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Abstract

This paper develops a computationally bio-inspired framework of brain activities based on concepts, such as sensory reg-
ister (SR), encoding, emotion, short-term memory (STM), selective attention, working memory (WM), forgetting, long-
term memory (LTM), sustained memory (SM), and response selection for estimating the depth of anesthesia (DOA) using
electroencephalogram (EEG) signals. Different brain regions, such as the thalamus, cortex, neocortex, amygdala, striatum,
basal ganglia, cerebellum, and hippocampus, are considered for developing a cognitive architecture and a computationally
bio-inspired framework. A clinical study was managed on twenty-two patients corresponding to three anesthetic states,
including awake state, moderate anesthesia, and general anesthesia. The proposed approach utilizes a multiple of dynamically
reconfigurable neural networks with radial basis function (RBF) and its associated data processing mechanisms. The emo-
tion effect in the model, dynamic RBFs in WM and LTMs, and adjusting the adaptive weights in the last layer are the main
innovations of the proposed approach. In the proposed approach, various incoming information is entered into the model.
The correct labeling process of EEG signals is performed by qualitative and quantitative analyses of peripheral parameters.
Then, an SR is used to accumulate the pre-processed EEG segment for a period of 2.3 s. Feature extraction is performed in
the encoding stage as a primary perception. The output of this stage can be transferred to STM and WM with a bottom-up
involuntary attentional capture. LTM and SM are a fairly permanent reservoir for information which is passed from WM
using a top-down voluntary attention mechanism. Finally, weighting factors in SM and LTMs outputs are determined and
then response selection is used by winner-take-all (WTA) strategy. The results indicate that the proposed approach can
classify in different anesthetic states with an average accuracy of 89.2%. Results also indicate that the combined use of the
above elements can effectively decipher the cognitive process task. A final comparison between the obtained results and the
previous method on the same database indicate the effectiveness of the proposed approach for estimating DOA.
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Introduction

One of the key problems toward the development of a com-
putationally bio-inspired framework of the brain activity
based on memory, emotion, and attention is how to clarify
the cognitive processes in terms of soft computing and math-
ematical approaches [1]. For instance, attention function, due
to its considerable influence on many biological activities,
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is an important topic in engineering, neuropsychology,
and cognitive neuroscience. Attention has many medical
applications, such as in Attention Deficit Disorder (ADD)
[2], Attention Deficit Hyperactivity Disorder (ADHD) [3],
rehabilitation [4], attention-seeking personality disorder [5],
and autism [6], as well as many engineering applications
in Brain-Computer Interface (BCI) [7, 8], decision-making
[9], learning [10], and robotics [11]. These problems have
multiple challenges, such as in offline and online process-
ing, as well as in meeting performance measures such as
maximizing accuracy and minimizing computational cost
at runtime and during training.

The following four major steps (adopted by [12]) should
be included to perform the research activities within
the context of presentation of cognitive architecture and
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computational framework of the brain activity: (1) Observing
the brain activity by biomedical signal and image processing,
(2) Presentation of a cognitive architecture and developing
the feasible concepts, supported by different fields, such as
psychology, computer science, and cognitive neuroscience,
(3) Realization, validation, and implementation of a cogni-
tive architecture by engineering approaches and mathemati-
cal tools, and (4) Investigating the obtained results by the
computational framework in the third mentioned steps and
in case of dissatisfaction, returning to the first step.

Several studies have been proposed for the presentation
of functional models, conceptual models, and bio-inspired
frameworks based on attention and memory. In one study,
Atkinson and Shiffrin [13] proposed three structural com-
ponents of memory, including the Sensory Register (SR),
Short-Term Memory (STM), and Long-Term Memory
(LTM). Sensory information (environmental stimuli) first
enters SR, where it resides for a very short period of time.
STM receives selected inputs from SR. Information in
STM decays for a short period of time, however, a rehearsal
(retrieval or recall) process can maintain a limited amount of
information. LTM is a fairly permanent reservoir for infor-
mation which is passed from STM [12, 14].

To date, several approaches have been proposed for esti-
mating the Depth of Anesthesia (DOA) with different char-
acteristics, such as the computational speed at the runtime
and the training time, and the accuracy, as well as similarities
and differences with the human brain [15]. Yet, there remains
much to be achieved in terms of more efficient pre-process-
ing, feature extraction, and more accurate classification. The
present study tries to develop a computationally bio-inspired
framework of brain activities based on memory, emotion,
and selective attention with both a theoretical and applied
perspectives in order to estimate DOA which can also be
used in other applications as a classifier. To achieve this goal,
multi-disciplinary studies in cognitive neuroscience fields,
such as biomedical signal processing, cognitive architecture,
soft computing, and control theory should be joined.

This paper is organized as follows. Related work is pre-
sented in “Related work™. The configuration of a computa-
tionally bio-inspired framework of the brain activity based
on memory, emotion, and selective attention is illustrated
in “Methods and materials”. The experimental results are
reported in “Results”. The discussion is presented in “Dis-
cussion”. Finally, conclusions and future works are provided
in “Conclusion and future works” section.

Related work
This section presents a detailed discussion of previous related

work on modeling of brain activities based on cognitive con-
cepts, including memory, emotion, and attention, along with
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different theories and approaches. To date, there are many
theories of attention, such filtering [16, 17], attenuation [18,
19], dichotic listening test [20], capacity [21], pertinence
(late-selection) [22], multi-mode [23], and schema [24]. In
the following, several theories and models are explained in
a nutshell. Broadbent [16, 17] proposed the first detailed
model for attention as a filter. He explained that the human
attentional system must have a limited capacity which it can
only process one information source at a time. However,
other researchers have proposed difficulties for this model.
To address the difficulties, Treisman proposed a modifica-
tion of filter theory (adapted from [18]). She propounded the
attenuation theory to explain how unattended stimuli some-
times came to be processed in a more rigorous way than filter
theory can account for [25]. She suggested that word units
be used to detect sentences [19] and that the word units have
different thresholds. Some relevant words, such as our names,
have very low thresholds while irrelevant words have high
thresholds [19]. Another challenge to the filter theory came
from the dichotic listening test by Moray. He found that lis-
teners often recognized their own names when they were pre-
sented to the unattended ear. In particular, there must be some
parallel semantic processing (understand what is said) prior
to conscious identification (adapted from [20]). So whatever
message is sent to the unattended ear is not understood.

In another study, Kahneman [21] presented a limited
capacity framework of attention, in which a central proces-
sor allocates attention. He introduced parallel processing in
attention to two or more tasks at a time. His model attempts
to account for both divided and focused attention and
explains the somewhat artificial distinction between them.
Deutsch and Deutsch [22] proposed a pertinence model, that
it was revised several times by Norman [19]. In their model,
selective attention part is closer to the output responses than
the input senses [19]. Norman explained that a pertinence
index would be assigned to each signal; therefore, only sig-
nals with a sufficiently high index would be processed more
deeply [26]. Solso also explained several problems in perti-
nence model and thus he called uneconomical [19].

In another study, Johnston and Heinz [23] proposed a
multi-mode theory that suggests several stages of processing
for incoming information. This theory adds a new dimension
called mode of selection, including early mode and late mode.
Graziano [27] and Graziano and Kastner [28] proposed an
attention schema theory that suggests unattended messages
are not processed at all and thus they are not included in cog-
nitive processing [24]. The total amount of sleep acquired is
taken into consideration as each subject was informed well
in advance that they should obtain a good night’s rest [29].

In another study, Norman and Shallice [30] and Shallice
[31] proposed a model in which action control depends on
two distinct processes, namely, automatic and willed. They
presented the Supervisory Attentional System (SAS), which
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handles complex cognitive operations and generally inter-
venes when routine control is insufficient. Bronzino [32]
presented a framework of human information processing for
multiple sources at a conscious level. This model proposes
that there are memory sub-systems with bidirectional connec-
tions with the associated processor for each sensory modality.

In another study, Wickens and McCarley [33] proposed a
framework of attention as a mental fuel and mental filter. In
their research, filter effects of selective attention shown as
limited resources for information processing. Mesulam and
Posner (adapted from [34]) presented two different models of
attention with neuroanatomical connectivity from the differ-
ent brain regions. Both models have the same structure, while
the details are different. Mesulam’s model supplies greater
anatomical specificity with several distinct cortical regions,
such as the posterior parietal cortex, the cingulate cortex, and
the frontal cortex, whereas Posner’s model supplies greater
weight to the cognitive functions performed by the different
compartments, including an anterior attention network, a pos-
terior attention network, and a vigilance network.

Although conceptual frameworks for selective attention
exist, such as the Multiple Object Recognition and attentional
SELection (MORSEL) [35, 36], the SeLective Attention
Model (SLAM) [37], and the Selective Attention for Iden-
tification Model (SAIM) [38, 39], however, little research
has been reported on the development of concrete frame-
works of attention and its practical aspects [12, 40, 41]. For
a brief description, Taylor et al. [42] proposed a COrollary
Discharge of Attention Movement (CODAM) framework. In
their framework, a forward model or predictor of the future
state of the system created by a corollary discharge of the
attentional control signal is used to generate speed-up in the
access of the content by the earlier entry to the relevant buffer
Working Memory (WM) [43]. Itti and Koch [41] proposed
a plausible computational framework of bottom-up visual
attention based on images. Their model was based on the
two-dimensional saliency map that can make an efficient
control strategy for the deployment of attention. Hoya [14]
proposed a Hierarchically Arranged Generalized Regression
Neural Network (HAGRNN) based on intuition and attention.
His method was effective for pattern classification.

Bylinskii et al. [44] proposed a quantitative evaluation of
visual attention models based on some examples of opera-
tionalizing and benchmarking different visual attention
tasks. Guimaraes [45] presented an extension of the reward-
attention circuit model. Her method showed that alcohol may
lead to lack of attentional focus. Bays and Taylor presented
[46] a neural model of retrospective attention in visual WM.
Their results indicated the effects of retrospective attention
on recall and demonstrated a principled approach for inves-
tigating neural representations with behavioral tasks. Wei
and Luo [47] presented a biologically inspired model of spa-
tiotemporal saliency attention using entropy value which is

generated by the integration of the dynamic and the static
saliency map. Their method was effective when there is
noise or a change of illumination among the frames.

The proposed bio-inspired framework of the brain activity
as a classifier stage is extended from [14] where the details
and changes in structure are further addressed. In summary,
correct labeling process of the ElectroEncephaloGraphy
(EEG) signal, considering the emotion effect in the model,
dynamic Radial Basis Functions (RBFs) in WM and LTMs,
and adjusting the adaptive weights in the weighted layer are
the main innovations of the proposed approach.

Methods and materials

A general block diagram of the proposed approach is shown
in Fig. 1. This figure includes a data gathering; pre-process-
ing by filtering, segmentation, and correct labeling process
of the EEG signal by anesthesiologist comments and the
analysis of peripheral parameters; feature extraction by Pet-
rosian Fractal Dimension (PFD) [48], Approximate Entropy
(ApEn) [49], Largest Lyapunov Exponent (LLE) [50], Cor-
relation Dimension (CD) [51], and Lempel-Ziv Complexity
(LZC) [52]; feature normalization in the range of 0 to 1, and
classification by a computationally bio-inspired framework
of the brain activity based on cognitive processes. In the
following, these steps are briefly described.

Data

This section introduces the subjects, data acquisition protocol,
and recording devices. The data were collected by Shamsollahi
and his colleagues at Shohada-Tajrish hospital [53]. Twenty-
two patients, classified as, American Society of Anesthesi-
ologists (ASA) [54, 55] grade I or I who were undergoing
elective urologic surgery participated in the study. Fourteen
males and eight females with ages ranging from 15 to 75 years
(mean age 44.36+19.93 years) and weights ranging from 50
to 96 kg (mean weight 68.64 +12.99 Kg) participated. Written
informed consent is achieved from all study subjects.

The anesthesia is divided into three stages, such as induc-
tion, maintenance, and recovery [53]. The patients are pre-
medicated with 2 pg/kg fentanyl and 0.03 mg/kg midazolam.
The anesthesia is induced with 5 mg/kg thiopental (4 mg/
kg at the outset and 1 mg/kg before tracheal intubation).
Cisatracurium besilate is used as a skeletal muscle relaxant
or NeuroMuscular-Blocking Agent (NMBA) drug (0.1 mg/
kg in the induction phase). After orotracheal intubation, the
patients are ventilated using a mixture of Nitrous Oxide
(N,0) gas (combined with O,), propofol, NMBA, and cisa-
tracurium. Anesthesia is maintained with 75-100 ug/kg/h
propofol with an infusion pump. Then, the recovery period
begins that all drugs are discontinued.
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Fig.1 A general block diagram of the proposed approach based on
data gathering; pre-processing using filtering, segmentation by rec-
tangular windows without overlap, and a correct labeling process of
the EEG signal; feature extraction, normalization; and classification
for estimation of different anesthetic states using EEG signals. In

The patients’ EEG signals are recorded using a Cerebral
State Monitor (CSM, Danmeter, Odense A/S, Denmark) [56]
with a sampling frequency of 100 Hz. The EEG electrodes
are placed at F,, (middle of forehead), Ts (mastoid left side),
and the reference electrode at F,; (left side of forehead) (see
Fig. 1). The EEG waveform derives from the signal recorded
between the mastoid and frontal electrodes. All of the EEG
signal, electrode impedances, the Burst Suppression (BS)
curve, BS percent, ElectroMyoGraphy (EMG) activity per-
cent, and the CSM calculated values, including Cerebral
State Index (CSI) percent, and Signal Quality Index (SQI)
percent are stored.

During the maintenance phase of anesthesia, if CSI
extended the level of 60 or the anesthesiologist assessments
showed a lightness of anesthesia, thiopental (0.5 mg/kg) is as
an induction of anesthesia [53]. A peripheral nerve stimula-
tor (Xavant Technology, South Africa) is utilized to quantify
the muscle tone. An NMBA is repeatedly injected due to
these CSI measurements. The hemodynamic parameters,
such as Heart Rate Variability (HRV), Blood Pressure (BP),
blood O, saturation (SpO,), and the time of occurrence of
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this model, x denotes the EEG signal, X denotes the filtered EEG sig-
nal, S,,(m =1,2,...,M) are the segmented EEG, S, ({=1,2,...,L)
denotes the labeled EEG, F; (i = 1,2, ...,5) are the extracted features,
FNA (i=1,2,...,5) are the normalized features, and ONe,j(j =1,2,3)
are the perceptual output

movements, intubation, gagging of the patient are recorded
manually by a digital pulse oximeter and non-invasive BP
devices.

Pre-processing

EEG signals are usually hampered by unwanted signals
or interferences from several biological or non-biological
sources. These signals typically contain frequencies of up
to 100 Hz and they consist of several frequency ranges,
including Delta, Theta, Alpha, Beta, and Gamma. The EEG
signals were filtered using a Band-Pass Filter (BPF) in the
frequency band of f; =1 to f;=40 Hz to remove some noises
and artifacts. To this end, Butterworth filter of order 8 with
zero-phase (by filtfilt function) is designed.

Segmentation
In most studies, the window length of brain signals is used

for a period of 1 to 4 s to distinguish among different mental
states [57]. Hosseini et al. [58] determined 2.3 s time interval
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for segmentation. In this research, 2.3 s time intervals rectan-
gular window without overlap, corresponding to blocks of
230 samples, is used as segmentation (S,,,m =1,2,..., M,
where M denotes the number of segmented signals).

Correct labeling process of the EEG signal

Correct labeling process means the assessment of the signal
quality using a series of visual criteria used, including EMG,
SQI, CSI, BS, HRV, BP, and the time of drug injection, by
anesthesiologists and a proposed system to verify the exist-
ence of a close correlation between the signal and the dif-
ferent states of the subjects. The qualitative and quantitative
analyses have been used to select suitable EEG segments (S,
I=1,2,...,L) for improving the efficiency of the anesthe-
sia recognition system. For this purpose, features including
standard deviation, zero crossing, average amplitude, PFD,
ApEn, average frequency, and Cepstrum coefficients (with
rceps function) are extracted from the EMG signal. The
extracted features are normalized between zero to one and
they are classified by Support Vector Machine (SVM) with
an RBF kernel. Here, the LibSVM toolbox is used for imple-
mentation [59]. Selecting the appropriate SVM parameters
(i.e., the trade-off parameter ¢ and the kernel parameter o) is
the key to the successful application of the function. More
details about the correct labeling process of the EEG signal
can be found in [58, 60].

Feature extraction

Features are characteristics of a signal that are able to
distinguish among different anesthetic states. In this
study, a combination of five non-linear (chaotic) features
(F;, i=1,2,...,5), including PFD, ApEn, LLE, CD, and
LZC, is used.

Normalization

Normalization is a necessary step to ensure that feature val-
ues with large variations are not dominated during the clas-
sifier’s training. This problem is overcome by normalizing
features in between zero and one by (1).

F,—F, .
FN — min

Fimax - Fimin

, i=12,...,5. (1
where Fy, is the relative amplitude, F; is the original time
series of features, F; is the minimum of features, and F;
is the maximum of features.

‘max

Classification

The normalized features are used as inputs for the classifier
based on a computationally bio-inspired framework of the
brain activity. The database is arbitrarily divided into three
sets; the first part for constructing a network (i.e. training
set), the second part for testing (i.e. unknown to the net-
work), and the third part for validating (see Fig. 1). In this
study, 60%, 10%, and 30% of the database are selected ran-
domly for training, validation, and testing, respectively.

Brief description of memory

Figure 2 shows a cognitive architecture based on memory
and attention in the brain, which it inspired and completed
from [12, 13, 61]. As depicted in Fig. 2, there are four types
of connections denoted in (1) solid lines with unidirectional
arrows, (2) solid lines with bidirectional arrows, (3) dashed
lines with unidirectional arrows, and (4) solid lines with
thick arrows, which respectively show the modules involv-
ing the unidirectional information transmission, bidirec-
tional information transmission, extra comments, relation-
ship between blocks. In this sections, we explain the main
modules and parts of the developed and proposed cognitive
architecture.

Figure 2 consists of five main modules, including SR,
encoding, STM, WM, and LTM. In the following, each of
them is briefly described. Sensory information first enters
SR, where it resides for a very short period of time. SR
does not process the information carried by the stimulus,
but rather detect and hold that information, including visual,
auditory, tactile, taste, and olfactory, for use in STM [13].
It automatically occurs outside of conscious control. Here,
the thalamus is acted as a distributor of information, and all
sensory information except the olfactory is passed through
this part [62]. In this level, attention is not needed for select-
ing information. Then, the information entered into neocor-
tex and cerebral cortex are interpreted and encoded [63].
The role of encoding block is to initiate the first steps of
perception. The bottom-up attentional capture as an invol-
untary action is responsible for transmitting information to
STM. After passing information through encoding block,
STM stores a limited amount of information in SR for a
short period of time. Also, a rehearsal process can maintain
a limited amount of information.

Baddeley and Hitch [64] presented a new conceptual
model of WM. They proposed that WM comprises a cen-
tral executive and fop-down voluntary attention (attentional
controller) that supervises and coordinates a number of sub-
systems, including (1) The phonological loop, which deals
with speech-based information, and (2) The visuo-spatial
sketchpad, which deals with visually based information
[64]. The central executive has a flexible structure and it is
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Fig.2 A cognitive architecture of the memory and attention in the brain [12, 13, 61]

responsible for the regulation and control of cognitive pro-
cesses [64]. Some studies pre-frontal cortex, large regions of
the cortex (especially the parietal, frontal, and anterior cin-
gulate), and parts of the basal ganglia are considered as WM
[65, 66]. Baddeley [67, 68] equates the central executive
with the SAS described by Norman and Shallice [30] and
Shallice [31]. Baddeley [69] introduced the possibility of a
new, fourth, component of WM called the episodic buffer
(See Fig. 2). The episodic buffer allows information repre-
sented in different codes to be temporarily bound together
[64]. It is controlled by the central executive, which can
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retrieve information from the episodic buffer into conscious
awareness.

Experiences and knowledge in LTM are stored perma-
nently [61] and LTM is divided into two types of modules,
(1) Explicit (declarative or conscious), and (2) Implicit (non-
declarative or unconscious) as shown in Fig. 2 (Modified
from [70]). Explicit memory involved the medial temporal
lobe, hippocampus, and pre-frontal structures of the brain
[71]. According to Fig. 2, explicit memory is divided into
two types of modules, (1) Episodic and (2) Semantic. Epi-
sodic memory is responsible for past personal experiences
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and events [71] and semantic memory is responsible for
facts, concepts, and general knowledge about the world [71].

Implicit memory refers to non-conscious forms of LTM
that are expressed as a change in behavior without any con-
scious recollection [71] and It is divided into four parts,
including procedural, priming, associative learning, and
non-associative learning. Procedural is responsible for
motor skills, habits, and actions. Priming, including percep-
tual priming and conceptual priming, is defined as a change
in performance with a stimulus due to the prior presenta-
tion of that stimulus or a related stimulus. Also, Priming is
responsible for encoding and retrieval. Associative learning
is responsible for simple classical conditioning and oper-
ant conditioning that also called instrumental conditioning,
including emotional responses and skeletal musculature.
Non-associative learning is responsible for skill learning,
habituation, and sensitization. Implicit memory involved the
basal ganglia, striatum, cortex, neocortex, amygdala, cer-
ebellum, reflex pathway structures of the brain.

A system for storing information must be able to (1)
Encode, (2) Store, (3) Consolidate, and (4) Access or retrieve
information [61, 72]. Encoding is the initial information pro-
cessing to be learned or memorized. “Memory consolida-
tion refers to the transformation over time of experience-
dependent internal representations and their neurobiological
underpinnings [73].” Retrieval “is the process of reactivating
knowledge in a way that will allow it to become an image in
consciousness or translated into a motor output [74].”

Brief description of the bio-inspired framework

The structure of a computationally bio-inspired framework
of the brain activity is proposed based on the more percep-
tual aspects of memory, emotion, and selective attention,
which some of its parts inspired from previous studies [12,
67, 68, 75-78].

This framework consists of a multiple of dynamically
reconfigurable neural networks with RBF and its associated
data processing mechanisms. The following steps must be
performed to develop the framework: (1) Evaluation of emo-
tional signal, (2) Configuration of WM, (3) Configuration of
LTMs #1 to K which K denotes the number of hierarchical

LTM (here, K=06), (4) Configuration of the Sustained Mem-
ory (SM), (5) Reconstruction of LTMs, (6) Reconstruction
of SM, (7) Applying RBFs in the whole network individu-
ally, (8) Determining of weighting factors in SM and LTMs
outputs, and (9) Response execution as a decision unit with
Winner-Take-All (WTA) strategy.

Evaluation of emotional signals The emotional signal
is checked in the first stage. Emotional states are usually
divided into three categories: positive, calm, and negative.
There are various positive emotional states, such as happi-
ness, love, joy, passion, interest, curiosity, pride, optimism,
wonder, hope and satisfaction. Also, there are various nega-
tive emotional states, such as fear, guilt, insecurity, jealousy,
hatred, malice, revenge, anger, hostility, blame, shame, sad-
ness, worry, doubt, disappointment, reproach feelings of
inferiority, lack of interest, and regret. These states play an
important role in memory, learning, and attention. Human’s
usually in positive and negative emotional states are not
used from all parts of WM and LTM, but they focus on a
particular part. In this study, the emotional signal range is
between —5 to +5, where the number of zero indicates a
calm state, numbers above zero indicate positive emotion,
and numbers less than zero indicate negative emotion.

The maximum of RBFs in WM are divided into two
groups, (1) fixed (Ny,,r), and (2) non-fixed (Ny,,y). The
maximum of RBFs in each sub-network of LTMs are also
divided into two groups, (1) fixed (Nggp_¢;, ), and (2) non-
fixed (Nggp_cy—v), Where Cl; is the number of classes (here,
i =1,2,3). It should be noted that Ny, = Nyuyr + Ny
and Nggr_c;. = Ngpp—ci,—r + Nrpr-ci,—v When the emotional
signal is zero. When the emotional signal is non-zero, the
number of non-fixed RBFs in WM and LTM are Ny, and
Nipgr—ci-g (R denotes the reduced version), respectively,
which Nyyp < Nyyy and Nepe_ci—g < Nrgp—ci-v- The
number of RBFs in sub-networks can be different, in other
words, Nggr_ci, # Nrpr-ci, # Nrpr—ci,- In this study, the
values of Ny, Nysy» and Ny, are considered 20, 20, and
15, respectively. Pseudo-code for evaluating the emotional
signal is shown in Algorithm 1.
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«Fig. 3 A computationally bio-inspired framework of the brain activity
based on emotional states, bottom-up attentional capture, WM, LTM,
top-down attention, SM, forgetting, weighting factors, and a decision
unit. In this framework, F denotes the incoming information pattern
vector, Oy, is the WM output vector, Ogy, is the SM output, Oy, 4
(k=1,2,...,K) are LTM outputs, W (k=0,1,2,...,K) are the
weighting factors in SM and LTM outputs, O,(k =0, 1,2, ...,K) are
the weighted outputs, and Oy,, is the final perceptional output

following steps: if the intensity of activation of the least
activated RBF (Value,,,) is less than the threshold of WM
(here, 8y, = 0.1), in other words, Value,,;, < 6y,,, replace it
with a new RBF with C; = F, and set Oy, = F). Otherwise,
Oy, 1s given as the filtered version of F as shown in (3).

Owm = AChgerpax T (1 = DFy 3)

Algorithm 1. Algorithm for evaluating of emotional signals

if EmotionalSignal = 0 then
Nwwu = Nwmr + Nwuy
Ngrpr—ci, = Nrpr—ci,—r + Nrpr—ci,—v
Nepr—ct, = Nrpr—ci,—r + Nrpr—ci,—v
Nepr—ct; = Nrpr—ci;—r + Nrpr—ci;—v
else
Nwmv = Nwur
Nwy = Nwmr + Nwmy
NRBF—Cll—V = NRBF—Cll—R
Nepr—ct, = Nrpr—ct,—r + Nrpr—ci,—v
NRBF—CIZ—V = NRBF—CZZ—R
Nepr—ct, = Nrpr—ci,—r + Nrpr—ci,—v
NRBF—CI3—V = NRBF—CL3—R
Nirpr—ci; = Nrpr—cis—r + Nrr—ciy—v

endif

if (=5 < EmotionalSignal < —3) or (3 < EmotionalSignal < 5) then
K=K-2

else
K=K-1

endif

Configuration of WM WM is responsible for temporarily
stores input pattern vector as buffering or filtering. The con-
figuration of WM consists of a series of RBF with a selec-
tion unit for selecting one of the most activated RBFs (see
Fig. 3). This single layer structure does not have any sub-
networks. Each RBF is introduced using activation value

and index by (2).
Iy - Cllz
27 P (‘—26_2 ’
2

where ¢; denotes RBF radius, C; denotes the center of RBF,
and ||||, denotes the squared Euclidean norm. The WM is
firstly formed by the following procedure [14]. The learn-
ing mechanism of WM is summarized in the following. If
the number of RBFs in WM (My,,,) is less than the number
of maximum RBFs (Vy,,), in other words, My, < Ny,
add an RBF with an activation intensity Value,(Fy, C;, 5;)
calculated by (2) and RBF vector C; = Fy in the WM.
Then, set Oy,, = Fy and terminate. Otherwise, execute the

[Value, Index] = Valuei(FN, C;, Gi) =

where C,,q,, 1is the RBF vector of the most activated
RBF and A (0 < A < 1) is a smoothing factor (here, A = 0.7).
The parameter A is a measure to determine how quickly WM
is evolved by a new incoming pattern vector and switches
its focus to the patterns in other domains. This may relate
to the spontaneous selective attention of a particular event
[14]. If A is small, 8y,, becomes more likely to F itself,
which can be regarded as a sign of carelessness. In contrast,
if A is large, WM becomes sticky to only a particular pattern.
In other words, the output is a combination of Fy with the
maximum output value according to (2) as computed in (4).

max

[Valuemax, Indexmax] =
i=12,....Nypy

(Valuei). (4)

Pseudo-code for the configuration of WM is shown in
Algorithm 2.
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Algorithm 2. Algorithm for configuration of WM

if Myyy < Ny then
[Valuepin, Indexpmiy] =  min - (Value;)
M

i=1,2,..Ny
//C; =Fy
//t denotes class label
AddNewRBF = CreateRBF (Fy, Fy, 0;,t)
Owm = Fy
elseif Value,;, < 6y then
//C =Fy
ReplaceNewRBF = CreateRBF (Fy, Fy, 0;,t)
Owm = Fy
else
[Valueggy, Index g, ] = max  (Value;)
i=1,2,..,Nywm

//0<A<1
Owm = Mingex,,, T (1 = DFy
endif
endif
if Myyy > Ny then

[Valuepn, Indexpmiy] = min - (Value;)
i=1,2,...Nypm

Discard RBF with Value,;,
endif

Also, if My, to reach Ny,;, (WM is full), there is no
capacity to store the new vector, so RBF with the lowest
value in WM according to Algorithm 2 is discarded. In the
test phase, Oy, is introduced by (5).

I I1Ex - Cil3
Owm = i=1,121,1.%vw <27_12 exp <—— = i . (5)

If more than one maximum for RBFs is found, then one
of them is randomly chosen as Oyy,,. The role of SM and
LTMs #1 to K is to realize a hierarchical classification sys-
tem based on the importance or attractiveness of information
[14]. SM and LTMs are usually described into two parts,
including (1) SM for generating intuitive output, which is
illustrated in Fig. 3, and (2) LTMs #1 to K for the regular
(ordinary) outputs, which they illustrated in Fig. 3 and have
the same structure with each other [14]. Each of these parts
is briefly described below.

Configuration of LTMs #1 to K LTMs #1 to K have several
sub-networks and each part has one decision unit. As a
result, the iterative learning of weight vectors is not neces-

@ Springer

sary at all; and the network can be flexibility formed for giv-
ing tasks. LTM #1 is constructed by directly assigning Oy,
to RBF vectors in it. Information transfer from WM to LTM
is known as consolidation. RBFs within LTM #1 are distrib-
uted into the respective sub-networks according to the
classes label, which is given by the target vector consisting
of a series of indicator functions [14]; associated with each
RBF vectors. Formation of LTMs #1 to K is summarized as
follows: Provided that Oy, belongs to class i, then, for j = 1
to K — 1, execute the following steps: If the number of RBFs
in sub-network i of LTM j (M LTM/,ai) reaches a maximum
N LM, ,» TOVE the least activated RBF within sub-network i
of LTM j to LTM j + 1. If the number of RBFs in sub-net-
work i of LTM K (MLTMK_a,) reaches a maximum NLTMm’,
(i.e., if all the ith sub-networks of LTMs #1 to K are filled),
there is no entry for store a new Oy, (here, N, = 18).
Therefore, execute the following steps: Forgetting (discard)
the least activated RBF in sub-network i of LTM #K.
Pseudo-code for the formation of LTMs #1 to K is shown in
Algorithm 3.
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Algorithm 3. Algorithm for configuration of LTMs

forj<—1toKdo
NewRBF = CreateRBF (Oyp, Owp, 03, t)
fori<1to3do
if MLTM],Cli > NLTM],Cli then

[Valueyin, Indexpm,] = min (Value;)
l=1'2""'NLTMj,c1i
if j < K then
Move RBF j™with Value,,;, to RBF (j + 1)**belongs to Cl;
else
Discard RBF with Value,;,
endif
endif
endfor
endfor

Shift all the least activated RBFs in sub-network i of
LTMs #(K — 1) to 1 into LTMs from #K to 2, respectively.
Store a new Oy, in the sub-network i of LTM #1. In the test
phase, O; 7y, is introduced by (6).

1 _||0WM—C,||Z
20‘,2 eXp < 202 ’

t

2
1 Oy —C,
max ﬁ exp _M . 1

202
t:1’2""’NRBF—Cl] " !

1 _ llow—Cell>
20‘{2 eXp < 20'3

OLTM,k =

r= 1,2, “en ’NRBF—CIZ
e = 1’2""’NRBF—C/3

value. Also, WM is not a pattern classifier, unlike SM and
LTMs #1 to K.

Formation of SM is summarized as follows. The number
of RBFs in LTM #1 to K, which are most activated based

(6)

Configuration of SM Input pattern vector is also directly
entered into the SM network for Long-Term Perception
(LTP). SM have RBFs not having a summing operation unit
at the output. Therefore, O, is the mostly activated RBF
chosen by the WTA strategy. The number of RBFs in SM
varies due to the following reasons. The framework of WM
and SM are similar to each other, but the associated data
processing within WM is different from SM. Oy, is also
given as an RBF vector by the associated LIFO stack-like
mechanism (queuing system), whilst that Og,, is a scalar

on their activation counters (here, Ny = 4) is sorted in a
descending list and chosen for transferring to SM in a cer-
tain period here, O = 360, Q where denotes time period to
fill or update SM with most activated RBF in LTM #1 to K.
In this study, the value of N, is assumed to be 12, by trial
and error. Pseudo-code for the formation of SM is given in
Algorithm 4.

Algorithm 4. Algorithm for configuration of SM

fork«<1toQdo

Sort RBFs in LTMs in a decreasing order based on their activation counters

Select Np RBF's
if Mgy < Ngy — Ny then

Add all Ny RBFs to existing RBFs in SM
else

Replace N RBFs with the least activation counters with new RBFs

endif
endfor
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Table 1 A summary of results

. Number of RBFs Emotional signal (K value)
of the proposed approach with
the considered parameters, 0(K =6) 2(K =5) 4K =4)
including 6y,, = 0.1, A = 0.7, - - -
Ny =4,0 =360, P =3, and Average Highest Average Highest Average Highest
N, =6 accuracy (%) accuracy (%) accuracy (%) accuracy (%) accuracy (%) accuracy
(%)
Nymr =20 89.2 91.6 85.1 90.7 82.7 85.2
Nyyy =20
Nyyg =15
Nppy =18
Ny =12
Nymr =25 90.2 91.4 87.2 89.7 83.3 86.3
Nymy =25
Nymg = 20
Ny =23
Ngy =17
This process is like a strong persistence in memory due In the test phase, Oy, is introduced by (7).
to repetition and practice. At the end stage of the train-
ing phase, a number of RBFs in WM, SM, LTMs #1 to K 1 |y = CilJ>
which are most activated based on their activation counters ~ OSM = i 1,121,1.2.1.),(1\/3,” 262 exp T2 ) )
1 1

(N,), are entered as incoming information pattern to the
network (here, Ny = 6). This process is repeated P times
(here, P = 3), which is equivalent to a phonological loop in
the cognitive architecture of memory. Pseudo-code for the
feedback of RBFs according to their decreasing activation
function is shown in Algorithm 5.

Configuration of weighted layer and response execu-
tion The final perceptual output (O,,) is given by (8) as
the maximum value amongst the weighted Og,, and Oz,
(k=1,2,...,K) with the WTA strategy.

Algorithm 5. Algorithm for the rehearsal process

forp<1toPdo

Sort RBFs in WM,SM, and LTMs in a decreasing order based on their activation counters

Select Ny RBFs
if Myy < Nyy — Ny then

Add all Ny RBFs to existing RBFs in WM
else

Replace the Ny RBFs with the least activation counters with new RBFs

endif
if Mgy < Nspy — Ny then

Add all Ny RBFs to existing RBFs in SM
else

Replace N, RBFs with the least activation counters with new RBFs

endif
endfor

Oner = max(Wy X Oy, Wy X Opppg 1, Wo X Opppgns -

= max(Oo, 01, ceey OK)

> and Wi X Oppy )

®)
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where W, > W, > W, > --- > W,. Note that the weight

value W, for Oy, is relatively given greater than the oth-
ers. An adaptive algorithm is used for determining W,
(k=0,1,2,...,K) by comparing the output with the
desired output in the training phase. If the output with the
corrected label is observed, then the related weighting fac-
tor is increased by one and the other weighting factors are
decreased by 0.1. In the test phase, the value of weighting
factors is determined as constant, e.g., when the emotional
signal is zero, the values of W;s(i = 0, 1,2, ... ,6) are 5.8, 3.3,
3.1,2.7,2.6,2.4,and 1.9.

Results

In this section, results are presented and the outcomes are
analyzed on the basis of literature, with the numerical rep-
resentation of the proposed approach. The described anes-
thesia recognition was used as a benchmark to validate our
proposed approach based on a cognitive architecture and
a computationally bio-inspired framework of the brain
activity. The experimental simulations were implemented
in MATLAB on a workstation with 8 GB of RAM and
2.40 GHz processor.

The input of the proposed approach is the EEG signal col-
lected by the sensors in different anesthetic states. We used
a 2.3 s time intervals rectangular window without overlap,
corresponding to blocks of 230 samples of EEG signals for
data segmentation. Correct labeling process of the EEG sig-
nal means the assessment of the signal quality using a series
of visual criteria used, including EMG, SQI, CSI, BS, HRYV,
BP, and the time of drug injection, by anesthesiologists and
a proposed system to verify the existence of a close correla-
tion between the signal and different anesthetic states. The
results showed that the awake state, the moderate anesthesia,
and the general anesthesia are distinguished using the EMG
signal with the accuracy of 83.4%, 87.28%, and 86.12%,
respectively. Then, according to the obtained accuracy and
the expert opinion in the field of anesthesia, the EEG signal
is correctly labeled in different anesthetic states.

For each EEG segment, five different features are
extracted. The results showed that the ApEn and PFD values
of general anesthesia state are less as compared to those of
the awake state. The performance over the validating set is
achieved after the consideration of perceptual output. The
experiment is carried out in three different states, includ-
ing when the emotional value is zero, when it is between
zero and three, and when it is between three and five. The
confusion matrix is obtained by the proposed approach. The
proposed approach with zero, two, and four as emotional
values is used for recognizing of different anesthetic states
which yield average accuracies of 89.2%, 85.1%, and 82.7%,

and with highest accuracies of 91.6%, 90.7%, and 85.2%,
respectively. The proposed approach with zero, three, and
five emotional values is used for recognizing of different
anesthetic states which yield average accuracies of 89.2%,
83.8%, and 80.1%, and with highest accuracies of 91.6%,
86.4%, and 83.2%, respectively.

When five RBFs were added to each module, the pro-
posed approach with zero, two, and four emotional values
is used for recognizing of different anesthetic states which
yield average accuracies of 90.2%, 87.2%, and 83.3%, and
with highest accuracies of 91.4%, 89.7%, and 86.3%, respec-
tively. As a result, the average accuracy is increased with the
addition of RBFs and vice versa. A summary of the obtained
results of the proposed approach is shown in Table 1.

Discussion

Current computational cognitive architectures lack a com-
prehensive representation of human physiology. Therefore,
the aim of the present study is to propose an efficient com-
putationally bio-inspired framework of brain activities based
on the cognitive architecture for estimating DOA using EEG
signals. We developed a cognitive architecture to complete
a version of the HAGRNN model carried out by [14]. To
this end, Algorithm 1 evaluated values for emotional sig-
nals related to different emotional states, including positive,
calm, and negative; Algorithm 2 constructed the configu-
ration for WM; Algorithm 3 established the configuration
of LTMs; and Algorithm 4 constructed the configuration
of SM. Finally, Algorithm 5 presented a process for the
rehearsal. The rationale of each step of algorithmic develop-
ment was discussed in detail and the proposed approach was
analyzed on EEG signals for recognizing different anesthetic
states. Study of variations of the anesthetic EEG signal is a
unique tool for considering consciousness and for confirm-
ing or ignoring conceptual theories about that state. The
main contribution and advantages of this paper can be sum-
marized as follows.

First, the proposed approach develops a cognitive archi-
tecture and a computationally bio-inspired framework of
brain activities based on concepts, such as SR, encoding,
emotion, STM, selective attention, WM, forgetting, LTM,
SM, and response selection. The main innovations of the
proposed approach include considering the emotion effect in
the model, dynamic RBFs in WM and LTMs, and adjusting
weights in the weighted layer.

Second, this study is able to evaluate the quality of EEG
signals according to different anesthetic states using a series
of visual criteria used by an anesthesiologist and the pro-
posed system.
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Third, the chaotic dynamics of EEG signals were exam-
ined for discrimination of different anesthetic states. Non-
linear features can successfully extract small variations in
non-stationary signals like EEG. Therefore, quantitative
measures of non-linear features are convenient descriptive
tools to characterize the main information from complex
EEG signals.

Fourth, one of the advantages of the proposed approach
is its ability to yield considerable results even when a small
proportion of the segments was selected as the training data
set. This particularly accelerates the process of training
the classifier and, thus, reduces the total processing time
and computational cost [15]. The purpose of this paper is
to design a simple learning mechanism for the proposed
framework.

Fifth, the average accuracy obtained from a previous
study with zero emotional value [58] for recognizing dif-
ferent anesthetic states is 87.6%. In comparison with that
study, the proposed approach provides better accuracy and
lower computational complexity as well as load. The average
accuracy obtained from another study [15] for recognizing
the different anesthetic states is 93.89% (a 2.7 s interval is
selected for segmentation). Although the accuracy of the
proposed approach is less than [15], the proposed approach
may provide a computationally simple as well as practically
implementable way for processing data. According to the
results, the average accuracy is increased with the addition
of RBFs and vice versa.

Sixth, the proposed layered-memory concept is not lim-
ited to pattern classification-oriented tasks and it can be
widely applicable where the tasks and the goals are known
or given, e.g., various planning tasks for autonomous robot-
ics, and cognitive controllers. In such applications, the
incoming input vectors are considered as a set of sequential
data points, e.g., sensory data to know the position of the
robot or the internal states, and to interact with other robots.
This can alternatively be represented by the attentive states
while the output sequence from the proposed approach can
directly or indirectly change or set parameters to actually
control the movement of the robot or the response to other
robots by built-in communication facilities, according to the
current situations.

Conclusion and future works

This paper proposes a computationally bio-inspired frame-
work of the brain activity based on memory, emotion, and
selective attention for estimating DOA by EEG signals.
This study considers five main parts, including (1) Elabora-
tion of the concept of attention and memory phenomena,
(2) Designing and developing a cognitive architecture, (3)
Developing a computationally bio-inspired framework of the
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brain activity, (4) Simulation of the model, and (5) Its appli-
cation in recognition of different anesthetic states.

A clinical study was carried out on 22 patients corre-
sponding to three anesthetic states, including the awake
state, moderate anesthesia, and general anesthesia. The
hybrid strategy proposes data gathering, pre-processing,
feature extraction, normalization, and classification. Differ-
ent brain regions, such as the thalamus, temporal cortex,
parietal cortex, neocortex, amygdala, striatum, basal ganglia,
hippocampus, and pre-frontal cortex, have functions based
on primary perception, SR, encoding, STM, WM, LTM,
SM, forgetting, behavioral inhibition, and response selec-
tion. This paper the first proposes a cognitive architecture
of memory, emotion, and attention, and then it provides a
computationally bio-inspired framework. The proposed
framework has been applied due to its simplicity and its
further adaptation to the biological aspect of the memory
and attention concepts. It also has the ability to add many
high-level cognitive concepts, including positive and nega-
tive emotional states and forgetting to the framework.

In the proposed approach, various incoming information
is entered into the model. Then, the correct labeling process
of the EEG signal is performed by qualitative and quan-
titative analyses of peripheral parameters. Then, an SR is
used to accumulate the pre-processed EEG segment for a
period of 2.3 s using a rectangular window without overlap.
Feature extraction is performed in the encoding stage as a
primary perception. The output of this stage can be trans-
ferred to STM and WM with a bottom-up involuntary atten-
tional capture as the perception stage. An important part of
brain modeling is attention allocation based on conscious
or unconscious decisions. Finally, LTM and SM as fairly
permanent reservoirs for information are passed from WM
with a top-down voluntary attention mechanism.

The important proposes of this study are to more explain
concepts, such as memory, emotion, and attention to develop
a computationally bio-inspired framework of the brain activ-
ity, and model simulation to classify three different anes-
thetic states. The results show that the proposed approach
can classify different anesthetic states with an average accu-
racy of 89.2%. Results also indicate that the combined use
of the above elements can effectively decipher the cognitive
process task. A final comparison between the obtained result
and the previous method on the same database is presented
to show the effectiveness of the proposed approach for esti-
mating DOA.

There are some concerns that merit further considera-
tion. First of all, it is better to propose a computationally
bio-inspired framework of the brain activity closer to the
brain function. Therefore, with electrophysiological and
intuitive studies, other parts of the computational model
can be intelligently added. Second, different parts of the
framework, based on memory and attention, were modeled
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in more detail based on a comprehensive cognitive archi-
tecture. Third, the universal approximation property was
proved for this framework. Fourth, this framework can be
used as a cognitive controller for solving complex engineer-
ing problems. Fifth, the role of various types of emotion in
the computational framework is added. To this end, it is
possible to determine the type of emotion with regard to the
level of arousal and valence, and how its impact on attention
and memory can be evaluated.
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