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Abstract

Long-term musical training enhances cognitive efficiency in
processing music- and speech-related sounds, particularly in
timbre, frequency, and temporal structure. However, the per-
ception of underwater acoustic signals characterized by com-
plex spectra and strong noise in musicians remains largely un-
explored. We compared electroencephalography (EEG) re-
sponses of musicians and non-musicians during underwater
acoustic detection tasks. Although no significant group dif-
ferences were observed in event-related potentials, musicians
exhibited stronger theta—alpha synchronization and more focal
information flow under high task demands. Network analyses
further revealed that musicians’ timbre perception was associ-
ated with strengthened connectivity between the precuneus and
visual cortex, whereas non-musicians relied on more distributed
default-mode network pathways. Moreover, musical expertise
could be decoded from combined EEG spatiotemporal and spa-
tiospectral features with an accuracy of 82.77%. These findings
suggest that musical training shapes network-level information
routing during underwater acoustic perception, rather than al-
tering early sensory encoding.

Keywords: underwater acoustic target signal; auditory speci-
ficity; EEG; musical training; timbre; frequency

Introduction

In cognitive science, a fundamental question concerns how
long-term perceptual training in one domain reshapes the neu-
ral processing of complex stimuli in another (Jincke, 2009;
Miinte et al., 2002). Musical expertise, a classic model of au-
ditory neuroplasticity, has been shown to enhance sensitivity
to pitch, timing, and timbre within musical contexts (Kraus
and Chandrasekaran, 2010; Zuk et al., 2013; Bidelman and
Krishnan, 2010; Crummer et al., 1994). While speech and
natural environmental sounds have been widely investigated
in real-world listening contexts(Zhang et al., 2020a; Goldstein
et al., 2025; Bugannim et al., 2025; Stobbe et al., 2024; Jiang
and Zheng, 2024), far less attention has been given to whether
musical expertise generalizes to underwater acoustic percep-
tion. Addressing this gap may offer valuable neurophysio-
logical insights for the selection of professionals working in
underwater acoustics. Unlike speech or music, underwater
acoustic signals are noise-dominated and spectrally complex,
often characterized by low signal-to-noise ratios (SNR < -
5 dB), dense frequency components, and substantial timbral
overlap (Urick, 1975; Zhufeng et al., 2022; Guo et al., 2025a;
Na et al., 2024). Determining whether musicians maintain
perceptual advantages under these conditions is important for

understanding auditory robustness and has practical implica-
tions for personnel selection and brain-inspired underwater
acoustic target detection (Brock et al., 2014; Collier, 2004).

In studies on music or speech listening, accumulating ev-
idence suggests that expert listeners do not merely exhibit
enhanced sensory encoding; rather, they rely on sophisti-
cated top-down strategies to extract meaningful patterns from
acoustically ambiguous environments (Chartrand et al., 2008;
Hansen et al., 2022; Alluri et al., 2017; Zhang et al., 2020b;
Xie et al., 2024). Two key mechanisms are predictive coding
and cross-modal mental imagery. Predictive coding supports
efficient target detection by generating expectations about
incoming input and registering deviations as prediction er-
rors (Wei et al., 2022; Carbajal and Malmierca, 2018; Heil-
bron and Chait, 2018), whereas cross-modal imagery helps
organize complex acoustic scenes through visual or spatial
representations (Arnal and Giraud, 2012; Hubbard, 2012).
Through long-term training, musicians may therefore develop
top-down advantages that transfer to novel auditory domains
(Herholz and Zatorre, 2012; Moreno and Bidelman, 2014), in-
cluding underwater acoustic stimuli. However, this possibility
has not been tested, and the neural representation of underwa-
ter acoustic feature perception in musicians remains unclear.
Although prior studies have examined EEG responses during
underwater acoustic target recognition (Na et al., 2024; Zhang
et al., 2025; Guo et al., 2025b), the neural basis of musicians’
perception of timbre and frequency in such non-musical noise
signals is still unknown.

In the present study, we examine whether auditory expertise
acquired through long-term musical training generalizes to un-
derwater acoustic perception by adopting a multi-level neu-
rophysiological analysis framework. High-density Electroen-
cephalography (EEG) was recorded from musicians and non-
musicians during underwater signal feature detection tasks,
and group differences were investigated across multiple an-
alytical domains, including event-related potentials (ERPs),
time—frequency dynamics , and source-level effective connec-
tivity. Building on this, we introduce a multi-feature fusion
graph convolutional network to integrate cross-domain neu-
ral features for group decoding. This integrative framework
highlights the role of coordinated oscillatory dynamics and
efficient information routing in auditory expertise, rather than
attributing advantages to enhanced early sensory encoding
alone, offering a mechanistic account of cognitive efficiency
of musicians in such complex auditory environments.
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Figure 1: Spectrogram comparison between marine ambient
noise and ship-radiated noise.

Methods

Dataset

Participants Thirty-six participants (19 females, 17 males;
mean age = 22.44 years, SD = 1.96) were divided into two
groups: the Professional group (n=15) with over 7 years of
formal music training, and the Normal group (n=21) with-
out formal music training. All participants had normal or
corrected-to-normal vision and no history of neurological or
hearing disorders. This study was approved by the Ethics
Committee of Tianjin University (Approval No. TJUE-2025-
346). For brevity, these two groups are hereafter referred to
as Professional and Normal, respectively.

Stimuli Given that differences between underwater acous-
tic targets are mainly reflected in frequency composition and
timbral characteristics, while these features are often diffi-
cult to distinguish due to substantial spectral overlap, we
designed stimuli along these two dimensions to better ap-
proximate real-world listening conditions. Specifically, the
experimental stimuli comprised four categories: (1) under-
water acoustic timbre stimuli, including 10 categories of ship-
radiated noise from DeepShip (Irfan et al., 2021), ShipsEar
(Santos-Dominguez et al., 2016), and laboratory recordings,
as well as one marine ambient noise sample (Figure 1); (2)
single-frequency stimuli, consisting of pure tones at 440, 880,
1760, 3520, and 7040 Hz; (3) dual-frequency stimuli, con-
structed from either a 440 Hz base (low-frequency set) or a
3520 Hz base (high-frequency set), each combined with 13
additional frequency components; and (4) triple-frequency
stimuli, based on either 440+660 Hz (low-frequency set) or
3520+5280 Hz (high-frequency set), each combined with 7
additional frequency components. The base and superim-
posed frequencies were selected to reflect typical underwater
acoustic characteristics. All stimuli were 400 ms in duration,
sampled at 48 kHz, normalized to -4 LUFS, and shaped using
trapezoidal envelopes (Herrmann et al., 2015).

Six Experimental Conditions(over 2 days)
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Figure 2: Experimental procedure.

Experimental Procedure A classical oddball paradigm
was employed across six conditions (Figure 2), with 70% stan-
dard and 30% deviant stimuli in each condition. The standard
and deviant stimuli were assigned as follows: for the timbre
condition, marine ambient noise served as the standard and
10 ship-radiated noises as deviants; for the single-frequency
condition, the 440 Hz tone was the standard with tones at
880, 1760, 3520, and 7040 Hz as deviants; for dual-frequency
conditions, pure tones at 440 Hz (low-frequency) or 3520 Hz
(high-frequency) served as standards with 13 dual-frequency
composites as deviants; for triple-frequency conditions, com-
posites at 440+660 Hz (low-frequency) or 3520+5280 Hz
(high-frequency) served as standards with 7 triple-frequency
composites as deviants. Each trial consisted of a 400 ms
stimulus followed by a 600 ms inter-trial interval. The ex-
periment was conducted over two sessions on separate days to
minimize fatigue. Stimulus presentation was implemented us-
ing Psychtoolbox-3 (Brainard and Vision, 1997) in MATLAB
R2023b. For brevity, the six conditions are hereafter referred
to as timbre, single, doublelow, doublehigh, triplelow, and
triplehigh.

Data acquisition and pre-processing. EEG signals were
recorded using a 128-channel Quik-Cap with SynAmps 2/RT
amplifiers (Neuroscan, USA) at 1000 Hz in an electromagnet-
ically shielded chamber. Preprocessing in EEGLAB v2024.0
(Delorme and Makeig, 2004) included: 0.1-30 Hz band-pass
filtering, 50 Hz notch filtering, downsampling to 250 Hz, Ar-
tifact Subspace Reconstruction (ASR) artifact removal, bad
channel interpolation, and re-referencing to common average.
For source-level analysis, Independent Component Analysis
(ICA) was performed with ICLabel v1.6, retaining compo-
nents classified as “brain” (=80% probability). Source local-
ization used DIPFIT v5.4 with standard Boundary Element
Method (BEM) model, retaining dipoles with goodness-of-fit
>85% (Artoni et al., 2014).

Brain mechanism analysis

To characterize group differences in auditory processing, neu-
ral responses were analyzed across three complementary do-
mains. Temporal-domain analysis examined ERPs extracted
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Figure 4: Temporal feature extraction branch with adaptive
graph learning in MFFNet.

from —200 to 800 ms epochs with baseline correction, and
mismatch negativity (MMN) computed as deviant-minus-
standard difference waveforms to index pre-attentive deviance
detection (Nidtdnen et al., 2007, 2012). Time—frequency anal-
ysis employed event-related spectral perturbation (ERSP) us-
ing Morlet wavelet convolution in the 3—-30 Hz range (theta,
alpha, and beta bands) to capture non-phase-locked oscilla-
tory dynamics (Makeig et al., 2004; Cohen, 2014). Source-
level connectivity analysis estimated effective connectivity
using renormalized partial directed coherence (rPDC) (Schel-
ter et al., 2009) via multivariate autoregressive (MVAR)
modeling in the SIFT toolbox to examine large-scale net-
work interactions while mitigating volume conduction effects.
Group differences in ERP and ERSP were evaluated using
independent-samples t-tests with false discovery rate (FDR)
correction (p < 0.05), while connectivity significance was de-
termined via permutation testing (5000 iterations, family-wise
error rate (FWER) p < 0.05).

Classification Model

The preceding neurophysiological analyses revealed group-
level differences in neural responses. To provide quantitative
validation of these findings, we developed a Multi-Feature
Fusion Network (MFFNet) that integrates complementary
information from both temporal and spectral domains for
EEG-based classification of individuals with different audi-
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Figure 5: Triple-View Attention (TVA) mechanism for time-
frequency feature extraction in MFFNet.

tory training backgrounds (Figure 3).

The network adopts a dual-branch architecture. The tem-
poral branch captures spatio-temporal dependencies from raw
EEG signals through adaptive graph convolution, while the
time-frequency branch extracts frequency-specific patterns via
attention mechanisms. Features from both branches are then
fused for final classification.

Conventional graph convolutional network (GCN)-based
EEG methods typically rely on predefined adjacency matrices
based on electrode geometry, which fail to capture dynamic,
subject-specific connectivity patterns. We instead introduce
an adaptive graph learning mechanism that infers brain con-
nectivity directly from data (Figure 4). Two learnable node
embedding matrices E{, E; € RE*¢ encode latent properties
of electrode sites, where C denotes the number of channels.
The adjacency matrix is constructed as:

A= ReLU(a-( tanh(E1W1(EZWZ)T)—tanh(Elwl(EQWZ)T)T)),

1
where W, W, € R4*4 are learnable matrices and « is a
scaling parameter. The asymmetric formulation captures di-
rectional information flow between brain regions. To suppress
spurious connections, only the top-k values per row are re-
tained, followed by normalization: A = D! (Agparse + ).
Multi-order graph convolution then aggregates spatial in-
formation:

HED — o (MLP (concat [HU),AH(”,AzH(’)])) , @

enabling each node to integrate information from its two-hop
neighborhood. The multi-layer perceptron (MLP) is imple-
mented as 1 X 1 X 1 3D convolution. Subsequent 3D convo-
lutional blocks with max pooling yield the temporal feature
vector f; € R4r.

The time-frequency branch transforms EEG signals via
short-time Fourier transform to obtain spectrograms S €
REXFXT" then employs Triple-View Attention (TVA)(Luo
et al., 2024) to model spatial-spectral, spatial-temporal, and
spectral-temporal interactions (Figure 5). The attended fea-
tures are processed by 2D convolutions and pooling to yield
f, € R . The temporal and spectral feature vectors are
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Figure 6: Group comparison of ERP waveforms at Cz in
response to deviant stimuli.

concatenated and projected through a fully connected layer
with ReLLU activation, followed by a linear classifier for final
prediction. The entire network is trained end-to-end using
cross-entropy loss.

Results and Discussion

Temporal-Domain Analysis

To examine whether musical training modulates neural re-
sponses during underwater acoustic perception, we compared
ERP waveforms between the Professional and Normal groups
across all six experimental conditions. Figure 6 presents the
grand-averaged ERPs at electrode Cz, which is commonly
used to illustrate auditory-evoked responses and mismatch-
related components (Polich, 2007; Nédtédnen et al., 2012).

Across all conditions, both groups exhibited clearly
identifiable auditory-evoked ERP components. In the
frequency-related conditions (Single, DoubleLow, Double-
High, TripleLow, and TripleHigh), a prominent negative de-
flection was observed around 100 ms post-stimulus, consis-
tent with the classical N1 component associated with early
auditory processing. The Timbre condition showed a distinct
temporal pattern, characterized by a prominent positive com-
ponent around 300400 ms, consistent with the P3 component
typically associated with attention allocation and cognitive
evaluation, followed by a negative deflection near 500-600
ms. This pattern likely reflects the more complex spectrotem-
poral processing demands of naturalistic underwater acoustic
stimuli. Independent-samples t-tests with FDR correction on
the ERP waveforms revealed no significant amplitude differ-
ences between groups across all conditions and time windows
(FDR-corrected p > 0.05).

Figure 7 presents the mismatch negativity (MMN) dif-
ference waveforms, computed as deviant-minus-standard re-
sponses. Both groups showed discernible MMN components
within the 100-250 ms window across conditions, reflecting
automatic auditory deviance detection. Similarly, no signif-
icant group differences in MMN amplitude were observed
(FDR-corrected p > 0.05 for all conditions). Comparable
patterns were found at other electrode sites. Given that tra-
ditional ERP measures may not fully capture subtle neural
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Figure 7: Mismatch negativity (MMN) difference waveforms
at Cz comparing Professional and Normal groups.

dynamics associated with auditory expertise, we further em-
ployed time-frequency and connectivity analyses.

Time-Frequency Analysis

Event-related spectral perturbation (ERSP) analysis revealed
condition-dependent oscillatory patterns differentiating the
two groups. Figure 8 illustrates the ERSP results at the repre-
sentative Cz electrode, which is commonly used to character-
ize auditory-related oscillatory activity (Makeig et al., 2004;
Cohen, 2014). Both groups exhibited prominent theta-alpha
(5-15 Hz) event-related synchronization (ERS) during the
early post-stimulus window across most conditions, reflecting
auditory sensory processing. However, the extent and magni-
tude of these oscillatory responses differed between groups.

The most pronounced group differences emerged in the
DoubleHigh condition. The Professional group demonstrated
more extensive significant clusters spanning 5-20 Hz during
the 0.2-0.7 s post-stimulus window, indicating stronger and
more sustained low-frequency engagement during complex
high-frequency stimulus processing. The DoubleLow con-
dition showed similar patterns, with the Professional group
exhibiting enhanced beta-band (15-20 Hz) modulation in the
early post-stimulus window (0.1-0.3 s).

In contrast, the Timbre and Single conditions revealed
more comparable ERSP patterns between groups. Significant
differences were confined to circumscribed regions: high-
frequency beta-gamma range (25-30 Hz) for the Single con-
dition, and a small alpha-band region (10-15 Hz) in the late
window for the Timbre condition. The triple-frequency con-
ditions exhibited variable patterns with smaller significant
regions, potentially reflecting ceiling effects when stimulus
complexity exceeds optimal processing demands. Similar
patterns of group differences were observed at other electrode
sites.

These findings suggest that musical training enhances os-
cillatory responses particularly during moderately complex
auditory discrimination tasks. The enhanced theta-alpha ERS
in the Professional group may reflect more efficient allocation
of attentional resources and working memory engagement
(Klimesch, 1999; Herweg et al., 2020). The beta-band dif-
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Figure 8: Event-related spectral perturbation (ERSP) at Cz comparing Normal and Professional groups. Gray contours indicate

significant regions (FDR-corrected p < 0.05).

ferences observed in dual-frequency conditions align with the
predictive timing hypothesis, wherein musicians demonstrate
superior capacity for tracking spectral regularities in auditory
streams (Fujioka et al., 2015; Arnal and Giraud, 2012; Cirelli
etal., 2014).

Source-Level Connectivity Analysis

Source-level effective connectivity analysis using rPDC re-
vealed systematic group differences in the organization and
directionality of information flow across large-scale brain net-
works (Figure 9). Rather than reflecting isolated regional
effects, these differences indicate distinct network-level pro-
cessing strategies with implications for cognitive efficiency.

In the timbre condition, the Normal group exhibited stronger
directed connectivity along pathways involving regions com-
monly associated with the default mode network (DMN), in-
cluding projections from the left middle cingulate cortex to
the left lingual gyrus, and from the right precuneus to the right
calcarine cortex. This pattern suggests a more distributed in-
formation routing architecture, potentially reflecting compen-
satory processing strategies that rely on cross-domain integra-
tion and internally driven representations to support auditory
discrimination under complex timbral conditions (Raichle,
2015; Buckner et al., 2008; Alluri et al., 2017; Brattico et al.,
2025).

In contrast, the Professional group demonstrated a more
focal and task-aligned connectivity pattern, characterized by
enhanced cross-hemispheric information flow from the left
cingulate cortex to the right calcarine cortex. Such a con-

figuration may reflect a streamlined auditory-to-visual map-
ping pathway, enabling more efficient extraction of diagnostic
spectral features with reduced reliance on auxiliary network
engagement.

A similar distinction emerged in the doublelow condi-
tion. The Normal group showed stronger interhemispheric
cingulate connectivity, indicative of increased coordination
demands within medial control networks. The Professional
group, by comparison, exhibited relatively reduced bilateral
cingulate interactions, consistent with a more efficient routing
strategy that minimizes redundant information exchange and
neural overhead (Luo et al., 2014; Menon and Uddin, 2010;
Jancke, 2009).

Importantly, these connectivity differences were most pro-
nounced in experimental conditions that also exhibited robust
group differences in time—frequency dynamics. This conver-
gence suggests that auditory expertise-related cognitive effi-
ciency emerges from coordinated reorganization across oscil-
latory activity and directed network-level information flow,
rather than from isolated changes at a single processing stage
(Miinte et al., 2002).

Classification Performance

To quantitatively validate the neurophysiological differences,
we employed MFFNet to classify individuals based on their
EEG responses. Table 1 presents the classification perfor-
mance using five-fold cross-validation.

Classification accuracy ranged from 75.07% to 82.77%
across conditions.  The doublehigh condition achieved
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Table 1: Classification performance of MFFNet.

Condition Acc (%) Rec (%) F1 (%)

Timbre 81.02+0.57 80.30+0.62 75.80+2.82
Single 75.07+£0.83 74.04 +095 67.24 £3.18
DoubleLow  79.72 + 1.04 79.03 £ 1.13  74.30 £ 1.90
DoubleHigh 82.77+1.00 8228 +1.10 79.41 £ 1.72
TripleLow 80.36 £ 0.26 79.73+0.40 7590+ 1.39
TripleHigh 80.69 = 0.34 80.17 +047 76.82 +1.54

the highest performance (82.77%), consistent with the
pronounced oscillatory differences observed in the time-
frequency analysis. The timbre condition also yielded strong
performance (81.02%), corroborating the ecological rele-
vance of timbral characteristics in underwater acoustic pro-
cessing. The single-frequency condition showed the lowest
accuracy (75.07%), suggesting that simple tonal stimuli elicit
less distinctive neural patterns between groups. This pattern
aligns with the ERSP findings, where conditions with larger
significant clusters tended to achieve higher classification ac-
curacy, indicating that oscillatory features may contribute sub-
stantially to the classification performance.

The balanced precision and recall values indicate no sys-
tematic bias toward either group, and consistent performance
across diverse stimulus types validates the robustness of
training-related neural differences. These results demonstrate
that distributed neural features across temporal and spectral
domains can be effectively integrated for reliable population-

level classification, providing converging evidence that mu-
sical training induces stable neural representations detectable
through multi-domain feature fusion.

Conclusion

This study examined how long-term musical training shapes
neural processing during underwater acoustic perception by
integrating time—frequency dynamics, source-level effective
connectivity, and computational modeling. Across analy-
ses, expertise-related differences did not primarily arise at
the level of early sensory encoding, but instead emerged in
higher-order neural dynamics and large-scale network orga-
nization. Musically trained individuals showed stronger and
more coherent theta—alpha synchronization under acoustically
demanding conditions, alongside more focal and directed pat-
terns of information flow. In contrast, untrained listeners
relied more heavily on distributed pathways involving default
mode network regions. Results from the multi-feature fusion
graph convolutional network further corroborated the neuro-
physiological findings. Taken together, this work provides
a network-level account of cognitive efficiency of musician
in complex auditory environments. Beyond theoretical im-
plications, these results offer a neurophysiological basis for
the objective selection of individuals with superior auditory
processing capabilities, and inform the development of brain-
inspired machine learning systems for underwater acoustic
target detection.
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