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In recent years, automatic change detection for real-time iwnitoring of
electroencephalogram (EEG) signals has attracted widespad interest with a large
number of clinical applications. However, it is still a chienging problem. This paper
presents a novel framework for this task where joint time-dmain features are rstly
computed to extract temporal uctuations of a given EEG datastream; and then, an
auto-regressive (AR) linear model is adopted to model the da and temporal anomalies
are subsequently calculated from that model to re ect the pasibilities that a change
occurs; a non-parametric statistical test based on Randonzed Power Martingale
(RPM) is last performed for making change decision from thesulting anomaly scores.
Edited by: We conducted experiments on the publicly-available Bern-8celona EEG database
Ahsi;;%aKEiR/dei:i; where promising results for terms of detection precision (.97%), detection recall
United Arab Emirates (97.66%) as well as computational ef ciency have been achieed. Meanwhile, we
Reviewed by: also evaluated the proposed method for real detection of seures occurrence for
~ KlausMathiak, 3 monitoring epilepsy patient. The results of experiments yousing both the testing
RWTH Aachen Universitat, Germany . . . L
Enweivin, database and real application demonstrated the effectivezss and feasibility of the
China Astronaut Researchand  method for the purpose of change detection in EEG signals. Téproposed framework
Training Center, China a5 two additional properties: (1) it uses a pre-de ned AR mdel for modeling of the
*Co"esgou”j;:;e;_u past observed data so that it can be operated in an unsupervisd manner, and (2) it uses
luguoliang@sdu.educn  an adjustable threshold to achieve a scalable decision makg so that a coarse-to- ne

detection strategy can be developed for quick detection ordrther analysis purposes.
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Accepted: 15 March 2018 Electroencephalogram (EEG) re ects the electrical agtieit the brain, which has become an

Published: 04 April 2018 important tool to record and comprehend the complex activitidstte brain (i et al., 201}
Citation: Among various applications, real-time EEG monitoring is afub&chnique to observe the state of
Gaoz LuG,YanP LyuC, Lix, brain function and capture the potential uctuations of braattivities. Practical examples of this
Shang W, Xie Z and Zhang W (2018)  technique include, but not limited to,

Automatic Change Detection for . L. . . . . Lo B
Real-Time Monitoring of EEG Signals. Online monitoring of epileptic seizures using statistics && (Yuan et al., 2013; Gajic et al.,

Front. Physiol. 9:325. 2015. The mathematical model is established via observed EE@etermine whether the
doi: 10.3389/fphys.2018.00325 present status is normal by an online way.
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Change detection of brain status/pattern for patients withexampleSaaid et al. (201propose a change point detection for
brain injury (O'Neill et al., 2015; Amorim et al., 20),6n  EEG signal application based on Particle Swarm Optimization
which the real-time monitoring o ers a continuous record of (PSO). According tdortelainen et al. (2012 multiple change
any seizure activity that may have been unwitnessed. detection algorithm based on Bayesian Information Crieri
Detection of sleep-disordered breathing events(uyst etal., (BIC) is presented for the assessment of the switch-like gban
2010; D'Rozario et al., 20) vhere real-time monitoring plays in the signal characteristics occurring just before the aaméthg.

an important role to record any occurrence of sleep-relatedHopfengartner et al. (2007design an e cient, robust and
breathing disorders. fast method based on power spectral analysis techniques for
Brain-computer interface (BCI) Wang et al.,, 2012; the o-line detection of epileptic seizures in long-term scalp
Abdulkader et al., 2095 Obviously, it allows for real-time EEG recordings. These methods do not need a supervised
communication between the brain and the computer. learning or training phase, but their performances largely rel
on retrospective analysis of the whole data. That is unsuitable
for real-time monitoring applications where the changes are
expected to be detected as soon as possible.

In this paper, we concentrate on the problem of automatic
ange detection in real-time EEG monitoring and propose
a novel framework for this task. In this framework, joint
time-domain features are rstly computed to extract temporal
uctuations of a given EEG data stream; and then, an auto-
regressive (AR) linear model is adopted to model the data and

In real-time monitoring of EEG signals, one major goal is to
nd change(s) between brain states where the EEG signalggean
from a normal state to the abnormallictal, for example, sedzu
onset detection of the epilepsy can be regarded as detection éﬁ
statistical changes via monitoring EEG signaba¢ and Hu,
2013; Yan et al., 20).9n spite of that monitoring of EEG has
been an extensively studied area in the literatutédn et al.,
2010; Mullen et al., 20) ichange decision making in EEG signals

'Cshzt(':lll(: dpgobéime?:eziaeléezgﬁrmgezgtsi(;a;ego_ﬁgg; 2rrzt?::?ltemporal anomalies are subsequently calculated from thatahod
Y €xp 9 P Yo re ect the possibilities that a change occurs; a non-paraime

g?}ssu(:ﬂcn“n:rilj gﬁ??;sske;]'a?gecgzge Eﬁg&:rcﬁ]rglggsu'faca'tg ﬁ§tatistical test based on randomized power martingale (RPM) is
. g . pron - Y aNfhst performed for performing change decision making based on

e ectiveness of detection considering the massive amouhts e resulting anomaly scores

collected dataliporas et al., 2033 and mganwhile it bring§ a The rest of the paper is (.)rganized as follows. In section 2

Iarge_dela}y bec?‘“S_e the manual observation can n ot acfiieve tthe proposed change detection framework is described inldetai

real-time in monitoring. Moreover, results of detection wdide Experimental results are shown in section 3. We also test the

di erent between neurologists because the determinatiogdby

. A S framework in real clinical applications in section 4. A further
ggggnds on their subjective judgments/decisidisdshash etal., discussion of the results follows in section 5. Finallytieacs

To address the drawbacks of manual decision making(foncIUOIes the paper.

plentiful approaches have been proposed over the decades to
automatically detect the changes in monitoring EEG signalsz_ MATERIALS AND METHODS
and they can be divided into two groups. In the former group,
machine learning is introduced into change detection of EEG®.1. Materials
signals (iu et al., 2012; Wang et al., 2Q1d~or example, The tested EEG signals in this paper are taken from the publicly-
Cloostermans et al. (201resent a novel computer assistedavailable Bern-Barcelona EEG databased(zejak et al., 2092
EEG interpretation system that combines eight quantitativefThese EEG data that have been recorded with a sampling rate
features into a single classier and utilizes decision ttee of 1,024 Hz are down-sampled to 512 Hz prior to further
obtain a classi cation per brain region, which may improveanalysis. They randomly select 3,750 pairs of simultaneously
early detection of seizure activity and ischemia in criticdl  recorded signals from the pool of all signals measured at
patients.Tzallas et al. (2009nake good use of time-frequency focal and non-focal EEG channels respectively, and divide th
analysis to representthe characteristics of di erent EE@G®eds  recordings into time windows of 20 s, corresponding to 10,240
and employ arti cial neural networks to classify EEG segrsentsamples. The rst 50 focal and non-focal types of EEG data
for epileptic seizures. Moreovegagha et al. (2017gmploy are selected (note that we only tessignals in given source
cross channels maximum and minimum to monitor the EEG le).
signals, then Multivariate Empirical Mode Decomposition and In our experiment, 50 new EEG data streams were
classi cation techniques are utilized to detect a possibEnge generated by concatenating each pair of a non-focal signal
in the eye state. Although these approaches are experimentatycord and a focal signal record to guarantee at least
fast and accurate when used for detecting possible changss, tltone change point are contained in each testing EEG data
need a supervised learning/training phase or prior knowleage tstream. We further down-sampled these signals with a down-
usage. sampling rate 1:50 in our experiments to decrease the
On the other hand, the latter group of statistical analysicomputation burden in process. Finally, two experienced
based methods have been proposed where neither superviseslrologists were invited to label the change point(s) inites
learning/training nor prior knowledge can be applicable dgrin data. Some examples of testing data streams are shown in
EEG monitoring Gao et al., 2010; Pachori and Bajaj, 20Fbr  Figure 1 We conducted the experiment in Matlab R2014a
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FIGURE 1 | Three examples of testing data streams used in our study.

without any optimization for speeding up the procedure,or keep accurate and essential information within detected

and the PC for the experiment is CPU 3.70 GHz, RAMevents. Apparently_scorgrovides a harmonic mean between

4.00 GB. precision and recall, and a high value &f scoreensures
To evaluate the performance of the proposed change detectiorasonably a good balance between them.

framework, we compared the results of automatic detection

by our method with those given by experienced neurologists?-z- Method

Three statistical measurements pfecision (speci city)recall  In this section, the proposed method will be described in detai

(sensitivityandF_scorare used to assess the performance of OUE

approach, which are respectively de ned as: 2.1. Overview ,
As depicted inFigure 2, the framework is operated as follows:

(1) joint time-domain features are rstly computed to exttac
temporal uctuations of a given EEG data stream; and then, (2)
an auto-regressive (AR) linear model is adopted to model the da
and temporal anomalies are subsequently calculated from that

. n
precisiorD —
N

recallD :Tm model to re ect the possibilities that a change occurs; (3pa-n
9 parametric statistical test based on randomized power mgatie
(RPM) is last performed for performing change decision making
2 precision recall based on the resulting anomaly scores. Detailed descriptithn
F_scor® precisiorC recall be given in the following.

whereN is the number of changes from automatic detection2.2.2. Feature Extraction

by the proposed framework)g is the number of all changes Feature extraction for EEG signals representation plays an
labeled by invited neurologists amg, is the number of changes important role in change detection of the datasierrero-
which are matched-successfully to manual determinati@mfr Mosquera et al., 2010; Sen and Peker, 20b3our study, joint
automatic detection. In fact, precision revels the ability t time-domain features are used to represent the given EE@lsign
detection accuracy while recall describes the ability taine considering that single time-domain feature may be not tdéa
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FIGURE 2 | Flowchart of the proposed framework.

enough for the signal representation because of its noriestaty ~ TABLE 1 | Time-domain features employed for joint feature.
characteristicBoashash et al., 20115

For a given EEG data streath D fy,yo,...yng Wherey; ' coure  Expression Description
is the amplitude of the signal at timeand N is the length of ¢ %P K Lout Mean of EEG signal within the sliding
the stream, we employ a sliding window with a xed lendth window
to extract features (The length of sliding winddwcan be set , max fyi Lc1s - Vi Maximum of EEG signal within the
empirically or with a prior estimation. Here, in this paper, the sliding window
value ofL was set as 5 empirically in the following experiments); min fy (c1. . Ykd Minimum of EEG signal within the
as follows. For the signal at time (k L), we employ ve b sliding window
time-domain featuresj (j D 1,2,3,4,5) resulted from the f t bk et M7 Variance of EEG signal within the
signal sequence within the sliding winddw, c1, ...k 1,Ykd q sliding window

to generate a joint feature corresponding to this signéind s t bk icali fP  Standard deviation of EEG signal
the expressions and descriptions corresponding to employed within the sliding window
time-domain features are listed fable 1

In fact, we emphasize the amplitude characteristics of given
EEG signal via above time-domain features. Here, it is worth

mentioning that, the direct use of these resulting statati 2-2-3- Problem Formulation o _
features would be straightforward and it would be unreliabl e formulate the problem of change detection in this subsecti

to some extent due to its sensitiveness to temporal uctuatio SUPPose that the given EEG signalhas been represented as

Hence, the entropy is used to combine these statistical measu f&dt D 1,2,..N), we employ an auto-regressive (AR) model
as to describe the signals without change:

X0 "
D  filogf 1) @b € tCh @

iD1
: where and are themeanandtrendof the EEG series andis

Thus, the EEG signal with the lengthigfcould be represented as constrained as constant of O due to the natural property of EEG

avector asay, o, 111, gng And an example of extracted feature signals, that is, the values of EEG data always oscillatsaro

is given inFigure 3 where the extracted feature can reveal thezero, the error$";gare zero mean, i.eE["¢] D 0, which belongs

uctuation of signal. It shows an obvious representation inave  to independent and identical distribution (I.1.D). Hence, wan

the given signal changes suddenly in amplitude. obtain the expectation dfgggbased on the Equation (2), which
Although the resulted feature can point out the time whenis computed a€[qq] D C tCE["{] D C t. In clinical

signal changes largely in time-domain, it is di cult to detaine  applications, for an EEG sequenteD fqy, 0p, ...,qng Without

the change based on the calculated entropy because theie rangbvious change(s), the expectation fafg can be estimated

can be varied from a small value to a large value. From thigpproximately as the sample mean as

perspective, an e ective decision rule is still necessary. \ille w

give the detailed detection mechanism in the following. L

WD - qq' Ct (3)

1Features corresponding to the sigifig, y», ...y. 1gare initialized as zeros. N D1

Frontiers in Physiology | www.frontiersin.org 4 April 2018 | Volume 9 | Article 325


https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/physiology#articles

Gao et al. Change Detection of EEG Signals

200
100

-100
-200

Amplitude/pVv

| | 1 | | 1 | il
50 100 150 200 250 300 350 400
Downsampled Signal

T T T T T T T

201 .
15| .
10 4

Entropy

50 100 150 200 250 300 350 400
Feature

FIGURE 3 | An example of downsampled EEG signal and extracted feature.

Here, it is worth mentioning that, Equation (3) can be utdizto by Equation (3), the linear predictiof at timet can be obtained
estimate two important parametersand in Equation (2) by by Equation (2). Denoting the prediction error asat timet, we

computeddys. rst compute it as
Assuming that the given EEG signal satis es the model
Equation (2) (i.e., it can be generated from this regressiodel), a Dkag Qyk (6)

we regard that the EEG sequence is a normal state, i.e., ngeba
occurs, butif it does not, we consider the signalisinanab/®  \here k  k is the Euclidean distance metric. Particularly,

;tate, i.e., there isachaqge ip this EEQ sequence. Oncagmh'aconsidering Equations (4) and (6) together, the valueeof
is detected, the current time is determined as one changet.pom(i_e a D kI C1 tkC " wherel D (1 )

Appa_rently, the parameters in regression modgl at chang_e timeg1 D (1 »)), can be divided into two cases as
are di erent from those resulted from the previous establishe ¢ ows:

model. Let us suppose that the model in Equation (2) has been

changed from (1, 1) to ( 2, ») at time c. This change can  In the case ot < cwhereHp in Equation (5) is truea

be described by a two-phase regression model extended fromis approximately zero or very small, which demonstrates the

Equation (2) {Vang, 200} as observed signal obeys the normal data distribution;
whent D cwhich satis esHa in Equation (5),e will be high
( 1C gtC", 1 t ¢ 1 which implies a change occurs and the observed data after the
a D C AC" t N 4) change timeare considered as another data distribution (i.e.,
2> 2= b ¢ abnormal state).
which allows “both step(mean)-tyfe 1 6D ») and trend-type In order to reduce the computation cost, we use an
( 1 6D )" changes. A null and alternative hypotheses are givealternative way to determingft) on the basis of Equation
as: 3) as: @ Ng, since the trend has been constrained
as constant of 0 as made previously in this paper. This
Ho: 1D 2 and 1D > (5) alternation can e ectively speed up the computation f
Ha: 16D 2 and/or 16D in practical execution because it avoids the large time cost

i . ) ) on estimating the parameters and . Moreover, in order
'_f the_ null hypothesisHo is rejected, i.eHa is trug, the present to remove the e ect of the alternation, we then standardize
time is regarded as a change. Now, the problem is how to quantit, resultedfag into a series of standardizetg by z D
the data distribution ofy from this model and discriminate the (@ @)= where®and are the sample mean and standard
normal and abnormal states. deviation offag Last, on the basis dfzgt D 1,2:::,N),
2.2.4. Change Detection we can calculate the anomaly scageof eachz based on

The processing of change detection is shownFagire 4 A the already-observed dafay, z;,:::,z 1ginspired byHo and
prediction error fag is employed to measure the amount of Wechsler (2010)

the temporal uctuations of the EEG data distribution ivi.

Assuming that ( 1, 1) has already been estimated in past signal s D fz1,22,:::,z2 19z) Dkzy  Hi 1k @)
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FIGURE 4 | Overview of change detection.

P
where Hi 1 D ﬁ }D%zi and k k is the This property of “the expectation of the next value is the same

Euclidean distance metric. On the basis of resulteds the current value” is so-callemartingale which implies
anomaly scores fsgt D 1,2;::,N), the current E[M(t)] D E[M(1)] D 1. Suppose that(t),t 2 f1,2,::,cgis
problem is how to nd the time ¢ when the change a nonnegative martingale, thi#goob's Maximal InequalitfDoob,

occurs. 1969 is then satis ed forany 2 f1, 2, ...¢g
To achieve automatic detection of the changdsg a non- 1
parametric statistical test based @mdomized power martingale P(max M(t) ) = (11)
Otec

(RPM) (Vovk et al., 200Bis employed for this task. Detailed
computation procedure is described as follows.

| : ) where is a positive number. Above inequality shows that not all
First, on the basis dfs;, 9, ...,50 the RPM is constructed by

M(t)s are higher than a pre-de ned threshold, which determines
an upper bound for the false alarm rate (i.e., a given probabpility
Y 1 for detecting a change when there is none. In other words, the
M(t) D . (R (8) value of is determined by the false alarm rate that one is willing
D1 to accept Ho and Wechsler, 20)0However, the false alarm
rates in di erent applications are often chosen by cross-alh

where 2 (0,1) (in the following experiment, it was set as . ! . .
©.1) ( g &xp or empirical setting. For the decision of martingale test, the

0.8 since any value of 2 [0.8,1) has been investigated the ) LS )
e ectiveness irHo and Wechsler, 20)0and@s are the@-values Equation (11) can be transformed to the following inequalit

computed from the following function: 0< M(t) < (12)
&D #j:g> sgC i#j:5D sg ) The inequality shown in Equation (12) means that, in the
i martingale-test based change detection, one can rejeatutie
_ _ o _ _ hypothesisHg in Equation (5) wherM (t) . In other words,
where #g is a counting functionj 2 f1,2,:::,i 1gand jis Ha: a change occurs on the tineas long asvi(c) . This

randomly chosen from a uniform distribution of [0, 1] at timie  means, decision on a change-point at tirnés equivalent to

(Vovk et al., 200p It is worth mentioning that, when the data testing the following hypothesis by combing Equations (5) and
stream includes a change, i.e., the stream does not sdtiefy {(12) as

exchangeability, th@-values using Equation (9) are no longer

uniformly distributed in [0, 1] due to the fact that the newt@das .

likely to have higher anomaly scores compar&d tothe datadyre Ho: 1< M(9<

observed. Here, one observes that, sM¢8 D ~ {5,( © 1), no ie, LD 2 and !D 2:nochange
re-computation is requwﬁd for calculatmg(t) Ha: M(0)

Then, since obV|oust0 [ 'p @j3 D 1, the conditional
expectation ofM(t),t 2 f1,2,:::,cgwith respect to the past
E-values, i.ef@,0,:::, @gis given by Once the change is detected, the system will take appropriate

zZ, actions to maintain the operation and to avoid accidental

EIM®)iR, ©,...0] DMt 1) 0 Q ! DMt 1) (10) 2M(1) is initialized as 1 in settings.

(13)

ie, 6D 2 andlor 6D 2:changeoccurs
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consequences. Otherwise, the martingale test continues t@lue of precision is performed while a smaller value of recall

operate as long as® M(t) < . generates when increases. In fact, the value ofcontrols the
. trade-o between precision and recall, and the F_score shows
2.2.5. Algorithm this performance as shown iRigure 5. The F_score receives

Suppose that we have obtained measured anomtdigé D the most promising value (93.75%) with when D 3. We
1,2,...n), the computation procedure of change detection isalso provided three examples of detection results of di erent
given in Algorithm 1 as follows. EEG sequences whenD 3 in Figure 6. The changes labeled
manually by neurologists (red line) are shown in top gure in
each example. We can notice that only one change is chosen out

Algorithm 1 Procedures of change detection. in the two examples ofigures 6A,B And three changes in the
STEP 1Set the value of in Eqg. (13) for change decision making and examples shown ifFigure 6C are captured by the framework.
initialize the set of changdsD ; ; The experimental results demonstrate its promising accurdcy o

STEP 2 Set beginning tlmeolD 1 for martingale construction and initialize detection and ability to keep essential seizure within
martingale valu(tg) D 1;

STEP 3 Settimet D tg C 1 for martingale starting; events. ) . ) ) o
STEP 4 Calculate the martingale value by Eq. (8); For automatic detection in real-time monitoring, the actua
STEP 5Determine the present time by Eq. (13): if it rejects the null processing time is very important for clinical applications. Thus
hypothesisHg via the threshold in Eq. (13), add the corresponding time we also presented the computation timeFigure 7. The average
toCandseM(t) D 1,to D t,t D toC 1 successively. After that, goto STEP computation time is about 0.E51t can be seen that, the phase of
4 otherwise, updateD t C 1 and then goto STEP 4; ) change detection is very fast in computation for all testdldes
STEP 6 The iterative process stops when the monitoring EEG sigvigigas . h .
been processed completely or at a stopping time. of ,thatis fastgr enough than real-t|men(_ass for each EEGkigna
sequences, which demonstrates the e ciency of our proposed
mechanism.

3. RESULTS
4. APPLICATION TO REAL EEG

As the description in Equation (13) that a thresholds utilized MONITORING APPLICATION

to control the sensitivity of the detection, we thus gavertmults

of precision, recall and F_score in di erent values dfom 2to ~ We introduced the proposed framework into the real monitoring

9 with a step of 0.5 irFigure 5, respectively. The best precision of epilepsy seizure based on EEG signals (as showigure 8).
(96.97%) is received whenD 5.5 while the best recall (97.66%) The EEG record data and surveillance videos were collected
is obtained when D 2. Meanwhile, we can notice that a largerfrom an epilepsy patient, which lasted for 6 h. The seizure

100
95
X 9
e
£ 85
=
= 80
=
= e— >
2 ''''' ) S @ -........ %
= 70 T S T -
»n
2 65 .
G =i - Precision
> 60
+++@-- Recall
55
—O—F score
50
. 2 245 3 3.5 4 4.5 S 95 6 6.5 7 S 8 8.5 9
Precision| 79.11 | 87.77 | 93.75 | 93.50 | 95.61 | 96.30 | 96.23 | 96.97 | 95.96 | 94.90 | 95.74 | 95.83 | 94.79 | 94.68 | 96.59
Recall 97.66 | 9531 | 93.75 | 89.84 | 85.16 | 81.25 | 79.69 | 75.00 | 74.22 | 72.66 | 70.31 | 71.88 | 71.09 | 69.53 | 66.41
F score | 87.41 | 91.39 | 93.75 | 91.63 | 90.08 | 88.14 | 87.18 | 84.58 | 83.70 | 82.30 | 81.08 | 82.14 | 81.25 | 80.18 | 78.70
FIGURE 5 | Results of precision, recall and F_score in different valeef .
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time was recorded by our framework. Meanwhile, an exper80 seizures were detected while there were only 24 seizures
observed the EEG recording and labeled the seizure withiven by the expert. We listed the detection results by our
the assist of monitoring videos. We compared the detectioframework and expert's decision ifiable 2 and showed an
results by our framework with experts decision. As a resultexample of EEG recording with a seizure reported by our
framework in Figure 9. We can notice that six seizures were
detected falsely according to expert's decision. On the oné,ha
02 the threshold value may be too sensitive for seizure detectio

(the threshold was set as 3 in the experiment). It still needs
Gla more clinical testing for determining the suitable thre&ho
0.16 On the other hand, two successive seizure with little time
% O ' - interval was reported by our framework (e.g., 03:22:27 and
2 N 03:22:42 inTable 2, which can be regarded as one seizure.
= U % As a result, the proposed framework can detect the EEG
g 0.1 % change e ectively although it has a false alarm rate in clinical
;30.08 7 applications.
S o0 \
i § 5. DISCUSSION
0.02 § Automatic change detection in real-time monitoring of EEG
0 12 n & signals is a matter of great signi cance in theory and clihica
2253354455556 657758859 ave practice, which provides an important assistant to observation
The value of A and diagnosis for the patient undergoing neurological
illness. A reliable change detection system can reduce the
FIGURE 7 | The computation time in different values of , where ave manual mistakes resulted by neurologists and improve the
corresponds to the average computation time of the proposedramework. e ciency.

In this paper, we have proposed a novel framework for
automatic change detection in real-time monitoring of EEG
signals, which has three key properties:

a) Computational E ciency The framework can be executed
very fast, which is experimentally even faster than real-
timeness. This property makes it more suitable for
change detection in real-time monitoring compared with
retrospective analysis based methods (&gaid et al., 2011;
Kortelainen et al., 2032

b) Unsupervision Dierent from machine learning based
approaches (e.gkumar et al., 2014; Yuan et al., 20,16ur
framework does not require any prior knowledge about the
EEG signal nor a supervised learning/training phase, which is
convenient and simple in real usages.

¢) Scalability In our framework, change detection can forem-
coarse-to- néy only adjusting one parameter Theoretically
a smaller number of change will be selected out with a
greater value of, and vise versa. This achieves a hierarchical
analysis/processing of EEG monitoring to meet di erent

FIGURE 8 | An example of surveillance image in patient monitoring.

TABLE 2 | The detection results by the proposed framework:p " means that the results are endorsed by the expert's decisin while “O” means the false detection.

Seizure Expert Seizure Expert Seizure Expert Seizure Exper t Seizure Expert
00:06:23 P 01:11:07 P 02:42:21 P 03:54:04 P 05:01:32 P
00:19:40 P 01:23:56 P 02:56:03 P 04:06:11 P 05:17:39 P
00:31:12 P 01:33:25 o 03:08:43 P 04:21:29 p 05:29:45 P
00:45:30 P 01:46:10 P 03:22:27 P 04:27:33 o 05:47:25 P
00:56:19 P 02:13:31 P 03:22:42 o 04:48:23 P 05:53:15 o
00:59:23 0 02:29:07 P 03:38:27 P 04:50:52 o 05:54:02 0
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FIGURE 9 | An example of EEG recording when seizure is reported by ourdmework.

FIGURE 10 | From top to bottom: detection results when D 2, 3, 4, respectively.
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clinical demands. For example, a patient with serious brain The proposed approach has a high computational e ciency,
injuries will need a sensitive detection with a smaller eadfi  which brings a much smaller detection delay compared with

in order to avoid any omission. the results obtained from retrospective analysis (eSpaid
et al, 2011; Kortelainen et al., 2012n some clinical

In detall, it achieves a promising performance of precision. .~ . . . . .
appllcatmns where a timely alarm is required, automatic

0, 0, i i i
(96.97%) and recall (97.66%). Meanwhile, it obtains the beaﬁtection with a smaller detection delay is more helpful for

performance of balance between precision (93.75%) and reCedical workers to take actions. Our framework is carried out
(93.75%) when D 3. In addition, the computation speed ’

) : . . o in an online way, which makes it more suitable for the real-
is suciently fast to achieve the real-time monitoring and .. o T S
: time monitoring and analysis in clinical applications such as the
analysis. Note that the framework can fr®@m-coarse-to- ne . o S . . .
S . continuous monitoring of coma patient in the intensive cargtu
by only adjusting one parameter. As seen in an example

given inFigure 10 we give the di erent detection results when (Icv).

D 2,3,4, respectively. It can be noticed that only one
change is captured when D 4 while three changes are 6. CONCLUSION
chosen out when D 3. The scalability of our framework

provides an adjustable detection for patient with dierent In this paper, we have proposed an e cient, unsupervised and

. o scalable framework for automatic change detection in real-
serious state of neurological illness. For example, thestiolel . o . ’ M
time monitoring of EEG signals. Our main contributions are

Va“_Je of IS sypposed to be little for. the patlgnt uzlderg?l.ng summarized into two folds: (1) joint time-domain featuresea
serious brain injury, because declaring a patient “dead” is a

. . . . .~ used for EEG signals representation, which is able to rebeal t
very tricky procedure and it requires a long-time monitoring

during which the doctor visually inspects the EEG tracingsgcmatlon of signal in amplitude, especially non-stationdtiG

. . signals. (2) real-time change detection is proposed based on
looking for any change that might account for restart of - . . . . .
L RPM, which can be implemented in an online operation without
cerebral activity I(a Foresta et al., 2009They need a more

sensitive detection so that any tiny change can not be orhitte any supervised training phase or prior knowledge. Meanwhile, it

. 7 L has a small detection delay in operation. Through experiments
In other words, their detection in such a situation needs a

S - conducted on the Bern-Barcelona EEG database and real
larger recall to keep more essential information as much as. . S e
possible Clinical application, we demonstrated promising performances

. . . of the proposed method indicating that the framework can be
Compared with those approaches based on machine Iearnlng, - . . L -
ectively applicable in future clinical applications.

our proposed framework is unsupervised. Machine learning
based methods such @foostermans et al. (2018nd Zhang

et al. (2015)often need a supervised learning or training phasesAUTHOR CONTRIBUTIONS

which will be not reliable in the case that we do not have ) .
enough prior knowledge or training samples for the learningZC and GL designed the framework and drafted the manuscript.
phase. Moreover, the process of classi cation/recognitiderof GL, PY,and XL critically revised the content of the work. Glvg
segments the EEG signals into many epochs with xed lengtfuch valuable suggestions in the design of framework artitel
with an expectation of improving the accuracy of detectionUS revise the manuscript critically. ZG, WS, ZX, and WZ tested
but this strategy is not suitable for real-time applicationsthe algorithm against the database and real application.

that require immediate response when the change occurs.
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current time by only using the past data with an online
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