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Vowel Classification from Imagined Speech Using Machine Learning 

Abstract: 

Imagined speech is a relatively new EEG neuro-paradigm, which has seen little use in BCI 

applications. Imagined speech can be used to allow physically impaired patients to com-

municate and to use smart devices by imagining desired commands and then detecting and 

executing those commands in a smart device. 

The goal of this research is to verify previous classification attempts made and then design 

a new, more efficient neural network that is noticeably less complex (fewer number of lay-

ers) that still achieves a comparable classification accuracy. The classifiers are designed to 

distinguish between EEG signal patterns corresponding to imagined speech of different 

vowels and words. This research uses a dataset that consists of 15 subjects imagining saying 

the 5 main vowels (a, e, i, o, u) and 6 different words 2 previous researches on imagined 

speech classification done on this same dataset are replicated and the replication results are 

compared. The pre-processing of data is described and a new CNN classifier with 3 different 

Transfer Learning methods are described and used to classify EEG signals. Classification 

accuracy is used as the performance metric. 

 

Keywords: 

Electroencephalography, Classification, BCI, Machine learning, Imagined speech, Convo-

lutional neural network, Random forest 

CERCS: 

P160 programming, P176 Artificial intelligence, B640 neurology  
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Täishäälikute klassifitseerimine kujutletud kõnest masinõppega 

Lühikokkuvõte: 

Kujutletud kõne on võrdlemisi uus elektroentsefalograaphia neuro-paradigma, mida on aju-

arvuti liidese(ingl. Brain-Computer Interface, lüh. BCI) rakendustes vähe kasutatud. Kujut-

letud kõne abil saab füüsiliste puudega inimestele anda võimaluse suhelda ning nu-

tiseadmeid kasutada. Selleks tuleb neil lasta ette kujutada vastavaid sõnu või käsklusi ning 

ettekujutamisest tekkivaid ajulained seejärel BCI seadme abil mõõta ning klassifitseerida. 

Selle uurimuse eesmärk on kinnitada eelnevalt tehtud uurimuste tulemusi ning seejärel luua 

uus, vähemate kihtidega, tõhus närvivõrk mis siiski suudab saavutada võrreldava täpsuse 

klassifitseerimisel. Klassifitseerijate eesmärk on eristada erinevate sõnade või häälikute 

kujuteldud hääldamisest tulenevaid signaale. Selles uurimuses kasutatakse andmebaasi, mis 

sisaldab 15 erineva katsealuse EEG andmeid 5 erineva täishääliku(a,e,i,o,u) hääldamise 

kohta. Lisaks korratakse kahe eelneva uurimuse tulemusi ning võrreldakse saadud tulemusi 

uurimuste originaaltulemustega. Töös kirjeldatakse andmete eeltöötlust, närvivõrgu ülese-

hitust ning kolme erinevat ülekandmisõppe meetodit, mida kasutati. Loodud närvivõrku ka-

sutatakse ajusignaalide klassifitseerimiseks ning tuuakse välja, mis klassifitseerimistäp-

sused saadi ning mis tegurid neid tulemusi mõjutasid.  

Võtmesõnad: 

Elektroentsefalograafia, klassifitseerimine, BCI, masinõpe, kujutletud kõne, konvolutsioon-

neuraalvõrk, otsustusmets 

CERCS: 

P160 programmeerimine, P176 Tehisintellekt, B640 neuroloogia 
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Terms and keywords: 

 

Brain-computer interface (BCI) – communication pathway between an external device and 

the brain. 

Electroencephalography (EEG) – an electrophysiological way of monitoring and recording 

the electrical activity of the brain. 

Random-forest (RF) – learning method for classification that constructs a multitude of de-

cision trees and outputs the class that is the mode of the classes of the individual trees. 

Support vector machine (SVM) – a supervised learning model with associated learning al-

gorithms that analyses data used for classification. 
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1. Introduction 

Imagined speech is the act of internally pronouncing words or letters without actually pro-

ducing any auditory output. Recording and differentiating between these pronounced words 

could be crucial in allowing physically impaired patients to communicate with their care-

takers in a natural way. Some research has already been done on this subject and respectable 

results have been achieved already and most of the developed classification models offer 

respectable classification performance.  

The objective of this research is to develop a classifier that uses deep learning to classify 

Electroencephalography(EEG) signals associated with imagining pronouncing vowels 

which then could be used in BCI applications. Here the main focus is on developing a model, 

that is less complex to try and achieve classification performances similar to the already 

developed models to see if higher complexity is required in imagined speech classification. 

Transfer learning(TL) is also used to try and improve the accuracy optained by the model. 

This model should be re-trainable on a single subject to achieve even higher individual clas-

sification performance. 

This research consists of seven sections. The second paragraph gives an overview of what 

has been done previously on imagined speech classification. The third paragraph describes 

the methodology used in this research to replicate both of the results of the previous re-

searches and to develop a new classifier. The fourth chapter shows the replication results 

and the results obtained by the new proposed model and examines them. The fifth chapter 

discusses the results achieved by the new model as well as the results obtained from the 

replications. The final chapter gives a summary of the entire paper and suggestion on what 

to do differently in the future. 



7 

 

2. Literature review 

This chapter contains a brief overview of the topics this research deals with. First, an intro-

duction to EEG and BCI is given. Following that is a review of how most EEG data is 

collected. After that, the most used pre-processing and classification methods are discussed 

and finally, the recent papers on the dataset used in this research are reviewed. 

2.1 EEG and BCI 

 

The American Epilepsy Society [1] states that EEG is the act of measuring the electrophys-

iological activity of the brain. According to them, EEG is generated by cortical pyramidal 

neurons in the brain and it becomes detectable when large groups of neurons emit those 

signals simultaneously. EEG is best used for detecting stroke and epilepsy in patients [1] 

but it can also detect other neurological conditions like dementia, brain tumours and sleep 

disorders [2]. Because of its high versatility, EEG has also found use in brain-computer 

interface systems where it helps partially or fully paralysed patients communicate with oth-

ers and their environment [3]. 

Brain-computer interface (BCI) is a neural pathway through which signals coming from the 

brain can control an external device. BCI-s serve 2 main purposes: to facilitate neural re-

covery and to enable paralysed patients to interact with the environment through the use of 

external robotic devices [4]. They bring up that BCI applications can largely be divided into 

2 categories: invasive and non-invasive. Invasive BCI applications involve implanting elec-

trodes surgically, while non-invasive BCI-s have the electrodes on the surface of the scalp. 

Work has been going on to develop BCI-s that can help with complete locked-in syndrome 

[4]. 

Brain-computer interfaces have found use and are currently being developed to see use in a 

variety of fields that are brought out in this [5] review. In addition to the previously men-

tioned medical applications, BCIs have been successfully implemented in games to pilot a 

helicopter [6]. Even more impressive are advances made in using neural network to control 

a robot [7] and speech synthesis from decoding spoken sentences [8]. Other potential uses 

include security authentication, education, neuro-marketing and smart environment. 

There are 4 main neuro-paradigms of EEG that have been explored in great detail: slow 

cortical potentials, motor imagery, P300 component and visual evoked potentials. There is 
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a fifth paradigm, imagined speech, that has received comparatively less attention from re-

searchers than the 4 main paradigms [3]. Imagined speech is a form of silent communication 

[9]. Brainwaves related to imagined speech of words or vowels can be recorded with a BCI 

and then given to a classification model that determines, which word was imagined [10]. 

Imagined speech offers a promising way for severely disabled people to communicate with 

their caretakers and as such should be considered an important field of study for researchers. 

 

 

 

2.2 Data acquisition methods 

 

Data collection of EEG faces a great number of difficulties as is mentioned by Aina et al. 

[11]. Firstly, EEG data collection is expensive. It requires specialised equipment, software 

and personnel to conduct EEG trials. Secondly, EEG data has a very low signal-to-noise 

ratio, which makes the EEG data very artefact prone [11]. Artefacts are non-wanted signal 

changes that have no correlation with the task at hand and cause problems in EEG classifi-

cation but a number of solutions are being used to combat artefacts. Thirdly, EEG trials are 

a time-consuming process [5]. Classification algorithms require a large number of samples 

to train effective classifiers and as such require a large number of patients or a large number 

of trials per patient, both of which can be quite difficult to acquire. Because of these diffi-

culties, there aren’t many EEG datasets of imagined speech data publicly available. 

Imagined speech data can be acquired through invasive methods such as electrocorticogra-

phy (ECoG) and through non-invasive methods such as EEG or functional magnetic reso-

nance imaging(fMRI). Non-invasive methods such as EEG are of greater interest to re-

searchers because they are less dangerous to the subjects and represent less of a risk to their 

health [12]. EEG also has far less complex instrumentation when compared to fMRI [12] 

and also has greater portability due to its smaller devices. Because of its advantages over 

other methods, this research also exclusively uses imagined speech data gathered through 

EEG.  
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2.3 Data pre-processing methods 

 

Imagined speech decoding process consists of three phases: pre-processing of data, feature 

extraction and classification. Pre-processing usually involves artefact removal and band-

pass filtering. Feature extraction involves typical BCI feature extraction methods like auto-

regressive coefficients [13],  spectro-temporal features [14] and common-spatial patterns 

[15]. Several machine learning techniques have been used to classify imagined speech data. 

Among them are support vector machines(SVM) [16], Linear Discriminant Analysis(LDA) 

[13] and Random Forests(RF) [17]. 

 

Imagined speech data pre-processing is an important step in improving the effectiveness of 

a classifier. Not all EEG data that is collected is useful in classifying imagined speech. Fur-

thermore, imagined speech signals have a low signal-to-noise ratio [9] and because of this 

pre-processing is important. The deep learning based EEG review [18] shows that 72% of 

previous works have applied some form of pre-processing. Most often utilized pre-pro-

cessing techniques were down-sampling, band-pass filtering and windowing. Down-sam-

pling is used to better bring out the features distinct to each class, band-pass filtering is used 

to limit data to the most relevant bands and windowing is used to create more samples. This 

thesis uses down sampling and band-pass filtering. 

Artefact removal is also important considering that imagined speech data collected from 

EEG has a low signal-to-noise ratio. As is mentioned in [19], artefact removal may be im-

portant to get good classification performance. Although artefact removal has been shown 

to make better classifiers [19], in the deep learning based EEG review almost half of the 

papers did not use any artefact handling [18]. It is possible, that deep neural networks allow 

you to pass the artefact removal process by giving the task of extracting relevant data from 

EEG data to the neural network. It is inconclusive whether or not giving the task of artefact 

handling to the neural network gives better accuracy rather than doing it manually before 

the neural network. This studydoesn’t use artefact removal in the propose model. 

 

2.4 Classification approaches 

Several different machine learning approaches have been used to classify imagined speech 

data. Among them are support vector machines (SVM) [16], Random Forests (RF) [20] and 
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Linear Discriminant Analysis(LDA) [21]. SVM has been the most often used method but 

none of them has proven to be superior to the others. All approaches have received compa-

rable results in imagined speech classification. Deep learning has also successfully been 

applied to BCI tasks, such as motor imagery [22] and SSVEP [23]. Out of the deep learning 

approaches convolutional neural networks(CNN) have been the most often used when it 

comes to BCI and EEG applications. CNNs have already been used to classify imagined 

speech data, although the number of studies is still quite low. The complete list of deep 

learning applications related to BCI and EEG can be found in the review by Y. Roy et al. 

[18]. 

Deep learning has also been used in decoding EEG data. The review by Roy [18] shows that 

a large percentage of deep learning based classifiers use some sort of pre-processing with 

down sampling and band-pass filtering being the most common methods. About 47% of 

deep learning models didn’t use any artefact handling even though research by Yang et al. 

[19] showed that artefact removal could be crucial in getting high classification accuracy. 

Out of the feature extraction methods the most popular were raw EEG(automatic feature 

extraction) and frequency-domain methods [18]. 

 

2.5 Recent approaches 

This study uses the dataset provided by Coretto et al. [24]. This dataset contains the EEG 

data of the imagined speech of 5 vowels (a,e,i,o,u) from 15 subjects. A few researchers have 

already tried to classify the data from this dataset. The dataset authors themselves [24] pro-

vided the initial classification where they down sampled the data and used a RF classifier to 

get an accuracy of 22.32% for vowels. Garcia-Salinas et al. [25] also down sampled the data 

and used wavelet transform with Alternated Least Squares approximation with a linear SVM 

classifier and got an average inter-subject accuracy of 59.70% for words on the first 3 sub-

jects. Cooney et al. [26] used a deep and a shallow CNN to classify word-pairs from the 

dataset and used independent component analysis with Hessian approximation to achieve 

an average accuracy of 62.37 and 60.88 for the deep and shallow CNNs respectively. 

Cooney et al. [27] also classified the five vowels from this dataset. Pre-processing involved 

down sampling the data to 128Hz and using ICA with Hessian approximation for artefact 

removal. They used a CNN with 6 convolutional layers and also used 2 different TL methods 

to improve cross-subject accuracy, both of which were successful. 
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Another notable approach was done by Tan et al. [28] where on a different dataset they used 

Extreme Learning Machine(ELM) to classify raw EEG data. ELM is a feed-forward neural 

network with a single hidden layer and a varying number of hidden units. They trained and 

tested the ELM and compared it with other machine learning techniques on four different 

datasets. Their results showed that ELM outperformed the other classifiers in almost all 

cases. The ELM model was also faster to train than the SVM model, although it was slower 

than the LDA. 

In this study different pre-processing techniques are tested  to find the best customization 

for classifying imagined speech data. Here we will use different down sampling amounts, 

different data selection techniques and artefact removal and normalization options to find 

the best combination. Then a convolutional neural network is proposed and used to classify 

EEG data of imagined speech of the 5 main vowels (a,e,i,o,u).Transfer learning is also used 

to try and improve upon the accuracy achieved by our proposed neural network. 
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3. Methodology 

This chapter describes the methodology. The first section describes the dataset used by this 

research and all the studies that are replicated and the second part describes the replication 

protocol for both replicated studies. Following that is the section for describing our proposed 

model, including the architecture of the proposed neural network, pre-processing techniques 

are used and the transfer learning methodology is implemented. 

3.1 Dataset 

The dataset used in this studyis recorded by Coretto [24] et al. in the Faculty of Engineering 

at the National University of Entre Ríos (UNER). 15 subjects performed overt and covert 

speech tasks while their EEG signals were recorded. The data consists of trials in which the 

subjects had to pronounce the five main vowels “a”, “e”, “i”, “o”, “u” and the six Spanish 

words corresponding to the English words for “up”, “down”, “left”, “right”, “back”, “for-

ward”, although the word part of the dataset is not used in classification of this study. The 

experimental protocol for pronouncing the vowels and words had a 2 second pre-trial period 

where the subjects were shown their target. Following that there was a 4 second period 

during which the imagined pronunciation of the target took place. The vowel was to be 

pronounced during the whole 4 seconds while the word was pronounced 3 times during the 

4 second period. After that, there was a 2 second rest period. The protocol is illustrated on 

Figure 2. Only the vowel part of this dataset was used in this study The EEG signals were 

recorded with an 18-channel Grass analogue amplifier and were sampled at 1024 Hz. The 

electrodes were positioned according to the 10-20 international system at positions F3, F4, 

C3, C4, P3 and P4, as shown in Figure 1. 

 

Figure 1. 10-20 international electrode positioning1; data is from marked electrodes 

                                                
1 https://en.wikipedia.org/wiki/10%E2%80%9320_system_(EEG) 
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Figure 2. Recording protocol used to collect data from subjects 

 

Following section describes the methodology for replicating the results of the two chosen 

previous imagined speech classification attempts made on the same dataset used in this 

study. The first replication is an initial classification attempt by the collectors and authors 

of the dataset themselves [24] and the second replication is done by Cooney et al. [27] where 

a CNN with more than 30 layers was used. 

3.2 Validating and verifying the existing studies 

3.2.1 Replication of the first study 

 

The first replication is done on the results achieved by the same people who collected the 

data and made the dataset used in this study [24].They used a Random Forest classifier to 

classify both the words and vowels of the dataset. They downscaled the data eight times and 

got an effective sampling rate of 128 Hz. After that they computed a Discrete Wavelet 

Transform (DWT) with five levels of decomposition for each EEG channel by selecting the 

mother wavelets from the Daubechies family. After that they calculated the Relative Wave-

let Energy (RWE) for each channel in each sample and used the RWE for each decomposi-

tion except for the first to form the feature vector with which to classify samples. A short 

guide on how to do this in Python is given here2. 

Like the target paper, the first decomposition (corresponding to frequency bands 32-64) was 

not used in calculating the RWE. Wavelet transform and decomposition were implemented 

in Python using the “Pywt” library, which is a publicly available tool for implementing and 

using wavelet transform in Python. The experiment and Random Forest classifier training 

were conducted using a publicly available machine learning and feature analysis tool Weka3. 

                                                
2 http://ataspinar.com/2018/12/21/a-guide-for-using-the-wavelet-transform-in-machine-learning/ 
3 https://www.cs.waikato.ac.nz/ml/weka/ 
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A random forest classifier made of 100 trees with five randomly chosen attributes was used 

to classify the data. The classifier used 10-fold cross validation and was trained 10 times. 

3.2.2 Replication of the second study 

The second replication is of a study made by Cooney et al. [27] on the same dataset used in 

this study and by the study replicated in the previous section. They used a deep CNN with 

34 layers to classify the vowels. Down-sampling, artefact removal and data scaling were 

used as part of the pre-processing. 

The CNN used is divided into seven sections, where the first section is the initial convolution 

part. This part contains the input layer as well as two initial convolution layers, the first 

being temporal convolution and the second being spatial convolution. The following five 

sections are all very similar convolution sections consisting of five layers each. The final 

section is the classification section which has the softmax activation layer for classification. 

All of Cooney’s research was implemented in Python using Tensorflow4 and Keras5 librar-

ies.  

The pre-processing started with down-sampling the data to 128Hz. FastICA was used for 

artefact removal on trials marked by the dataset authors as having artefacts and scikit-learn’s 

robust scaler was used for scaling the data. Data was shuffled prior to feeding it to the net-

work. This data was then given to the 34-layer constructed CNN. All the details except for 

the pooling layers are provided by Cooney et al. [26]. The parameters of the pooling layers 

were selected to be the same as Schirrmeister et al. [29], the same CNN that inspired 

Cooney. 5-fold cross-validation was used and the best model from each fold was used to 

acquire the testing accuracy. All the folds were trained for 100 epochs, and a callback was 

used to stop the training when the validation loss had not improved for 50 epochs which 

helps to reduce overfitting. 

 

3.3 Proposed model 

3.3.1 Preprocessing 

For the CNN, multiple pre-processing techniques were tried and because this data is rec-

orded at a very high sample rate, down-sampling is safe to use. Data was down-sampled 

                                                
4 https://www.tensorflow.org/ 
5 https://keras.io/ 
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four times down to 256Hz and data was restructured from a simple array to a 2D array, 

where each element was stored as an array of the signal values at that time point. For vowels, 

all classes were balanced to the lowest class count on any subject of any trial type, which 

was 37 examples for subject 07 on “e”. No artefact removal was used. Data was split into 

three parts: 70% training data, 15% validation data and 15% testing data. 

 

3.3.2 CNN 

The neural network proposed in this study was inspired by the one proposed by Schirrmeis-

ter et al. [29]. This neural network consists of an initial convolution block followed by sev-

eral separately viewable convolution blocks. The goal of this study is to reduce the com-

plexity of the model and keep the number of layers in the CNN below 20 to see if a lower 

complexity model can still perform imagined speech classification at an optimal level. Fig-

ure 3 describes all of the layers along with their parameters. First block consists of an input 

layer which is immediately followed by 2 2D convolutional layers, a batch normalization 

and a Relu activation layers. Following that are 2 identical convolution blocks with both of 

them consisting of: 2Dconvolution, batch normalization, Relu activation, average pooling 

and dropout. The final classification part consists of a Dense layer followed by a softmax 

classification layer. The model was implemented in Python with Keras and Tensorflow 

frameworks. 

 

 

Figure 3: The proposed model’s layers and their parameters 

 

3.3.3 Training 

The training of the models took place on the servers of the High Performance Computing 

Center of Tartu University on the Rocket clusters’ Falcon GPU nodes. The servers are made 

of 135 CPU nodes and 3 GPU nodes specifically made for machine learning. GPU nodes 

have 2 24 core CPU-s and 512 GB of RAM and 8 NVIDIA Tesla P100 GPUs. The specific 
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training server details can be found here6. Several callbacks were also used to select only 

the model with the highest validation accuracy. All three CNN-s were trained with the Adam 

optimizer and sparse categorical cross entropy loss function. Adam optimizer works well in 

practice and compares favorably to other adaptive optimizers [30]. A learning rate of 0.001 

was also recommended to be used with the Adam optimizer. The initial CNN was trained 

for 100 epochs. Early stopping was also in place to stop training if the validation accuracy 

did not improve in 50 epochs in order to stop overfitting.  

 

3.3.4 Transfer Learning 

Three TL approaches were used with the proposed model to try and improve the accuracy 

of the model. Transfer learning is a machine learning technique which aims to improve 

classification accuracy on a single subject. All methods first train a model with the data from 

all subjects but one and then use the combined weights to specifically optimise the model 

for the one subject by fine tuning some or all of the convolutional layers with that one per-

son’s data. TL training sessions were 40 epochs long. 

 

Transfer learning method 1 

The first TL method freezes the whole base model and then unfreezes the first two convo-

lutional layers to be retrained on the new subject’s data. This method locks all weights on 

the pre-trained network and allows only the first two convolutional layers to change when 

the network gets fine-tuned with data from S01. The three TL methods are illustrated on 

Figure 4, Figure 5 and Figure 6 respectively. 

 

 

                                                
6 https://hpc.ut.ee/rocket-cluster/ 

 

Figure 4. TL method 1: Initial layers are frozen 



17 

 

Transfer learning method 2 

The second TL method freezes the whole base model and then unfreezes the last two con-

volutional layers to be retrained on the new subject’s data.  

 

 

Figure 5. TL method 2: Latter layers are frozen 

 

 

Transfer learning method 3 

The third TL method uses a combination of both previous methods to try and unfreeze all 

of the convolutional layers to retrain on new subject data. 

 

 

 

Figure 6. TL Method 3: All layers are unfrozen 
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4. Results 

Here we report both the classification results we got for both the replicated and the proposed 

model. First there will be results for the replication and then the results for our new convo-

lution model and all of the TL methods. 

 

4.1 Replication results of the first study 

The first replication was done on the study by the authors of the dataset used in this study 

[22]. The mean accuracies for all subjects are presented in Figure 7. The mean accuracy 

over all subjects over 10 iterations with different seeds was 22.81%, which is just slightly 

above the first study’s mean accuracy. All of the subjects except S13 got a mean accuracy 

above the chance level (20%). The random seed numbers used by the authors of the first 

study are not brought out in that paper so the random seeds used here are probably different 

than the ones used there and are probably the cause of slightly different results. 

 

Figure 7: First study replication results per subject 

4.2 Replication results of the second study  

The second replication was done on the study by Cooney et al. [25]. The mean accuracies 

for all subjects are presented in Figure 8. The mean accuracy over all subjects was 30.21%. 

This is considerably lower than the mean accuracy achieved by the authors of the second 

study (32.75%). This can be explained by the different artefact removal technique used and 
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also possibly by different parameters used in the pooling layers as those are not clearly de-

fined in the second study. The implementation platform can also slightly influence accura-

cies. 

 

Figure 8: Second study replication results per subject 

 

4.3 Results of the proposed model 

 

The mean accuracies for the CNN and all of the TL methods are brought out in the Table 1 

below. The proposed CNN with 3 convolutional layers managed to beat the Random Forest 

classifier (23.98% vs 22.72%)  which is presented in Table 1, that was used by the initial 

makers of the dataset, but it didn’t beat the significantly deeper and more complex neural 

network proposed by Cooney et al. on this same dataset (23.98% vs 32.75%)(Table 1) but 

proposed model in this study is less complex. Out of all the TL methods the best results 

were achieved by the first TL method. 

 

 First replicated study Second replicated study Proposed model 

Accuracy 22.72% 32.75% 23.98% 

Replication 22.81% 30.21% - 

Table 1: Comparsion between CNN accuracies  

24

25

26

27

28

29

30

31

32

33

S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 S15

CNN

Accuracy



20 

 

 

Figure 9: Comparsion of different TL methods used on the proposed model 

 

Figure 9 gives an overview of how well TL methods performed when compared to not us-

ing any TL methods. TL improved the accuracy in two out of three cases. The biggest im-

provement was seen when the fine-tuning took place on the initial convolutional layers 

and a considerable improvement was also seen when fine-tuning the latter layer. Using TL 

on all layers lowered the overall accuracy. 
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5. Discussion 

 

 Replication provided very similar results in the first replicated study and considerably lower 

results in the second replicated study but that can be attributed to slightly differing tools and 

methods used in the replication. The proposed model was moderately successful but defi-

nitely underperformed when compared to a more complex model but the proposed model is 

less complex 

5.1 Replicated results 

The overall mean accuracy from the first replication of study is very similar to the result 

achieved in this study. The overall accuracies differ by only 0.09%. Accuracies between 

other subjects differ more. For example, the replicated papers’ best individual accuracy was 

achieved on subject S14 but in this case was achieved on subject S09. The lowest accuracy 

was achieved on S12 on the replicated paper’s case and S13 in this case. These differences 

can be attributed to the fact that the replicated paper didn’t specifically mention the seed 

numbers used in training their RF classifier. These numbers were guessed when replication 

took place and most probably differ from the ones chosen in the original work. Another 

place where a minor divergence could have taken place is in the Wavelet Transform imple-

mentation. Both original work and this work implemented their classifier in Weka but the 

original work didn’t mention in which language or platform they did the Wavelet Transform. 

In this work, it is done in Python with the ’pywt’ library but that might not be the case in 

the replicated paper and different platforms can implement the Wavelet Transform in a 

slightly different way. 

The overall mean accuracies between the second study of replication differ a bit more. 

30.21% vs 32.75% represent significantly worse results. The main difference between this 

and replicated study is that a different artefact removal technique was used to remove arte-

facts from data. In the replication artefact removal was used only on the trials marked by 

the authors of the dataset. The second study doesn’t mention if they used artefact removal 

on all of the trials or only on the ones marked by the dataset authors themselves. Also again 

the original work doesn’t mention which platforms were used to implement the artefact re-

moval and classifier training. As such the chosen platforms might be different and imple-

ment the CNN in a slightly different way which can cause differences in accuracies. 
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5.2 Results of the proposed model 

The overall mean accuracy achieved over all subjects with the new model is 23.98%, 

which is above the chance line(randomly guessing) of 20.00% and is better than the accu-

racy from the first replication study (22.72%) but is a lot lower than the results from the 

second replication study (32.75%).  

The TL methods helped slightly to increase the accuracy but still didn’t manage to achieve 

desirable results. This all indicates that classifying EEG data takes quite a bit of effort, 

since EEG data is highly personalized and the same imagined action gives off different 

signals when it is measured from different people. This could mean that using neural net-

works with a small amount of layers to classify EEG data could be an impossible task and 

deeper networks are to be preferred. 

One reason for generally low accuracies across the board could be that this is a relatively 

high class-count classification task with a very limited amount of data acquired from quite 

a high number of subjects. Machine learning models need a lot of data per class do learn 

the specific features relevant to each class and this dataset has a relatively small sample 

size to provide. The low accuracies achieved in this study and also previous studies into 

this dataset could also be indicative of the poor quality of this dataset, where the relevant 

features are not easily accessible for the classifiers. Perhaps the recording protocol could 

be optimised to have larger pauses between experiments as they have been shown to give 

better results[31]. 
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6. Summary 

 

First, the results of two different previousstudies on the same dataset were replicated and 

confirmed. This dataset, which contains the imagined speech data from 15 subjects was used 

to train our own classifier, which was then used to classify the imagined speech data. Three 

different TL methods were tried to improve the accuracy of the model. The first method 

fine-tuned the first twoconvolutional layers, the second fine-tuned the latter layers and the 

third tried to improve all convolutional layers. 

The replication results were very similar to the ones achieved by their original authors. The 

dataset paper used a Random Forest classifier to classify both words and vowels. The repli-

cation achieved very similar results in vowels (22.81% vs 22.72%). For the Cooney´s results 

the accuracies slightly differed (30.21% vs 32.75%) but this can be explained with using a 

different artefact removal technique that was native to the platform that was used to imple-

ment the CNN. After the replication a new CNN was constructed to try to achieve similar 

results to the previously done works but with limiting the size of the CNN to a maximum of 

18 layers. Different TL techniques were also tried. Achieved accuracies for the CNN 

(23.98%) and all the TL methods (24.77%, 24.12%, 23.22%) were better than the one 

achieved by the authors of this dataset (22.72%) but fell short of the one achieved by a 

considerably deeper network. 

In the discussion, it was argued that when it comes to classifying the highly personalised 

EEG imagined speech data, deeper neural networks should be used and additional data gen-

eration could prove very useful in improving the performance of the classifiers. TL in neural 

networks also showed promise and should be used in the future to help get better accuracies. 

It was shown that TL improved the classification accuracy the most when it was applied to 

the latter layers of the neural network. 

In the future when it comes to using EEG data in imagined speech classification it is recom-

mended that if the amount of data is low then models with a high number of layers should 

be used or some additional data generation should be used to generate better classification 

accuracies. TL showed potential and it’s effect on both shallow and deep neural networks 

as well as in the cases of low and high amount of data could be further explored.  
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