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Resumen

La epilepsia es un trastorno neurológico con una prevalencia de 6.38 por cada 1000
personas. Un diagnóstico preciso de los tipos de convulsiones del paciente ayuda a
proporcionar un tratamiento correcto y, por lo tanto, a mejorar su calidad de vida.
El electroencefalograma (EEG), que consiste en una serie de electrodos colocados en
el cuero cabelludo del paciente, se ha utilizado en el estudio de la epilepsia desde los
años 40. La alta dimensionalidad, no linealidad y no estacionariedad de las señales
de EEG, hacen que solo médicos altamente capacitados puedan realizar una inter-
pretación correcta de estas señales, siendo además una tarea que requiere gran can-
tidad de tiempo.
En los últimos años, el aprendizaje profundo, o Deep Learning en inglés (DL) se ha
convertido en una poderosa herramienta para procesar datos de EEG, siendo am-
pliamente utilizado en el diagnóstico de trastornos mentales y, en particular, en la
detección de convulsiones. Por el contrario, solo algunos estudios se han realizado
para clasificar automáticamente el tipo de convulsión. En este trabajo, proponemos
los siguientes dos enfoques para llevar a cabo la tarea de clasificación del tipo de
convulsión: (i) red 1D para forma de onda, que procesa señales de EEG en forma de
onda mediante convoluciones 1D, y (ii) red 2D para espectrograma donde los espec-
trogramas precalculados se procesan con convoluciones 2D. Ambas arquitecturas se
construyen utilizando convoluciones en profundidad separables, que (i) realizan una
extracción automática de características sobre cada canal de EEG de manera inde-
pendiente, y (ii) aumenta la eficiencia al disminuir tanto el número de parámetros
necesarios como el número de multiplicaciones, por un factor de 7, en comparación
con las convoluciones tradicionales, y (iii) evita el sobreajuste debido al bajo número
de parámetros. Además, nuestra red 1D para forma de onda utiliza la técnica de tasa
de dilatación para obtener un campo visual más amplio.
Hemos probado nuestras arquitecturas con el conjunto de datos de convulsiones del
Hospital de la Universidad de Temple (TUSZ por sus siglas en inglés), donde se ha
realizado una clasificación automática de 7 tipos de convulsiones. Las grabaciones
EEG se dividieron en trozos llamados frames, generándose más de 300k frames. Los
resultados de la clasificación fueron los siguientes: se logró una métrica F1 ponder-
ada de 0.599 ± 0.052 y 0.611 ± 0.037 en la red 2D para espectrograma y en la red 1D
para forma de onda, respectivamente. Estos resultados fueron obtenidos usando val-
idación cruzada de factor 3 con una separación por paciente. Estos resultados han
superado el actual estado del arte. Por otro lado, se realizó un estudio para conocer
cómo variaba la métrica F1 ponderada al limitar la longitud de las grabaciones EEG.
Encontramos que, usando solo 4s, se logró un F1 ponderado de 0.575 ± 0.039, y con
37.75s se alcanzó un valor de 0.607 ± 0.038, siendo éste valor muy cercano al mejor
logrado, y usando solo el 36.71% de la longitud total de las grabaciones. Respecto
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a los resultados de la clasificación por tipo de convulsión, la red 1D para forma de
onda es capaz de distinguir entre los tipos de ataques ABSZ, FNSZ y GNSZ, mien-
tras que la red 2D para espectrograma, logra sus mejores resultados sobre las clases
FNSZ y GNSZ. Los resultados en las clases CPSZ, SPSZ y TCSZ contienen una alta
dispersión. La clase TNSZ no se ha podido clasificar debido a la falta de datos. El
reducido tamaño y la eficiencia de la red 1D para forma de onda, hacen de esta ar-
quitectura una candidata para ser utilizada en dispositivos de bajo costo y con bajos
recursos computacionales, pudiendo ayudar a los médicos en el diagnóstico de tipos
de ataques.
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Abstract

Epilepsy is a neurological disorder with a prevalence of 6.38 per 1000 persons. An
accurate diagnosis of the patient’s seizures types helps to provide a correct treat-
ment, and hence improving the quality of life of the patient. Electroencephalogram
(EEG), which consists in an array of electrodes placed in the patient scalp, has been
used in the studying of epilepsy since 40s. The high dimensionality, non-linearity
and non-stationarity of the EEG signals, make that only highly trained doctors can
make a proper interpretation of these signals, besides being a time consuming task.
In the last years, Deep learning (DL) has become a powerful tool to process EEG data,
being widely used in the diagnosis of mental disorders, and in seizure detection in
particular. In contrast, only few studies has been done in the seizure type classi-
fication task. In this work, we propose the following two approaches to carry out
the seizure type classification task: (i) network 1D waveform, which processes wave-
form EEG signals by using 1D convolutions, and (ii) network 2D spectrogram where
pre-computed spectrograms are processed with 2D convolutions. Both of these ar-
chitectures are built by using separable depthwise convolutions, which (i) unlock an
automatic feature extraction over each EEG channel in an independent manner, (ii)
increases the efficiency by decreasing both the number of necessary parameters and
the multiplication operations, in a x7 factor, compared to traditional convolutions,
and (iii) prevents overfitting due to the low number of parameters. Additionally, our
network 1D waveform makes use of the dilation rate technique to obtain a widely
visual field.
We have tested our architectures with the Temple University Hospital Seizure (TUSZ)
dataset, where an automatic 7 seizure types classification has been performed. The
EEG records were splitted into chunks called frames, thus producing more than 300k
frames. The classification results are as follows: a weighted F1 score of 0.599 ± 0.052
and 0.611 ± 0.037 was achieved by network 2D spectrogram and network 1D wave-
form, by using an intra-patient 3-fold cross-validation. This results outperform the
current state-of-the-art ones. A study was performed to know how the weighted F1
metric varying by limiting the length of the EEG records. We have found that by only
employing 4s, a weighted F1 of 0.575 ± 0.039 was achieved, and with 37.75s, a value
of 0.607 ± 0.038 was attained, which is very close to the best performance achieved,
and only using the 36.71% of the total length of the records. Regarding the classifica-
tion results per seizure type, the network 1D waveform is able to distinguish among
ABSZ, FNSZ and GNSZ seizure types, while network 2D spectrogram achieves the
best results over FNSZ and GNSZ classes. Results on CPSZ, SPSZ and TCSZ classes
involve a high dispersion. TNSZ class has not been able to classify due to the lack of
data for this class. The low size and the efficiency of the network 1D waveform, makes
this architecture a candidate to be used in low-cost and low-resources devices, being
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able to help to the doctors in the diagnosis of seizure types.
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Chapter 1

Introduction

Epilepsy is a neurological disorder characterised by an abnormal brain activity, caus-
ing seizures. Seizures are bursts of electrical activity in the brain that may briefly
affect their consciousness, movements or sensations. The prevalence of epilepsy is
6.38 per 1,000 persons, and indistinctly affects by age or sex [14]. The presence of
comorbidities, that is, when two illnesses affect to a person at the same time, in peo-
ple with epilepsy is high, namely: depression, anxiety, dementia or migraine heart
disease, among others [26] [22]. The incidence and prevalence of epilepsy is higher in
low to middle income countries [14] [6]. A proper diagnosis of epilepsy is essential to
reduce the prevalence of the illness. In the same manner, a successful diagnosis of
the seizure types, is an important feature to provide a proper treatment. To perform
an incorrect classification of the type of seizure can involve a deterioration of the pa-
tient condition, as well as worsen his/her quality of life [46].

Electroencephalogram (EEG) is a non-invasive device which consists of an array of
electrodes, which are placed in the patient scalp to measure his/her brain activity.
EEG is widely used in the diagnosis or prognosis of mental disorders, such as atten-
tion deficit hyperactivity disorder (ADHD), autism, dementia, depression, schizophre-
nia or epilepsy [42]. In the diagnosis of epilepsy, EEG is a crucial technique which
has been used since the 40s [59]. An example of an EEG record is provided in
Figure 1.1. EEG produces a continuous signal streaming. Its non-linearity and non-
stationarity properties, make that only high experimented doctors can interpret EEG
data, besides being a time consuming task. To obtain a more objective and con-
sistent interpretation of these data, machine learning (ML) has been widely used to
automatically process these signals [13, 41, 51, 50]. Since 2016, Deep Learning (DL)
has been used to process EEG data, begin Convolutional Neural Networks (CNNs) the
most widely DL technique used [42]. The main advantage in the use of DL against
ML, is that DL automatize the feature extraction as well as the classification process.
In contrast, a time-consuming feature extraction preprocess need to be done before
using a ML algorithm. The inconveniences of this preprocess are: (i) this is task-
dependant and hence needs to be adapted and adjusted to each work, and (ii) it is a
manual task, where a bias may be introduced and hence losing information at this
stage. To discover this type of bias is a very difficult task and, in consequence, it can
lead into a lost of classification performance. Under both, DL and ML techniques,
algorithms can be trained to assist to the doctors in the diagnosis and prognosis of
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Figure 1.1: Sample of an EEG record

mental disorders by using EEG data, saving time and giving objective scoring.

The main objectives of this work are the following ones: (i) show two simple and ef-
ficient DL architectures based in separable depthwise convolutions and the dilation
rate technique, to perform the seizure type classification task by using EEG records.
The main idea consists in automatically performing a feature extraction from each
EEG channel independently. The network 1D waveform, which process waveform
EEG signal, and network 2D spectrogram, that process EEG spectrograms. (ii) To
perform an analysis of the classification results to know (a) the joint performance
over the 7-class problem, and (b) over each class individually in an one-vs-all ap-
proach, thus providing both, a global and detailed view of the results.

The organisation of this work is as follows: in Section 2, a complete view of related
works in ML and DL is presented. A view of the dataset used in this work, our motiva-
tion to use CNNs, out two approaches network 1D waveform and network 2D spectro-
gram, and the train methodology can be found in Section 3. The obtained results of
our trained algorithms by measuring both, the joint and the per-class performance,
are shown in Section 4. In Section 5, a discussion of the results by analysing how
our experiment design affects to the classification performance is presented. Finally,
the conclusions of our study are provided in Section 6.

2



Chapter 2

Previous works

In this section, we show previous works that have been performed in the field of EEG
and epilepsy by using Machine Learning (ML) and Deep Learning (DL), including
both, a seizure types classification, and a small introduction about the history of
EEG applied to epilepsy. For a complete systematic mapping study of works done
by means of DL and EEG, see Section A, where some of our previous work in this
context is presented.

2.1 Seizure types classification

As we explained in the previous section, seizures are bursts of electrical activity in
the brain that may briefly affect their consciousness, movements or sensations. The
most common types of seizure are the follows: Generalized, which are nonlocalizable
and begins at the same time in both hemispheres of the brain. It is observed in
symptomatic generalized epilepsy syndromes. It produces loss of consciousness as
well as spasms. Focal seizures begin in a single brain area, and it could be simple
or complex: in simple partial seizures the patient remain the consciousness while
happens the seizure, on the other hand in complex partial seizures, the patient lose
his/her sense of awareness and produces random movements. Tonic clonic seizures
produces extreme muscle spasms. Tonic means stiffening as well as clonic means
rhythmical jerking. Tonic seizures involve muscle stiffening (tonic) but without a
clonic phase. Absence seizures are a type of generalized seizure which the patient
remains unresponsive [15].

2.2 Beginning of EEG related to epilepsy

Regarding the history of EEG and epilepsy, the pioneers were Frederic Andrews Gibbs
(1903–1992), an American neurologist, Erna Leonhardt-Gibbs (1904–1987), techni-
cian and wife of Frederic, and William Lennox (1884–1960), who in the 40s discov-
ered and established the correlation between EEG findings and epileptic convulsions
[19, 18, 17]. Later, in 1941 Lennox and Gibbs published their work “Atlas of Elec-
troencephalography” [20], where they explained both mechanical and mathematical
analysis of electroencephalograms [59, 35].
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2.3. Machine learning and EEG related to epilepsy

2.3 Machine learning and EEG related to epilepsy

Automatic detection of epileptic seizures by using EEG and ML is a well explored
research field [50]. In [13] authors used a k-nearest neighbor (k-NN) classifier to au-
tomatically distinguish epileptic and not epileptic records in CHB-MIT dataset [49],
thus reaching a sensitivity and specificity of 88%, and 0.93 of ROC-AUC. In [41],
classification of focal (seizure) and non-focal (non seizures) EEG signals, was per-
formed by using a subset of 28 features extracted with neighborhood component
analysis (NCA) from the Bern-Barcelona database. Support vector machine (SVM),
k-NN, random forest and adaptive boosting (AdaBoost) classifiers were evaluated.
SVM obtained the best results with a sensitivity, specificity, accuracy and ROC-AUC
of 97.6%, 94.4%, 96.1%, and 0.96 respectively. Likewise, in [38] a feature selec-
tion procedure was carried out previously to classify epileptic and non-epileptic EEG
events. Features from the time and frequency domain were extracted, and a sub-bag
of these were selected by using ReliefF ranking algorithm within two different voting
strategies, obtaining an accuracy of the 95%, 89% and 87% for bayesian network,
random committee and random forest, respectively. Classification of epileptiform
discharges (spikes) was done in [64] in a low dimensional space of the waveform
transformation from the EEG signal. SVM classifier obtained 97% sensitivity by
intra-patient cross-validation. A classification between Benign Epilepsy with Cen-
trotemporal Spikes (BECTS) and Temporal Lobe Epilepsy (TLE) classes was carried
out in [62]. The authors created feature matrices after signal decomposition, and
then performed a feature selection with SVM. An ensemble of decision trees was
used to perform the classification task obtaining an accuracy of 99%. In [51], the
non-linearity and non-stationary of EEG signals were carried out by using signal de-
composition representations based on empirical mode decomposition (EMD), discrete
wavelet transform (DWT), and dual-tree complex wavelet transform (DTCWT). CHB-
MIT dataset was used with SVM, k-NN and linear discriminant analysis (LDA), achiev-
ing 100% accuracy. In [3], a classification between epileptic seizure signals from nor-
mal (seizure-free) signals was done by using discrete wavelet transform (DWT) and
arithmetic coding. The Bonn University dataset [4] was employed to train and evalu-
ate the proposed method, by using both linear and non-linear ML algorithms. 100%
accuracy was obtained.
Obtaining a generalisation by using an intra-patient validation, that is, splitting
training and testing sets by patients, is a challenging task which not always can
be achieved [25]. A patient-specific and real-time prediction of an incoming seizure,
was done by using MSPCA (Multiscale PCA), wavelet packet decomposition for featur-
ing extraction, and rotation forest for classification. The algorithm was trained with
CHB-MIT dataset.

2.4 Deep learning and EEG related to epilepsy

In the last few years, the use of EEG with DL techniques is a growing research field
[42]. The main advantage that DL offers is the achievement of high classification
accuracy while doing an automatic feature extraction, avoiding the highly task de-
pendant, complex and time-consuming feature engineering required previously to
use ML algorithms. Several studies have been done by using DL and EEG to perform
a seizure detection or prediction [1, 54, 9, 12, 33, 60, 2, 55, 61, 23, 27, 63, 56, 16].
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Previous works

Works based in unsupervised or semi-supervised DL architectures

Regarding the use of unsupervised or semi-supervised DL techniques, we can high-
light the studies of [1, 61, 63]. In [1], a single EEG channel was used to perform both
a binary classification task between healthy and seizure patients and three class task
with healthy, epileptic non seizure and epileptic seizure. The semi-supervised one is
developed by a convolutional variational autoencoder (convolutional VAE) which ex-
tracted a one dimensional latent feature vector. This vector is used to feed a full
connected neural network to finally perform the classification task. The Bonn Uni-
versity and CHB-MIT datasets were used thus obtaining an 99% accuracy. A similar
task was done by [61], by using the same datasets. In this case an autoencoder
combined with CNN was used to extract features which were used to perform the
classification task. In [63], multi-channel EEG recordings from CHB-MIT dataset
were transformed into a spectrogram representation. This data was used to train
denoising autoencoder and convolutional autoencoder techniques, obtaining 94.37%
of accuracy in an intra-patient cross-validation.

Works based on recurrent DL architectures

Concerning recurrent DL models, in [55], a two-layer long short-term memory (LSTM)
network was built to perform seizure predictions. Different sizes of preictal windows,
from 15 min to 2 h were used, achieving false prediction rates (FPR) of 0.11–0.02
false alarms per hour in CHB-MIT dataset. The model accuracy decreased with raw
EEG data. An LSTM with a dense layer in the last stage was used in [23] to the task
of seizure detection in Bonn University dataset with 100% of accuracy. Bidirectional
LSTM for seizure detection and prediction, was used in [54]. An accuracy of 99.08%
in seizure detection was achieved over the Bonn University dataset.

Works based on convolutional DL architectures

Convolutional neural networks (CNN) is the widely DL technique used in epilepsy to
perform a seizure detection or prediction with EEG data. Several studies have been
done involving EEG, epilepsy and CNN [9, 12, 33, 60, 2, 27, 56, 16].

Seizure detection

Regarding seizure detection, in [9] a CNN was trained to detect epileptic discharges for
computer-assisted EEG review, over 6000 labelled events in a cohort of 103 patients.
They achieved a sensitivity > 95% and a mean false positive rate of 1 detection per
minute. Dividing EEG records and plotting EEG as time series was carried out in [12],
where a CNN with input data of images of 224x224 pixels was trained. The best clas-
sification results were obtained with a window size of 1s, thus achieving a median true
positive rate of 74%, which is better than the commercially available seizure detec-
tion software (20% by BESA and 31% by Persyst). In [33], the Freiburg University in-
tracraneal EEG (iEEG) dataset [58] was used to build a multi-channel time-frequency
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2.5. Comparing ML and DL based models

representation with fine-tuned Stockwell transform (S-transform) [53]. Then, a CNN
was trained to automatically detect (classify) seizure events. They applied smooth
and collar techniques to the CNN outputs, to improve the detection accuracy and
reduce the false detection rate (FDR). A sensitivity of 97.01% and a specificity of
98.12% was reported. In the same manner, a two-dimensional (2D) time-frequency
scalograms were obtained in [56] by applying Continuous Wavelet Transform to the
Bonn University dataset. Five classes were predicted, namely: healthy eyes open,
healthy eyes closed, epilepsy patient pre-seizure (recording from the hippocampal
half sphere), epilepsy patient pre-seizure (record from the epileptic area) and epilepsy
patient (record during seizure); thus obtaining an accuracy of 93.6%. In [16], authors
built a model based with the well-known Fast Region-based Convolutional Network
method (Fast R-CNN) [21]. The resulting model was trained in a semi-supervised
manner by using EEG data from (i) epileptic patients, (ii) non-epileptic patients,
(iii) synthetic generated, and (iv) unlabeled records from Temple University Hospi-
tal dataset [37]. The results in a intra-patient evaluation showed an accuracy of 80%.

Seizure prediction

Regarding seizure prediction by using CNN, in [2], the Bonn University dataset was
used to detect normal, preictal, and seizure classes, thus achieving an accuracy of
88.67%. In [60], three different stages of EEG data were predicted, namely: inter-
ictal, pre-ictal, and ictal (seizure) stages. Data from each electrode was plotted in
a 2D image as time series data, for then compounding a 3D array by stacking the
images according to the mutual correlation intensity. A CNN with 3D kernels was
trained, thus obtaining an accuracy of 90%. In [27], CHB-MIT dataset was used
to carry out a similar task. In this case, a CNN with 2D kernels was trained over
the wavelet transform of the EEG signal. In 10-min seizure prediction horizon, they
achieved a sensitivity of 87.8% and a false prediction rate of 0.142 FP/h.

2.5 Comparing ML and DL based models

Comparisons between ML and DL techniques have been done [45, 52]. A performance
analysis in the diagnosis of epilepsy for single channel EEG data was done in [52].
Neural Networks (NN), SVM and Radial Basis Functions (RBF) algorithms were evalu-
ated. NN obtained superior performance in terms of accuracy, sensitivity, specificity
and ROC curve. A wide comparison for seizure detection was done in [45], where
the performance of (i) traditional ML algorithms: decision tree, random forest, extra
tree, ridge classifier, logistic regression, k-NN, Naive Bayes (gaussian), and Kernel
SVM (polynomial, gaussian), (ii) ensemble machine learning techniques bagging and
boosting (AdaBoost, gradient boosting, and XG boosting), and (iii) one dimensional
convolutional neural networks (CNN) were studied. The best classification results,
obtained with K-fold cross validation, came by extra tree bagging and CNN.
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Previous works

2.6 Seizure type classification using deep learning and EEG

Only 5 studies has been published about seizure type classification by using EEG and
DL [43, 11, 40, 34, 5]. In [43], TUH EEG Seizure Corpus (TUSZ) [48] dataset was used
to carry out a classification over 7 seizure classes: Focal Non-Specific (FNSZ), Gen-
eralized Non-Specific (GNSZ), Complex Partial (CPSZ), Absence (ABSZ), Tonic (TNSZ),
Tonic Clonic (TCSZ) and Simple Partial (SPSZ). The input data was build as follows:
(i) the original EEG signal was splitted in overlapped fixed windows of the same size,
(ii) a Fast Fourier Transform (FFT) was applied to get a time-frequency representa-
tion, and (iii) the first f frequencies were extracted. For the dataset version 1.5.2,
a 3-fold intra-patient cross validation was performed by training the k-NN, stochas-
tic gradient descent, XGBoost and CNN algorithms. Due to the heavy imbalance of
the dataset, weighted-F1 metric was used, obtaining XGBoost the best result with
0.561. In [11], a four class classification over three types of seizure, namely: GNSZ,
FNSZ and TCSZ; and an added normal EEG signal was performed by using SVM.
17 input features were compounded, thus achieving 90.25%, 97.83%, and 91.4% of
sensitivity, specificity, and accuracy respectively. In [40], two approaches were fol-
lowed to perform a 8-class classification problem, including 7 seizure types plus a
non-seizure signal. The first strategy consisted in the use of transfer learning over
10 well known architectures: Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet, Incep-
tionv3, Densenet201, Resnet18, Resnet50, and Resnet101. The second approach
was done by using a pretrained network to extract a feature vector for then using
SVM to perform the classify. The EEG signal was converted to a spectrogram before
feeding the networks. Highest accuracy was achieved by GoogleNet (82.85%) and
Inceptionv3 (88.3%), by using transfer learning and transfer learning for feature ex-
tractor plus SVM respectively. In [34], an CNN and a recurrent neural network (RNN)
were used as feature extractor, multiplying whose outputs by using outer product,
producing a bilinear model. These features are then used by full connected layers
to produce the classification output. Waveform EEG was preprocessed by applying
a Short-Time Fourier Transform (STFT). Two dataset were used, (i) TUSZ (v1.4.0)
where were classified its 8 seizure types, and (ii) EPILEPSIAE [24] where the four
seizure types, namely: simple partial, complex partial, secondarily generalized and
unclassified were detected. An F1-score of 97.4% and 97.2% were obtained in TUSZ
and EPILEPSIAE databases respectively. SeizureNet was proposed in [5] which con-
sist of an ensemble of CNN models. The network input involves transform raw EEG
signal to a 3D matrix compounded by the following techniques: (i) fourier transform
(FT), (ii) spectral residual of the FT and (iii) center-surround differences of the fea-
tures of the FT. A F1 weighted score of 0.59 was obtained in TUSZ dataset (v1.5.2) in
a 7 seizure type classification problem.

In the best of our knowledge, ours is the first work where Deep Learning architectures
based on separable depthwise convolutions and dilation rate techniques are used for
the seizure type classification task. As discussed in Section 4, our two approaches
outperform the state of the art results in an intra-patient 3-fold cross-validation.

7





Chapter 3

Materials and Methods

In this section we are going to present the dataset used in this paper with the ap-
plied preprocess, an explanation of how CNNs are used in signal processing, our two
proposed CNNs architectures, and our train methodology.

3.1 Dataset

The Temple University Hospital Seizure (TUSZ) dataset (v1.5.2) [48] has been used in
this study to perform an automatic 7-class seizure type classification by using EEG
records. This dataset is publicly available and can be downloaded after filling in a
registration form1. In the best of the author knowledge, this is the only free public
available EEG dataset where an identification of seizure types has been carried out.
These annotations, which have been done by experts, correspond to eight seizure
types, namely: Focal Non-Specific (FNSZ), “focal seizures which cannot be specified
with its type”; Generalized Non-Specific (GNSZ), “generalized seizures which cannot
be further classified into one of the groups below”; Complex Partial (CPSZ), “par-
tial seizures during unconsciousness, type specified by clinical signs only”; Absence
(ABSZ), “Absence Discharges observed on EEG; patient loses consciousness for few
seconds (Petit Mal)”; Tonic (TNSZ), “stiffening of body during seizure (EEG effects dis-
appears)”; Myoclonic (MYSZ), “myoclonous jerks of limbs”; Tonic Clonic (TCSZ), “at
first stiffening and then jerking of body (Grand Mal)”; and Simple Partial (SPSZ), “Par-
tial seizures during consciousness, type specified by clinical signs only” [48]. These
scalp EEG signals were captured from 239 patients, by following the International
10-20 system electrode placement, and recorded with a sample rate of 250Hz. 19
unipolar channels EEG were recorded: Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4,
T4, T5, P3, Pz, P4, T6, O1, and O2. In Figure 3.1 is shown the placement of these
electrodes. 3050 records are available in the dataset, being the mean of records per
patient of 12.76± 22.79, the 1st quartile is 1 record, the median 4 and the 3rd quartile
14. The maximum number of records in a patient are 202 (see Figure 3.2).

The dataset presents a big imbalance related to the number of distinct patients per
seizure type. This fact will make the prediction task more difficult, due to the fact that
we will carry out an intra-subject validation. In Figure 5 3.3 it can be seen how MYSZ,
SPSZ and TNSZ seizure types are very minority classes. The MYSZ seizure type was

1https://www.isip.piconepress.com/projects/tuh_eeg/html/downloads.shtml
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3.1. Dataset

Figure 3.1: Placement of 21 electrodes by following the International 10-20 system.
A1 and A2 electrodes are not present in the dataset. Figure source Wikipedia [10]

Figure 3.2: Histogram of the number or records per patient
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Materials and Methods

Figure 3.3: Number of distinct patients per seizure type

Figure 3.4: Cumulative length per EEG record

removed from this study because it only contains 2 patients, which does not enable
us to perform the 3-fold cross-validation that we will perform in our work. Across
the 3050 records present in the dataset, and once we have extracted the annotated
chunks where there is a seizure present, we have found a big dispersion related to
the length of these chunks. Only the 5% of the records (153) sum the 40% of the total
length of the records. These outliers are almost present in GNSZ, FNSZ and CPSZ
classes (see Figures 3.4 and 3.5).

Preprocessing

To correctly extract the data chunks of annotated seizures from the records, we have
used the Python library presented in [43]. The authors of that study kindly made
available their library under a GitHub repository [44]. These chunks of seizure EEG
data were divided into overlapping slides called frames. We modify the library to
simply extract waveform frames from the EEG data. The same 20 channels used in
[43] and provided by their library were used: Fp1-F7, F7-T3, T3-T5, T5-O1, Fp2-F8,
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3.1. Dataset

Figure 3.5: Boxplot of the EEG records length per seizure type

Figure 3.6: Relation between number of frames and seconds

F8-T4, T4-T6, T6-O2, T3-C3, C3-Cz, Cz-C4, C4-T4, Fp1-F3, F3-C3, C3-P3, P3-O1,
Fp2-F4, F4-C4, C4-P4 and P4-O2. The differentiation of two electrodes, known as
montage, is performed by combining the longitudinal and transverse bipolar mon-
tages, producing the TCP montage with 20 channels. The TCP montage has been
widely used to perform the seizure detection task [47].
Splitting the original signal by a rolling window producing same-sized frames, is a
common preprocess in EEG, as well as overlapping frames [30, 57]. This is consid-
ered a data augmentation technique which could improve the classification results
[31]. The mean of frames per record is 103.38± 242.95. The 1st quartile are 24 frames,
the median 52 and the 3rd quartile 100. The minimum number of frames in a record
is 1 and the maximum are 3272. The relation between the number of frames and the
length of the record is shown in Figure 3.6.
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Overlapping 0.25s
between frame 1

and frame 2

Overlapping 0.25s
between frame 2

and frame 3

Frame 3

Frame 1

Frame 2

Previously annotated seizure record

Figure 3.7: Example of splitting a 2.5s record into frames
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3.2. CNN for signal processing
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Figure 3.8: Example of 1D convolution

3.2 CNN for signal processing

CNN have been widely used in audio tasks, such as speech recognition, music clas-
sification, or acoustic scene classification. Typically, one of the following approaches
is used: (i) to convert the waveform signal to a spectrogram, or (ii) directly use the
waveform (raw) signal [32, 28].

While a waveform signal is represented in the time-amplitude domain, a spectrogram
transforms the signal to the time-frequency domain. This transformation is done by
successively applying a Fourier Transform in a rolling window over time. Because of
the Fourier Transform, in spectrograms the phase variation of the original signal is
removed [32]. When a spectrogram is applied to a signal, a 2D matrix is obtained. In
CNNs, this matrix can be processed as an input image by using the 2D convolution
operation, automatically performing a feature extraction. It is noticeable that pro-
cessing waveform audio by using 1D convolutions, has shown a comparable results
to 2D CNNs trained over spectrograms [39, 65, 32].

In this study, we have made two approaches to train convolutional deep neural net-
works to distinguish between 7 seizure types: (i) making use of separable depthwise
1D convolutions and dilation rate technique over waveform EEG signals, and (ii)
building a spectrogram from each channel and then process it by using separable
depthwise 2D convolutions.

3.3 Network 1D waveform: separable depthwise 1D convo-
lutions and dilation rate over waveform EEG data

As time series, EEG signals should be processed by taking account the time dimen-
sion. 1D convolution operation consists in applying a convolution kernel along a
specified dimension, being in our case the time axis. For processing EEG data, the
convolution kernel will have a size of c ∗ w, where w is the number of points to be
considered in the time dimension, and c is the number of channels. Hence, a 1D
kernel will compute all channels together, while rolling the kernel along the time di-
mension (see Figure 3.8). The output is a new feature space called feature map. As
many feature maps will be created as kernels are used.

In contrast to traditional convolutions, separable depthwise convolutions process the
input data in two steps: depthwise convolution followed by a pointwise convolution.
In the first stage, the depthwise convolution is applied by using a kernel per channel,
e.g. in 1D depthwise convolutions, each kernel will have 1 ∗ w dimensions, where
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(1x3) kernels
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Intermediate feature map (5x12)Input data (5x14) Output feature map (1x12)

Figure 3.9: Example of 1D separable depthwise convolution

w is the kernel size. In the second stage, pointwise convolution combines the chan-
nels applying a kernel with size c ∗ 1, where c is the number of channels. As many
feature maps will be created as pointwise kernels are used (see Figure 3.9). In the
EEG case, separable depthwise convolution (i) allows to extract features from each
channel independently, for then (ii) combining these features in a output vector. This
operation enables to increase or decrease the original channels dimension in a new
feature space (feature map). Two advantages related to the number of multiplications
and the number of parameters emerge by using separable depthwise convolutions
against traditional convolutions.
In our case, as the EEG data consists of 20 channels with a length of 250 (1s), if 64 1D
kernels with size 8 need to be generated, and supposing no padding, traditional 1D
convolutions involves 8∗20∗(250−8+1)∗64 = 2.488.320 multiplications, while separable
depthwise convolution employs (8 ∗ 20 ∗ (250− 8 + 1)) + (20 ∗ (250− 8 + 1) ∗ 64) = 349.920
multiplications. Regarding to the number of parameters, 8 ∗ 20 ∗ 64 = 10.240 and
(8 ∗ 20) + (20 ∗ 64) = 1440 parameters are needed by using traditional 1D convolu-
tion and separable depthwise convolution respectively. In this case, the traditional
1D convolution needs more than x7 both, multiplications and parameters, compared
to depthwise convolutions. The use of separable depthwise convolutions over EEG
allows to us (i) to increase the efficiency by decreasing the number of necessary mul-
tiplications, and (ii) to reduce the overfitting on the training data by the low number
of necessary parameters that need to be fitted, compared to the traditional convolu-
tions.

Hence, our approach consists in applying 1D separable depthwise convolutions over
waveform EEG signals. Because these signals consist on c time series, one per EEG
channel, the use of 1D separable depthwise convolutions unlocks learning features
of these time series in an independent manner, for then combining them. This is
an interesting fact to take into account, because there is not need for establishing
an order between the EEG channels. In other case, if the waveform EEG data is
processed with 2D convolutions, adjacent channels will be computed together in the
convolution operation, which may produce bias. On the other hand, with the goal
of achieving a better generalization, the convolutions were configured with a wider
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3.3. Network 1D waveform: separable depthwise 1D convolutions and dilation
rate over waveform EEG data
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.....

Input data

Feature map

Figure 3.10: Example of 1D convolution with a kernel size of 3 and a dilation rate of 2

visual field, while using the same number of parameters. It is achieved by adopting
the dilation rate technique. Dilation rate consists in applying the convolution kernel
by spacing the values of the kernel over the input data (see Figure 3.10).

Because of the lack of high compute resources by the author of this study, which
are required in order to train large DL architectures, the use of efficient architectures
was an issue to be account. This constraint has led to an improvement in the classi-
fication results, because of the continuous overfitting problem that was encountered
while training and validating the models, which suggested us simplifying the DL net-
works. This fact was discovered while a realistic and more valuable intra-subject
cross-validation was done for testing the generated models. The main point to adopt
this hard validation, is because we trust that the advances in the EEG area should
be substantiated by extracting both, realistic and generalizable out-of-laboratory met-
rics. In our opinion, it will produce models that could be used by doctors as an aid
to perform a seizure type diagnosis.

The proposed DL architecture consists of two blocks of 1D separable depthwise con-
volutions, with 64 filters, a kernel size of 1 ∗ 8 and a stride of 1. This configuration
responds to a bias-variance trade off, in other words, we expect that the network can
correctly generalise over unseen patients. For this reason, we increased the origi-
nal feature space by increasing from 20 channels, to a feature map of 64, but only
two convolution blocks were configured. ReLU activation function was used after
each convolution layer to perform a non-linear decision boundary. Next, a pooling
with a size of 2 was applied to reduce the time dimension to the half. Following, a
global average pooling is performed over each feature map, generating a dense vector
with a length of 64. Dropout was applied before the dense layer to help to prevent
overfitting. Batch normalization technique is applied to reach a faster and more sta-
ble convergence, by re-centering and re-scaling the data. Finally, the classification
output is provided by a softmax activation function configured with the 7 expected
seizure types. A variation of this architecture was done by applying a dilation rate
of 10 to the 1D separable depthwise convolutions. In our case, because the sample
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Table 3.1: Architecture for processing waveform data

Layer Output shape Params
Input 250 ∗ 20 0

Separable depthwise 1D convolution 180 ∗ 64 1504

ReLU 180 ∗ 64 0

Separable depthwise 1D convolution 173 ∗ 64 4672

ReLU 173 ∗ 64 4672

Dropout 173 ∗ 64 0

Average pooling 1D 86 ∗ 64 0

Global average pooling 1D 64 0

Batch normalization 64 256

Softmax 7 455

Summary 6887

frequency of the EEG data is 250Hz, each frame has a length of 1s. With a kernel
size of 1 ∗ 8, and a dilation rate of 10, it allows to us to increase the visual field from
8/250 = 32ms (consecutive points) to 71/250 = 284ms (a point each 28.4ms). A summary
of this architecture is shown in Table 3.1.
About the input data, and as we explained in Section 3.1, the waveform EEG signals
are splitted in frames by using an overlapping rolling window of 0.25s (see Figure 3.7).
The input data has a size of 250x20, which correspond to a 1s of the EEG record for
each channel.

3.4 Network 2D spectrogram: separable depthwise 2D con-
volutions over spectrogram

To compare our approach network 1D waveform, we have built a second network to
process EEG spectrograms, which are a commonly representation used in audio and
EEG processing. It consists in transforming from the waveform time-amplitude do-
main to spectrogram time-frequency domain [7, 40, 63]. In our case, for each frame,
a spectrogram was built for each EEG channel, obtaining a 2D array per channel.
Then, these arrays were concatenated, getting a 3D array, which compounds the new
spectrogram frame with a shape of 13 ∗ 14 ∗ 20 points. The axis x, y and z, correspond
to frequency, time and channel dimensions respectively (see Figure 3.11). The trans-
formation from waveform to spectrogram was carried out by successively applying a
rolling window with a Fast Fourier Transform (FFT) over 100ms (25 data points) with
a overlapping of 32ms (8 data points). Finally, the spectrogram was transformed to
dB scale to remove the long tails present in the data distribution. This logarithmic
scale reduces the range of the values while the differences are still maintained [8] (see
Figure 3.12).

To process the spectrogram input, we proposed a CNN architecture which consists
of two blocks of 2D separable depthwise convolutions, with 64 filters, a kernel size
of 3 ∗ 3 and a stride of 1. The ReLU activation function and Dropout technique was
added at the end of each block respectively. In the second block, an average pooling
of 2 ∗ 2 was applied. Next, a global average pooling is performed over each feature
map, producing a dense vector with a length of 64. Then, the batch normalization
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Figure 3.11: Left: one frame of waveform EEG data. Right: same frame transformed
to spectrogram

.

Table 3.2: Architecture for processing spectrogram data

Layer Output shape Params
Input 13 ∗ 14 ∗ 20 0

Separable depthwise 2D convolution 11 ∗ 12 ∗ 64 1524

ReLU 11 ∗ 12 ∗ 64 0

Dropout 11 ∗ 12 ∗ 64 0

Separable depthwise 2D convolution 9 ∗ 10 ∗ 64 4736

ReLU 9 ∗ 10 ∗ 64 0

Dropout 9 ∗ 10 ∗ 64 0

Average pooling 2D 4 ∗ 5 ∗ 64 0

Global average pooling 2D 64 0

Batch normalization 64 256

Softmax 7 455

Summary 6971

technique is applied. Finally, the classification output is provided by a softmax ac-
tivation function, configured with the 7 expected seizure types. A summary of this
architecture is shown in Table 3.2.

3.5 Train methodology

Intra-subject cross validation

Correctly classifying seizure types over new patients, and not only with already seen
ones in the training stage, not only is crucial to reach a real advance in classify-
ing seizure types but also in whatever artificial intelligence domain. To measure the
algorithm performance with new never-seen patients in the training stage is called
intra-subject validation. Only the 39.13% of the studies where a diagnosis or prognosis
of a mental disorder by using EEG and DL have measured their performance with an
intra-subject validation [42]. It is worth noting that, an intra-subject validation, gen-
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Figure 3.12: Upper left: waveform EEG signal. Upper right: histogram of the obtained
spectrogram by applying FFT. Lower left: histogram of the spectrogram in dB scale.
Lower right: spectrogram in dB scale.
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3.5. Train methodology

erally will be lead to in a lower classification performance than if an inter-subject one
is performed (training and validating with same patients). Hence, the classification
results cannot be compared. In order to know the confidence interval of our models,
we have performed a 3-fold cross-validation. We have chosen the folds defined by
[43], and available in the GitHub repository [44]. Using the same folds and metrics
from previous works, allows to performing a real comparative between studies [42].

Hyperparameters

Regarding the hyperparameters, in the network 1D waveform, we established the
batch size to 512 because of this high number give us a more stable training; the
maximum number of epochs was fixed to 60 (limit never reached because early stop-
ping); 500 steps per epoch was configured, that is, 512 ∗ 500 = 256000 examples are
used per epoch; the widely used Adam optimizer [29] was employed with a small
learning rate of 0.0005, to reach a more stable convergence, and the defaults β1 = 0.9
and β2 = 0.999 was used; the categorical cross-entropy loss function was used due to
the softmax activation function was used to perform the 7-class prediction. Regard-
ing the network 2D spectrogram, a batch size of 128 was fixed due to an high number
needs a lot of time to compute; the maximum number of epochs was fixed to 200 (limit
never reached because of early stopping); 50 steps per epoch was configured, that is,
128 ∗ 50 = 6400 examples are used per epoch. This number is lower than the previous
one, because of the fact that computing 2D convolutions over CPU consumes a lot of
time, and we want to know the status of the convergence in the training phase after
each few minutes, similar to the case of the network 1D waveform; in the separa-
ble depthwise convolution, both l1 and l2 regularization methods were established to
the depthwise and the pointwise convolutions, due to the rapidly overfitting observed
in the training stage. The rest of the hyperparameters were configured in the same
manner as with the previous network.

Training

Some aspects of the training methodology stage are required to be known: (i) a val-
idation set was compounded by extracting, from the training set, a stratified set by
seizure types with a size of 10%. We preferred to sacrifice data from the training set
to correctly monitor the convergence during the training, in spite of losing instances
from the very minority classes. (ii) As we previously argued, there are some records
which are very long compared to the rest of the dataset. Concretely, the top 5% longer
of the records compound the 40% of the total length of the dataset (see Figures 3.4
and 3.5). This causes those patients with long recordings to have more weight in
the training phase. For avoiding that, the extraction of the training instances was
done by iterating over the training records by randomly selecting only one frame from
each record (see Algorithm 1). The number of iterations is infinite (only stopped by
the parameter steps per epoch). In this manner, we hope to reach a balance between
records in the training phase: records with a lot of frames will appear during the
training from different frames (low probability of selecting the same frame), while
records with low number of frames will appear too, in spite of repeating the same
frame with high probability.
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Classification methodology

As an EEG record is splitted into overlapping frames, we need (i) extract the proba-
bility of each class and (ii) to assign a seizure type to each record. For that, firstly we
predict each frame, and then we extract the probability of each seizure type by com-
puting the frequency of each class. Finally, the record class is assigned by extracting
the seizure type with the highest probability.
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Chapter 4

Results

In this section we will show the results achieved by training our architectures over
the TUSZ dataset, as well as a comparison with other previous works.

In the previous section, we have splitted the original EEG records into overlapping
frames with a length of 1s and an overlapping of 0.25s. The number of extracted
frames was more than 300k. The size of the waveform and spectrogram datasets were
12.1GB and 9.8GB respectively. The classification metrics were obtained by using an
intra-patient 3-fold cross-validation. As we previously mentioned, we only train with
the 90% of the training sets, because we extracted a seizure-stratified 10% of sam-
ples to compound a validation set. It allowed us to (i) monitor the training process, (ii)
to store the best reached model and (iii) stopping the training process, by extracting
metrics over the validation set and the end of each epoch. For the network 1D wave-
form, the training process stopped for each CV fold due to the early stopping after
20, 25 and 18 epochs. For the network 2D spectrogram, the training ended after 48,
49, and 50 epochs. The train has been carried out under TensorFlow 2 in a Lenovo
ThinkPad T480s with processor Intel® Core™ i5-8350U CPU and 16GB of RAM.

To measure the classifiers performance, we have extracted metrics to know (i) the
overall performance in the 7-class problem, that is, the seven seizure types and (ii)
over each class (seizure type) individually in a one-vs-all approach. For measuring
the joint performance over the 7-classes, we employ the weighted F1-score because
(i) there is a high imbalance between classes in the used TUSZ dataset, (ii) F1-score
metric is an harmonic mean between precision and recall, two robust metrics for
imbalanced classification problems, and (iii) to compare our proposals with previous
works. For knowing the classifiers performance over each class, we have extracted
the area under the precision-recall curve (AUPR). It summarises the behaviour of the
classifier by taking account our imbalanced problem.

The classification results are as follows: concerning to the joint performance over
the 7-classes, the network 1D waveform with dilation rate technique obtained the
best weighted F1-score with 0.611 ± 0.037. The network 2D spectrogram got a some-
what lower performance with 0.599±0.052. Comparison with previous works where an
intra-patient validation was used has been done. Table 4.1 shows that both, network
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Table 4.1: Classification results over testing set. Joint performance over the 7-
classes. Confidence intervals were not provided by either [43] and [5].

Model Mean weighted F1
[43] SGD 0.432

[43] kNN 0.467

[43] Adaboost 0.473

[43] XGBoost 0.561

[5] CNN FFT 0.592

Our proposals
Network 2D spectrogram 0.599± 0.052

Network 1D waveform 0.611± 0.037

1D waveform and network 2D spectrogram, improved the available state-of-the-art
results. The best previous results where reached by [5] with a weighted F1 of 0.592.
An improvement of 1.18% and 3.21% has been achieved by network 2D spectrogram
and network 1D waveform respectively. About the classification performance over
each class, the network 1D waveform achieved the best results for ABSZ, FNSZ and
GNSZ classes with an AUPR of 0.94± 0.05, 0.81± 0.03 and 0.55± 0.18 respectively. The
results over CPSZ, SPSZ, TCSZ and TNSZ classes are not remarkable. On the other
hand, the network 2D spectrogram got its best AUPR for FNSZ and GNSZ classes
with 0.81 ± 0.11 and 0.40 ± 0.02. For CPSZ seizure type, an AUPR of 0.29 ± 0.14 was
reached. ABSZ, TCSZ, TNSZ classes cannot be detected attending to the obtained
performance. Worth noting that, for the SPSZ class, the classifier obtained 0.31±0.52.
It corresponds to an almost perfect classification for one of the CV-fold (see Figure
4.1). These results are shown in Table 4.2, and will be deeply discussed in Section 5.
For the network 1D waveform, we executed experiments by removing the dilation
rate technique and using traditional 1D convolutions (no depthwise separable convo-
lutions). The already presented network 1D waveform, which employs dilation rate
and depthwise 1D convolutions, outperforms the rest of the probed variants (see Ta-
ble 4.3). Multi-class confusion matrices and precision-recall curves are provided for
both networks (Figures 4.1, 4.2, 4.3, 4.4). Same figures corresponding to every cross-
validation fold are provided in Appendix B.

In the next section, we deeply discuss these results and analyse how our experiment
design affects to the classification performance.
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Table 4.2: Classification results over testing set. Each class is measured with the
one-vs-all method.

Mean AUPR
Seizure Type Network 1D waveform Network 2D spectrogram
ABSZ 0.94± 0.05 0.04± 0.01

CPSZ 0.11± 0.02 0.29± 0.14

FNSZ 0.81± 0.03 0.81± 0.11

GNSZ 0.55± 0.18 0.40± 0.02

SPSZ 0.02± 0.02 0.31± 0.52

TCSZ 0.15± 0.15 0.14± 0.15

TNSZ 0.02± 0.02 0.02± 0.02

Table 4.3: Comparison of testing classification results for network 1D waveform.

Convolution type Dilation rate Mean F1 Weighted
Traditional 1D No 0.538± 0.012

Traditional 1D Yes 0.533± 0.045

Separable depthwise 1D No 0.556± 0.041

Separable depthwise 1D Yes 0.611± 0.037

Figure 4.1: Testing precision-recall curves for each class. Network 2D spectrogram
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Figure 4.2: Testing confusion matrices for network 2D spectrogram

Figure 4.3: Testing precision-recall curves for each class. Network 1D waveform
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Figure 4.4: Testing confusion matrices for network 1D waveform
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Chapter 5

Discussion

In this work, we have presented two CNNs architectures based on separable depth-
wise convolutions, for processing waveform and spectrogram EEG data to perform
the seizure type classification task. Both of our approaches outperform the state
of the art results. The results obtained are consistent with previous studies where
waveform and spectrogram signals were processed by CNNs, obtaining similar per-
formance [39, 65, 32]. In our study, the network 1D waveform has achieved the best
classification results with a weighted F1 of 0.611 ± 0.037 (see Table 4.1). This fact
demonstrates that, in our case, preprocess EEG signals by compounding spectro-
grams lead to a loss of information, thus obtaining worse classification metrics. In
the same manner, this result shows that 1D convolutions can perform a more valu-
able feature extraction, which lead in better classification results.

Regarding the classification performance over each seizure type, the network 1D
waveform can correctly distinguish the classes ABSZ, FNSZ and GNSZ. It is worth
highlighting that a nearly perfect result for the ABSZ class was obtained with an
AUPR of 0.94 ± 0.05. This seems to indicate that the waveform representation is ben-
efiting the ABSZ class detection. This seizure type is characterised by a pattern of
spike and wave discharges of 3 Hz [36]. As long as this important pattern is kept in
the waveform representation, it could disappear, or at least be strongly toned down,
after our configured Fast Fourier Transform, causing the observed misclassification
on network 2D waveform (AUPR of 0.04 ± 0.01). For the only classes where the use
of spectrograms representation improves the waveform ones were CPSZ and SPSZ,
where an AUPR of 0.29 ± 0.14 and 0.31 ± 0.52 was obtained (see Table 4.2). Regarding
the result over SPSZ, where the network 2D spectrogram achieved an almost perfect
classification for the second CV-fold, and due to the low number of patients for this
class in the dataset, we believe that this result is due to chance more than that the
network has achieved a correctly decision boundary. To know if this approach can
correctly distinguish the SPSZ class, more data need to be available. On the other
hand, future studies need to be carried out to know why the network 2D spectrogram
achieves better classification results than network 1D waveform over the CPSZ class.

The use of waveform signals have some advantages with respect to spectrogram when
these are processed with CNNs:
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• There is nearly not preprocessing necessary to obtain the waveform signal. In
contrast, to get spectrograms successively, Fourier transformations need to be
applied to the waveform signal, which needs additional processing time.

• To calculate the spectrograms, extra hyperparameters need to be specified, such
as the size and the overlapping of the rolling window where the Fourier trans-
form will be applied.

• Even though both networks have a similar number of parameters, 6887 and
6971, for network 1D waveform and network 2D spectrogram respectively, there
is a big difference in terms of efficiency. In the inference, the network 2D spec-
trogram takes 153ms to predict 64 frames in an Intel i5-8350U CPU, while the
network 1D waveform takes 10ms in the same case. This does not include the
processing time to convert the waveform signal to spectrogram, which will con-
siderably increase the difference. In our opinion, the efficiency is an issue to
be considered. Due to the high efficiency and the small size of our networks,
these could be integrated in low-resource and low-cost devices. It could allow
extending the use of these types of techniques to assist to the doctors in the
diagnosis of seizure types.

The main point in our two approaches is the use of separable depthwise convolutions,
which (i) considerably reduce the amount of necessary parameters, helping to avoid
overfitting and (ii) to process each channel in an isolated manner with the depthwise
convolution stage. It performs an automatic feature extraction over each channel be-
fore combining them with the pointwise convolutions. Furthermore, the adoption of
the dilation rate technique in the convolutions of the network 1D waveform, provides
to it a bigger visual field. This technique helps to extract features which perform a
better generalization in the new unseen testing data. Our hypothesis is that joint data
points do not contain enough information, at least with the frequency of 250Hz, which
has been recorded in the TUSZ dataset. Combining these two techniques, a step for-
ward in performance terms is produced by this 1D network. This fact is shown in
Table 4.3. When the traditional 1D convolution is used, a weighted F1 of 0.538± 0.012
and 0.533 ± 0.045 is achieved by not using and using dilation rate technique. A per-
formance of 0.556 ± 0.041 is obtained when only separable depthwise convolution is
applied. Nevertheless, as we already showed, the best result, 0.611±0.037, is achieved
when these two techniques are combined.

To know how the classification performance vary with the number of frames, we have
performed an analysis where we have progressively increased the maximum number
of frames predicted per record e.g. when the maximum frames is equal to 1, only the
first frame of each record is predicted, and hence it is returned this only prediction
as seizure class of the record. When the maximum frames is set to 5, only the first
five frames are classified, extracting the probability of each class by counting their
frequency. The total number of frames predicted by fixing a maximum limit of frames
per record is shown in Figure 5.1. This analysis has been done only with the network
1D waveform, because it achieved the best classification results. As we expected, the
classification performance increases as the maximum number of frames is increased
(see Figure 5.2a). As it can be seen, only when 1 frame, or 1s (1.01% of total frames) is
used, there is a clear drop in the classification performance. In contrast, with only 5
frames, or 4s, (≈ 5k frames or 5.03% of total) a weighted F1 of 0.575± 0.039 is achieved.
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Discussion

Figure 5.1: Frame count in testing set by fixing the maximum number of frames per
record

By using 50 frames, or 37.75s, (≈ 37k frames or 36.71% of total), a value of 0.607±0.038 is
attained. It is interesting to note that, by using all testing frames (≈ 100k frames pre-
dicted), that is x2.7 times more frames, the weighted F1 only increases to 0.611±0.037.
Note that the median of frames per record is 52.
For the 3 classes where the best classification results were reached, we have carried
out the same analysis but using the AUPR metric. In the classes FNSZ and GNSZ,
it can be observed an increase of the AUPR when more frames are used (see Figures
5.2b, 5.2c, 5.2d). In contrast, for the ABSZ seizure type, the maximum is achieved
with only 15 frames. This fact may be due to the fact that the defined DL architecture
could favor the detection of this seizure type. Another interesting issue is that the
uncertainty in the class GNSZ is high compared to FNSZ and ABSZ classes, despite
this class being the second most frequent with respect to the number of patients (see
Figures 3.3 and 5.2d). It can indicate that there is a high heterogeneity inside this
class, and maybe it is necessary to perform a non-supervised analysis, e.g. by using
the clustering technique. This analysis could indicate that this class needs to be
splitted into several ones.

The manner that the frames are selected to train the DL networks has turned out to
be a crucial decision. As we explained in Section 3.5, there is a big dispersion across
the length of the records, hence producing a lot of frames for some records and a poor
quantity for others. To avoid this bias in the training stage, we repeatedly iterated
over each record, picking only a random frame per record in each iteration (see Algo-
rithm 1). We trained the network 1D waveform without this strategy, thus obtaining
a weighted F1 of 0.509 ± 0.019, which produces a much worse result. In contrast, if
the training frames are selected by using the proposed algorithm, the already seen
weighted F1 of 0.611± 0.037 is returned.
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(a) (b)

(c) (d)

Figure 5.2: Performance in testing set by fixing the maximum number of frames per
record for network 1D waveform
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Algorithm 1: Algorithm to retrieve frames from training set

InfiteIteratorFrames (listRecordsId)
input : List with the identifiers of each record
output: Frames
while True do

shuffle(listRecordsId);
foreach recordId ∈ listRecordsId do

record ← readRecord(recordId);
frame ← pickRandomFrame(record);
return frame;

end
end

The main limitation in the obtained results consists on the misclassification in the
TNSZ class, as well as the high uncertainty in the CPDZ, SPSZ and TCSZ classes.
Concerning TNSZ and SPSZ seizure types, only records from 3 patients per class
are present in the dataset. Due to the intra-patient and 3-fold cross-validation, only
one patient per class belongs to the testing set per cross-validation fold. The data
of this class should be increased to know whether if it is possible to achieve reason-
able classification results. For the TCSZ class, the obtained AUPR for the network
1D waveform was 0.15± 0.15. We suspect that this low classification result with high
dispersion is due to the only 14 patients available in the datasets. Despite this, for
a recall of 0.5, a precision of ≈ 0.58 was obtained in the second CV-fold for the net-
work 2D spectrogram (see Figure 4.1). With these results, we believe that it is worth
making an effort to continue increasing the number of patients of this class in the
dataset. Similarly to TCSZ, the CPSZ results contain a high uncertainty with an
AUPR of 0.29 ± 0.14 for the network 2D spectrogram. In contrast to the TCSZ class,
for this seizure type 41 patients are available, that is, the 3rd most frequent class.
In the confusion matrix shown in Figure 4.2, it can be seen how the classifier fails
to distinguish between FNSZ and CPSZ classes. Concretely, the 28.93% of the CPSZ
records are misclassified as FNSZ, and the 15.85% of the FNSZ records are wrongly
classified as CPSZ. The behaviour of the network 1D is even worse (see Figure 4.2).
The causes of this misclassified should be studied in the future.

Concerning hyperparameters and network configurations, a widely exploration should
be also carried out. Due to the limitation of this author to access high performance
GPU resources, it was a great challenge to train the neural networks over a laptop
and only using CPU. Trainings over Google Colaboratory1 were carried out, but the
following inconveniences were encountered: (i) the size of the dataset, which cannot
fit in memory, forces us to use iterators (ii) due to the high amount of files (≈ 300k),
and the high latency in the disk reading, the training time considerably increases, (iii)
the maximum time offered by Colaboratory was reached during the training process.
For that, we decided to carry out the training in our personal computer, which offers
a low latency in the disk reading but with poor compute resources. This situation
forced us to think “out the box”, achieving high-efficient and simple convolutional
neural network architectures, that have overcome the state of the art performance.

1https://colab.research.google.com/
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A future work is related to incorporating a non-seizure class. We consider that adding
data from a seizure-free class may lead in a better generalization, because these
examples can help us to get a better differentiation between seizure classes.
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Chapter 6

Conclusions and future work

In this work, two approaches based on deep neural networks and separable depth-
wise convolutions have been presented to perform a 7-class seizure type classifica-
tion by means of EEG data. Our two architectures are as follows: (i) network 1D
waveform, that employs 1D separable depthwise convolution and dilation rate tech-
nique to process waveform EEG data, and (ii) network 2D spectrogram, where gener-
ated spectrograms are processed by 2D separable depthwise convolutions. The use
of separable depthwise convolutions unlocks the automatic feature extraction over
each EEG channel independently. To validate our approaches, the Temple University
Hospital Seizure dataset was used. The following 7 seizure types were selected: Ab-
sence (ABSZ), Complex Partial (CPSZ), Focal Non-Specific (FNSZ), Generalized Non-
Specific (GNSZ), Simple Partial (SPSZ), Tonic (TNSZ) and Tonic Clonic (TCSZ). The
EEG records were splitted into chunks called frames with a length of 1s and 0.25s
of overlapping, generating more than 300k frames. The classification results were
obtained by performing a more generalizable intra-patient 3-fold cross-validation. A
weighted F1-score of 0.599 ± 0.052 and 0.611 ± 0.037 was achieved by the network 2D
spectrogram and network 1D waveform, outperforming the state of the art results.
Regarding the classification results per seizure type, the network 1D waveform dis-
tinguishes between ABSZ, FNSZ, GNSZ seizure types, while network 2D spectrogram
achieves the best results over FNSZ and GNSZ classes. Results on the CPSZ, SPSZ
and TCSZ classes involve an high dispersion. TNSZ class has not be classified due
to the low number of patients available in the dataset. We encourage to continue
increasing the amount of patients in this dataset, and over the minority classes in
particular. With our promising results, and taking account a class independent anal-
ysis done in this work, we have concluded that with more data should it be possible
to reach a better classification between seizure types.

An analysis was realised to know how the classification performance changes by
limiting the maximum number of frames per EEG record. We found out that only
employing 5 frames, or 4s, (5.03% of total frames) the network 1D waveform achieves a
weighted F1 of 0.575±0.039, and by using 50 frames, or 37.75s, (36.71% of total frames),
a value of 0.607 ± 0.038 is attained. It indicates that there is no needed for recording
long-time EEG signals to achieve a nearly maximum performance of the algorithm.
An advantage of our defined architecture is their efficiency, involving less than 7000
parameters for each one, and employing 153ms (network 2D spectrogram) and 10ms
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(network 1D waveform) to carry out the inference of a batch of 64 frames over a CPU.
This fact makes these networks capable of running in low-cost and low-resource de-
vices, without the need for employing more powerful hardware like GPUs. Addition-
ally, for the network 1D waveform, virtually no preprocessing is necessary, saving
even more computing time. As future works, and taking into account the classifi-
cation results, it may be necessary to study the cohesion inside each seizure type
by using unsupervised learning techniques. On the other hand, we consider that a
free-seizure class should be added, which would help to better distinguish between
seizure types. A limitation of our study is the need for further exploration of hyper-
parameters and network configurations, where we believe that there is still room for
improvement. The code of this work is public available on GitHub1.

1https://github.com/weiter10/tfm_eeg_dl
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Appendix A

Previous works

As part of this thesis, we link our previous work “Diagnosis and prognosis of mental
disorders by means of EEG and deep learning: a systematic mapping study” 1.
Abstract:
“Electroencephalography (EEG) is used in the diagnosis and prognosis of mental disor-
ders because it provides brain biomarkers. However, only highly trained doctors can
interpret EEG signals due to its complexity. Machine learning has been successfully
trained with EEG signals for classifying mental disorders, but a time consuming and
disorder-dependant feature engineering (FE) and subsampling process is required over
raw EEG data. Deep Learning (DL) is positioned as a prominent research field to pro-
cess EEG data because (i) it features automated FE by taking advantage of raw EEG
signals improving results and (ii) it can be trained over the vast amount of data gener-
ated by EEG. In this work, a systematic mapping study has been performed with 46
carefully selected primary studies. Our goals were (i) to provide a clear view of which
are the most prominent study topics in diagnosis and prognosis of mental disorders by
using EEG with DL, and (ii) to give some recommendations for future works. Some re-
sults are: epilepsy was the predominant mental disorder present in around half of the
studies, convolutional neural networks also appear in approximate 50% of the works.
The main conclusions are (i) processing EEG with DL to detect mental disorders is a
promising research field and (ii) to objectively compare performance between studies:
public datasets, intra-subject validation, and standard metrics should be used. Addi-
tionally, we suggest to pay more attention to ease the reproducibility, and to use (when
possible) an available framework to explain the results of the created DL models.”

1License number: 5046130157901. License date: April 11, 2021. Licensed Content Publisher:
Springer Nature
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Appendix B

Testing results

Confusion matrices and precision-recall curves for each CV-fold and network.
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Figure B.1: Network 1D waveform. Confusion matrices and AUPR for fold 1
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Testing results

Figure B.2: Network 1D waveform. Confusion matrices and AUPR for fold 2
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Figure B.3: Network 1D waveform. Confusion matrices and AUPR for fold 3
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Testing results

Figure B.4: Network 2D spectrogram. Confusion matrices and AUPR for fold 1
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Figure B.5: Network 2D spectrogram. Confusion matrices and AUPR for fold 2
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Testing results

Figure B.6: Network 2D spectrogram. Confusion matrices and AUPR for fold 3
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