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Abstract— Epileptic seizure detection using multi-channel
scalp electroencephalogram (EEG) signals has gained increasing
attention in clinical therapy. Recently, researchers attempt to
employ deep learning techniques with channel selection to
determine critical channels. However, existing models with
such hard selection procedure do not take dynamic constraints
into account, since the irrelevant channels vary significantly
across different situations. To address these issues, we propose
ChannelAtt, an end-to-end multi-view deep learning model with
channel-aware attention mechanism, to express multi-channel
EEG signals in a high-level space with interpretable meanings.
ChannelAtt jointly learns both multi-view representation and
its contribution scores. We propose two attention mechanisms
to learn the attentional representations of multi-channel EEG
signals in time-frequency domain. Experimental results show
that the proposed ChannelAtt model outperforms the baselines
in detecting epileptic seizures. Analytical results of a case study
demonstrate that the learned attentional representations are
meaningful.

I. INTRODUCTION

Epilepsy is a serious chronic neurological disorder caused

by sudden abnormal neuronal discharges in the brain. The

major symptom of epilepsy is associated with recurrent and

unpredictable epileptic seizures [1]. According to previous

studies, there has been a growing interest in detecting multi-

channel scalp electroencephalogram (EEG) epileptic seizure

through deep learning methods [2], [3]. These deep learning

based methods are proposed to explore inherent EEG repre-

sentations to observe brain electrical activities. The challenge

is that most of the channels in multi-channel EEG signals

are irrelevant to brain related activities, including seizure

onset [4]. These irrelevant channels introduce lots of noise

to data and could significantly reduce the performance of

the learning methods. To address this, researchers attempt

to employ deep learning techniques with channel selection

procedure to determine the critical features by the partition

of channels [5], [6]. Yuan et al. [4] proposed an SSDA-

based EEG channel selection procedure considering multiple

information to jointly determine the critical channel features.

These methods result in a marked mitigation of the noise

effect, since the irrelevant channels are filtered out. However,

they do not always yield good performance with such hard
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selection strategy, since the irrelevant channels change over

different situations.

To tackle the aforementioned issues, we propose an in-

novative channel-aware attention framework (ChannelAtt) to

achieve dynamic soft channel selection in multi-channel EEG

signals, and employ the learned low-dimensional features

in seizure detection. Our framework is described in Fig. 1.

Specifically, as the biosignals expressed in time-frequency

domain are more meaningful than time domain [7]. In our

model, we first slice the signals into pieces with a sliding

window and adopt short-time Fourier transform (STFT) [8]

as preprocessing to describe the frequency content in signals

over time, denoted as spectrogram. We then train an unified

model, which consists of a multi-view representation layer

with two encoders and a channel-aware attention layer, to fur-

ther express multi-channel signals in a high-level space with

interpretable meanings. Note that the described framework

also caters for additional multi-channel time-series tasks

from other sensor types, such as human activity recognition

and arrhythmia detection. In summary, our contributions are

as follows:

• We propose ChannelAtt, an end-to-end multi-view deep

learning model to accurately detect seizure onset from

multi-channel EEG signals, without depending on any

expert medical knowledge.

• We develop two channel-aware attention mechanisms

to dynamically calculate scores for each channel and

achieve soft channel selection. To the best of our knowl-

edge, this is the first work using attention mechanism

for biosignal channel selection in healthcare.

• We empirically show that the proposed ChannelAtt

outperforms existing seizure detection methods on a

benchmark dataset. The results of a case study indicate

that the proposed channel-aware attention mechanism

is able to identify the influential clinical concepts of

seizure onset.

II. METHODOLOGY

In this section, we show the details of our proposed

channel-aware attention (ChannelAtt) methodology that con-

tains two models, namely ChannelAttloc and ChannelAttglo,

respectively.

A. Multi-view Representation

In the task of multi-channel data mining, simply concate-

nating the raw input features may not be enough for deep

learning models to yield robust and accurate results. The

importance of extracting features from different perspectives,
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Fig. 1. Schematic illustration of the overall approach pipeline.

denoted as multi-view deep learning, has proven to be effec-

tive in bioinformatics [4]. Inspired by this work, we further

extend this strategy by adopting two feature encoders to

learn latent representations from global and channel-specific

views, i.e., global-encoder and channel-encoder, respectively.

Specifically, given a C-channel EEG spectrogram segment

x = (x1, ...,xC) where xi ∈ R
n, the global-view represen-

tation hg ∈ R
p can be expressed by a global-encoder based

on forward-propagation:

hg = f(Wgx1:C + bg), (1)

where f(·) is the activation function, Wg ∈ R
p×Cn and bg ∈

R
p denote the weight matrix and bias vector, respectively.

For each xi, we can obtain its channel-view representation

hi ∈ R
p by feeding a channel-encoder as follows:

hi = f(Wcxi + bc), (2)

where Wc ∈ R
p×n and bc ∈ R

p are the weight matrix

and bias vector, respectively. Note that the encoder could

be parameterized by any multi-layer deep learning models.

To demonstrate the basic idea of the proposed method, both

global and channel encoders are parameterized by two-layer

stacked autoencoders (SAEs) [9].

B. Channel-aware Attention Mechanism

In health domain, interpreting the learned representations

is important to understand the clinical meaning [10]. Since

the input of our model is multi-channel data, we focus on dis-

covering the contribution scores of channels and interpreting

which ones are crucial to clinical tasks. To achieve this, we

propose channel-aware attention mechanism. The main idea

is to derive a global context vector cg ∈ R
p that captures

relevant channel information to help detect the seizure onset.

Specifically, we build a score function to calculate the energy

egi of each channel i separately and obtain a normalized

attention score vector αg using softmax function:

αg = softmax([eg1, eg2, ..., egC ]). (3)

Then the context vector can be calculated based on the scores

obtained from Eq.(3) and the channel-view representation

hi(1 ≤ i ≤ C) as follows:

cg =

C∑
i=1

αgihi. (4)

In our framework, based on the learned multi-view represen-

tation, we employ two mechanisms to learn attention scores.

Local-based Attention: An easy way to calculate the en-

ergy is scoring solely from each channel-view representation:

egi = W�
e hi + be, (5)

where We ∈ R
p and be ∈ R are the weight vector and bias

value, respectively. Note that the local-based attention mech-

anism does not capture the relationships among channels,

since it only considers individual channel information. More-

over, it is time-consuming to directly measure the correlation

of any two channels. Thus, to utilize the information from

all channels, we adopt a global-based attention mechanism

in the proposed ChannelAtt.

Global-based Attention: We use a multi-layer perceptron

(MLP) [11] to calculate the energy by considering the

relationships between global-view and channel-view repre-

sentations:

egi = v�
e f(We[hg;hi]), (6)

where We ∈ R
q×2p and ve ∈ R

q is the parameter to be

learned, and we can obtain the context vector cg with Eq.(3)

and Eq.(4).
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C. Seizure Detection

Given the context vector, we concatenate it with the

global-view vector to generate an attentional hidden repre-

sentation defined as:

ĥ = f(Wh[cg;hg]), (7)

where Wh ∈ R
r×2p and bg ∈ R

r denote the weight matrix

and bias vector, respectively. The attentional vector ĥ is then

fed through the softmax layer for seizure detection:

ŷ = softmax(Wsĥ+ bs). (8)

To train an unified model on m samples, the final cost

function of our end-to-end ChannelAtt model measured by

the cross-entropy loss is defined as:

JChannelAtt(Wg,c,e,h,s, bg,c,e,h,s)

= − 1

m

m∑
i=1

|class|∑
j=1

[
y
(i)
j log ŷ

(i)
j + (1− y

(i)
j ) log (1− ŷ

(i)
j )

]
.

(9)

III. EXPERIMENTS

A. Dataset

The EEG dataset we use is the CHB-MIT dataset [12]

captured from the PhysioNet [13]. In this dataset, the multi-

channel EEG signals are recorded from pediatric subjects

with intractable seizures. The data is obtained from 23

patients, including 18 females and 5 males from age 2 to

age 22, to characterize their seizures and assess the necessity

of surgery for them. The beginning and end of each seizure

are both annotated in the ground truth. Specifically, the EEG

signals of each patient contains 23 channels (24 or 26 in a

few cases), and the data of each channel is recorded at 256

Hz with 16-bit resolution.

B. Experimental Setup

1) Baseline Approaches: We compare our model with

several state-of-the-art methods to validate the performance

of seizure detection. First, following the handcrafted feature

engineering, we use PCA as preprocessing and then adopt

SVM, denoted as PSVM. We select top-r related components

as features from signals, in order to reduce the number of

dimensions. Second, SAEs is one of the most popular deep

learning algorithms [9]. For the sake of fairness, we extend

this model by employing our multi-view strategies, namely

Global-SAEs, Channel-SAEs and Fusion-SAEs, respectively.

Finally, STFT-mSSDA [4] is a multi-view deep learning

model with hard channel selection. This approach can extract

multiple latent features from multi-channel EEG signals and

is effective for EEG seizure detection.

2) Evaluation Strategies: Since the evaluation task is

a classification problem, we use F1-score and Accuracy

to evaluate our model. Moreover, area-under-the-curve of

receiver operator characteristic (AUC-ROC) and precision-

recall (AUC-PR) are also used to numerically evaluate the

quality of each method.

TABLE I

DETECTION PERFORMANCE COMPARISONS

CHB-MIT Dataset

Method AUC-ROC AUC-PR F1-score Accuracy

PSVM 0.7535 0.6356 0.9342 0.8850

Global-SAEs 0.9515 0.8482 0.9317 0.8973

Channel-SAEs 0.9637 0.8972 0.9384 0.9053

Fusion-SAEs 0.9656 0.9054 0.9509 0.9222

STFT-mSSDA [4] 0.9833 0.9545 0.9605 0.9382

ChannelAttloc 0.9643 0.9421 0.9781 0.9651

ChannelAttglo 0.9847 0.9651 0.9785 0.9661

3) Implementation Details: To evaluate our method, we

combine 4302 EEG fragments from nine different patients

as our experiment dataset. Considering the computational

expense, we then conduct hold-out validation throughout our

experiments as [3]. During the whole training step, we use

Adam [14] with mini-batch to minimize the cost function. We

also use normalization, regularization, and drop-out strategies

for all the approaches. Moreover, since the data is huge

due to channels, to fit the input of our task, we set the

same p = [100, 50] and q = r = 50 for baselines and our

approaches.

C. Results of Seizure Detection

The experimental results on the benchmark dataset are

listed in Table I. We can easily observe that both our

ChannelAttloc and ChannelAttglo methods outperform the

baseline methods. Our proposed ChannelAttglo method not

only achieves better Accuracy and F1-score, but also obtains

higher AUC-ROC and AUC-PR than baselines. Compared

with the SAEs-based methods, we can see that the per-

formance of Fusion-SAEs is better than that of Global-

SAEs and Channel-SAEs. This results from the high-quality

features extracted from EEG signals using multi-view repre-

sentation. The results of STFT-mSSDA which utilizes hard

channel selection reveal that using the most significant fea-

tures, the performance increases in terms of all four different

evaluation criteria. From the results of ChannelAtt-based

methods which consider both multi-view representation and

channel-aware attention mechanism, we can conclude that

the proposed methods can successfully extract meaningful

features from multi-channel EEG signals.

Moreover, the comparison between ChannelAttglo and

ChannelAttloc demonstrate that the global-based attention

mechanism is more suitable for seizure detection. We arrive

at a conclusion that channel-aware attention plays an im-

portant role to identify seizure patterns, and the attentional

representation provides complementary information, which

is crucial for successful seizure detection.

D. Case Study

To demonstrate the benefits of our proposed channel-aware

attention mechanisms in seizure detection, we analyze the

attention scores learned from one of the proposed approach

ChannelAttglo, which uses global-based mechanism. Table II
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TABLE II

MULTI-CHANNEL EEG SEIZURE DETECTION OF A PATIENT IN THE CASE STUDY (VALUE FORMAT: 00.0%, F: NON-ICTAL, T: ICTAL)

Channel No.

Time State 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

1 F 3.6 0.9 0.6 0.2 9.0 5.4 2.7 1.0 8.6 11.0 4.6 2.1 9.7 3.5 2.3 3.2 9.5 7.1 0.9 1.4 7.6 2.9 2.3

3 F 5.9 0.4 0.8 0.3 12.7 12.8 0.2 0.1 3.8 12.3 10.6 6.5 1.8 1.8 0.9 3.4 9.4 7.0 1.0 0.2 5.6 1.4 0.9

5 F 2.2 2.0 3.6 3.0 19.7 7.2 1.7 0.6 12.3 6.5 1.3 1.6 3.6 5.9 0.9 2.2 7.7 3.1 2.3 1.5 8.1 2.0 0.9

7 T 0.0 0.0 0.0 0.0 11.4 1.2 0.1 0.1 7.4 6.9 1.3 3.8 0.1 0.0 0.0 2.6 33.6 31.0 0.0 0.0 0.2 0.0 0.0

9 T 0.0 0.0 0.0 0.0 11.8 0.8 0.2 0.1 3.6 5.0 0.4 1.5 0.1 0.0 0.0 2.2 38.1 35.8 0.0 0.0 0.2 0.0 0.0

11 T 0.0 0.0 0.0 0.0 18.5 0.6 0.2 0.2 2.2 8.0 1.0 1.9 0.1 0.0 0.0 2.4 39.7 24.4 0.0 0.0 0.4 0.0 0.0

13 F 1.0 0.1 0.3 1.0 11.8 6.4 2.0 1.8 6.7 7.2 10.6 8.5 3.0 0.3 0.5 4.7 16.5 15.3 0.3 0.0 1.3 0.0 0.5

15 F 3.4 0.6 0.3 1.5 5.6 4.9 2.1 2.1 9.9 6.6 7.4 12.9 5.7 0.9 1.5 7.9 6.8 12.0 0.6 0.1 5.7 0.2 1.5

17 F 5.1 1.0 0.1 0.6 3.4 5.2 3.8 3.6 5.6 9.2 4.4 8.6 5.2 1.7 0.3 11.4 9.1 8.9 0.2 0.7 11.2 0.5 0.3

shows a case study for multi-channel EEG seizure detection

of a patient on the CHB-MIT dataset. To provide a clear

visualization, we calculate the mean values of every 5

segments and interlaced display. We also highlight the max

score of all channel attention scores for each row.

From Table II, we can observe that for different times-

tamps, the attention scores learned by the attention mecha-

nism are different. Specifically, when the patient is in non-

ictal state, the distribution of attention scores are relatively

uniform. This is because no such ictal pattern is found

within whole channel views and hence the attention scores

make evenly contribution to the seizure detection. During

the seizures, we can see that the attentional representations

in the 17th and 18th channels significantly contribute to

the final detection. According to the dataset description on

the International 10-20 System [13], this seizure onset is

located on the central area. The larger attention score means

the probability of seizure onset on this area is higher. In

summary, the case study indicates that we can learn accurate

attention scores with interpretable representations by our

ChannelAtt models which not only improve the detection

performance, but also identify the influential clinical con-

cepts of seizure onset in healthcare.

IV. CONCLUSION

In this paper, we proposed a novel channel-aware attention

framework, named ChannelAtt, to express multi-channel

signals in a high-level space with interpretable meanings.

ChannelAtt is an unified model that jointly learns both multi-

view representation and its contribution scores at the same

time. Two attention mechanisms allow us to interpret the

contributions of each channel on seizure onset detection. Ex-

perimental results indicate the effectiveness of our proposed

ChannelAtt model in detecting epileptic seizures. Throughout

a case study, we demonstrate that the learned attentional

representations are meaningful.
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