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Abstract: In this article nine different methods are used to calculate an index to predict
the Depth of Anaesthesia (DoA) based on electroencephalography (EEG). The methods are
tests with pre-acquired data from a rat and a rabbit in an experiment where the amount of
administrated anaesthetic drug changed in order to modify the DoA. Spectral Edge Frequency
(SEF) 95% and Permutation Entropy (PE) both corrected with a Burst Suppression Ratio
(BSR), as well as the power distribution among the typical brain waves were the methods
with better performances. The information extracted from the Shannon Entropy (ShEn)
method was unable to identify all the states, it just distinguishes the deeper one, while the
Approximate Entropy (ApE) did not recognize any. Methods that require a database had
similar results to IoC-view, however the accuracy of these methods depends on this database.
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1. INTRODUCTION

Modern medicine is characterized by the intensive use
of computerized equipments. The practice of human
general anaesthesia provides an example where criti-
cal decisions are executed using computerized equip-
ments. The anaesthetist uses monitors, indexes and
their trends to evaluate the state of the patient and
to decide on the administration of drugs, to control
the level of hypnosis (loss of consciousness), seda-
tion (pain relief) and neuromuscular blockade (loss of
muscle control) such that the surgery may be safely
executed.

In human general anaesthesia several monitors are
used to obtain a better assessment of the patient state,
such as the neuromuscular blockade level (NMB)
index [Kalli, 2003], and the Depth of Anesthesia
(DoA) indexes, the BIS [AspectMedical, 2010], the

1 This work was supported by the FCT (INESC-ID multiannual
funding) thought the PIDAC and by the research project IDEA
- Integrated Design for Automation of Anaesthesia, reference -
PTDC/EEA-ACR/69288/2006.

Narcotrend [Kreuer and Wilhelm, 2006] and the PSI
[L. S. Prichep, 2004]. Ethical, economical and re-
search factors justify the development, implementa-
tion and improvement of DoA monitors [Jospin and
P. Caminal, 2007]. They allow the automation of
anaesthesia and that may contribute to a reduction of
costs, to the reduction of the workload of the surgery
team and to avoid the administration of overdoses that
may contribute to toxicity side effects and to post-
operatory complications.

The practice of animal anaesthesia is a huge area that
has similar problems and aims as human anaesthe-
sia, but with a higher risk of mortality [Jones, 2001],
with the additional factor that it is used as a research
test ground for the development of techniques, proce-
dures and new drugs that may be transferred to human
medicine. However in animal anaesthesia, it is not a
current practice to use DoA monitors, in part because
they are expensive and are calibrated for human anaes-
thesia. These two points motivate this work which is
being developed in the IDEA project framework.



At the core of a DoA monitor is a proprietary data
processing algorithm that processes electroencephalo-
graphic (EEG) signals to extract features correlated
with the level of anaesthetic. The method applied to
extract features from the EEG signals may depend
on a synchronization with an external stimuli (evoked
potentials) or relies only on the processing of the spon-
taneous EEG. The result of the processing is trans-
formed in a continuous index normalized between 0
and 100 based on a correlation with clinical assess-
ment. The level 0 is used to characterize the absence
of EEG activity and the 100 level is used to charac-
terize the EEG corresponding to the normal state of
conscience, awareness.

This paper describes the preliminary work and the
results obtained with nine methods for evaluating the
DoA in animal anaesthesia. The methods use features
like power spectral density, power distribution among
the typical brain waves, amplitude histogram and mo-
tifs and mapping methods as entropy functions, spec-
tral edge frequency (SEF) and comparative methods.
The paper is organized as follows: after this introduc-
tion, section 2 provides an introduction to the problem
of DoA measurement. It describes anaesthesia states
and related features present on EEG signals. Section 3
describes the processing algorithms considered. Sec-
tion 4 describes the implementation aspects of the pro-
cessing algorithms, followed by section 5 presenting
the results. The conclusions are presented in the final
section.

2. FUNDAMENTALS

When a patient has to undergo a surgery or other pro-
cedures that can cause pain and distress, it is required
that these sensations are blocked. This condition of
reversible lack of awareness is called general anaes-
thesia 2 .

During general anaesthesia, analgesia, hypnosis, am-
nesia, paralysis and suppression of reflexes are in-
duced. When this is accomplished the patient do not
feel pain, create memories of the procedure and his
muscular tone will vanish enabling the surgeon to
line up the patient properly and the suppression of
reflexes will prevent exaggerated autonomous unex-
pected movements.

Historically, anaesthetist used clinical signs like blood
pressure, pulse, sweat, lacrimation and reaction to
painful stimulation to control the vital state of the
patient and to predict the DoA too. However, these
signs do not depend only on the DoA. And so,
other signals must be supervised as the heart rate,
oxygen saturation, temperature, exhaled gases, urine
output, neuromuscular function and cerebral activity

2 This word is formed from the Greek, an-, “without”, and
aisthésis, “sensation”

for DoA. The medical assessment of the states of
anaesthesia is based on clinical scales 3 such as the
the modified Ramsay Sedation Scale (RSS), which
was described by Michael A. E. Ramsay [M. Ram-
say, 1974], or the modified Observer’s Assessment of
Alertness/Sedation Scale(OAA/S). In animal surgery
the veterinarian also checks the clinical state of the
animal, using clinical signs such as cardiorespiratory
parameters and also autonomic reflexes such as eye
lid reflexes and responses to painful stimuli: tail, ear
or paw pinch reflex.

The DoA depends on the amount of drug adminis-
trated, and in different stages of anaesthesia the EEG
patterns are distinct. There are four great states of
anaesthesia. General anaesthesia is the state in which
the patient is unconscious and cannot be aroused even
with a painful stimulus.

Deep sedation or analgesia is a shallower state of
anaesthesia, the patient is still unconscious and is
not easily aroused, however the patient responds to
repeated or painful stimulation.

With a moderate sedation or conscious sedation, there
is a depression of consciousness, even though the
patient responds to verbal commands, either alone or
requiring a light tactile stimulus.

Finally the shallowest,drug induced, state of anaesthe-
sia interacting directly with the brain is called minimal
sedation or anxiolysis. Although the patient responds
normally to verbal stimulation, his memory, coordina-
tion and concentration are compromised.

Depending on the amount of drugs administrated, the
patient may alternate from one state to another in a
matter of minutes. The effect of most anaesthetics
is not monitored on the target organ, only indirect
measurements are possible which may contribute to
the incidence of recall or awareness around 1/500
during a general anaesthesia [Ranta et al., 1998].

2.1 Electroencephalography

The electroencephalography is a technique that reg-
ister the electrical activity of the brain, superficially
recorded (10µV - 100µV ), which represents the sum
of the activity of a group of neurons, it provides spe-
cific information to build DoA indexes.

It is well known that the frequency of the EEG is
correlated to the state of consciousness. Different
rhythms appear in the EEG of a normal human adult
when aroused, β waves from 13 to 30 Hz, while sleep-
ing, δ waves from 0.5 to 4 Hz, when is relaxed and
with his eyes closed, α waves between 8 and 14 Hz.

3 Guedel’s classification was the first one to be used with the use
of ether, and relies on muscular activity.



Fig. 1. Typical EEG waves, (Malmivuo and
Plansey,1995).

During anaesthesia, with increasing levels of drugs in
the blood circulation, the EEG signal commutes from
a low-amplitude, large-bandwidth, noise-like signal to
a high-amplitude and slow-waves signal. For an higher
value of anesthetic drugs, the EEG signal begins to
show burst suppression periods alternating with brain
activity periods, meaning that anaesthesia is reaching
a deeper level. The percentage of time with burst sup-
pression may be used to characterize this anaesthesia
state. The deepest anaesthesia level corresponds to an
isoelectric signal, i. e., there is no cortical activity
[Malmivuo and Plansey, 1995]. The EEG in animals
follows similar patterns.

The analysis of an EEG requires a well trained eye that
is capable to recognize the distinct patterns specific
of some states, with variations in amplitude and fre-
quency. It seems relatively simply to identify this pat-
terns but it is quite difficult to translate them into math-
ematical expressions. The identification of abnormal
patterns is fundamental in the diagnosis of diseases
like epilepsy and it can be very useful to control of
the DoA. The changes in the EEG during anaesthesia
may be analyzed as variations in the typical bands in
order to simplify a mathematical approach. Thus, as
it is described in [Niedermeyer and da Silva, 2007],
while inducing anaesthesia the β waves start to show
more activity, then with the deepening of the DoA
the α waves vanish and in a deeper level very low
amplitude fast rhythms alternate with burst of high
amplitude, when these bursts are absent and the signal
is almost isoelectric a dangerous level as been reached.
To summarize this description the table 1 is presented.

Based on these variations some different approaches
on the automation of the control of anaesthesia may be
considered. On the one hand, a database with different
signals from well defined states may be used on the
comparison of the new unknown data however this
approach needs to induce anaesthesia just to control
its depth and collect specific data, and its reliability de-
pends on the database and its sources of error. On the
other hand, some intrinsic methods are mathematical

Table 1. Typical brain waves in different
levels of anaesthesia.

Depth of Anaesthesia

Clinical State EEG features Level

Awake α Dominant I

Excited
β Activation

II
θ Induction

Early α - θ Dominant
III-1

Anaesthesia Some δ

Surgical δ Waves Dominant
III-2

Tolerance Some θ

Deep High Amplitude
III-3

Anaesthesia δ Waves
Early

Burst-Supression III-4
Overdose

Toxicity Isoelectric IV

functions like Entropy, SEF or bandwidth distribution
and then compare them with the theoretical knowl-
edge. In the next section are presented and described
the different approaches.

3. CONCEPTS FOR THE SIGNAL PROCESSING

The features usually extracted from the EEG signal
are related with amplitude and power density distribu-
tion in frequency and time domain. For instance, BIS
index R⃝ [AspectMedical, 2010] combines frequency
and time domain techniques, the IoC-View R⃝ [Mor-
pheusMedical, 2010] uses symbolic dynamics meth-
ods integrated with burst suppression and β ratio.
The Narcotrend index [Kreuer and Wilhelm, 2006]
is based on extraction of quantitative features from
a database of EEG traces, in time and frequency do-
main, classifying into stages from A (awake state) to F
(isoelectric signal). In simple terms the aim is to obtain
an estimation of the probability density function (pdf)
and how it changes across time. Fourier analysis, Bis-
pectral analysis, wavelets and histograms may be seen
as mathematical tools for the generation of pdf of the
features. The concept of entropy can be interpreted as
a mapping method that take as input a pdf and generate
a number in a scale that must be normalized. The PE,
ShEn and ApEn, can be considered as a combina-
tion of feature extraction with the previous mapping
method.

3.1 Methods

The figure 2 illustrates the generic methods used to
create an index that relates the EEG features with the
DoA.

The features are extracted from the signal and then
with some algorithms an index is predicted. It can re-
flect specific characteristics of the feature like entropy,



Fig. 2. Schematic representation of a monitor index.

SEF or it can show the resemblance with the different
typical levels of DoA defined in a database.

The first mapping methods presented do not use a
database and so, these methods gain an independence
from prior experiments.

The functions used in this group of method are PE,
ShEn, ApEn, SEF95% and a new approach, where the
signal is separated into the typical brain waves and
based on the distribution between them the index is
predicted.

3.1.1. Permutation Entropy The PE is a method
that quantifies the amount of complexity of the EEG
signal, based on a group of motifs as the ones pre-
sented in figure 3. The shape and size of motifs may
be more complex, however in this work the motifs
are the ones suggested by [Olofsen et al., 2008]. The
entropy is based on the computation of the probability
of the occurrence of the motifs which is given by the
equation 1,

HPE =

N∑
i=1

pi × log(pi)

logN
, (1)

where N is the number of different groups able to be
generated with the number of points chosen by the
user and pi is the probability of getting the motif i by
picking a sequence of points randomly from the whole
signal. The mathematical representation of the motifs
in figure 3 are given by equation 2.

motifs =


x1 < x2 ∧ x1 > x3;
x1 > x2 > x3
x1 > x2 ∧ x1 > x3 ∧ x2 < x3
x1 > x2 ∧ x1 < x3
x1 < x2 < x3
x1 < x2 ∧ x1 < x3 ∧ x2 > x3

(2)

In order to tolerate the interference of the noise, a
threshold value is used and a different motif is consid-
ered when all the points have approximately the same
value, |x1−x2| < δPE and |x1−x3| < δPE .The value
of δPE used for the rabbit experiment was 0.015 while
for the rat experiment 0.2std(EEGrat).

3.1.2. Shannon Entropy The ShEn evaluates the
complexity of the signal based on pdf of the am-
plitudes. However, when the signal is measured and
the pdf is unknown, it must be estimated through an
histogram, where the number of bins used is k. The

Fig. 3. Schematic of the motifs used to catalog the
EEG changes in time domain.

fraction k
N is wanted constant, where N is the number

of points analyzed and, in this work, 0.02 was the
chosen ratio [Ferenets and T. Lipping, 2006]. Based
on the histogram, the calculation of the entropy is done
as shown in equation 3

HShEn =

−
k∑

i=1

pi × log(pi)

log k
, (3)

where pi is the probability of randomly picking a point
from the EEG with the amplitude in the interval i.

3.1.3. Approximated Entropy This method analyzes
the probability of repetitious observations. A pre-
dictable signal shows repetitive patterns and the ApEn
index will be a low value, on the other hand a noise
like signal, very unpredictable will have a higher value
of ApEn.

The ApEn was first described in [KKL et al., 1997]
as an application to heart rate monitoring. In this ap-
proach the goal is to find matching patterns according
to two defined arguments, m the specific length of
each pattern and r the similarity criteria. A pattern is
considered similar to other when equation 4 is verified.

|sn(i+ k)− sn(j + k)| < r for 0 ≤ k < m (4)

Then a set of all patterns that can be created with
length m from Sn, Pm = [pm(1), ...pm(NApEnpoints−
m + 1)]. From this set, the probability of finding a
similar pattern to pattern pm(i) is calculated, Cim(r),

Cim(r) = nim(r)

NApEnpoints −m+ 1
(5)

where nim is the number of similar patterns and
NApEnpoints −m+ 1 is the number of all patterns.
Finally, ApEn is calculated as,

ApEn(Sn,m, r) = ln[
Cm(r)

Cm+1(r)
] (6)

where Cm(r) is the mean value of Cim(r) for i =
1, 2...NApEnpoints−m+1 The length of the patterns
were of 2 points and the similarity criteria value of 0.2
as it was used in [Silva et al., 2010].

3.1.4. Spectral Edge Frequency The SEFfreq is
the frequency below which a freq% power of the



signal is located, typically in the control of anaesthesia
the value uses is in the range of 75% to 95%. In this
work was used SEF95%.

Fig. 4. The blue area represents 95% of the power of
the signal and at its edge is the SEF95.

This method uses as feature the power spectral dis-
tribution calculated with the fft function of MatLab
and identifies the shift experienced with the deepening
of the level of anaesthesia. The algorithm receives as
input the EEG signal and identification of the intent
frequency is accomplished with a simple method of
search.

3.1.5. SEF and PE corrected for burst suppression
ratio In deep levels of anaesthesia, the EEG develop
patterns, known as burst suppression, characterized by
periods of regular or high voltage activity turning to
low voltage, almost isoelectric pretending that there
is no brain activity. The BSR is used in the control of
anaesthesia and to calculate this parameter, a period of
suppression is identified as “those periods longer than
0.50 s, during which the EEG voltage does not exceed
approximately ±50 mV.” [Rampil, 1998]. The length
of the suppressed time is accounted and the BSR is the
respective fraction of the epoch in analysis.

The index calculated with PE and SEF is then cor-
rected with the value of BSR as shown in 7 and 8

PEcorrected BS = HPE(1−BSR) (7)

SEF95corrected BS = SEF95(1−BSR) (8)

This correction proves to be very useful in the identi-
fication of deep levels of anaesthesia.

3.1.6. Band Distribution This method analyzes the
power distribution among the typical bands presented
in figure 1 and tries to identify the patterns of each
state of anaesthesia presented in table 1. In this way,
the algorithm begins with an analysis on the amplitude
of the signal to infer if the acquired data is typical from
a deep anaesthetized subject. If this condition is false
then the signal is separated with a block of pass-band
filters with the limits set for the EEG brain waves, see
figure 5. Then the instant power signal is calculated
and finally the energy of it.

After this, an analysis of the band distribution identi-
fies the different states in a discrete way. If the band
with major representability is the α wave then the
subject must be awake, on the other hand, if β wave

Power

Distribution

Analyzer
Index ValueEEG(t)

Fig. 5. The signal is separated with this block of filters
with no gain e the pass-band and with its limits
set to identify the typical brain waves.

significance is higher then a third of the all signal then
a state of excitement is experienced. But if the sum of
α waves and the θ correspond to 80% of the signal it is
assumed a state of light anaesthesia, when the δ has the
higher concentration of power it is considered the deep
anaesthesia state, and finally the surgical tolerance
level is assumed when the sum of δ and θ make up
80% of the total power. In order to produce a index
bonded between 0 and 100 a number was attributed to
each of these states. The awake state as a score 100,
then, assuming the excitement is the initial effect of
the anaesthetic, 80, the value of light anaesthesia is
60, 40 corresponds to the surgical tolerance, 20 to the
deep anaesthesia and finally 0 to the almost isoelectric
signal.

The identification of each state is discreet and to
produce a continuous index the result was filtered
with a mean filter, equation 9, accounting the late 30
predictions.

index(i) =
1

Nw
Levelpred + (1−

1

Nw
)index(i− 1) (9)

3.2 Database Methods

The mapping methods intends to relate the DoA iden-
tified through the clinical tests with the characteristic
EEG signal. In order to do this listing, the next pre-
sented methods use a database with the features of
different well identified states. In this section these
two approaches and the features used are described.

3.2.1. Two Limit States The Two Limit States
(TLS) method is illustrated by a function that can
evolve from two extreme states, state a, awake, and
state b, isoelectric signal. The function’s input can be
either a vector or a scalar which is a feature of the
acquired data, x, and the function must obey two rules,
h(a) = 1 and h(b) = 0.

h : x ∈ [a, b] → i ∈ [0, 1] (10)

The function h is defined based on the features of the
two extreme states that are used as reference states.

f : x → f(x) = f (11)



Fig. 6. The function h is a bijective function. In
this case it is assumed that the system evolves
monotonically and so the function h as to be
monotonic too.

These two reference states can be characterized by av-
eraging the feature sets {fa,b}k=1,...,M and {fa,b}k=1,...,M .

fa =
1

M
·

M∑
k=1

fa,k

fb =
1

M
·

M∑
k=1

fb,k

(12)

Assuming an intermediate state c and the provided ob-
servation xc, it is possible to predict the distance from
the reference states using the corresponding feature
fc = f(xc). In this way, two indexes jα and jβ are
defined. {

jα = ∥fc − fa∥1
jβ = ∥fc − fb∥1

(13)

where the norm ∥ · ∥1 is defined as

∥v∥1 =

N∑
n=1

|v(n)| (14)

The two indexes can be combined in a single index
j = jβ − jα. It is then convenient to define a new
function g that receives a vector of observation x and
associates the resulting index j.

g : x → g(x) = j = ∥f(x) − fb∥1 − ∥f(x) − fa∥1 (15)

In order to scale the index i between i → 1 (state a)
and i → 0 (state b), ja and jb are defined:{

g : Ra → ja = {ja,k, k = 1, 2, . . . ,M}
g : Rb → jb = {jb,k, k = 1, 2, . . . ,M} (16)

Now function h can be derived from g as a scaled
version:

h : x → h(x) = i = g(x) ·
1

ja − jb
−

jb

ja − jb
(17)

3.2.2. Finding the Similar State The other mapping
method, FSS method, is similar to the one explained
before, however in this process 5 different states are
identified, the same 5 states that are clinically ob-
served and were described in table 1.

As it is done in the previous methods, a database is
defined for each identified states and from them the
features are extracted. For each state, the mean feature
is calculated and used in the analysis of the EEG
signal.

Differently from the other method, this algorithm does
not calculate a value from a function. The algorithm
determines the nearest state identifying the DoA from

this data. Like in the methods of the bandwidth dis-
tribution, each state as a correspondent value and in
order to have a continuous index the result was filtered
with the mean filter presented in equation 9.

4. EXPERIMENTAL PROCEDURES & RESULTS

This section is an overview of the experimental pro-
cedure used to collect the EEG data, the processing of
the signals and the presentation of the obtained results.
Two different experiments were executed, one was
done in a rat where were used implemented electrodes
in the cortex of its brain and the anaesthesia was in-
duced with isoflurane, the other procedure was done in
a rabbit and the data was acquired with the commercial
equipment of the monitor IoC-View, the anaesthetic
used was propofol. The goal of both experiments was
to collect EEG data from different DoA.

Both experiments were conducted by Dra. Aura Silva
and Dr. Luı́s Antunes, both veterinary doctor of the
Centro de Ciência Animal e Veterinária of the Uni-
versidade de Trás-os-Montes e Alto Douro. All exper-
iments were conducted accordingly to ethic lines for
animal experimentation 4 .

4.1 Rat Experiment

In this experiment the data was acquired from a
healthy male Sprague-Dawley rat (Rattus norvegicus,
Charles River, Barcelona, Spain), weighing between
400 grams. The rat was submitted to a pre-experiment
microsurgery 5 to implant a matrix of microelectrodes
in its brain.

4.2 Data Acquisition

With the implanted matrix, 8 different channels were
available, 4 of them dedicated to analyze the cortex
and the other half the thalamus, sampled at 500Hz
collecting 3.2× 106 samples

The figure 7 shows an overall view of the experimental
set-up and the EEG signal obtained from one channel
of the cortex is presented in figure 8 together with the
command of the isoflurane anaesthetic.

Fig. 7. Experimental set-up

4 According to the European Community directive number
86/609/ECC from the 24th November of 1986
5 The experiment was conducted by Helder Cruz(IBMC).



4.3 Algorithm Implementation

The data was filtered by low pass filtering with a but-
terworth filter of 8th order and cut frequency at 40Hz.
This value was appropriate to remove the 50Hz con-
tamination and yet keeping the important frequencies
to compute DoA indexes. After this, the mean value
of the signal was removed in order to get out any
threshold. Finally, to minimize the influence of factors
such as electrode impedance and its placement, the
data was normalized by the maximum value acquired
in each channel. For processing purposes a decimation
(factor 4) of the signal was performed.
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Fig. 8. Graphics of the whole data acquired, the global
evolution of the EEG signal and the dose of
isoflurane given to the rat.

In this experiment, the algorithms used a sliding win-
dow of 20 seconds with 2500 samples.

For the application of the comparative method with
two reference states, the patterns of the EEG used to
characterize the awake state were the following time
intervals, first starting in the 1st, the second in 10th
and 440th seconds, and to the anaesthetized state the
periods start at 800th, 1200th and 3840th seconds.
Figures 9, 10 and 11 presents three different states,
the initial state, the deep anesthetized state with a deep
burst suppression and intermediate anesthetized state
with burst suppression.
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Fig. 9. Initial state. Top - time segment window, mid-
dle - spectral density power, bottom - histogram
of amplitudes.

In each figure a segment of the EEG signal is shown
with the corresponding power spectral density, com-
puted with the Burg method and the amplitude his-
togram. It can be seen that, from the initial state to the
deep state, there is shift in the power density peak from
high frequency to lower frequency and a narrowing in
the amplitude histogram. This is in accordance with
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Fig. 10. Deep anesthetized state based with a deep
burst suppression.
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Fig. 11. Intermediate anesthetized state with burst
suppression.

literature on the area Greene [2002]M. J. Griffiths
[2005].

4.4 Results

In figure 12 the variation of inflow of the anaesthetic
used, isoflurane, is presented. The DoA should evolve
along inversely to the concentration of the anaesthetic,
and so the administered initial bolus get the rat into
a very deep state of anaesthesia, then different steps
were used to get different stages.
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Fig. 12. Representation of the variations of the con-
centration of isoflurane along time.

In figure 13, in green, the predicted index based on
the distribution among the typical brain-waves. The
index predicts that the rat was already anaesthetized
in the beginning of the experiment, and it follows the
changes in the anaesthetic drug given.
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Fig. 13. Plot of the index predicted with the BD
method.



In figure 14, in purple and light blue the SEF95% and
the version corrected with the BSR are presented, re-
spectively. The corrected version of the SEF95% iden-
tifies deeper stages of anaesthesia correlated with the
expected DoA due to the concentration of isoflurano.
The SEF95% show higher values to the deep states
because the global power of the EEG signal decreases
and so, the power spectrum is spread through all the
frequencies.
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Fig. 14. Presentation of the index predicted with
the SEF95% method in purple, and the SEFBS
method in light blue.

The figure 15 presents in blue the ApEn index and in
red the ShEn index, these indexes are constricted to a
tight band of values and so they do not identify any
different level of DoA.
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Fig. 15. Presentation of the index predicted with the
ApEn method in blue, and the ShEn method in
red.

The PE like the SEF95% have a better performance
when associated with the BSR, however it can be said
that both of the indexes, PE and PEBS are correlated
with the expected index, these methods are presented
in figure 16.
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Fig. 16. Presentation of the index predicted with the
PE method in yellow, and the PEBS method in
black.

The figure 17 shows in red the predicted index with
the TLS method with the histogram as the feature. The
index follows the variations in the anaesthetic drug
given.

In the last plot, presented in figure 18, illustrates in
green the index obtained with the result of the appli-
cation of the TLS method with the power spectrum as
the feature. This method is a good approximation of
the expected index too.
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Fig. 17. Presentation of the index predicted with TLS
method using the histogram as feature.
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Fig. 18. Presentation of the index predicted with TLS
method using the power spectrum distribution as
feature.

There are no results with the FSS method because
in this experiment there was no information about
the clinical assessment of the DoA and so it was
impossible to elaborate a database with five different
levels of anaesthesia. It must be emphasized that in
recorded EEG data, there is a fast transition between
the initial state to the state with burst suppression.
There is no evidence of intermediate states between
the initial state and the burst suppression. And so the
methods must be evaluated with other EEG data with
different levels.

4.5 Rabbit Experiment

The second experiment was preformed in a healthy
rabbit. For the application of the electrodes the rabbit’s
head was shaved and the skin was cleaned with a swab
impregnated with acetone. The anaesthetic drug used
was propofol and its infusion was controlled with an
automatic syringe with adjustable speed of release of
the fluid. The EEG signal was acquired with the IoC-
View monitor which has a complete set of electrodes.
The experimental set up is presented in the figure 19.

Fig. 19. In the picture the experimental set up is
presented. The rabbit was already anaesthetized.

4.6 Results

In figure 20 shows the variation of the rate of the
anaesthetic drug used, in this case propofol, to each



set of steps induced different levels of DoA, as it
is presented in the figure 21, clinical analysis. The
identification of the DoA was accomplished with the
common procedures of the RSS, this sets the expected
evolution of the different indexes.
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Fig. 20. Representation of the variations in the rate
flow of the propofol.
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Fig. 21. Empirical assessed of DoA.

In figure 22 the the IoC-View index is presented
in red. This index does not identify the deepest level
of DoA, which indicates that this index is unadapted
to animal anaesthesia. In the same plot, in green, the
BD index shows a close resemblance to the expected
trend.
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Fig. 22. In this plot DoA predictions are the IoC-View
is presented in red and the BD index is in tones
of green.

The SEF95% and the version corrected with the BSR
are presented in figure 23 in purple and light blue .
Again, the corrected version of the SEF95% identifies
every stage of anaesthesia and it is a very good ap-
proximation of the clinical analysis and very close to
the BD index. In this experiment, the SEF95% does not
distinguish the deep states.
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Fig. 23. This plot represented the indexes calculated
with the SEF95% with and without the correction
factor of the BSR.

The figures 24 and 25, present the different methods
based on the entropy value of the signal. In blue ApEn

is presented, the red plot corresponds to the ShEn in-
dex, in yellow and in black are represented the PE and
the PEBS, respectively. In this experiment the ShEn
is ”able” to identify the deeper state of anaesthesia,
however, the ApEn is still unable to distinguish any
level of DoA.
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Fig. 24. This plot represented the indexes calculated
with the ApEn and ShEn methods.

As in the rat experiment, the PE like the SEF95% have
a better performance when associated with the BSR,
however both of indexes, PE and PEBS are correlated
with the expected index.
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Fig. 25. This plot represented the indexes calculated
with the PE with and without the correction fac-
tor of the BSR.

The figure 26 presents the plot in green of the index
calculated with the FSS method, and the IoC-View
index in red. As it is observable, these two indexes
have similar shapes, however it is quite different from
the expected index.
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Fig. 26. Plot with the index calculated with the IoC-
View and with the FSS method.

Finally the last plot, in figure 27 shows in black the
predicted index with the TLS method with the his-
togram as the feature. This index predicts the deepest
level of anaesthesia but is is unable to distinguish the
shallower ones. Finally the index predicted with TLS
method using the power spectrum as the feature is
plotted in the same window in yellow. From the group
of methods that resort to a database, this is the best
one, however it is not as accurate as BD index and
SEFBS index.

5. CONCLUSION & FUTURE WORK

The results presented in the previous section show that
the ApEn with the used variables is unable to identify
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Fig. 27. In this picture, the TLS method is presented
using two different features, in black the his-
togram and in yellow the power spectral distri-
bution.

any stage of anaesthesia. On the other hand, the ShEn
seems to identify the deeper states of anaesthesia but
the index values for different shallow states of anaes-
thesia are almost identic. The best entropy method is
the PE, although it is constricted in a tight gamut of
index values, it identifies different stages and when
corrected with the BSR it is a good approximation to
the clinical analysis.

Although the SEF95% is a good classifier for the light
states, in deeper stages of anaesthesia it gives unre-
liable index values due to the decrease of the global
power of the brain waves and the growth of the in-
fluence of the noise scattered throw all the frequen-
cies. Again, the BSR is an extremely good method to
correct this fault, the combination of SEF95% with the
BSR seems to be one of the best methods. However
the produced index is a frequency value which can
be standardized to evolve from the value 100 which
corresponds to the awake state to 0 the equivalent
of the isoelectric state and in order to correlate with
monitor indexes. Since the environment in the OR
is frightening which raises the anxiety levels of the
patient and so the EEG will be dominated by the β
waves and the SEF95% will register high values. Then,
the index may be normalized by multiplying a factor
like 100

Fc , where Fc is the cut off frequency of the low-
pass filter used in the preprocessing of the signal.

The index produced with the band distribution analy-
sis is similar to the identification of the DoA accom-
plished with the SEFBS95% algorithm. In the rabbit
experiments, in the profound stages of anaesthesia this
method has a better performance than the IoC-View.

The database methods, unlike the other methods prob-
ably due to the small database used, seem to struggle
in the classification of different stages of anaesthesia.
However, based in the results it can be said that the
best feature to use is the frequency distribution.

In conclusion, to produce a good index it should be
considered both frequency and amplitude character-
istic. The SEF seems to be the best analyzer of the
frequency features. However, the amplitude variations
may be analyzed too and the correction with the BSR
is the best option. The BD method, is an attempt to
reply the SEFBS with the reduction of computational
workload and some theoretical bases. These are the
two best indexes from the group in analysis.

Other tests with more data are needed in order to
validate the results. The predicted values should be
analyzed against the doses of anaesthetic drug used
and a modulation of this relation should be done. The
identification of outliers was not approach, however it
is a fundamental field that must be studied.
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