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Abstract— In this paper, a cepstral analysis based approach
to measuring the depth of anesthesia (DoA) is presented.
Cepstral analysis is a signal processing technique widely used
especially for speech recognition in order to extract speech
information regardless of vocal cord characteristics. The
resulting index for the DoA is called index based on cepstral
analysis (ICep). The Fisher criterion is engaged to evaluate the
performance of indices. All analyses are based on a
single-channel electroencephalogram (EEG) of 10 human
subjects. To validate the proposed technique, ICep is compared
with bispectral index (BIS), which is the most commonly used
method to estimate the level of consciousness via EEG during
general anesthesia. The results show that ICep has high
correlation with BIS, and is outstanding in terms of the Fisher
criterion and offers faster tracking than BIS in the transition
from consciousness to unconsciousness.

I. INTRODUCTION

Anesthesia is a state of loss of consciousness, loss of
skeletal muscle activity, and loss of feeling pain due to an
anesthetic agent during surgery. It is important to control the
dosage of the agent because if the dosage is not managed
properly to maintain anesthesia, it could cause many problems,
such as intraoperative awareness or coma [1], [2]. Therefore,
the DoA should be monitored during surgery in order to dose
the proper amount of anesthetic agent.

Historically, the DoA has been measured by using the
pulse rate, blood pressure, skin conductance, and various
kinds of biological factors. Recently, EEG based techniques to
monitor the DoA have started to be widely used in surgery as a
reference to determine the state of the patient. Many methods
for monitoring the DoA have been developed and
commercialized such as the BIS monitor from Aspect Medical
Systems [3], the Entropy monitor from Datex Ohmeda [4],
and the NeuroSENSE monitor from NeuroWave Systems [5].
Among these, BIS is currently one of the most popular
monitors in hospitals. Although BIS is considered a reference
to discriminate the state of the patient, some negative claims
about BIS have been reported [6]-[8], so the demands on this
gold standard for monitoring the DoA are getting higher.
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In this paper, cepstral analysis is engaged to measure the
DoA. Cepstral analysis is a well-known method of
homomorphic signal processing, especially used for speech
recognition; this method can extract speech information
regardless of vocal cord characteristics. Generally, the
convolution of two signals in the time domain is exactly equal
to their multiplication in the frequency domain. After taking
the Fourier transform, this analysis converts the convolution in
the time domain to addition in the quefrency domain by taking
the log and the Fourier transform again. This process can be
simply expressed with the following equation; the detailed
description is in Section II-A.

FT , , log, FT ' "
Xy ¥ Xy — X1 XXy — X1 + Xy (D)

where FT stands for the Fourier transform, * is the convolution,
and both x; and x, are anonymous signals. x; =
FT(xy), x1" = FT (log(x1)).

We hope that we will be able to derive the index related to
the DoA regardless of the information unrelated to the DoA by
using cepstral analysis. The EEG signal generated from the
brain contains anesthetic status information and a lot of
information unrelated to the anesthetic status. Therefore, the
key for characterizing the signal is to determine the most
related components from the EEG. In Section II, the
motivation and derivation of ICep are described. In Section III,
detailed methods for data acquisition and preprocessing are
depicted. The results and conclusion are given in Section IV
and in Section V, respectively.

II. METHODS

The most fundamental thing to ask for when we attempt to
quantify the DoA is which part of the EEG is related with the
DoA. There exist some restriction on the feature vector to
make it appropriate for quantifying the DoA as follows.

e The feature vector should be more sensitive to the
DoA than to other biological factors

e The feature vector should rely on stochastic properties
of the EEG rather than exact realization of the EEG.

Let f'be a feature function that maps an observed EEG
segment X to a feature vector, f.

fix-of(H=Ff (2)

Two data sets are defined as follows; these sets are
extracted from the clinical results in order to derive an index
for the DoA. The detailed clinical environment for obtaining
the EEG data is explained in Section III-A.
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e Xaw (the awakening state): 57 epochs recorded from 1
awakening healthy adult. Subjects were asked to keep
their eyes shut and not to move their bodies. The
length of each epoch is 16s.

o X (the anesthetic state): 8,000 epochs recorded
from 6 subjects in the anesthetic state. The length of
each epoch is also 16s.

By applying the feature function to each epoch, the
averaged feature vectors m and m that represent the two
states are obtained. For an observed EEG segment X to be
tested, the feature function is applied to obtain a feature vector,
and then compared with m and m. One intuitive way to
estimate the DoA from these feature vectors can be shown in
the following figure.

Index of the DoA = S = L) U = fon)

Figure 1. Feature vectors from an observed EEG segment, the anesthetic

state, and the awakening state are depicted as f , E,;, and m,
respectively. The DoA is calculated with the inner product between
distances of feature vectors.

In this approach, the DoA would be large if the observed

feature vector f is close to fq; and vice versa. Since the state
of a subject, whether that subject is in the awakening state or
the anesthetic state, should be clearly discriminated by
monitoring the DoA, the Fisher criterion is engaged to
evaluate the discrimination performance of the feature
functions. We define our goal as the determination of a feature
function that maximizes the Fisher score. The definition of the
Fisher criterion is as follows [9]:

- — N2
Fisher score = |MEAN(fLW)_MEAN(fAN)|
Va‘r(fAW)+Var(m)

(€))

A. Cepstral Analysis

Many clinical studies have shown that the EEG spectrum
is highly related to the DoA [10]. These results give an
inspiration, the idea that the power spectral density (PSD) of
the EEG signal itself can be used as a feature vector. However,
using the spectrum itself as a feature vector may have some
limitations. For instance, with the following definition of the
distance between two arbitrary spectra P1(w) and P2(w), the
exact shape or the exact value of the spectra at each
corresponding frequency may significantly differ, while
exhibiting very similar spectral responses, as shown in Fig. 2.
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Figure 2. P1(w) (solid line) and P2(w) (dashed line) are presented. P1(w)
and P2(®) exhibit similar spectral responses in (a) but not in (b); however,
the actual distance between P1(®) and P2(®) is larger in (a) than in (b).

Distance = \/(f(j:olPl(w) — P2(w)|?dw) 4)

In order to compare the overall shape of the spectrum
rather than the exact value of the spectrum at each
corresponding frequency, a filter bank and cepstrum are
employed in this work. A filter bank is an array of band-pass
filters that separates an input signal into a set of coefficients.
Each filter carries subband frequency information of the input
signal. By employing triangular filters with some frequency
overlapping, these devices can be considered as band pass
filters. Each coefficient is calculated from the particular
frequency subband, so it allows a slight shift of spectrum as
shown in Fig. 3. As presented in the following equation,
cepstral analysis contains log. The mathematical definition of

cepstrum is given as follows:
Cepstrum = |DCT{log{|FT{Epoch}?|}}|? )

where DCT stands for discrete cosine transform.
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Figure 3. Each filter is a triangular window in the frequency domain. Given
spectrum is filtered with each filter; scale coefficients are obtained.

Whereas the main property of cepstrum is that the
convolution of two signals can be expressed as the addition of
their cepstra, it can be also interpreted as regarding a
log-spectrum as a time-domain signal and taking its Fourier
transform. Therefore, the low quefrency component in
cepstrum includes information about the overall shape of the
spectrum; the high quefrency component in the cepstrum
includes information about the detailed fluctuation in the
spectrum.

The overall procedure for the calculation of ICep is in Fig.
4. After taking the Short-time Fourier transform (STFT) on
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pre-processed EEG (detailed description on preprocessing is
in Section III-B), the filter bank is wrapped on each epoch. By
taking log and DCT, cepstal coefficients are obtained. In order
to determine which quefrency most reflects the DoA, the
Fisher score is calculated after extracting the feature vector
with different quefrencies. The maximum Fisher score of
60.43 is achieved when the second cepstral coefficient is
employed for the feature vector, as shown in Fig. 5.
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Figure 4 The flow diagram shows the overall processes to derive ICep.
Feature vectors are extracted from training EEG set and testing EEG set.
ICep is acquired by evulating feature vectors, and performing post
processing.
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Figure 5. The Fisher score of ICep is calculated when a feature vector is
derived by different cepstral coefficient numbers. The Fisher score is
maximized when the second coeftient is employed.

III. DATA ACQUISITION AND PREPROCESSING

A. Data acquisition

The study was approved by the Korea University Hospital
Institutional Review Board (No.MD11004-001). We collected
raw EEG data from 10 adult patients. The patients underwent
general anesthesia conducted by senior anesthetists at Korea
University Hospital. In all cases, propofol was used for
induction; nimbex or rocuronium was used for muscle
relaxant. Maintenance of anesthesia was sustained by a mixed
gas composed of oxygen, fresh air or nitrous oxide, and
anesthetic vapor (sevoflurane or desflurane). Detailed records
of anesthetic cases are described in Table 1. Raw EEG signals
were acquired at a sampling rate of 128S/s using a BIS-VISTA
monitor with standard BIS sensors. The BIS Monitor provides
processed variables such as Electromyogram (EMG), BIS,
spectral edge frequency (SEF), and impedance information.
All variables were stored on a computer for offline analysis.

TABLEIL PATIENTS’ CLINICAL RECORDS

No | Age Sex (ng ) Pr(f:;jd Im;'z:lcgt)ion Maintenance
tol e oM s | R pon20 o (on
2w M 76 | Pon s o
3 54 F 656 l\l\ﬁiﬁizo; III\I‘/’[I Prop. 120 8%;’&?5’)1) oS-
L VI S ooy U
5 29 M 717 l\l\ﬁiﬁizo; III\I‘/’[I Prop. 150 8%;’&?5’)1) es-

6 13 M 51 | Ato.04IM  Prop. 100 ;[e)frfi'f_(})g/[s‘fg_)l*
7ol P m | Peei e
B[ 20 P e | RN Pep120 o e
9 18 M 67 | Mob.02IV  Prop. 120 ;[e)frfi'f_(})g/[s‘fg_)l*
0| 13 M 4 | Awo.04IM  Prop. 80 ;]Zif{ﬂ(g.%’é’fg)f

W.: Weight; Mob.: Mobinul; Midaz.: Midazolam; Prop.: Propofol; Atro.: Atropine;

Des.: Desflurance; Remif.: Remifentanil; *: O, + Air was injected also

B. Preprocessing

All analyses and simulations were performed on
MATLAB R2011b. In order to enhance the signal integrity
while minimizing the signal distortion in a desired frequency
band, once raw EEG is obtained from the BIS VISTA monitor,
a FIR low-pass filter is designed to have linear phase response
and a zero at 60Hz. Low frequency artifacts due to breathing
were removed by the wavelet denoising technique [11]. Then,
the STFT is performed on the denoised signal. The length of
each epoch is 16s with 14s overlapping with adjacent epochs.
Segmented epoch was filtered by a high pass filter with the
3dB frequency of 29.6Hz. The filtered epoch was normalized
with the RMS value of the unfiltered epoch.

IV. RESULTS

Since BIS is the most widely used method in anesthetic
cases, the results are mainly composed of comparisons
between BIS and ICep. As is well known, the length of the
moving average is 15-30s for BIS; we used 10s length of the
moving average for ICep. In the time domain, the upper 0.05%
of EEG signals in terms of magnitude are classified as invalid
signals. The ICep, calculated from invalid components, is
replaced with the previous index. Finally, ICep is truncated
within [0,100].

The correlation coefficient in steady state between BIS and
ICep is 0.9782, as shown in Fig. 6. Note that ICep has lower
values than BIS in the anesthetic state, and has higher values
in the awakening state. Furthermore, as shown in Table 2,
ICep shows higher performance than BIS for the Fisher score.
This implies that ICep outperforms BIS at discriminating
between the anesthetic state and the awakening state. In Fig. 7,
the early parts of the time courses of BIS and ICep are plotted
together. Let time delay be the delay between BIS and ICep
when the DoA is 80. Time delay between the ICep and BIS is
observed. ICep precedes BIS by 53.6s +8.2s (Mean + STD) for
the transition from the awakening state to the anesthetic state.
Some cases that show invalid values are excluded. The whole
set of time courses of the DoA is shown in Fig. 8. Note that the
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signal quality for the first part of time course sent from the BIS
VISTA monitor is poor, so ICep shows invalid values, as BIS
does. Both ICep and BIS change along with surgical events
such as injection of propofol or awakening of the subjects.
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Figure 6. Correlation of the anesthetic state and the awakening state
between ICep and BIS for 10 patients.
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Figure 7. The early parts of time courses of BIS and ICep are plotted
together. When the index of ICep is 80 set as Os, BIS shows a 53.6s +

8.2s (MEAN + STD) delay.
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Figure 8. Time courses of BIS and ICep are plotted together. For the first
three minutes, invalid signal is observed. The DoA trend of ICep is similar
to that of BIS.

TABLE II FISHER SCORE OF BIS AND ICEP
Method Fisher Score
ICep 60.43

BIS 47.11

V. CONCLUSIONS

In this paper, to assess the DoA, we proposed an ICep
method based on cepstral analysis. This approach at first
engages filter banks. After taking filter banks, cepstrum is
obtained; we used the 2nd coefficient of cepstrum as a feature
vector. ICep is calculated based on the inner product of the
distances between the feature vectors of the training data sets
and that of the testing data sets. By comparison to BIS, we
verified that ICep can reflect the DoA from consciousness to
unconsciousness and vice versa (+°=0.9782). Moreover, ICep
can more clearly distinguish between the awakening state and
the anesthetic state, and it can also show a lower time delay
than that of BIS. Although ICep still depends on training data
sets and signal quality, it is certain that ICep is an appropriate
method for quantifying the DoA.
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