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Abstract—The task of objective perimetry is to scan the visual (sSVEP). Transient VEP’s arise if the electrical excitations of
field and find an answer about the function of the visual system. the visual system are able to abate before new stimuli are
Flicker-burst stimulation—a physiological sensible combination presented. If the repetition rate of stimuli is faster than 6/s
of transient and steady-state stimulation—is used to generate beain t d the sh fth It VI,EP
deterministic sinusoidal responses or visually evoked potentials responses e_gln_ 0 merge an . € shape ot the re_zsu Ing Ss
(VEP’s) at the visual cortex, which are derived from the elec- becomes periodic. The detection problem then is reduced to
troencephalogram by a suitable electrode array. In this paper we find this periodic component in the spontaneous EEG.
develop a new method for the detection of VEP's. Based on the |n our experiment, we combine both steady-state and tran-
periodogram of a time-series, we test the data for the presence giant stimulation methods to a flicker-burst stimulation. A
of hidden periodic components, which correspond to steady-statet - f4 timulus data) is foll db 4-s burst
VEP’s. The method is applied successfully to real data. racmg 0 _S (Pres imu u_s ata) is fo Qwe ; y a4a-s u_rs

of flicker stimuli (post-stimulus data) in which the basic
stimulation frequency is selected to be 8 Hz. Thus, the first and
second harmonics have a sufficient distance fromattimnd.

A wide range of approaches to the detection of sSVEP’s
|. INTRODUCTION have been proposed with the most recent ones including,

HE part of the visual world which can be seen by afMong many others, f:las_sical freque_ncy-domain approaches
T eye is called monocular visual field. A defect of thid2l, adaptive matched filtering [3], and time-frequency analysis
field can be caused either by deterioration of the retina, Y- ) ,
visual pathway, or the visual cortex. Perimetry is a method to N this paper, we develop a new method for the detection of

discover these defects. The examination of the visual field§§VEP'S based on the periodogram. We test the post-stimulus

currently carried out by subjective methods. Such techniqu@@t@ for the presence of hidden periodic components, which

require the assistance of patients, thus, they are not feasibl€@frespond to the ssVEP's. In Section II, we develop the statis-

cases of infants, simulants, and critically il patients. tical test for.the presence ofh|d(:!en penodlcmes;.m Secyon I,
The objective perimetry is based on the analysis of visudf @Pply this test for the detection of sSVEP's; in Section IV,

evoked responses [1]. In the ophthalmologic diagnostics, welf€ compute the power of the statistical test; in Section V, we

defined light stimuli are used for stimulating the visual systerRr€Sent results of the application of this statistical test on real

These stimuli elicit responses in the visual cortex, which afta. Conclusions are drawn is Section V1.

acquired as visually evoked potentials (VEP’s) by means of a

suitable system of electrodes. After a proper signal processingll. TEST FOR THEPRESENCE OFHIDDEN PERIODICITIES

anq the quant_lflcqtpn Of_ the VEP parameters, these can bGFn this section, we develop a statistical test for testing the

u't|l|zed fpr objegt|fy|ng dlagnpstlt;s. In case ,Of Wel!—deflpe%'ata for the presence of hidden periodic components; the test

diagnostic qugstlons (d'etermllngtlon qf thg visual field) it IS pased on the periodogram of a time-series.

necessary to find out, with sufficient reliability, whether a VEP In the sequel, we provide the definition of the periodogram,

is present or not. From the point of view of signal processingy el as its properties related to the construction of the

the task is to detect a signal (VEP) in the biological nOiS§tatistica| test. We represent stochastic quantities with bold
[spontaneous electroencephalogram (EEG)]. etters

Depending on the stimulation frequency a distinction is
made between transient VEP (tVEP) and steady-state VEP

Index Terms— Hidden periodicities, periodogram, visually-
evoked potentials.

Periodogram
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I, (wn_p). The valuel,(w;) is a measure of the energybetween 1 an@iV/(2m)], where[x] denotes the integer part of
contribution of the frequency; to the “signal effect” [6, =x. In this way, we avoid aliasing and we simplify the analysis

p. 24]. since the periodogram aty is directly computed via (1), i.e.,
If {y(n), n = 1,--.-, N} are samples of a stationaryiwg, i =1, ---, m, belong to the set of the so-called Fourier
time-series with autocorrelation sequer{eg (i), —oco < i < frequenciesw;, = 27k/N, k=1, ---, N/2, [5, p. 331]. Our

oo}, then periodogram ordinates, (wy ), are asymptotically data model is
independent exponentigandom variables, with meas, (wy,)
[5, p. 330]. The functionS, (w) is the power spectral density z(n) = f(n) +y(n), n=1--- N )
(psd) of {g(n)} and is given by the Fourier transform of ) , , i ,
the autocorrelation sequende,(¢)}. Notice that the psd is wherey(n) is a stationary time-series with pst) (w).
a deterministic function of.. The null and the alternative hypotheses are

In the sequelz we assume _tri&tis Iarge enough so that we . Hy: A; = B; = 0, for all
may regard periodogram ordinates as independent exponential e Heis fal
random variables [5, p. 342]. Thus, the probability density 1+ Ho IS false.

function (pdf) of the random variablg, (wx) can be expressed| et ys assume that,(w) is known to within a scaling factor,
as ie.,

1 —a/Sy(wy) >0 N
P ony(@) =14 Sylwn) € =T () Sy(w) = 08, (w) (8)
y( k)
0, otherwise.

. . whereS‘y(w) is known andos is considered unknown.
Equivalently, we can say that the random variable We observe that undeflo, z(n) = y(n), n = 1, .-+, N,

I,(wi)/Sy(wr) is distributed according to thex?(2)/2 . i 7 .
distribution, wherex?(2) is the chi-square distribution with which means thal(wi) = Iy(wi), k=1, -, N. Using (3)
two degrees of freedom, i.e., and (8), we obtain that undeto

I(w) o
Iy(we) 1, 2k o 2 32(2) 9)
~= . 3 A X&)
S, " 2X @ ® Sywn) 2
If 2z~ x2(k), w~ x%(r), andz, w independent, then [7, pp. On the other hand, undéfy, I..(iwo) will differ from I, (iwo),
219-223] for some+, depending on which4;, B; differ from zero.
) At the frequencieswg, where there is a difference between
(z+w) ~x“(k+7) (4) I, (iwo) and I, (iwo), we expect thatl,(iwo) will be larger
ﬂ ~ F(k, 7) (5) than,(iw,), due to the power of the superimposed sinusoids.
w/r Thus, we expect that
where F'(k, r) is the F-distribution with & andr degrees of I, (iw o
freedom. 5 (. o §X2(2) (10)
Sy (iwg)

Properties (3)—(5) and the (asymptotic) independence of the
periodogram ordinates will be the main tools for the construgsth “>~" meaning that the random variable at the left-hand
tion of the statistical test presented in the next subsection. side takes, with high enough probability, larger values than
the values usually obtained by a random variable distributed
B. Test for the Presence of Periodic Components as a(a/2)x*(2).
of Specified Basic Frequency Based on these observations, we rejégtin favor of Hy, if

Let us assume that we are given a set of dag?;llx(iwo)/s‘y(iwo) is sufficiently large. In order to put this
{#(1), ---, =(N)}. In this subsection, we develop statement under a statistical test, let us recall the (asymptotic)

statistical test based on the periodogram, which can [Wiependence of the periodogram ordinates and (3), (4). and
used to test the null hypothesis, that the data are sampled®f Then. undetto, we have

a stationary time-series, against the alternative hypothesis, mor (iwo) o
that the data are samples of a stationary time-series with a A= Z M ~ §X2(2m) (11)
superimposed periodic component of known basic frequency. 2 Syliwo)

o . o I.(wn
More specifically, let us assume thgtn) is a periodic Ay = Z [ (wi) e X2(2M) (12)
signal of the form Sylwp) 2
wkeﬂ Y
m wp Fiwo, 1=1, -, m
= AZ % BZ i 1 3 . . ..
f(n) ; cos(iwon) + By sin(iwon) whereQ is a frequency window containing th® frequency
n=1 ... N (6) bins which we select to use in our teQtcan be constructed in
T various ways, depending @npriori knowledge concerning the
wherewy is the specified basic frequency, and, B;, i = properties of the signals over different frequency bands. (We
1, ---, m, arenonrandom but unknownconstants. An addi- have to say more about the construction{bin Section I,

tional assumption is thato = 2rmg /N, for some integerny where we apply the test to real data.)
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Since.4; and .4, refer to nonoverlapping Fourier frequen+epresent the pure EEG signal in the pre- and post-stimulus
cies, they are independent random variables. Thus, using @ata, respectively.
we have that undef, If the EEG is assumed to be a stationary signal, then the
time-seriegy,,.(n), ¥, (n) can be considered as parts of the

A /2m ~ F(2m, 2M) (13) same stationary process, implying that their psd’s, denoted by
A /2M ’ ’ Sypre(w) and Sy,os:(w), respectively, coincide. In the sequel,
we make a slightly less restrictive assumption, which gives
Consequently, we rejedt, in favor of H; at levelq if us the ability to handle a special type of nonstationarity.
More specifically, we assume th&f..(w) and.Sypos: (w) are
A> Fi_q(2m, 2M). (14) connected via a scaling factor, i.e.,
Sypost(w) = 0 Sypre(w). (7)

Ill. DETECTION OF S¥EPs

In this section, we use the statistical test presented in thbis means that the psd's ef,..(») andy,.(n) have the
previous subsection for the detection of ssVEP's. same shape, but not necessarily the same amplitude. It is well
The ssVEP'’s are generated by a sequence of green brighown that the EEG signal is nonstationary, especially over

LED flashes with frequency 8 HZ.(= 20 - -- 40 x 10* cd/n?; certain frequency ranges, for example, over the so-called

A = 560 nm). The stimulus size of the local stimulatiodpand. However, at frequencies higher than éhband we do

is about ¥ of the visual angle. To elicit visually evokednot expect wild nonstationarities. Thus, the assumption of the
responses, the EEG is recorded using 16 electrodes plagéstementioned special type of nonstationarity, which includes
over the visual cortex. The distance between the electroddationarity, over this frequency range, appears to be reason-
is set to be 10% of the distance nasion-inion. The arithmetible. At this point, the similarity between our hypothetical
mean of the left and right ear potential is used as referendata model of (7) and our post-stimulus data model of (16)
level. After amplification and filtering (bandpass 0.3—40 His obvious.

Bessel-characteristic second order), the EEG data are sampled

at 250 Hz and A/D converted (12 bit). The amplitudes of

SSVEP’s (10pV) are normally below the amplitudes of anB- Detection of sSVEP's Using the Test for the
EEG signal (100uV). Presence of Hidden Periodicities

In the sequel, we will use the statistical test derived in
A. Data Models the Section Il in order to test the post-stimulus data for the

presence of hidden periodicities, which correspond to ssVEP’s.

For each stimulated eye position, we derive one time-seriesI hi :
. . o ; (W 11 12), I
by time averaging over 32 realizations of the data derived fro : t(fk)c avsvﬁ?crgwéaznmbé cgri?)gtv(e d 3/i am(ust be replaced by
ost i .

the channel Oz-AVO. Each resulting time-series is compose )he next step is to estimag .. (w), which takes the place
. post ’
of two parts: ) of S,(w). Notice that the presence 6f,(w) in (11) and (12)
* 1000 samples of pure EEG data recorded just before te; &

. ; : _ _ implicitly expressed througly, (w).
stimulation begun (prestimulus signal); The most natural way to estimafg,..:(w) is through the

* 1000 samples of EEG plus stimulation response dgige; stimulus datares (n). However, sincer,qs.(n) contain
recorded just after stimulation begun (post-stimulus Sigi, EEG and stimulation response, its spectrum around the
nal). harmonics of the basic stimulation frequency differs from

As we have already mentioned, if the repetition rate of the . (u), due to the contribution of the stimulation response.
stimuli is larger than 6/s, responses begin to merge and thkis indicates the need of using interpolation techniques to
shape of the resulting ssVEP becomes periodic. Thus, ®&imateS,,...(w) at these frequencies. An alternative way is
data models for the pre- and post-stimulus signals can ReestimatesS,p..:(w) through the prestimulus data. In this way

respectively expressed, far= 1, ---, 1000, as we computeS,,,..(w), which, as we have already assumed in
(17), is connected t&,,.s:(w) Via the scaling factos. Thus,
Tpre(n) =Ypre(n) (15)  S,pre(wy) takes the place of, (wy) in (11) and (12).
m There are several methods available for compufifige(w).
Zpost(n) = ZAi cos(iwgn) + B; sin(iwon) We select the smoothed periodogram as a robust and reli-
i=1 able method for the construction of a consistent estimate of
+ Ypost (1) (16)  S,pre(w). We use the prestimulus dat@,.(n), which are

identical toy,,,.(n), and we compute,..(w). Following [6,
wherem is the number of harmonics we are trying to detecpp. 153-154] we have

A;, B;, and¢ = 1,.--, m, are nonrandom but unknown
numbers, and,y = 27 (8/250) is the basic frequency, because M R o
the basic stimulation frequency is 8 Hz and the sampling Sypre(w) = Z w(T)Ry(T)e™" " (18)

frequency is 250 Hz. The time-serigg,.(n) and y,,..(n) T=—M
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where 1

) 1000 0.9}
Ry(m) = 1550 Y Tpre(n)@pre(n —7) (19)
t=1

0.8

07 false alarm=.05

is an estimate of the autocorrelation sequence of the pre+
stimulus EEG signal (values outside the range -1, 1000,
are derived by periodic continuation of..(n)), w(r) is the
Hamming lag window

Datection Probabil
<o (=] o
ES n >

T T T

o
w

false alarm=.01

w(’r):%(l—i—cos%), foro<|r|<M (20

o
o

0.1

and M <« N (typically M = N/10).
After the computation of ;pos: (Wi ) aNdSypre(wi), We may % - = - —= - .

constructl ,post (Wi )/ Sypre(wi), k =1, ---, N, and apply the SNR in dB

statistical test (14)_. Of course, it is implied that the numbey 1 power of the periodogram-based detectar:= 4, N = 1000,

of data samples, i.e., 1000, is large enough, so that we gase-alarm probabilityx = 0.01, 0.05.

regard the periodogram ordinatdS,,.s: (wy ), as independent

exponential random variables. stimulus over the prestimulus psd’s at specified frequencies
At this point, some comments on the constructiofare in P P P q !

. crompared to the corresponding mean increase (decrease) at
or it exhibits the special type of nonstationarity given in (17). ne|ghbor|ng_ frequenciésThe quantity A; expresses the
o . L . ean change, increase or decrease, of the frequency content
Thus, it is obvious that our test will give more reliable results | . . ;
. . . of the signal, between the pre- and post-stimulus partgy@t
we process the frequency intervals in which the EEG possesses .
. o 7 =1, ---, m. On the other hand4, expresses the respective
these properties. For example, we napriori exclude from : . : L
: .. mean change over the neighboring frequencies. Sinds
2 the frequency bins over the range 10-14 Hz, where it IS . .
. . . . considered unknown, we cannot make any inference for the
possible to encounter wild-band nonstationarities. However

. . . _presence of periodic components using as a test statistic the
we must say that even if we encounter wild nonstauonanugs P P 9

) o ! value of A;. However, we may decide viad since ¢ is
over certain frequency ranges, their influence .érwill be L :
: : ; eliminated in (14).
reduced by the averaging, /2M, which takes place in (13). Remark 4: We use the independence and the special type
We may also say, that if we are looking for the first harmonic ’

. . o . EEG signal nonstationarity assumptions, in order to be
of the basic stimulation frequency, it is not necessary tomclua%Ie to derive closed form exoressions for the odf's of the
in © all the frequency bins from 0 t&./2, whereF; is the P P

) . . various quantities of interest. However, if we compute the
sampling frequency. For example, if we are looking for the . g

. . . pdf of A underH, experimentally, we can observe a striking
first 4 harmonics of 8 Hz, we may use the frequency bins .~ " . : ;
from 0 to 40 Hz Similarity between the experimental estimates, computed using

) . . . . normal EEG data, and the theoretical quantities derived from
Remark 1: From a signal processing point of view

I post (wi) /Sypre(wy) IS the periodogram of the prewhiteneaI he aforementioned assumptions.
post-stimulus data, using for prewhitening the prestimulus

data. IV. EXPERIMENTAL COMPUTATION OF
Remark 2: From a Statistics point of view, division of THE POWER OF THE STATISTICAL TEST
Iposi(wi) DY Sypre(wi), & =1, ---, N/2, is an effort for In the previous sections, we developed a statistical test for

transforming the random sequenkg,..;(wx ) into a sequence the detection of ssVEP’s. Ttprobability of detectioror power

of (o/2)x*(2)-distributed random variables. If we observef the statistical test is the probability that the detection statistic

large peaks in the sequendgposi(wi)/Sypre(wr), then we A is greater than the threshol,, which corresponds to the

suspect that something “abnormal” happens, i.e., sinusoif@le-alarmprobability, «.

components are hidden in the stationary time-series at thdn this section, we experimentally compute the power of the

peak locations. statistical test (13), as a function of the signal-to-noise ratio
Remark 3:In order to be able to detect stimulation re{SNR). With SNR we mean

sponses we must detect peaks, at the frequencigs in

the sequencd ,post (Wi )/ Sypre(wi ). This sequence expresses SNR = 10 log Power (VEP)

in a way the “change” of the frequency contents of the - S Power (Post-stimulus EEG)

signal between the post- and prestimulus parts. Test (14)

is the statistical rule for detecting a stimulation responsAnalytical computation of the power of the test, for the finite

while Remarks 1 and 2 give the physical insight to owample case seems very complicated.

detection mechanism. Specifically, for detection we require Experimental computation of the power of the test for given

“a larger mean increase (smaller mean decrease) of the post; N and SNR, can be done as follows. We fix the false-alarm

(21)
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probability . This means that we can determine the threshold'° ' '
T, d
B 100
Pr (A > Th|Ho) = @ @2 3 _| |
from tables for theF'-distribution. Then, for a given SNR we * i . | A A
compute the probability that exceedd,, by performing 500 0 ° 10 B etz . > ®
realizations of the following experiment: ©

we generat@N samples of pure -EEG data\f(presti.mulus' Fig. 3. Central Stimulation: (a) Power spectral densities for prestimulus
and N post-stimulus samples). This can be done in Va“Ol(‘rﬁ]ih) and post-stimulus (thiék) data, (b) periodograms for prestimulus (thin)
ways; for example, we may use recorded EEG data, or &1 post-stimulus (thick) data, and (c) normalized post-stimulus periodogram
may generate artificial EEG’s using AR models (using thevost(wk)/Sypre(w ).
MATLAB System Identification Toolbox [8] we observed that
EEG data can be well modeled by AR models, with orders

varying from 10 to 50). the energy detector is
Then, we generat& samples artificial VEP, as a sum af N
harmonically related sinusoids. In order to obtain the desired Z y2.(n)
SNR, we scale the VEP signal. L Tpot
We form our test signal by adding the VEP to the post- B=— (23)
stimulus EEG. Then we construct the test statisticand Zygre(n)
we compare it with7,. In this way we may compute the el

probability that for givenm, N and SNR,.A is greater than which, underHo, is distributed according to th&(N, N)

Tal’nwg:ghllsvtgepﬁ;\’ﬁ; Ogc;[:veerteo?‘t.the test as a function O?Iistribution. In Fig. 2, we plot the power of the statistical tests

the SNR, form — 4, N — 1000 , and false-alarm probability 13) and (23) forn = 4, IV = 1000; the false-alarm probability

o =0 01’0 05. We 6bserve tha£ our test has significant poweg‘ was set to 0.01. We observe that the periodogram-based
AN etector takes advantage afpriori knowledge of the shape

for SNR higher than-18 dB. . :
If we wish to detect the presence of the signal Withoﬂgtzgt;gnal and performs much better than the simple energy

using anya priori knowledge about its properties, a reasonable

choice appears to be the energy detector. Energy detection

relies on the signal power only, and does not attempt to make V. EXPERIMENTAL RESULTS

use of any possible properties of the signal. Thus, comparing

the performance of the periodogram-based and the energyn this section, we will apply the statistical test for the

detectors, will serve to illustrate the effect of utilizing theletection of ssVEP’s to real data.

property (6) on the performance of the detection. We begin by presenting the results derived from central
If we assume that the background noise in stationary whig@mulation. We test for the presence of a periodic component

Gaussian with unknown variance, then the statistical test foomposed of sinusoidal terms with frequencies 8, 16, 24,
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around 30 Hz. However, sincd = 2.5136, we rejecH in
favor of H, at level 0.0123.

We conclude this section by summarizing the results ob-
tained from the application of our test on 20 data sets, derived
from the inner area of the eye of healthy persons; in all these
cases we detected stimulation response at level 0.015.

VI. CONCLUSION

In this paper, we developed a new ssVEP detection method.
The method is based on the periodogram of a time-series. We
test the post-stimulus data for the presence of hidden periodic
components, which correspond to ssVEP’s. We actually try
to prewhiten the post-stimulus data, using the pre-stimulus
data. In this way we obtain an expression of the change of
the frequency contents of the signal between the pre- and
post-stimulus parts.

Detection of periodic components actually means that there
exists larger mean increase (smaller mean decrease) of the
post-stimulus over the prestimulus psd’s, at the harmonics of
the basic stimulation frequency, compared to the correspond-
ing mean increase (decrease) at the neighboring frequencies.

We experimentally computed the power of the statistical
test. The periodogram-based detector takes advantage of the
a priori knowledge of the signal shape and performs much
better than the simple energy detector.

From the application of the method to real data we deduced
that averaging over 32 realizations gives an SNR which is suf-
ficient for detection with a very small false-alarm probability.
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