifically mentioned, overall per-

formance is meant for the evaluation of the general

performance in the rest of the paper.

3.7. Tested HR-based seizure detectors
from the literature

Other patient-independent seizure detection algo-

rithms from the literature were also implemented and

tested on the used dataset.9,10,12 Also an adapted

version of the mentioned algorithm, using a linear

SVM with the features found in Ref. 17 (∇HRmax,

∆tHRI in #RR intervals and the pre-ictal spectral

entropy) is evaluated. The parameters for the algo-

rithms from Ref. 10 and Ref. 9 (from now on re-

ferred to as Osorio and vanElmpt respectively) are

set twice so that they result in either a similar sensi-

tivity (marked by (se)) or similar FP/h rate (marked

by (fph)) as the proposed algorithm. This allows

a better comparison between these algorithms and

the proposed algorithm. This procedure is not re-

quired for the algorithm from Ref. 12 as the opti-

mal patient-independent parameter settings were al-

ready discussed in the corresponding paper. The al-

gorithms were faithfully replicated based on the al-

gorithm descriptions from the corresponding papers

and were intensively tested for their correctness. The

same R peak detection algorithm is however used for

all algorithms.

Algorithm 2 Procedure for online seizure detection

(HRI-SVM )

Input: Online HR data of patient Pp, offline HRI
data of other patients patpool \ Pp
Output: Alarm in case of an assumed seizure for
patient Pp
Offline Preprocessing: feature selection

1: Let patpool be the collection of patients
2: Let featpool be the collection of features
3: Initialize featsel as empty and F prev5 = 0
4: while adding features to featsel leads to improved

performance in patients patpool \ Pp do
5: for each feature featf ∈ featpool \ {featsel} do
6: feattest = featsel ∪ featf
7: for each patient Pi ∈ patpool \ {Pp} do
8: Train classifier on HRIs of patients patpool \
{Pp, Pi} using features feattest with α=3

9: Test classifier on HRIs of patient Pi
10: end for
11: Evaluate F5-score F f5 on patients in patpool \
{Pp}

12: end for
13: if max(F f5 ) > F prev5
14: featsel = featsel ∪ featargmaxf F

f
5

15: F prev5 = max(F f5 )
16: end if
17: end while

Offline Preprocessing: α optimization
18: alphamax = 3
19: for αc ∈ [2, 5] do
20: for each patient Pi ∈ patpool \ {Pp} do
21: Train classifier on HRIs of patients patpool \
{Pp, Pi} using features featsel with α = αc

22: Test classifier on HRIs of patient Pi
23: end for
24: Evaluate F5-score Fa5 on patients in patpool \{Pp}
25: if max(Fa5 ) > F prev5
26: F prev5 = max(Fa5 )
27: αmax = αc
28: end if
29: end for
30: Train final classifier using featsel on data of patpool\

Pp with α = αmax
Online Analysis of HR data from patient Pp

31: for each new HR measurement HRk at time tHRk

do
32: Extract significant HRIs (see Alg. 1)
33: if the end of a significant HRI is detected
34: Extract selected features from the significant

HRI
35: Classify using patient-independent classifier

with featsel
36: if class output of classifier = 1
37: Alarm!
38: end if
39: end if
40: end for
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4. Results and discussion

4.1. HRI-EXTRACT

The HRI-EXTRACT algorithm detected 116 of the

127 seizures. Some seizures were missed here either

due to the absence of a strong ictal HRI or due to

the presence of artifacts in the ECG during the ictal

period. The non-seizure HRIs that were detected (at

average 6.0 non-seizure HRIs per hour), were typi-

cally other sympathetic activations caused by non-

seizure stimuli like arousals, or false detections due

to R peak detection errors caused by strong ECG

noise. This preprocessing algorithm thus worked well

for the extraction of significant HRIs.

4.2. Feature selection & α optimization

Feature selection typically resulted in the selection of

HRbase(selected in 17/17 LOPO CV runs), HRpeak
(17/17), HRstart (17/17) and the pre-ictal SDSD

(15/17). The combination of these four features was

the most common combination during feature selec-

tion (15/17). All these features are easily online ex-

tractable with a very limited computational load,

making them easy implementable in wearable de-

vices. It took 1785s to analyze 918 hours of HR data

on a desktop pc with 24 GB RAM and a 3.6 GHz

processor using Matlab R©.

The α parameter in Eq. 12 was optimized auto-

matically during the training procedure. A value of

2 was chosen the most (12/17 LOPO CV runs), 2.5

was chosen 4 times, 3 only once. If the same α was

used for every patient, α ∈ [2, 3] indeed resulted in

the best performance (see Table 3).

Table 3. Results for fHRI-SVM in case a fixed
α is used for all patients during SVM training.

α 1 2 2.5 3 4 5

Se (%) 69.29 81.10 84.25 85.04 85.04 84.25
FP/h 1.32 1.91 2.11 2.26 2.48 2.75

All results in this paper are obtained by using

a Gaussian kernel ϕ(.) during SVM training. After

evaluating the results for the Gaussian kernel, the

training of the SVM classifiers was also redone for

other kernels using the features mentioned above.

No other kernel however led to an increase in per-

formance compared to the Gaussian kernel.

4.3. Fastened algorithm fHRI-SVM

A faster seizure detection is possible with a small

adjustment to the originally proposed algorithm. As

discussed in section 4.2, HRbase, pre-ictal SDSD,

HRstart and HRpeak are selected as the used fea-

tures in 15/17 LOPO CT runs. The first 3 of these

features can all be extracted when∇HRmax is found,

leading to the possibility to enhance the proposed al-

gorithm. The algorithm can be changed so that once

∇HRmax is detected, we assume each new HR mea-

surement HRk to be the end of the HRI (so that

HRpeak = HRk). Eq. 3a-3d can then already be eval-

uated, and if this newly formed quadruple of features

leads to a seizure HRI (using the original classifier),

an alarm can go off much faster. If this does not hold,

the procedure keeps iterating until the real end of the

HRI is found. This does not lead to many extra false

alarms compared to HRI-SVM because:

• The filtered HR signal is an increasing signal dur-

ing the HRI. The parameters evaluated in Eq. 3a-

3c will therefore only increase during the HRI, and

so will not cause extra false alarms.

• The parameter in Eq. 3d can decrease if the HR

gradient decreases significantly. This can happen

near the end of the HRI as some HR gradients are

nearly zero near the end of the HRI for a long pe-

riod. The impact of this is however limited as it

typically only occurs in very strong HRIs that are

mainly caused by seizures.

• The used SVM classifier typically led to a classifi-

cation boundary which could be simplified to

class =


−1 : HRpeak ≤ thr
+1 : HRpeak > thr

−1 : HRpeak >= ±200bpm

with thr the threshold value as defined by the clas-

sification boundary given the other feature values.

In this case, no HRIs that were classified as non-

seizure in the original algorithm can be classified

as a seizure in this approach except if they had

a HRpeak larger than ±200bpm. Such a high HR

is however only reached in this database due to

grouped R peak detection errors. This caused some

extra false alarms with this adjusted algorithm.

The pseudocode for the fastened version (called

fHRI-SVM ) is shown in Alg. 3, which replaces lines

31-40 in Alg. 2. Unless specifically mentioned, this

algorithm and its results are discussed from now on.
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Algorithm 3 Pseudocode for fHRI-SVM.

Input: Online HR data, patient-independent classi-
fier SVM
Output: Information of a significantly strong HRI

1: for each HR measurement HRk at time tHRk
do

2: Filter HR data using median filter
3: Compute HR gradient ∇HRk
4: if not currently looking for end of a HRI
5: if ∇HRk > 1bpm/s
6: Look back for last ∆HR ≤ 0bpm/s: start of

HRI tstart
7: Extract pre-ictal HR SDSD, HRbase and
HRstart

8: Start looking online for tend
9: end if

10: else
11: Try tend = tHRk

so that HRpeak = HRk
12: if Eq. 3a-3d apply and SVM (extracted fea-

tures)=1
13: Significant HRI detected!
14: end if
15: if real end of HRI is found
16: stop looking for end of HRI
17: end if
18: end if
19: Check if HRrest needs an update
20: end for

4.4. Results

Table 4 gives an overview of the obtained results for

each patient independently by using the fHRI-SVM

algorithm. The results of all proposed algorithms and

the algorithms from the literature are shown in Ta-

ble 5. An overall sensitivity of 81.89% (range 50.0-

100.0%) is obtained, with on average 1.97 FP/hour

(range 0.88-3.52FP/h). The seizures were detected

on average 17.8s after the seizure onset (range -18.2-

54.3s). The used SVM classifier showed a sensitivity

of 88.79%, with a specificity of 67.89% in the HRI-

SVM algorithm.

4.5. Comparison between HRI-SVM
and fHRI-SVM

By using the fHRI-SVM algorithm, the detection de-

lay dropped from 26.54s to 17.83s compared to the

original HRI-SVM algorithm. Fig. 4 shows the detec-

tion delay histograms for both HRI-SVM and fHRI-

SVM. An overall shift towards lower delays can be

noticed, causing less large delays (>60s). 83 of the

detected seizures (79.8%) were detected within 30s

of the seizure onset using fHRI-SVM, and 10 seizures

(9.6%) were detected before the seizure onset.

Table 4. Results per patient for fHRI-SVM.

Patient Se (%) FP/h PPV(%) delay (s)

1 75.0 1.84 6.52 -16.7
2 80.0 1.14 21.05 17.8
3 100.0 3.52 3.90 9.5
4 61.5 1.72 6.15 54.3
5 60.0 2.96 1.87 32.2
6 80.0 1.58 17.02 9.0
7 100.0 3.21 2.82 4.9
8 90.9 1.91 10.00 12.3
9 100.0 2.71 4.60 18.1
10 100.0 2.37 16.67 -18.2
11 100.0 1.13 10.53 -2.6
12 100.0 2.00 2.31 50.6
13 50.0 2.18 4.00 4.6
14 66.7 0.88 4.76 9.6
15 86.7 2.02 16.15 10.3
16 63.6 1.26 4.67 33.3
17 100.0 1.70 0.44 2.1

Overall 81.89 1.97 5.43 17.8
Pat.-av. 83.20 2.01 7.85 13.6
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Figure 4. Histogram of the detection delay between the
seizure onset and the alarm time for the proposed seizure
detection algorithms.

The number of false alarms increased slightly to

1.97FP/h using fHRI-SVM, but also the sensitivity

increased to 81.89%. The slight increase in detections

compared to the results of HRI-SVM is due to the 2

possible causes described in section 4.3, which hap-

pen only rarely as can be seen in the limited increase

in false alarms.

4.6. Comparison between fHRI-SVM
and the literature

The proposed algorithm showed to give the best com-

bination of sensitivity and PPV on the mentioned

dataset compared to the tested algorithms of the
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Table 5. Comparison of the results for the different evaluated algorithms. Bold numbers indicate the algorithms
with similar sensitivity or FP/h rate as the proposed algorithm.

Overall Patient-averaged

Method Se (%) FP/h PPV (%) delay (s) Se (%) FP/h PPV (%) delay (s)

HRI-EXTRACT (Alg. 1) 91.34 6.00 2.06 25.26 91.73 6.43 2.81 22.08
HRI-SVM (Alg. 2) 81.10 1.93 5.50 26.54 81.42 1.94 7.98 24.94
fHRI-SVM (Alg. 3) 81.89 1.97 5.43 17.83 83.20 2.01 7.85 13.61

De Cooman et al.17 81.10 2.93 3.69 18.28 85.17 3.59 4.77 14.03

Ungureanu et al.12 55.12 4.56 1.65 19.23 55.51 4.20 5.07 23.33

Osorio(se)10 80.31 4.19 2.59 15.86 81.88 4.31 3.63 5.89

Osorio(fph)10 69.29 1.98 4.61 17.07 73.24 2.19 8.49 8.42

vanElmpt(se)9 80.31 6.69 1.63 10.82 81.66 6.88 3.43 10.63

vanElmpt(fph)9 44.88 2.01 2.99 16.09 42.42 2.38 6.87 13.71

literature. If around 2FPs/h were requested, this

caused a significant sensitivity drop in both Oso-

rio(fph) and vanElmpt(fph). Ungureanu et al. (2014)

resulted in both significant lower sensitivity and PPV

compared to the proposed algorithm. The main rea-

son for this is that this algorithm is focused on de-

tecting seizures with high HR values (> 110bpm),

and showed problems in the detection of seizures

that did not lead to tachycardia (defined here as

HRpeak > 100bpm and ∆HR > 10bpm). This is il-

lustrated in Fig. 5, which shows the sensitivity of

all algorithms for both seizures leading to tachycar-

dia (86/127 seizures) or not (41/127 seizures). All

algorithms were able to detect at least 60% of the

seizures with tachycardia, but bigger differences were

found for the non-tachycardia seizures. The drop in

sensitivity for the fph-based versions compared to

the se-based versions of Osorio and vanElmpt were

mainly caused by a big drop in sensitivity for the

non-tachycardia seizures. The proposed method was

able to detect 91.9% of the tachycardia seizures and

61.0% of the non-tachycardia seizures.
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Figure 5. Sensitivity performance for seizures with and
without tachycardia for the different tested algorithms.

Fig. 6(a) shows the boxplots for the inter-patient

sensitivity variability for the different tested algo-

rithms. The proposed algorithm always led to a sen-

sitivity of at least 50%. All other algorithms from lit-

erature showed a greater sensitivity variability, lead-

ing to 0% sensitivity for some patients in Ref. 12 and

vanElmpt(fph).

Bigger differences were found in the number

of false positives when comparing the proposed al-

gorithm to the tested algorithms from the litera-

ture. The proposed method led towards at least 2.2

FP/hour less than the other algorithms with compa-

rable sensitivity, a decrease of at least 50% of false

alarms. Fig. 6(b) shows that the proposed method

also resulted in less inter-patient variability in the

number of false alarms. The proposed algorithm thus

not only worked best overall for these statistics, but

it also resulted in the least inter-patient variability

for both FP/hour and sensitivity, leading to reason-

able results for all patients. PPV values (see Fig.6(c))

vary more between patients for all algorithms, but

this will be discussed in section 4.7. Fig. 7 shows the

results for all evaluation measurements per patient

for all tested algorithms.

Fig. 8 shows the sensitivity and FP/h perfor-

mance for the fHRI-SVM algorithm and the algo-

rithm from Ref. 17 in case the SVM bias term b is

altered. Also the results for different parameter val-

ues for the algorithms from Ref. 10 and Ref. 9 on

this dataset are shown. It can be seen that the fHRI-

SVM algorithm always led to the best sensitivity-

FP/h combination (if Se>50%). Some possible ex-

planations why these algorithms from the literature

show significantly lower results on this dataset, as

discussed in the corresponding papers, are:
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Figure 6. Boxplots showing the inter-patient variability in sensitivity (a), FP/hour (b), PPV (c) and detection delay(d)
for the different tested algorithms.

• A much larger patient group has been analyzed

than in Ref. 9 (3 patients) and 12 (5 patients).

• Both day and night data were used, while Ref. 12

only discussed detection during the night.

• No preselection on the patients is done based on

their ictal HR or motoric responses, nor on their

seizure frequency.9,12 Only a preselection towards

TLE patients is done in this paper, which con-

tained a wide range of seizures and is the largest

group of epilepsy patients. Sensitivity results of

Ref. 10 were only computed on clinical seizures.

• No restriction was done on the patient move-

ments10 (although they are still limited to the hos-

pital rooms).

• No manual correction of R peak detection errors

was performed.9

When looking at the detection delay, the HRI-

SVM algorithm detected the seizures (much) later

than the other algorithms (see Table 5). HRI-SVM

detected the seizures on patient-average after 24.9s,

while for Osorio(se) this was on average 5.9s after

the seizure onset. The main reason for this, is the

fact that HRI-SVM is required to wait for the HRI

to stop, whereas other algorithms can already trigger

an alarm sooner. It seems however that detecting the

seizures too soon also causes a large amount of extra

false alarms. Fig. 9 illustrates this for a non-seizure

and a seizure HRI coming from the same patient dur-

ing sleep. The start of both HRIs are similar, hence

making it hard to detect this seizure very rapidly

without detecting the non-seizure HRI. The only

difference seems to be that the seizure HRI main-

tains the strong HR acceleration longer, thus leading

to a higher peak HR. fHRI-SVM tries to alarm as

soon as it is sufficiently sure that the HRI is caused
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Figure 7. Patient-specific sensitivity, FP/hour, PPV and detection delay results for the different tested patient-
independent seizure detection algorithms.

by a seizure. More than 50% less false alarms were

found compared to the literature in this way, with

only a limited extra patient-averaged detection delay

(3.0s patient-averaged compared to vanElmpt(se),

7.7s compared to Osorio(se)). Part of this extra delay

(typical 3-5s) is caused by the median filter in HRI-

EXTRACT. The results however show that this step

is very helpful in removing R peak detection errors

from the heart rate signal, hence getting more robust

seizure detection results.

4.7. Inter-patient variability

As the results vary strongly for different patients (see

Fig. 6 and 7), a closer look is taken on the inter-

patient variability for the sensitivity, PPV, FP/h and

detection delay using the fHRI-SVM algorithm.

4.7.1. Sensitivity

Only 2 patients did not have a sensitivity higher than

60%. For patient 5, only 3/5 seizures were detected,

as the other 2 seizures did not contain strong ictal

HRIs (∆HR = 20bpm with ∆tHRI = 80s).
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Figure 8. Sensitivity versus FP/hour results for the dif-
ferent tested algorithms. For fHRI-SVM and the method
from Ref. 17 the different performance results were found
by altering the SVM bias term b. For the Osorio and
vanElmpt algorithm, the parameter values from the pa-
pers are altered. For Osorio, each line contains a constant
delay term D with varying heart rate threshold values.10

For vanElmpt, each line contains a constant second time
window ∆t2, with changing heart rate threshold values.9

We refer to the corresponding papers for details of these
algorithms and their parameters.
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Figure 9. Comparison of a seizure and a non-seizure
HRI originating from the same patient. Both HRIs were
detected during sleep, within only a few hours of each
other.

Patient 13 only showed 50% accuracy as one of the

two seizures was missed due to a high pre-ictal HR

HRbase. Seizures in other patients were typically

missed by atypical HRIs for that patient or due to

strong ictal ECG noise.

4.7.2. FP/h

The number of FP/h depended mainly on how of-

ten each patient had non-epileptic sympathetic acti-

vations during the recordings and how strong these

sympathetic activations typically were. For patients

for which these were typically stronger (such as chil-

dren), non-epileptic sympathetic HRIs (caused by

f.e. arousals or mental stress) led much faster to

stronger ∆HR values, causing more FPs. In some

patients, the average ECG noise levels (both ictal

and inter-ictal) were much higher compared to other

patients. This unavoidably led to R peak detection

errors and extra false alarms. Although the effect was

rather limited for the proposed algorithm, this led to

a much higher FP/h rate for for example patient 10

for the algorithms from the literature (see Fig. 7).

4.7.3. PPV

As described above, the number of FPs mainly

depended on the number of non-epileptic sympa-

thetic HRIs, and was independent on the number

of seizures. The PPV values were therefore strongly

correlated with the seizure frequency. Big negative

outliers in PPV values were found in patients with a

low seizure frequency (see e.g. patient 17).

4.7.4. Detection delay

The found detection delay for fHRI-SVM mainly de-

pended on two factors:

• The start of the HRI compared to the EEG on-

set: Previous studies showed that the time differ-

ence between the HR changes and the EEG onset

can vary between different seizures.8,29 HRIs can

start either just before or after the EEG onset.

The sooner the HRI starts, the higher the chance

to detect the seizure faster.

• The strength of the sympathetic activation: The

seizure can only be detected when the HR has in-

creased sufficiently compared to HRbase. For pa-

tients with relative slowly increasing sympathetic

activations, it took longer to get to this temporary

HRpeak required for alarming (see for example pa-

tients 4 and 12).

4.8. Relationship between clinical
phenomena and seizure detection
results

For home monitoring applications, it is interesting to

see how the different algorithms cope with different

types of ictal motoric manifestations. The seizures

are therefore divided into 3 categories:

• Class 1 (27 seizures): Non-motor seizures with

no clear motoric manifestations (except for eye-

blinking and lip movements)

• Class 2 (45 seizures): Seizures with discrete mo-

toric manifestations (subtle dystonia and discrete

motoric agitation)

• Class 3 (55 seizures): Strong convulsive seizures

including tonic, clonic and tonic-clonic seizures

Table 1 gives an overview of which seizure classes

were found in each patient. The seizures from group

3 are clinically the most severe seizures, which most

alarm systems aim to detect due to their high risk of

injuries.5 Patients can however lose their conscious-

ness during most of the class 1 seizures, which might

indirectly lead to potential dangerous situations (e.g.

walking on stairs), so it is also important to detect

those seizures. Fig. 10 shows the sensitivity for each

class of seizures for the evaluated seizure detection

algorithms. It can be seen that for most algorithms,

the sensitivity is higher for seizures with ictal motoric

activity (classes 2 and 3) than for non-motor seizures.

The main reason for this is the fact that these non-
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motor seizures have a much lower tachycardia occur-

rence (37.0%) compared to classes 2 and 3 (68.9%

and 81.8%), making it harder to detect them. Class

2 seizures are found slightly easier by methods from

literature than class 3 seizures, which is probably due

to the fact that these contain less ECG noise due to

more subtle ictal movements. The proposed method

was able to detect 74.0%, 82.2% and 85.5% of the

seizures from respectively classes 1, 2 and 3.
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Figure 10. Sensitivity results for each class of seizure
severity for the different tested algorithms. The average
sensitivity over all algorithms for the 3 severity classes is
also shown in this figure.

4.9. Applications of HR-based seizure
detection

Automated seizure detection algorithms using ECG

can be used for several purposes. A first purpose is

as part of an alarm system in a home environment.

The algorithm can automatically give a warning to

caregivers whenever a seizure is detected by the al-

gorithm. This is a useful system, certainly for chil-

dren with epilepsy and their parents. The number

of FP/hour for these patient-independent algorithms

show that work still needs to be done in order to

make such a system successful for 24/7 monitoring.

The number of FPs during the day are typically too

high due to patient activity. A previous study on

children with epilepsy showed that such a system can

however produce better FP rates (±1FP/h) when the

system is used during the night.14 In this case, the

false alarm rate mainly depends on the sleep quality

of the patient. These results could however not be

replicated here due to the use of sleep deprivation

during monitoring.

A second practical use would be to include such

an automated seizure detection in a closed-loop VNS

system. VNS is shown to be effective for preventing

and possibly shortening ongoing seizures.3 By auto-

matically detecting the seizures, it can trigger the

VNS activation during this seizure. It is important

to keep the number of false VNS activations to a min-

imum to prolong the battery life-time. The proposed

method showed a strong decrease in false alarms for a

similar sensitivity compared to the literature, hence

avoiding false VNS activations. Due to the slightly

increased detection delay, it will however take a few

seconds longer to stop ongoing seizures.

The system can also be used in the hospitals

or revalidation centers. For the investigated seizures

from temporal lobe epilepsy patients, over 90% of

the seizures were accompanied with an ictal strong

HRI. An interesting fact can be seen for the patients

in which the seizures were not (clearly) visible in

EEG. Automated seizure detection algorithms using

the EEG would probably not be able to detect these

seizures accurately, whereas the proposed algorithm

using ECG was able to correctly detect 83.87% of

these seizures (31 seizures in total). This algorithm

can thus also be useful in the epilepsy monitoring fa-

cilities, possibly as enhancement of online seizure de-

tection applications using EEG.30–32 The discussed

methods also have the advantage that some of the

seizures can be detected by using ECG before the

seizure is clearly visible during video-EEG monitor-

ing (as can be seen for example in Fig. 4).

Due to the use of a patient-independent algo-

rithm, the applications can be used from the begin-

ning, without requiring patient-specific data. This

approach makes the algorithm more useful for short-

term applications, or for the start of long-term ap-

plications such as the alarm system or an automated

seizure diary. It does not require manual analysis of

the patient’s data, and no manual setting of param-

eters should be done.

4.10. Remaining issues

The downside of the approach is however that on

a longer time-scale, patient-specific algorithms will

obviously lead to a better performance. Both ap-

proaches can however be combined. A possible so-

lution would be to start from a patient-independent

algorithm, which can learn the patient-specific char-

acteristics on-the-run (using adaptive learning) when

more patient-specific data becomes available. This

way, the algorithm will converge to a patient-specific

algorithm over time.13 This is one of the foci for fu-
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ture investigation.

Another option to improve the performance for

patient-independent algorithms, would be to add ex-

tra modalities to the system. Modalities such as

accelerometry, electromyogram and electrical der-

mal activity have shown to be useful for detect-

ing seizures including movements.25,33–36 Also using

ECG morphology features and cardiorespiratory dy-

namics could possibly enhance the performance.37

A crucial problem for automated seizure detec-

tion using ECG, remains the high noise levels in

the ECG. Although an R peak detection algorithm

was used that showed similar performance as online

state-of-the-art algorithms, still a lot of R peak de-

tections errors were found, both ictal and interictal.

These obviously influence the performance of the de-

tector, and cause a significant part of the missed

seizures and false alarms,13 but seems to be unavoid-

able when acquiring the ECG for every day use. The

proposed method tried to cope with it by using the

median filter on the tachogram, which filtered out a

lot of noisy HR measurements, but also included an

extra detection delay to the system (typically ±3-5s).

5. Conclusion

A patient-independent online algorithm using only

ECG was proposed for the automated detection of

complex partial and secondary generalized seizures.

The method showed a significant performance in-

crease in sensitivity and PPV compared to other

patient-independent methods from the literature,

but also resulted in a slightly larger detection delay.

The selected features from feature extraction showed

that the required features are easy to compute in an

online fashion and make the proposed algorithm im-

plementable for wearable devices. Future work will go

into improving the performance by adding informa-

tion from accelerometry and electromyogram to the

system for the detection of strong convulsive seizures.
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