
VSB - Technical University of Ostrava
Faculty of Electrical Engineering and Computer

Science

Department of Computer Science

PhD Thesis

EEG Data Analysis

Ibrahim Salem Jahan
Supervisor prof. Vaclav Snasel

2015
Czech Republic





Abstract

Nowadays, with the progress of science and technology in the field of signal
analysis, data analysis and data mining are becoming very significant factors
in science and engineering applications. Extracting useful knowledge from ex-
perimental raw datasets, measurements, observations and analysis, and under-
standing complex data have all become global matters of interest. Raw datasets,
most commonly collected from complex phenomena, either express integrated
results of several hidden, related variables, or they are a set of underlying, hid-
den components of factors. The complex raw dataset first must be decomposed
by a dimensional reduction method, i.e. matrix decomposition, to extract hid-
den information or hidden factors of a complex raw dataset.

One very complex and high-dimension data type is the EEG signal. EEG
data has several applications (e.g. diagnosis of brain disease) that can be used to
improve control devices to better aid the handicapped in interacting with their
surroundings. Once we have successfully analyzed and classified EEG signals,
we can assign each mental task to a unique control command.

For this purpose, and within the scope of our work, we have employed sev-
eral techniques, i.e. Faster Fourier Transform (FFT), Polynomial Curve Fitting,
Turtle Graphics, LZ complexity, and a Self Organizing Map (SOM) neural net-
work. In the future, we plan to also employ other Dynamic Time Warping
(DTW) technique. We have combined these techniques to recognize and clas-
sify either EEG signals or mental tasks.

We have carried out some experiments on EEG data. The first experiment
was on EEG data for recognition of EEG hand movement signals, while the sec-
ond and third experiments focused on the detection of index finger movement.
A fourth experiment, for the classification of EEG data based on Dynamic Time
Warping (DTW), is in progress. Our maximum classification accuracy rate in
the first three experiments reached 96%. Results for the fourth experiment are
pending, however, results from our previous experiments have shown improved
accuracy rates when compared to other methods. Our conclusion also addresses
comparisons between our method and other existing methods.

Keywords

Electroencephalography (EEG), EEG Data, EEG Classification, EEG Pattern
Recognition, Feature Extraction, LZ complexity, Self Organizing Map, Dynamic
Time Warping.
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1 Introduction

Electroencephalography (EEG) data is very complex and sensitive and also in-
cludes valuable information conveyed by EEG signals. EEG has played a sig-
nificant role in several applications (e.g. diagnosis of human brain diseases and
epilepsy). EEG signals have also been used to monitor interaction between the
handicapped and their surroundings, via Brain Computer Interface (BCI), to
control external devices with their mind. Many algorithms, i.e. Artificial Neural
Network (ANN) [1], [2], Non-negative Matrix Factorization (NMF) [3], [4], and
Support Vector Machine (SVM) [5], and so on, have been used to analyze EEG
data similarity but this issue still remains a significant global challenge.

In this thesis, we will introduce a novel model for measuring the similarity
of EEG data based on LZ complexity and a Self Organizing Map (SOM). We
have also observed findings in Electroencephalography (EEG). Some techniques
we selected include: matrix decomposition (especially Singular Value Decom-
position (SVD), Non-negative matrix factorization (NMF)), Fourier Transform
(FT), Polynomial Curve Fitting, Turtle Graphics, LZ Complexity, Self Orga-
nizing Map (LZ), Dynamic Time Warping (DTW), Longest Common Subse-
quence (LCS), and Time-Warped Longest Common Subsequence (T-WLS).We
also evaluated other related works for data analysis using various techniques
and proposed our own methods for measuring similarity in EEG data.

Purpose of this work

The main goal of this thesis is to measure similarities in EEG data for the
purpose of classifying and distinguishing EEG signals, as seen in Figure (1).

This target can benefit in the development of EEG classification techniques,
such as the classification stage in Brain Computer Interface (BCI), as seen in
the diagram in Figure (2). This technique enables the user to control special
computer applications by using only their thoughts. For this purpose, in chapter
five, we have proposed a methods for which several experiments were carried
out to measure similarity in EEG Data. These experiments and results have
been published in International conference papers and in the following Article
journals: Non-negative Matrix Factorization for EEG (Scopus) (WoS) [6]. EEG
data Similarity using Lempel-Ziv Complexity (Scopus) (WoS) [7]. Electroen-
cephalogram classification methods [8]. Compression-based Similarity in EEG
Signals (Scopus) (WoS) [9]. EEG Data Similarity Analysis Based Self Organiz-
ing Map (SOM) Neural Network (Scopus) (WoS) [10]. Analysis and measuring
the similarity of EEG data based on Dynamic Time Warping, is in progress.

In this chapter, we introduce the goal of this Ph.D. thesis, and define the
problem. In the second chapter, we provide an introduction of the human brain’s
construction, and construction of biological neurons, as well as the EEG signal
generation. In the third chapter, we describe some methods used by several re-
searchers in the analysis of complex data such as Matrix factorization especially

2



Figure 1: EEG Similarity Measure: comparing and measuring the similarity
between the EEG query signal task and several of EEG known tasks in order
to determine and predict to which task group the EEG query task belongs. For
Example: EEG query task belongs to EEG Task A, to EEG Task B, or to EEG
Task C.

NMF, and SVD. We also describe techniques used in the proposed methods,
as FT, FFT, LZ Complexity, Polynomial Curve Fitting, Turtle Graphic, SOM,
Dynamic Time Warping (DTW), Longest Common Subsequence (LCS), and
Time Warped Common Subsequence (T-WLCS). In the fourth chapter, we list
Related Works, and use algorithms to analyze complex data, such as NMF, es-
pecially NMF for analyzing EEG, LZ Complexity of Biomedical Data, Curve
Fitting for complex data and, ANN for EEG classification. In the fifth chapter,
we propose methods that include EEG data Similarity using LZ complexity,
Compression based similarity in EEG signals, and Similarity Analysis of EEG
Data Based Self organizing Map Neural network. In the sixth chapter, we lead
a discussion comparing our results with other reliable results of other articles,
and conclude this Ph.D. thesis.
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Figure 2: Basic Diagram of the Brain Computer Interface (BCI): consisting
of five stages- Signal acquisition, Preprocessing, Features extraction, Features
classification, and control interface stage. Our goal was to focus on the fourth
stage- EEG signal classification.

1.1 Problem Definition

It is known that EEG data is very complex. Today, it remains a global challenge
to find an efficient technique to perform analyses of complex raw EEG data and
simplify that data so that we may understand valuable information conveyed by
the EEG signal, to develop recognition of mental tasks, or to distinguish between
EEG signals, and aid handicapped people in mind recognition techniques so they
may interact with their surroundings and operate external devices, such as wheel
chair and prostheses, via Brain Computer Interface.

For instance, when searching EEG data for two different mental tasks where
both seem similar but are, in fact different, the main goal must be to find an
efficient technique to distinguish one from the other.

In our work, we will use techniques such as FFT, Curve fitting, Turtle Graph-
ics to make EEG data preprocessing, and LZ complexity to find the similarity
between human mental tasks in order to perform recognition on mental tasks
(distinguishing one from the other) and SOM to improve signal classification.

An increased amount of details is required to command movement of the
hand, foot or any other part of human body, from right to left. The brain must
send a signal to the given muscle to perform the desired movement taking into
account that the command for movement from left to right will differ from the
command for up and down movement [11]. Basically, every movement requires a
specific brain signal; which is what makes EEG signals so complicated. Bearing
this in mind, the goal must be to try to find an efficient technique for classifying
EEG signals for various tasks [11].

In this work, we have tried to improve upon current EEG signal classification
techniques, as have several researchers who have combined different techniques
to perform and improve upon previously achieved results in EEG classification.
(i.e. Lee and Cichocki, have already combined wavelet transform, NMF, and
probabilistic model for Motor Imagery EEG Classification) [3] as Figure (3).
Cichocki is an expert in the field EEG signal classification who has success-
fully classified EEG Signals and performed many experiments and publications
in this field. In Figure (3), the scheme experiment of Cichocki includes three
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Figure 3: EEG Classification Technique Example: Experiment scheme of Lee
and Cichocki, including three stages of Preprocessing using wavelet transform,
Features Extraction using non negative matrix factorization (NMF), Probabilis-
tic model to Classify [3].

parts: Preprocessing signals using wavelet transform, feature extraction using
non negative matrix factorization (NMF), and signal classification using Prob-
abilistic model. In our experiment, we have achieved improved classification
result similar to the third part of the Cichocki scheme depict the red rectangle
in Figure (3).

2 The Proposed Methods

In this chapter, we introduce our proposed methods. We have done some ex-
periments on EEG data for mental task recognition in human subjects. Our
purpose is to find an efficient model for EEG data classification, a task which
still remains challenging on a global level. In our experiments, we have com-
bined several techniques as our research has shown that combining techniques
is more effective and efficient. Using various techniques has proven to provide
higher accuracy rates.

The principle of these experiments is to measure the similarity between query
EEG trial tasks with widely recognized EEG data, as mentioned in chapter
one. These experiments, and their accompanying results have been published
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in scientific journals and presented at international conferences. They include:

• Jahan, I., Snasel, V. “Non-negative Matrix factorization for EEG.” Tech-
nological Advances in Electrical, Electronics and Computer Engineering
(TAEECE), 2013 International Conference, Konya, 2013, pp. 183 – 187.
(Scopus), (WoS).

• Jahan, I. S., Prilepok, M., Snasel, V. “EEG Data Similarity using Lempel-
Ziv Complexity.” The International Conference on Advanced Engineering
- Theory ana Applications 2013 (AETA2013), Vietnam, Ho Chi Minh, pp.
289 – 295.(Scopus), (WoS).

• Prilepok, M., Jahan, I. S., Snasel, V. “ Electroencephalogram classification
methods.” Elektrotechniczny International Journal, Polish 2013, pp 51 –
54.

• Prilepok, M., Platos, J., Snasel, V., Jahan, I. S. “Compression-based sim-
ilarity in EEG signals.” 13th International Conference Intelligent System
Design and Applications, Malaysia, Selangor, 2013. (Scopus), (WoS).

• Jahan, I. S., Prilepok, M., Snasel, V., Penhaker, M. “Similarity Analysis of
EEG Data Based on Self Organizing Map Neural Network.” International
Journal Advances in Electrical and Electronic Engineering (EAAA), 2014.
(Scopus).

• Jahan, I. S., Prilepok, M., Snasel, V. “Analysis and measuring the similar-
ity of EEG data based on Dynamic TimeWarping (DTW).” (not published
yet).

2.1 EEG Data Similarity Using Lempel-Ziv Complexity

We have carried out these experiments on EEG data as follow: First we applied
Faster Fourier Transform (FFT) on raw EEG data and removed higher EEG
frequencies (unwanted frequencies), applying the inverse Faster Fourier Trans-
form. Then we converted EEG data into graphics using turtle graphics. Next
we found the similarity between these trials, using Lempel-Ziv complexity, to
find maximum similarity in EEG data, for the same mental task as in the ex-
periment scheme shown in Figure (4). We divided EEG data into sensors and,
achieved 100% similarity at sensor FP1 and 80% at sensors C3 & C4. The rest
of the sensors achieved 40% to 60% similarity.

EEG Data

In this experiment, we used EEG data, available online, from the National
University of Sciences and Technology, Pakistan. We chose to employ Dataset
2 - 2D motion. The raw EEG data was recorded at 500Hz, from a male subject
21 years of age, using 19 electrodes FP1 FP2 F3 F4 C3 C4 P3 P4 O1 O2 F7
F8 T3 T4 T5 T6 FZ CZ PZ. Several trials featured hand and leg movement. In
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Figure 4: Scheme of the Proposed Method.

our test, we experimented with left hand back movement trial - LeftBackward1,
left hand back movement trial - LeftBackward2, left hand back movement trial
- LeftBackward3, left hand back Imaging movement - LeftBackwardImagined,
and Right hand back movement - RightBackwardImagined.

EEG Preparation and Experiment Description

EEG data in these experiments has been recorded using the following steps:
The first step was to separate a dataset into individual mental tasks, trials

and sensors. We got 122 data parts. In the second step of our process, we
applied Faster Fourier Transform (FFT) to transform raw sensor data from a
time domain into a frequency domain. In the frequency domain, we removed
all frequencies higher than 150Hz. In the next step, we applied Inverse FFT
to convert data back from a frequency domain into a time domain. We then
converted the filtered data into text format using turtle graphics, as shown in
Figure (5), and Figure (6). For the turtle graphic we used 128 commands. Each
command represents an angle in the selected first and fourth quadrant. We used
only first and fourth quadrant, because the time in a data line moves from left
to right and the signal does not move backwards. After that, every EEG trial
was carried out using LZ complexity to get LZ subsequences from the turtle
command list. For each data trial, we created a list of LZ subsequences. We
compared training and testing lists to find the maximum similarity between
EEG trials of the same mental task.

Experiment Results

We conducted this experiment to measure the similarity between EEG trials of
hand movement for the purpose of classifying EEG data. We have listed our
results in Table (1), and in Figure (7). The maximum rate of similarity results
in mental tasks using our method reached 100.00%, with a minimum similarity
rate of 30.00% and an average similarity rate of 52.63%. Our suggested model
reached an accuracy classification rate of up to 52.63% [7].
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Figure 5: Description of how to convert EEG data into Turtle Graphics Com-
mands: First converted the EEG signal into angles, then assign every angle to
a unique character. For example 45o is assigned to A, 35o is assigned to B, 30o

is assigned to C, . . . , and so on.

Figure 6: Converting EEG data into Turtle Graphics Commands.

In Figure (7), we can see classification results for all sensors used in this
experiment. The classification result accuracy rate of sensor nr.1 (FP1) reached
100%, sensors nr.5 (C3) and 6 (C4) reached 80%, and the classification result
of most sensors reached an accuracy rate between 40% – 60% [7].

The Experiment Evaluation

The experiment evaluation rate of our model in trials for the results of EEG
signal classification was 100% for the FP1 sensor, C3 & C4 was 80%, and the
average classification result of our model reached an accuracy rate of 52.63%.
EEG Data is very complex and very sensitive data, especially when several tasks
are performed by the brain at the same time. For this reason, classifying EEG
data is very complicated and achieving reliable results is difficult.
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Table 1: Similarity Results.
Minimum Maximum Average

Correctly identified 30.00% 100.00% 52.63%
Incorrectly indentifed 0.00% 70.00% 47.37%
True positive rate 0.00% 100.00% 35.53%
False positive rate 00.0% 100.00% 55.26%
Accuracy 30.00% 100.00% 52.63%

Figure 7: Classification Result of all used sensors. The numbers of these sensors
according to EEG data provided are: FP1, FP2, F3, F4, C3, C4, P3, P4, O1,
O2, F7, F8, T3, T4, T5, T6, FZ, CZ, PZ [7].

2.2 Compression based Similarity in EEG signals

We conducted this experiment on EEG data to detect movement in the index
finger using the following method: recorded data was filtered with a band-pass
filter in the range 0.5 Hz to 60 Hz, then divided into individual sensor trials.
Next we calculated the polynomial curve fitting, converted the curve fitting
values into text using turtle graphics, and applied LZ Complexity for finding
similarity between trials. Our approach is able to detect index finger move-
ment with an accuracy rate ranging from 77.11% – 96.39%. Without movement
measurements ranged in accuracy from 74.39% – 98.80%. Our model is able to
detect index finger movement at an average accuracy rate of about 87.00%.

EEG Data and Experiment Description

We used EEG data that was recorded in our laboratory. Data was recorded using
a 7 channel recording machine. Signals recorded the movement of one finger and
the recorded data contains records from four different subjects, each of whom
were instructed to press a button with their left index finger. The sampling rate
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was set to 256 Hz and the band-pass filter was set to 0.5 Hz to 60 Hz to remove
unwanted frequencies and noises. We then extracted each movement from the
data when the movement was made 0.3 sec before the movement was made, and
0.3 sec after movement.

The data set consists of 4,606 trials - 2,303 trials with finger movement and
2,303 trials without finger movement. We divided it into two parts for each
sensor - a testing and a training part. 75% of trials with movement and 75%
of trials without movement were used as a training dataset. 25% of trials with
movement and 25% of trials without movement were used for testing trials. The
training part for one sensor consisted of 492 trials - 246 data trials with finger
movement and 246 trials without finger movement. The second part was used
as a testing dataset for further model validation. It contains 166 trials - 83 trials
with finger movement and 83 trials without finger movement, as seen in Figure
(8) in the data portion scheme.

The recorded data trials were filtered with a band-pass filter and divided into
individual sensor trials. For each trial, we calculated the polynomial fitting curve
using 15th order and total error minimization using the last square approach
as seen in Figure (9). After smoothing data with polynomial fitting curve, we
converted the calculated curve values into text using turtle graphics. For turtle
graphics, we used 128 commands in two quadrants: first and fourth. Each
command represents one angle. We used only the first and fourth quadrants,
because the time line moves from left to right and the signal does not move
backwards, finally we applied LZ complexity for finding the similarity between
different trials of the same human mental tasks. as seen in Figure (10), and
Figure (11).

Figure 8: EEG Data Partition.
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Figure 9: EEG trial, before and after smoothing, with polynomial curve fitting
[9].

Figure 10: Scheme of Experiment Stages process.

Experiment Results

This experiment was divided into two parts. The first part focused on success-
ful movement detection and the second focused on successful detection of trials
without movement. Both experiments were performed under the same condi-
tions. In our first experiment, we were able to detect index finger movement
with a success rate of 77.11% – 96.39%. The best results were reached by sen-
sors S1 and S7 (96.39%). The worst result was recorded for sensor S3 (77.11%).
The movement detection results and their corresponding threshold values for all
sensors are shown in Table (2) [9].

In the second part of this experiment, we were able to detect trials of index
finger without movement with a success rate of 74.39% – 98.80%. The best
results were reached by sensor S7 (98.80%). The worst result was recorded
for sensor S5 (74.39%). The without movement detection results and their
corresponding threshold values for all sensors are shown in Table (3) [9].

In Figure (12), we display the distribution of individual similarity values for
trials with movement and without movement.

11



Table 2: Table of Movement Results.
Sensor Min Threshold Max Threshold Finger Movement
S1 0.05 0.20 96.39%
S2 0.15 0.30 84.34%
S3 0.45 0.65 77.11%
S4 0.20 0.40 86.75%
S5 0.15 0.35 81.93%
S6 0.40 0.70 93.98%
S7 0.05 0.20 96.39%

Table 3: Table of No Movement Results.
Sensor Min Threshold Max Threshold No Movement
S1 0.00 0.20 97.39%
S2 0.15 0.35 83.13%
S3 0.45 0.65 77.11%
S4 0.00 0.35 78.31%
S5 0.20 0.40 74.39%
S6 0.45 0.70 95.18%
S7 0.05 0.20 98.80%

The Experiment Evaluation

This method proposed seems to be able to detect trials with and without move-
ment with a success rate exceeding 77.11%. Also, this proposed model can
detect movement and without movement of index finger on average at about
87.00%, and can be applied to real data.

2.3 Similarity Analysis of EEG Data Based on Self Orga-
nizing Map (SOM) Neural Network

In this experiment, we have extended our previously conducted second experi-
ment by using a Self Organizing Map (SOM) to improve the classification result.
This experiment was conducted as follows: EEG data was filtered with a band-
pass filter (0.5 Hz – 60 Hz), then we smoothed the EEG data using 15 order
polynomial curve fitting, after which we converted the filtered data into text us-
ing turtle graphics and, measuring similarity between the training and testing
set using LZ complexity. Finally, the output of LZ complexity was used to train
the Self Organizing Map (SOM) neural network (5x5 nodes for many iterations
to produce a map in output of network). When the training phase finished the
output map became stabilized. The Testing phase used other EEG data to test
the network as an experiment scheme, as shown in Figure (13). Our proposed
model can detect index finger movement and without movement at an average
accuracy rate of about 96% [10].
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Figure 11: Scheme of matching the trials of training set with trials of testing
set using LZ complexity.

EEG Data

The EEG Data used in this experiment is the same EEG data used in previous
experiments. This data was recorded in our laboratory from 7 EEG electrodes
used for recording index finger movement tasks. The sampling rate was set to
256 Hz, and the band-pass filter was set to 0.5 – 60 Hz. We used 320 recorded
finger movements, and 320 recorded trials without finger movement. For every
task we used 576 trials for the training set (288 trials with movement and 288
without movement) and 64 trials for testing set (32 trials with movement and
32 without movement). We extracted each movement from the data when the
movement was made, and then 0.3 sec. before the movement and 0.3 sec. after
movement, as shown in Figure (14).

Experiment Description

Training Phase After filtering EEG data using a hardware band-pass fil-
ter with a range (0.5 – 60Hz) we applied a 15 order, polynomial curve fitting
for smoothing EEG data and removing noise residue. Each data segment was
converted into text format using a turtle graphic technique where the direc-
tion (angle) for two captured values was computed. We assigned each angle
to a unique letter character. Between two data segments - one training and
one testing - we computed similarity using LZ complexity. If a current testing
data segment was identified correctly (i.e. as a segment with movement data)
it received an output value of 1, otherwise it received a 0. This process was
repeated for all sensors, from 1 to 7. After processing all seven sensors, we cre-
ated an input data vector with eight dimensions to a training Self Organizing
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Figure 12: Histogram of the similarities.This Histogram shows the similarities
for trials, with movement and with no movement, from one sensor [9].

Map (SOM). The first seven variables are output values from the LZ complex-
ity step. The last value is the category of data. This step produces a vector
with binary values. In the first seven variables, a value of 1 means the current
data segment has movement information, and a value of 0 means the current
data segment does not contain movement information. The last variable of the
vector is computed the same way, 1 means with movement, 0 means without
movement. These vectors are used for an SOM training network.

Testing Phase The testing phase was conducted in a similar way to the train-
ing phase but in the testing phase we produced a vector with seven dimensions.
This vector only contains information from sensors.

Experiment Results

For training and testing EEG data, we used a cross validation technique and
an EEG data set divided into 10 sub-sets (folds) and repeated this experiment
10 times. The results of our model for recognition on index finger movement
and without index finger movement are listed in Table (4) and in Table (5),
respectively.

The proposed model was able to detect index finger movement with an ac-
curacy rate ranging between 90.6% to 100.00%, and detection without index
finger movement also ranged between 90.6% to 100.00%. Table (6) displays an
experiment evaluation, where the proposed model was detected on trials of fin-
ger movement and without finger movement with an average accuracy rate of
about 96.250%. The average of total mistakes identified in trials for both was
about 3.750% [10].
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Table 4: Finger Movement Results using SOM.

k-Fold Identified Misidentified
1 93.750% 6.250%
2 100.00% 00.00%
3 93.750% 6.250%
4 93.750% 6.250%
5 96.875% 3.125%
6 100.00% 00.00%
7 100.00% 00.00%
8 96.875% 3.125%
9 90.625% 9.375%
10 100.00% 00.00%
Avg 96.563% 3.438%

Table 5: Without finger Movement Results using SOM.

k-Fold Identified Misidentified
1 93.750% 6.250%
2 90.625% 9.375%
3 100.00% 00.00%
4 96.875% 3.125%
5 100.00% 00.00%
6 90.625% 9.375%
7 93.750% 6.250%
8 96.875% 3.125%
9 96.875% 3.125%
10 100.00% 00.00%
Avg 95.938% 4.063%

15



Figure 13: Scheme of the proposed model based on SOM. Red dotted lines
represent the testing phase; Black and blue solid lines represent the training
phase [10].

The Experiment Evaluation

Table (6) displays an experiment evaluation, where the proposed model was
detected on trials of finger movement and without finger movement with an
average accuracy rate of about 96.250%. The average of total mistakes identified
in trials for both was about 3.750%. The average final quantization error was
about 0.6556, and the average final topographic error was about 0.007 [10].

3 Discussion and Conclusion

EEG data includes valuable information that denotes brain activity and includes
information that represents mental tasks. This data is very complex and very
sensitive data, especially when it comes to brain activity for motor skills, e.g.
moving the hand and at same time, performing several other tasks to be carried
out by the brain. For these reasons, it is extremely difficult to analyze and
understand which mental tasks must be achieved by EEG signals. In this thesis,
we have described the work of several researchers who have used and combined
various techniques to analyze raw complex data in the related works section.
Extra focus was placed on analyzing raw EEG data, to recognize and distinguish
between EEG patterns to be later employed in helping disabled people use their
mind to interact with their surroundings.

In this chapter, we present a conclusion for this work, comparing our results
to the results of other authors, a discussion on these results, and brief conclusion
to summarize these results and the main goal of this thesis.
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Figure 14: EEG Data Partition.

3.1 Results Comparison

In this section, we compare our results with results achieved in other exper-
iments, which used and combined various techniques for discrimination and
recognition of EEG data, to evaluate the validity of our methods. In our second
experiment, our model was successful in detecting finger movement with 77.11%
to 96.39% accuracy. It was also successful in trial detections for no movement
with accuracy rates ranging from 74.39 % to 98.80%. In a third experiment, our
model was able to detect finger movement with an accuracy rate ranging from
90.625% to 100.00%, and for detection no movement accuracy also ranged from
90.625% to 100.00%.

The following section describes several results provided by other researchers
in similar experiments. It is necessary to add that in most experiments of
this nature, more than one technique was typically employed for analyzing and
classifying EEG signals for the purpose of distinguishing between mental tasks.

Liu et al. used Neural a Network Self Organizing Map (SOM) for mental
task classification based on EEG Data. Their EEG classification results revealed
accuracy rates between 90.2% to 96.2 % for 10 different mental tasks [1]. Liu
et al. used Non-negative Matrix Factorization ( NMF) to distinguish between
EEG data. Classification results revealed 98% accuracy rates when training and
testing were performed on the same days, and 82% when performed on different
days [4]. Sakai et al. used Non-negative Matrix Factorization (NMF) and Ker-
nal NMF with effective constraints to improve motor imagery classification of
EEG data on three subjects. Their results were 75% accuracy with NMF, and
78% with KNMF [13]. Anusha et al. used ANN to distinguish between EEG
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Figure 15: The unified distance matrix (U-matrix) of k-fold 1. Where the colors
correspond to the distance between map neurons [10].

Figure 16: SOM of k-fold 1. Red Nodes represent movement trials and Green
Nodes represent trials with no movement [10].

data collected on healthy subjects and subjects diagnosed with epilepsy. Their
results revealed an accuracy rate of 93.37% for healthy subjects, , and 95.5%
for subjects with epilepsy for an average rate of 94.45% [16]. Chaovalitwongse
and Pardalos combined DTW and SVM to distinguish between Normal and
pre-seizure EEG signals. The sensitivity rate was 83.91% for pre-seizures with
a specificity rate of 85.52% for normal. The classification average rate of this
method was about 84.76% [5]. Lee and Cichocki, combined Wavelet transform,
NMF, and a probabilistic model to classify EEG motor imagery. The results
show this method improved classification accuracy results by 2.14% [3]. Later
they continued in their experiments using Nonnegative Tensor Factorization
(NTF) for feature extraction and a Viterbi algorithm to classify a continuous
EEG signal. This method was tested on BCI competition and the results con-
firmed that this method is useful for continuous EEG classification [12]. Frolov
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Figure 17: The unified distance matrix (U-matrix) of k-fold 10. Where the
colors correspond to the distance between map neurons [10].

Figure 18: SOM of k-fold 10. Red Nodes represent movement trials and green
nodes represent trials with no movement [10].

and Dusan, applied a Common Tensor Discriminant Analysis technique to clas-
sify EEG data. This technique has been tested on a BCI Competition IV data set
and compared with three other techniques. Results revealed that the Common
Tensor Discriminant Analysis and the Multiclass Common Spatial Patterns are
better than the other two techniques, however, they require some complex com-
putation [17]. Noshadi et al. combined Empirical mode decomposition (EMD),
LZ complexity, and Linear Discriminate Analysis (LDA), to classify EEG data.
Their average classification accuracy rate was about 92.46% [15]. Sakai used
Kernel Non-negative Matrix Factorization (KNMF) with constraint for increas-
ing discriminability (KNMF ID) to distinguish between EEG data Motor Image.
The classification revealed an average accuracy rate of 78%, which is higher than
standard KNMF by 4% [14]. Baha Sen et al. classified EEG data for different
sleep stages. This experiment included three steps: feature extraction, feature
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Table 6: Results Evaluation.

k-Fold Total
Identified

Total
Misidentified

Final quantization
error

Final topographic
error

1 93.750% 6.250% 0.658% 0.007%
2 95.313% 4.688% 0.664% 0.000%
3 96.875% 3.125% 0.653% 0.008%
4 95.313% 4.688% 0.655% 0.008%
5 98.438% 1.563% 0.658% 0.017%
6 95.313% 4.688% 0.674% 0.013%
7 96.875% 3.125% 0.653% 0.003%
8 96.875% 3.125% 0.654% 0.008%
9 93.750% 6.250% 0.638% 0.007%
10 100.00% 00.00% 0.649% 0.000%
Avg 96.250% 3.750% 0.6556% 0.007%

selection, and classification. In the classification step five different techniques
were used: feed forward artificial neural network, random forest, support vector
machine, radial basis function neural network, and decision tree. The average
accuracy rate of the classification result for the proposed method was about
97.03% [18].

3.2 Discussion

To evaluate the classification result of our experiments, we have compared our
results with other, selected researcher’s results.

In the previous section, we have compared the results. Classification ac-
curacy rates achieved by other researchers reached from 76.00% to 97.00%, as
shown in Table (7) and Figure (19). In Figure (19) we can see a comparison of
the classification results of other researchers, rated from 1 to 8, as described in
Table (7): the columns marked blue are the results of other researchers, and our
classification results in the last columns are shown in red. These results include
the classification results of our second and third experiments respectively.

3.3 Conclusion

In this thesis, we introduced a novel model for measuring the similarity of EEG
data based on LZ Complexity and Self Organizing Map (SOM) Neural Network.
We also took a glance at EEG, and some selected techniques that we used in
our experiments such as Fourier Transform, Turtle Graphics, Polynomial Curve
Fitting, LZ Complexity, Self Organizing Map (SOM), and DTW, LCS, and
T-WLCS Technique to be used in our next experiment publication.

As we have already mentioned EEG signals are made up of very complex
and sensitive data. Although there exist many techniques and algorithms for
analyzing and measuring similarity in EEG data (e.g. ANN, NMF, and SVM)
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Table 7: EEG Classification Results Comparison.
Research Name Minimum Maximum Average

1. Sakai et al. 75.00% 78.00% 76.50%
2. Sakai ——— ——— 78.00%
3. Chaovalitwongse et al. 83.91% 85.52% 84.76%
4. Liu et al. 82.00% 98.00% 90.00%
5. Noshadi et al. ——— ——— 92.46%
6. Liu et al. 90.20% 96.20% 93.30%
7. Anusha et al. 93.37% 95.50% 94.45%
8. Baha Sen et al. ——— ——— 97.03%

understanding and knowing what is denoted as valuable information hidden
inside EEG data remains a daunting task. The eminent challenge that still
remains is to find an efficient technique to distinguish between human mental
tasks with high capability, reliability and speed.

Since we have performed recognition on EEG data successfully and know
what is hidden inside EEG signals, we are able to diagnose EEG data and use
EEG signals to communicate, and control communication, between the brain
and an assisting device, e.g. assign a mental task to specific control command.

For this purpose we have conducted some experiments in this field combin-
ing various techniques. For example in our first experiment we used FFT for
preprocessing data, Turtle Graphics for converting EEG data into text, and
then LZ complexity to measure the similarity between EEG data. In our sec-
ond experiment, we used polynomial curve fitting to fit EEG data and remove
unwanted signals and noises, Turtle Graphics, and then LZ complexity. In our
third experiment, we added a Self Organizing Map (SOM) Neural Network to
our second experiment to improve our ability for classifying EEG data.

In our work, we have tested our model on EEG data in three experiments
on EEG data. The first one dealt with recognition of hand movement while the
second and third experiments focused on detecting index finger movement.

In the first experiment, our model was able to detect hand movement with
an accuracy rate of up to 52.63%. In the second experiment, our model was
able to detect finger movement and the absence of movement with an average
accuracy rate of about 87.40%. Our third experiment provided improved results
when using SOM, where the average accuracy rate was about 96.25%.

We have conducted experiments to measure the similarity between EEG
data, and these experiments and results have been published in International
conference papers and journals. Our experiment results have also been com-
pared with findings in several other scientific results papers. Our experiment
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Figure 19: Bar graph for results comparison. This bar graph represents the
comparison of our EEG classification results with the results of other researchers.
The blue bars represent results of other researchers and the red bars represent
our results.

results were similar to results presented in similar papers and articles that were
published in the years 2013 and 2014.

In the future, we will continue our work in this field (classification and recog-
nition on EEG data), with more experiments and publications, to improve upon
our model. We will endeavor to combine our model with other techniques for the
purpose of improving the EEG signal classification, and obtaining more reliable
results with increasing speed in the algorithm process.
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