®

Check for
updates

Seizure Detection Using Deep
Discriminative Multi-set Canonical
Correlation Analysis

Xuefeng Bai®™) | Lijun Yan, and Yang Li

School of Computer, Shenzhen Institute of Information Technology, Shenzhen, China
xuefeng.bai@outlook.com, yanlj@sziit.edu.cn, yangzail529@163.com

Abstract. Due to the nonlinear and nonstationary properties in EEG
signals, some seizure detection methods tried to decompose EEG signal
into nonlinear and nonstationary components and use them for feature
extraction. Seizure detection results showed a certain degree of improve-
ment in these approaches. Based on this idea, more signal decompo-
sition methods have been explored. Signal decomposition methods are
designed according to different principles, which show different prop-
erties of signals. So, it can be more effective using features extracted
from different signal decomposition methods. Based on this considera-
tion, a novel method for seizure detection based on feature combination
exploiting deep neural network is proposed in this paper. We introduced
a discriminative extension of Deep Multi-set Canonical Correlation Anal-
ysis (DMCCA) for seizure detection. Features extracted from different
decomposed signals are combined by a joint optimization target of dis-
criminative loss and multi-set canonical correlation loss, which is both
discriminative and canonical correlated. Preliminary experiments show
the proposed method improves seizure detection results in terms of accu-
racy and AUC.
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1 Introduction

Epilepsy is one of the most common neurological diseases in the world. To rec-
ognize a seizure, it is typically necessary for physicians to observe EEG signal of
the patient carefully, which is a time consuming process. What’s more, it is not
realistic for long time duration EEG signals [1]. Thus, there is an urgent need
for automatic detection of seizure.

Thanks to the development of signal processing and machine learning, var-
ious seizure detection methods have been proposed [2,3]. In the early, Fourier
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transform based spectral features are introduced to classify seizures and posi-
tive results are obtained [4]. As there is not any time-domain characteristic can
be obtained using Fourier transform, time-frequency domain features based on
short time Fourier transform (STFT) have been exploited [5]. What’s more, in
order to analyze multi-resolution time-frequency characteristics, wavelet analysis
is used to extract features from EEG signal [6]. Wavelet analysis is suitable for
stationary signal. However, some researchers have pointed out that frequency
of EEG signals may change over a period of time, which indicates it is nonsta-
tionary [7]. Thus, new signal processing tool is desired for EEG based seizure
detection.

Recently, Empirical Mode Decomposition (EMD) [8] is proposed to decom-
pose EEG signal into intrinsic mode functions (IMFs) and then extracted feature
for seizure detection [9]. EMD is an adaptive signal decomposition method that is
able to decompose signal into IMF's, which can be handled by Hilbert Transforms
[8]. EMD based feature extraction has been applied in lots of seizure detection
methods [9-13].

Another adaptive signal decomposition method is Empirical Wavelet Trans-
form (EWT) [14]. In EWT, signal will be decomposed into a fix number of
predetermined modes. Compared with EMD, IMFs decomposed by EWT are
more consistent. Some researchers have proposed to use EWT for EEG based
seizure detection [15,16].

More recently, a new type of adaptive signal decomposition method called
Variational Mode Decomposition (VMD) is proposed [17]. In VMD, a signal is
decomposed into an ensemble of band-limited intrinsic mode functions. Thanks
to the Wiener filtering in the decomposition process, it is more robust to noise.
There are also some work using VMD to detect seizure [18,19].

After decomposed by signal process tools mentioned above, various features
can be extracted. Although these adaptive decomposition methods are different
in principle, the decomposed IMFs are all compact around specific center fre-
quencies and have well-behaved Hilbert transforms [20]. Thus, features related to
amplitude, bandwidth modulation, as well as instantaneous phase and amplitude
can be calculated.

In addition to exploring new signal process techniques or feature extract
methods, making full usage of existing methods may improve classification
results. As different signal decomposition methods reflect different aspects of
the signal, it can be more effective using features extracted from different signal
decomposition methods. According to this consideration, a deep neural network
based feature fusion method is proposed in this paper.

The rest of this paper is organized as follows. In Sect. 2, details of the pro-
posed method is presented. In Sect. 3, experimental results are shown and dis-
cussed. We conclude this paper at last.
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2 Methodology

2.1 Deep Linear Discriminant Analysis (Deep LDA)

As shown in Eq. 1, LDA tries to find a projection matrix A that maximizes the
ratio of between class scatter X'x, and within class scatter Xx .
[AZx,A7] 1)
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A is determined by solving a eigenvalue problem ¥y, e = vX¥x e, where v
are eigenvalues. What’s more, v quantifies the interval in direction of eigenvectors
and the projection matrix A is the corresponding eigenvector e of this group.
A drawback of LDA is lack of ability to handle non-linear projection.
Although non-linear method such as kernel LDA [21] is proposed, it is still dif-
ficult to design a well-adaptive kernel.
DeepLDA is a non-linear extension of LDA using deep neural network [22].
As shown in Fig. 1(a), a LDA loss function is put on top of a deep neural net-
work in DeepLLDA, which is able to learn latent representations. With the con-
strain of LDA loss function, DeepLDA maximize the separation between classes.
Optimization target of DeepLDA is set as maximizing k smallest eigenvalues
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With objective function set as Eq. 2, deep neural network in DeepLDA is
optimized to transform features into more discriminative form.
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Fig. 1. Schematic sketches of nonlinear extension methods based on deep neural net-
work

2.2 Deep Multi-set Canonical Correlation Analysis (DMCCA)

The goal of MCCA is trying to maximize the correlation between multiple data
sets, as shown in Eq. 3.
v(—irRBvd
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where Rp and R,, is between-set and within-set covariance matrices. MCCA
finds projection vectors v4 by solving a generalized eigenvalue problem:

RV = Ry VA (4)

Generally speaking, nonlinear information in the data sets is not handled.
In order to handle these nonlinear information, Deep MCCA is proposed. Deep
MCCA is an extension of MCCA [23], which is able to learn nonlinear relation-
ship from features.

As shown in Fig. 1(b), main idea of DMCCA is set multi-set CCA as target
function on the top of several deep neural networks, each network deal with a
specific modality. Target of DMCCA optimization is shown in Eq. 6

1
argmax — X7 pg (5)
o D

where pg is the inter-set correlation of N modalities.

With the constrain of this target function, DMCCA handles nonlinear trans-
formations from different modalities when maximizing the ratio of between-
modality and within-modality covariance of the input data.

2.3 Deep Discriminative Canonical Correlation Analysis
(DDMCCA)

As described above, target of Deep LDA is designed for maximizing the ratio
of between class scatter and within class scatter, and discriminative information
is involved in the training process. While target of Deep MCCA is designed
for maximizing the ratio of between modality covariance and within modality
covariance, and modality information is involved in the training process.

Both discriminative information and modality information may improve the
classification ability of transformed features. Thus, we proposed to use both
discriminative information and modality information when training deep neural
network, which is named as Deep Discriminative Multi-set CCA (DDMCCA).
Schematic of DDMCCA is shown in Fig. 1(c). Main idea of the present work is
to use both target function of Deep LDA and Deep MCCA. We optimize the
deep neural network with a joint target function that both the discriminative
power and correlation between different modalities are involved:

k
1 1
arg max {)\LDAk E v; + /\MCCADEdD—lpd} (6)

i=1

Arpa and A\prcca are weight factors of two target function respectively.

2.4 Feature Extraction and Feature Selection

In order to perform seizure detection using deep neural network based method
mentioned above, features should be extracted from IMFs. We extract features
from both spectral domain and time domain.
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The first extracted feature is Spectral Energy (SE), given by Eq. 7

=+ Pax(f) ™
f=0

where N is the total number of spectral coefficients, Pxx is the PSD estimated
by Welch’s method.
Then Spectral Entropy(SEP) is calculated as in 8

o

SEP = — Pxx(f)log [PXX(f)] (8)

~

where Px x is the normalized PSD.

Main frequency is an important characteristic of signal. Thus, Spectral Peak
(SP) of PSD is exploited. Beside this, Spectral Centroid (SC) is also extracted
asin Eq. 9

S (M)
S M(f)

Bandwidth of AM and FM are also extracted as in Eq. 10, where A is the
amplitude of the analytic signal, F is the Energy.

SC =

9)

dA(t)

AM - E f
=1 f dd)(t) AQ (10)
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After that, several time-domain features are extracted such as Hjorth param-
eters and statistical moments, which are defined as:
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3 Experimental Results

We use a publicly available database offered by the University of Bonn [24] to
perform experiments. There are 5 subsets in this database: Z, O, N, F, S. In
each subset, there are 100 temporal series that is sampled with a frequency
of 173.6 Hz and a duration of 23.6s. The Z and O are collected from 5 health
volunteers with eyes open and closed. The N, F, S are collected from epileptic
patients. In particular, Set S is sampled during the seizure activity, set F and
N are sampled during the seizure-free interval with electrodes placed on the
epileptogenic zone and opposite hippocampus. We focus on dealing with the S,
F, Z sets, which are corresponding to ictal, interictal and normal category.

Samples of each category is decomposed by EMD, EWT and VMD into 6, 6
and 5 modes respectively, which is the best parameters according to [20]. Then,
Deep Multi-set CCA, Deep LDA and Deep Discriminative Multi-set CCA are
used to obtain the fused features.

Table 1. Classification AUC of different classification methods.

Methods | KNN | Linear SVM | RBF SVM | GP | NN

EEG 98.05 |1 97.92 99.16 98.97 1 99.10
EMD 96.60 | 99.20 99.07 99.20 | 99.03
VMD 97.93199.50 99.28 95.72199.50
EWT 96.80 | 99.26 99.04 99.33199.61
DMCCA 99.09 | 99.84 99.79 99.71199.80
DeepLDA | 97.55 | 98.00 98.67 95.97 | 98.53
DDMCCA | 99.65 | 99.95 99.97 99.94 |1 99.94

To evaluate performance of the obtained features, AUC and accuracy are
computed using K nearest neighbors (KNN), Linear and RBF SVM, Gaussian
Process classification (GP) and neural network classifier (NN). Classification
results of AUC are shown in Table 1. With the help of the discriminative loss
function, the highest AUC value is obtained by Deep Discriminative MCCA,
with slight superior values for other methods.

Accuracy value of these methods are show in Table 2. All of the classification
methods provide an accuracy above 90%. In these method, Deep Discriminative
MCCA got the best performance.



Seizure Detection Using DDMCCA 135

Table 2. Accuracy of different classification methods.

Methods | KNN | Linear SVM | RBF SVM | GP | NN

EEG 94.67 | 90.33 92.67 96.00 | 92.67
EMD 90.00 | 95.00 94.00 95.33 | 94.67
VMD 94.00 | 95.67 96.33 83.00 | 95.33
EWT 89.00 | 94.67 93.67 94.67 | 94.67
DMCCA | 95.67|97.33 97.00 96.33 | 96.00
DeepLDA |92.00 | 91.00 91.67 34.33193.67
DDMCCA | 97.67 | 97.67 98.67 98.33 | 98.00

4 Conclusion

We presented a discriminative extension of Deep MCCA, which is named as
Deep Discriminative MCCA (DDMCCA). In this work, we maximize multi-set
canonical correlation with a discriminative loss. A public available seizure dataset
is used to verify the feasibility of DDMCCA. Features extracted from IMFs of
EMD, EWT and VMD are used as the training features of the deep neural
networks. Preliminary experiments indicate this method has the potential to
improve seizure classification performance.
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