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Abstract

Recent studies have demonstrated the feasibility of local-
izing an attended sound source from electroencephalography
(EEG) signals in a cocktail party scenario. This is referred to
as EEG-enabled Auditory Spatial Attention Detection (ASAD).
Despite the promise, there is a lack of ASAD datasets. Most
existing ASAD datasets are recorded from two speaking loca-
tions. To bridge this gap, we introduce a new Auditory Spatial
Attention (ASA) dataset, featuring multiple speaking locations
of sound sources. The new dataset is designed to challenge and
refine deep neural network solutions in real-world applications.
Furthermore, we build a channel attention convolutional neural
network (CA-CNN) as a reference model for ASA, that serves
as a competitive benchmark for future studies '.

Index Terms: Auditory spatial attention, EEG, channel atten-
tion, cocktail party problem

1. Introduction

The “cocktail party effect” refers to human’s ability to selec-
tively attend to a single speaker in a multi-speaker acoustic en-
vironment, a capability significantly diminished in those with
hearing impairments [1]. Conventional hearing aids often fall
short in amplifying the attended sound source in cocktail party
scenarios [2]. Recent advancements in neuroscience have re-
vealed the potential to directly detect human auditory attention
from EEG signals [3, 4], opening avenues for brain-controlled
hearing aids [5].

Auditory attention detection algorithms can be categorized
into two main paradigms: stimulus-reconstruction and audi-
tory spatial attention detection (ASAD). The former correlates
acoustic stimulus representations with EEG signals to identify
the attended speaker, while the latter, i.e. ASAD, relies solely
on EEG signals to determine the location of the attended sound
source. ASAD is advantageous in practice because it eliminates
the need for clean audio signals and operates accurately on low
latency settings [2]. These characteristics make ASAD partic-
ularly suitable for real-time attention detection systems, espe-
cially in complex acoustic scenarios where hearing aid users
shift their focus between different locations. Therefore, our
study focuses on EEG-enabled ASAD tasks.

Despite recent advancements, there are limited publicly
available EEG databases specifically designed for research on
selective auditory attention. Fuglsang et al. [6] introduced
the DTU database, which consists of 64-channel EEG signals
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recorded from 18 subjects with normal hearing. The partici-
pants focused on one of two competing speakers in each trial,
with stimuli presented at 60° to the left and right of the subjects.
Each trial follows multiple-choice questions and the answers in-
dicate whether the subjects were compliant in the auditory at-
tention task [6]. Independently, KUL database [7] and ESAA
database [8] were introduced, involving stimuli presented from
+90° using dichotic or head-related transfer function filtering
(HRTF) techniques. It is worth noting that the above three
widely used datasets are recorded from two speaking locations
of sound sources. Recently, the NJU dataset was released [9].
It has a setup of 14 loudspeakers in an array, presenting a more
realistic scenario. 32-channel EEG data were recorded from 21
subjects of normal hearing. However, the subjects listened to
each trial twice, one to the left and another to the right, which
could have an adverse impact on the attention levels [3].

Therefore, we propose a new Auditory Spatial Attention
(ASA) dataset that contains 10 competing speaking locations,
i.e., £90°, +60°, +45°, +30°, and +5°. Moreover, behavioral
indices, such as answers to multiple-choice questions and self-
rated attention scores, are incorporated into the dataset, that al-
lows for the study of the correlation between the level of atten-
tion and the resulting EEG signals.

Given the nonlinear characteristics and low signal-to-noise
ratio of EEG signals, deep neural networks (DNNs) have
been employed for the ASAD task to uncover hidden features.
Among them, the convolutional neural network (CNN) stands
out as a well-adopted method for EEG-enabled ASAD, which
is referred to as “CNN-KUL” hereafter. In [10], a basic single-
layer 2D CNN showed an average accuracy of around 81% with
short decision windows (1-2 seconds) in the KUL dataset. Fur-
thermore, a spatial-temporal attention network (STAnet) [11]
was proposed and achieved remarkable results within 1-second
decision windows (90.1% accuracy in the KUL dataset). More
recently, graph convolution networks (GCNs) have surfaced
as an alternative to CNNs for ASAD tasks [12]. However,
one should note that these models are designed for subject-
dependent conditions, while subject-independent solutions are
more desirable.

Building on the success of the previous studies, we intro-
duce a novel channel attention convolutional neural network
(CA-CNN) tailored for EEG-enabled ASAD tasks. CA-CNN
serves as the reference model for the proposed ASA dataset,
establishing a benchmark for future studies by the ASA user
community. The CA-CNN model exhibits exceptional perfor-
mance and robustness under subject-dependent conditions over
the prior approaches.

In the rest of this paper, we first describe the design of the
ASA dataset. We then present the performance evaluation of
the proposed CA-CNN model on the ASA dataset and discuss
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the findings.

2. Description of the ASA Dataset
2.1. Participants

Twenty participants (9 male and 11 female) with normal audi-
tory function were recruited from the university in this study.
The male participants displayed a mean height of 175.6 + 6.31
cm and a mean weight of 67.3 + 12.73 kg, while the female
participants exhibited a mean height of 163.5 + 4.29 cm and
a mean weight of 54.0 + 6.99 kg. Prior to their participation,
all volunteers provided written informed consent following eth-
ical guidelines. Approval of all experimental procedures was
granted by the ethics committee of the Chinese University of
Hong Kong (Shenzhen).

2.2. Auditory stimuli

In this study, all participants, whose native language is Man-
darin, were exposed to 40 short Chinese stories as auditory stim-
uli. Each auditory stimulus ranges from approximately one to
one and a half minutes, narrated by a male or a female profes-
sional speaker [13]. In line with previous ASAD experimental
prototypes [3, 6, 7, 8], each story was accompanied by three
multiple-choice questions, with each question offering four pos-
sible answers to assess comprehension.

During each trial, two different auditory streams were
played in different spatial directions of the listening subject us-
ing HRTF filtering. Participants were instructed to concentrate
on a single Chinese story presented among the two competing
stimuli. The auditory stimuli were delivered at a sample rate of
44.1 kHz.

2.3. Data acquisition

Participants in the study were seated in a soundproof cham-
ber and instructed to wear wired headphones for the auditory
stimuli presentation. EEG signals were recorded using the
BrainAmp system at a sampling rate of 500 Hz. Specifically, a
64-channel Ag/AgCl electrode cap developed by Easycap was
used, adhering to the electrode placement standards of the in-
ternational 10/20 system. To ensure synchronization between
the auditory stimuli and EEG responses, a Python-scripted au-
tomated playback and EEG-marking system was implemented.

2.4. ASAD task design

As outlined in Table 1, each participant engaged in a total of
20 trials. The trials were designed to systematically vary the
spatial orientation of two auditory stimuli to each participant.
Specifically, the orientation angles between the stimuli were ad-
justed sequentially every four trials, following a predetermined
sequence: +90°, +60°, £45°, £30°, and £5°. Here, a negative
angle (“-”) indicates leftward orientation, while a positive angle
(“+”) denotes rightward orientation. For instance, an orientation
of -90° represents an extreme leftward position.

Participants were instructed to focus on the auditory stimu-
lus emanating from either the left or right side in each trial. The
localization of the auditory stimulus was balanced over subjects
for the attended side throughout the experiment. Additionally,
the narratives delivered by male and female speakers varied
across trials, maintaining an equal gender distribution among
speakers.

During each trial, participants were instructed to keep their
gaze fixed on the centrally positioned crosshair, minimizing eye
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blinking frequency. Each trial lasted approximately one to one
and a half minutes, resulting in an EEG data collection time of
around 24 minutes per participant. Consequently, the cumula-
tive EEG data gathered from all 20 participants amounted to
approximately 480 minutes or 8 hours.

2.5. Behavioral indices

Following each trial, participants were required to answer ques-
tions related to the presented stimuli. Additionally, they were
required to self-assess their attention levels, using a scale rang-
ing from -2 to 2. These assessments not only served to maintain
participants’ engagement and motivation toward concentrating
on the task but also offered insights into evaluating their atten-
tion status. Initially, our dataset incorporated data from 24 par-
ticipants. However, data from three subjects who didn’t follow
the instructions were discarded. Additionally, one subject was
excluded from analyses because he/she failed to correctly an-
swer 2/3 of the questions [3, 8]. As a result, our refined dataset
comprised data from 20 subjects.

To explore the relationship between the percentage of ques-
tions answered correctly and self-assessed attention levels, we
calculated the Pearson correlation coefficient, denoted as 7. The
results indicate a statistically significant correlation (r = 0.27,
p < 0.001), suggesting a positive association between the ques-
tion accuracy and the participants’ self-assessed attention lev-
els [3, 8].

Table 1: Experiment design for a random subject. Trials are
numbered according to the order in which they were presented
to the subject. The localization of the auditory stimulus was
balanced over subjects for the attended side. L=Left, R=Right,
F= Female, M=Male

Trial Attended Spatial Gender of  Gender of
Side locations left speaker right speaker
1 L -90°, +90° F M
2 R -90°, +90° M F
3 R -90°, +90° F M
4 L -90°, +90° M F
5 L -60°, +60° M F
6 R -60°, +60° M F
7 L -60°, +60° F M
8 R -60°, +60° F M
9 L -45°, +45° M F
10 R -45°, +45° M F
11 R -45°, +45° F M
12 L -45°, +45° F M
13 L -30°, +30° M F
14 R -30°, +30° F M
15 L -30°, +30° F M
16 R -30°, +30° M F
17 L -5°, +5° M F
18 R -5°, +5° M F
19 R -5°, +5° F M
20 L -5°, +5° F M
3. Methods

As depicted in Fig. 1, the proposed CA-CNN integrates a 1D-
CNN module, a channel attention module, and a classifier,
specifically designed to efficiently extract EEG features across
various subjects for ASAD tasks.



3.1. 1D-CNN module

EEG signals are dynamic time-series data that contain valuable
temporal information. Recently, 1D-CNN has proven effective
in capturing these temporal patterns within EEG signals in sev-
eral applications, such as motor imagery [14] and seizure detec-
tion [15]. Inspired by this, we adopt a 3-layer 1D-CNN mod-
ule to extract temporal representations from EEG signals in our
CA-CNN architecture.

The CA-CNN takes E € RY*Y| a segment of EEG signals
as the input, where L denotes the number of samples within
the segment, and C' is the number of EEG channels. The first
two layers are identical, each consisting of 16 filters of size 3,
followed by a batch normalization (BN) layer and an average
pooling layer with a pool size of 2. The third layer employs
32 filters of size 3, followed by a BN layer. Throughout these
layers, the leaky ReLLU is employed as the activation function.
The resulting feature, denoted as Ey € RE/4XCy , is extracted
after the 1D-CNN module, where Cy = 32.

3.2. Channel attention module

EEG signals contain information originating from diverse chan-
nels, and the patterns within EEG responses to auditory stimuli
can vary widely among individuals. The incorporation of at-
tention mechanisms into the analysis of EEG signals offers sev-
eral advantages, enhancing model performance and adaptability
through the dynamic emphasis or de-emphasis of specific chan-
nels based on their respective significance [11, 16].

A channel attention module is employed in our study to
extract spatial information from EEG signals better. This ap-
proach can be expressed as follows:

W = FC,(FC:(GAP(E;)))
Eco = WO E;

ey
(€3

Here, W € RE/ represents the channel attention weights. FC,,
refers to a fully-connected (fc) layer with a Sigmoid activation
function, while F'C, denotes a fc layer with leaky ReLU func-
tion. GAP stands for global average pooling, and ® represents
element-wise multiplication.

3.3. Classifier

Taking E., € RF /4%Cy as input, the classifier integrates a
global average pooling layer to condense the feature maps, and
a fc layer with 2 units utilizing Softmax activation for predicting
attended sound source. Training is performed iteratively using
the binary cross-entropy loss function and the Adam optimizer:

g%

where y; represents the true label and p; the predicted probabil-
ity for the [-th decision window.

logpr + (1 — 1) -log(1 —p)  (3)

4. Experiments
4.1. Data preprocessing

The EEG data were preprocessed using MNE-Python[17]. Ini-
tially, a high-pass FIR filter with a 1 Hz cutoff frequency was
utilized to eliminate electrode drift. Subsequently, the EEG data
were re-referenced to the average of all scalp channels. Follow-
ing previous AAD studies [16, 2], we used an FIR low-pass
filter to bandpass the EEG data to a frequency range of 1-50
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Figure 1: The architecture of the proposed channel attention
convolutional neural network, i.e. CA-CNN. ConvlD= 1D con-
volution, BN=batch normalization, and FC= fully-connected

Hz. The data were then resampled to a frequency of 128 Hz.
For analysis, we utilized a sliding decision window with a 50%
overlap rate to segment the EEG data, denoted as a “decision
window.” Considering the approximate 1-second lag in human
attention shifting, the decision window length was set to 1 sec-
ond in this study. Normalization was applied to each decision
window to minimize trial-related biases.

4.2. Training and evaluation

We evaluated the proposed models under subject-independent
conditions using a 5-fold cross-validation approach [9]. The
average results across all subjects were reported as the model’s
performance. Moreover, to prevent potential biased outcomes
resulting from data leakage, we ensure that EEG responses from
different subjects to the same speech stimulus were not present
in both the training and testing datasets during data splitting.
As illustrated in Fig. 2, the EEG data from each trial were seg-
mented into five consecutive folds. Each fold comprised EEG
data organized in a continuous time-series across all subjects.
Notably, we also discarded potential overlaps, referred to as “re-
peated segments,” where the tail end of a training window might
overlap with the test set.

one split among 5-fold cross-validation

training data
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auditory stimulus
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EEG response
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Figure 2: The procedure of splitting EEG data

The model implementation utilized TensorFlow version
2.13.0, employing the Adam optimizer with a learning rate of
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*#%p <0.001 (paired t-test)

5 x 10™*. To prevent overfitting, early stopping was applied,
monitoring accuracy with a minimum required improvement of
0.01 to sustain training. The patience parameter was set to 8
epochs, and an automatic mode selection was employed. The
training process was limited to a maximum of 100 epochs.

5. Results and Discussion
5.1. Effect of channel attention

To assess the effectiveness of channel attention, we conduct an
ablation analysis, comparing the performance of 1D-CNN with
CA-CNN. Specifically, 1D-CNN refers to CA-CNN without the
channel attention module. As shown in Fig. 3, the CA-CNN
not only achieves a superior average accuracy of 87.20% but
also exhibits enhanced robustness across subjects, as indicated
by a lower standard deviation (SD) of 5.56% and a competitive
minimum accuracy of 79.29%. In contrast, the 1D-CNN shows
an average accuracy of 80.97%, accompanied by a higher SD
of 8.62% and a less competitive minimum accuracy of 69.55%.
The findings underscore the crucial role of channel attention
for a more robust and discriminative representation of EEG for
ASAD tasks, showcasing its potential to enhance the model’s
sensitivity to individual auditory attention patterns.
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Figure 4: ASAD accuracy of the proposed CA-CNN and other
comparative models. ***p <0.001 (paired t-test)
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5.2. Comparative analysis

We conducted a comprehensive evaluation of various models,
including GCN [12], STAnet [11], the CNN-KUL model [10],
and our proposed CA-CNN, assessing the ASAD accuracy un-
der the subject-independent scenario in ASA dataset. Each
model is comparable in size, with parameter counts as follows:
GCN with 3510, STAnet with 3929 parameters, CNN-KUL
with 5487, and CA-CNN with 6834. This ensures a fair com-
parison of their ASAD performance in our study.

As depicted in Fig. 4, GCN achieves an average accuracy
of 56.59% (SD: 7.30%), STAnet exhibits an average accuracy
of 63.63% (SD: 7.17%), CNN-KUL attains an average accu-
racy of 77.76% (SD: 9.13%), and CA-CNN significantly out-
performs all models (paired t-test, p < 0.001), achieving a
remarkable accuracy of 87.20% (SD: 5.56%). Notably, GCN,
STAnet, and CNN-KUL were initially evaluated on scenarios
with only two competing speaker directions. The performance
decline observed in all models under this more challenging ex-
perimental setup emphasizes the robustness of our CA-CNN
model. It also underscores the necessity for additional ASAD
datasets that encompass more realistic scenarios, as the exist-
ing models experience limitations in such conditions. The in-
corporation of expanded datasets is crucial to fully exploit the
practical application potential of DNNs.

6. Conclusion

We introduced a new ASA dataset, encompassing auditory stim-
uli featuring spatial variations across multiple angles ranging
from -90° to 90°. This dataset serves as a valuable complement
to existing data repositories in the field of EEG-enabled ASAD
tasks. Additionally, we have developed a reference model, i.e.
CA-CNN, for detecting auditory spatial attention. Through
comparative analysis and experiments, we show that CA-CNN
consistently outperforms the state-of-the-art models, particu-
larly under subject-dependent conditions. The ASA database
and the source code of the reference model are to be publicly
released for research purposes.
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