
192

original research
Experimental medicine

Оригинальные исследОвания
Экспериментальная медицина

ANN	–	artificial	neural	networks	
CNN – convolutional neural networks
EEG – electroencephalograms

LSTM – long-short term memory 
ML – machine learning 
MLP – multilayer perceptron

© Selitsky S., 2022
UDC 616.831-053.31:612.82
DOI – https://doi.org/10.14300/mnnc.2022.17046 
ISSN – 2073-8137

hYBriD	conVoluTional-mulTilaYer	percepTron	 
arTificial	neural	neTWorK	for	person	 
recogniTion	BY	high	gamma	eeg	feaTures
selitsky S.

university	of	Bedfordshire,	united	Kingdom

ГИБРИДНАЯ	ИСКУССТВЕННАЯ	НЕЙРОННАЯ	СЕТЬ	cnn-mlp	 
ДЛЯ	РАСпОЗНАВАНИЯ	ЛЮДЕЙ	С	ИСпОЛЬЗОВАНИЕм	СТРУКТУР	
ЧАСТОТ	ВЫСОКОГО	ГАммА-СпЕКТРА	ЭЭГ
С.	Селицкий

Школа	компьютерных	наук	и	технологий,	Университет	Бедфордшира,	
Великобритания

We propose to use a hybrid Convolutional-Multilayer Perceptron Neural Network (CNN-MLP) architecture to learn high 
gamma EEG features for person recognition. An original EEG data set was collected featuring recordings during various 
physical and mental activities for this study. Experiments with high and low gamma and beta scale Convolutional filters were 
conducted. Particular usefulness of the EEG bands was observed, and high gamma scale CNN features were recognized as 
efficient for the person recognition task.
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В работе использована гибридная искусственная нейронная сеть типа сверточно-многослойного перцептрона 
для изучения структур из верхнего гамма-спектра электроэнцефалографии (ЭЭГ) для распознавания людей. В свя-
зи с этим был собран исходный набор данных ЭЭГ у различных людей, включавший записи во время различных 
физических действий и умственной деятельности. Выполнены исследования с высокими и низкими, гамма- и бета-
масштабными свёрточными фильтрами. В результате работы отмечалась выборочная эффективность полос ЭЭГ, а 
функции сверточного многослойного персептрона с высоким гамма-масштабированием были признаны эффектив-
ными в персональном распознавании индивидуума.
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персептрон, машинное обучение, искусственный интеллект
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Application of machine learning (ML) to the ana- 
lysis of electroencephalography (EEG) was 
successfully applied, first, for anomaly or pa-

thology detection, such as seizure [1], depression 
[2], schizophrenia [3], hearing deficiency [4], con-
sciousness level [5] detection. More recently, for 
less obvious ways of human biometrics classifica-
tion, such as emotion [6–8], motor movement [9–
11], intent [12–14], sleep stages [15], newborn age 
detection [16–19], and, finally, person recognition 
[20] and identification [21–24]. In this pilot study, 
we concentrate on person detection using EEG. 
However, the data set is collected for the study, 

which is still gathering data, hosts records of su- 
bjects occupied with different physical, emotional, 
and mental activities and suitable for various clas-
sification tasks, which are planned to be conducted 
in the future. «To go to» artificial neural networks 
(ANN) ML models for EEG data analysis [25–27] are 
Long-short term memory (LSTM) ANN, due to their 
design goal of handling sequential data of arbitrary  
length. 

LSTM units have saturable sigmoid gates that allow 
for updating or forgetting weights of the transformation 
matrix based on the history of one-by-one observation 
training. The drawback of LSTM architecture is its dif-
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ficult parallelization of multiple computing processes. 
If the length of the sequences in a study can be set fixed, 
convolutional neural networks (CNN) are more efficient 
in capturing sequence length because they can be eas-
ily trained parallelly [28–30]. Analyzing EGG records in 
such fixed-length fragments using CNN and hybrid archi-
tectures is another popular ML approach [4, 9, 19, 20, 
32, 36]. Input in CNN is expected as a pseudo-image, in 
which the duration of the EEG record is considered as a 
height of the «image,» and EEG channels are considered 
either as the «width» or pseudo-color channels. The func-
tioning of the Convolution layer can be viewed as a set of 
learnable filters-matrices scanning the image and being 
applied to it via element-wise multiplication and summa-
tion (dot product in simple implementation). 

In our study, we concentrate on using short CNN 
masks designed to capture high gamma wave structures, 
trying to verify the hypothesis that such waves bare useful 
person-specific information that could be used for clas-
sification. 

Data set. The data set is a pilot data collection from 
the more considerable planned experimental study. So 
far, EEG data were collected from 11 subjects during 
multiple sessions with intervals of several weeks for some 
subjects. The EEG sessions were of various lengths and 
recorded during numerous activities, such as idleness, 
lying table game, dance, motor skills acquisition, and 
emotion impersonation. For EEG recording, a minimally 
invasive MindRove Arc device (https://mindrove.com/
arc) was used (Fig. 1). This device is a wireless wearable 
device with semi-dry electrodes and a Wi-Fi connection 
to the data collection station. It has six electrodes located 
at the top of the skull in the arc fashion, in the order C5, 
C3, C1, C2, C4, and C6 from left to right, a bias electrode 
located behind the left, and a reference electrode – be-
hind the right ear. The sampling rate is 500 Hz, and the 
measurement resolution is 0.045 μV. The measurements 
were done with a 50 Hz filter enabled. Although strictly 
not necessary, electrode gel «Spectra 360» was used for 
connectivity reliability. 

Fig. 1. Mind Rove Arc with electrode enumeration. 
Photo retrieved from https://mindrove.com/wp-content/

uploads/2021/11/UserManual_v2_0_0.pdf

Proposed solution. It was observed that image-
ry information generates more person-specific signa-
tures than motor-related signatures [37]. It has also 
been suggested that gamma waves are associated 
with visual awareness and consciousness [7]. Having 
an EEG recording equipment sampling at a higher rate 
(500 HZ) than equipment used in other research (circa 
200–100 Hz), we decided to investigate the potentially 
person-specific high gamma wave features that the CNN 
filters could learn. The following (Table 1) hybrid CNN-
MLP (Multilayer Perceptron) architecture was used. In-
terest in MLP models, as rivals to CNN and using wider 
than deeper architectures [31], have been rising in the 
last years [33]; therefore, we utilized the best parts of 

these «two worlds.» ANN parameters are filtered length 
H, filter width M (equal to the number of EEG channels), 
several filters N, average pooling size, and stride K. Si-
zes of the two Fully-connected layers following the Flat-
ten layer were set to match the preceding Convolutional, 
Average Pooling and Flatten layers. The last Fully-con-
nected layer size was set to the number of subject clas-
ses C. The width of the convolution filters is equal to the 
pseudo-image width; despite the use of 2-dimensional 
Convolution layer implementation, effectively, they were 
performing multi-channel 1-dimensional convolution. 
The Average Pooling layer was used to reduce the dimen-
sionality of the Convolutional features input to the rest of 
the fully-connected MLP layers to meet the hardware li-
mitations.

Table 1
CNN-MLP hybrid ANN architecture

Layers
Pseudo-image	Input	(L	×	M	),	L	–	EEG	fragment	length,	

M – number of channels
Pseudo2D Convolution 

(H	×	M	fi	lter,	N	fi	lters,	1	stride),	H	–	fi	lter	height
Average	Pooling	(K	×	1	size	and	stride)

Flatten	(F=(L	−	H	+	1)N/K	size)
Fully-connected	(F	size)

ReLU
Fully-connected	(2F	+	1	size)

ReLU
Fully-connected	(C	size),	C	–	number	of	classes

Softmax
Classifi	cation

ANN parameters are filtered length H, filter width M 
(equal to the number of EEG channels), several filters N, 
average pooling size, and stride K. Sizes of the two Ful-
ly-connected layers following the Flatten layer were set 
to match the preceding Convolutional, Average Pooling 
and Flatten layers. The last Fully-connected layer size 
was set to the number of subject classes C. The width 
of the convolution filters is equal to the pseudo-image 
width, despite the use of 2-dimensional Convolution layer 
implementation; effectively, they were performing mul-
ti-channel 1-dimensional convolution. The Average Poo-
ling layer was used to reduce the dimensionality of the 
Convolutional features input to the rest of the fully-con-
nected MLP layers to meet the hardware limitations.

Experiments. The experiments were run on the Li-
nux (Ubuntu 20.04.3 LTS) operating system with two dual 
Tesla K80 GPUs (with 2 × 12GB GDDR5 memory each) 
and one QuadroPro K6000 (with 12GB GDDR5 memo-
ry, as well), X299 chipset motherboard, 256 GB DDR4 
RAM, and i9-10900X CPU. The Experiments were run on 
MATLAB 2022a with Deep Learning Toolbox. ANN mo-
dels were trained using the «Adam» learning algorithm 
with 0.01 initial learning coefficient, mini-batch size circa 
16000, and 40 epochs. From the sets of EEG recordings 
for each subject, randomly selected records for training 
and records for testing. Fragments of 4 seconds duration 
(or L=2000 data points) were cut from all records. The 
step between cuts was 1 data point. Cuttings of the long 
records were limited to 20000 first data points, thus ma-
king no more than 18001 training fragments to ensure 
balanced training. No other prior processing of the train-
ing or test data was performed on the raw data. Input data 
normalization, Max Pooling instead of Average Pooling, 
adding Batch Normalization, and Dropout layers have 
also been experimented with. In addition to the short-
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wave CNN filter dimensions (3–13) associated with gam-
ma waves, for contrast, we ran experiments with more 
extended filters associated with betta waves. Accuracy 
was calculated as a ratio of correctly classified test data 
points to the whole number of test data points.

Results and Discussion. Initial min-max per-channel 
data normalization applied to each 4-seconds EEG 
fragment resulted in a random accuracy of circa 0.09; 
therefore, all subsequent experiments were run without 
normalization. ANN architecture used for experiments 
did not have saturable sigmoid activation functions, 
and input channels had the same measurement unit 
data; therefore, input data normalization was not strictly 
needed. Adding Batch Normalization and Dropout layers 
to first test architectures has smoothed the training 
process; however, it produced marginally worse accuracy 
results and slowed down training. Therefore, those layers 
were not used for the majority of experiments. Using the 
Max Pooling layer instead of Average Pooling in the first 
runs produced worse results and was retired for further 
investigations. The pooling size and stride parameters K 
of 2 and 5 were experimented with and provided inferior 
results to the parameter value of 3, or training did not 
even converge for the former parameters. Therefore, 
subsequent experiments were conducted with the latter 
parameter of 3. The primary Convolutional filter height 
parameter H=5 corresponds to wave features at 100 Hz, 
as compared with other values (Table 2).

Table 2
Accuracy for various Convolution layer filter height 

(width is set to number of channels 6), number 
of filters 16, and pooling size and stride 3

CNN	fi	lter	size Frequency [Hz] Accuracy
3 167 0.3478
5 100 0.4752
7 71 0.1870
13 38 0.4721
17 29 0.3442
31 16 0.4752
37 13 0.3478

The number of filters N was pushed to the maximal 
value allowed by the GPU for the given ANN architec-
ture – of 16. Examples of the filters learnt for H=5, K=3, 
N=16 can be seen on Figure 2, and for the beta frequency 
filter height H=31 – on Figure 3. The latter, longer CNN 
filters capture repetition of the higher frequency features. 

Fig. 2. Convolution filter examples, 
16 filters of height 5 and 6 channels

Fig. 3. Convolution filter examples, 
16 filters of height 31 and 6 channels

Examples of the activation values on the Convolution 
layer output, which could be viewed as intensity maps 
of the features represented by the learned filters, can 
be seen for correctly identified test example (data point 
140 000) in Figure 4 and for incorrectly identified test 
example (data point 120 000) on Figure 5. The latter case 
likely demonstrates recording artifacts.

Fig. 4. Convolution layer activation values for each 
of 16 5×6 filters. Correctly classified data point 140 000

Fig. 5. Convolution layer activation values for each 
of 16 5×6 filters. Incorrectly classified data point 120 000
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In such a way, areas in the image similar to the filter mask 
will produce a higher output than non-similar areas. The fil-
ters are randomly initialized and trained via standard back-
propagation learning algorithms to create masks that would 
minimize the objective classification function. Another ANN 
architecture proven to be effective in the case of the small 
EGG and other medical imaging sets is evolutionary polyno-
mial GMDH-type (Group Method of Data Handling) [28, 23, 
38]. Yet another popular ML branch of Decision Trees (DT) 
has also been applied to EEG problems [13, 25, 29].

Conclusions. High frequency «hyper gamma» EEG 
features can be detected by the CNN architecture and 
successfully used by the following MLP layers for person 
identification. There are closely intertwined frequency 
bands (circa 100, 40, 15 Hz) that are more suitable and 

less suitable (circa 170, 70, 40, 13 Hz) for personal iden-
tification. Features learned by the Convolution filters sized 
for lower frequencies do not represent unique structures 
but rather a repetition of higher frequency features, which 
indicates the latter’s importance for person recognition. 
Parallel Convolution cascade cells covering ranges of 
frequency bands, which should be capable of capturing 
more complex wave structures, would be a natural area 
for further research. Activation outputs cluster together 
for some filters, indicating redundancy and the potential 
to reduce them to free resources for more complex cas-
cade architectures. Cases of inaccurate classification in 
the proposed solutions may be associated with unfiltered 
artifacts; therefore, more tight data pre-processing would 
be another area of methodology improvement.
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The anterior intraventricular branch has been examined in the systole phase on 60 antemortem angiograms with 
left-anterior and right-vertebral variants of branching of coronal arteries in people of second adult age with a myocardial 
bridge. Data on a comparative examination of the lumen of the anterior intraventricular branch at the left-vertebral and 
right-vertebral variants of branching of coronal arteries in the subepicardial and intramural departments of the main high-
way are presented.
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