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Abstract

Underwater acoustic target recognition is a key enabling technology for marine environ-
mental monitoring, resource exploration, and maritime defense. However, ship-radiated
noise is strongly affected by nonstationary propagation, multipath interference, frequency-
dependent attenuation, and time-varying ambient noise, making robust acoustic represen-
tation a central challenge. Most existing deep learning-based recognition methods still
rely on fixed time—frequency front-ends, such as Mel-spectrograms or wavelet scattering
representations, whose analysis parameters are predefined and cannot be adapted to the
recognition objective. This separation between acoustic preprocessing and deep model
optimization may weaken narrowband tonal components, modulation-related structures,
or weak target-dependent frequency patterns before they are processed by the classifier.
To address this limitation, this paper proposes a Learnable Two-Stage Frequency-Guided
Front-End, termed LTFF, for underwater acoustic signal recognition. In the first stage,
LTFF performs frequency-guided discrimination by decomposing the input waveform into
frequency-dependent components and applying learnable complex Gabor filters, whose
center frequencies and bandwidths are optimized through end-to-end training. In the
second stage, squared-modulus envelope extraction, learnable Gaussian pooling, and
per-channel energy normalization are integrated to improve local temporal stability and
attenuate slowly varying energy fluctuations. In this way, LTFF establishes a trainable con-
nection between physically meaningful underwater acoustic structures and downstream
deep recognition models. Experiments on two public underwater acoustic datasets with
convolutional and Transformer-based backbones show that LTFF provides a task-adaptive
alternative to fixed acoustic front-ends and is particularly compatible with convolutional ar-
chitectures. These results indicate that learnable frequency-guided front-ends are promising
for improving robust underwater acoustic recognition under dynamic marine conditions.

Keywords: learnable acoustic front-end; complex Gabor filter bank; frequency-guided
front-end; underwater acoustic target recognition; per-channel energy normalization

1. Introduction

Underwater acoustic target recognition (UATR) is a key enabling technology for
marine environmental monitoring, resource exploration, and maritime defense. However,
the underwater acoustic channel is substantially more complex and variable than many
terrestrial acoustic scenarios. The received ship-radiated signals are jointly affected by
sea-surface fluctuation, seabed reflection, water-column stratification, platform motion,
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and region-dependent ambient interference. These factors lead to attenuation, scattering,
reverberation, multipath propagation, Doppler distortion, and time-varying signal-to-
noise ratios (SNRs). As a result, underwater acoustic signals often exhibit pronounced
nonstationary, nonlinear, and non-Gaussian characteristics. These properties make fixed
handcrafted preprocessing or static time—frequency representations insufficient for robust
recognition, because discriminative frequency components may be weakened or distorted
before they are delivered to the recognition model. Therefore, an effective UATR system
should not only learn target-discriminative acoustic signatures, but also learn an adaptive
front-end representation that is adapted to the dynamic propagation characteristics of
underwater acoustic signals [1,2].

Traditional UATR systems typically consist of acoustic feature extraction and subse-
quent recognition using statistical or deep models. Representative handcrafted features
include STFT-based time-frequency spectra, Mel-frequency representations, GFCCs, LO-
FAR/DEMON spectra, wavelet-based descriptors, and other task-specific acoustic repre-
sentations. With the development of deep learning, recent studies have further improved
recognition performance by learning hierarchical representations from spectrograms or
raw waveforms [3-9]. Despite these advances, a fundamental limitation remains in many
existing pipelines: the acoustic front-end is usually fixed before model training. Param-
eters such as window length, filter shape, center frequency, bandwidth, and smoothing
scale are commonly determined by empirical rules or task-independent acoustic priors.
This separation between signal preprocessing and recognizer optimization can limit adap-
tation to underwater acoustic variability for underwater acoustic recognition, because
frequency-dependent attenuation, multipath propagation, Doppler distortion, and non-
stationary interference can alter the discriminative structure of ship-radiated noise. As
a result, narrowband mechanical line spectra, modulation-related components, or weak
target-dependent frequency patterns may be smoothed, distorted, or suppressed before
reaching the trainable recognizer.

Learnable acoustic front-ends provide a promising strategy for reducing this mismatch
between static preprocessing and data-driven recognition. By parameterizing the filter
bank and optimizing its parameters jointly with the downstream recognizer, the front-end
can learn task-relevant frequency responses directly from underwater acoustic data [10-14].
However, designing a learnable front-end for UATR is not equivalent to simply replacing
fixed filters with trainable filters. An effective underwater acoustic front-end should
satisfy three requirements. First, it should preserve frequency-selective structures that are
physically meaningful for ship-radiated noise, such as tonal components, broadband energy
distributions, and modulation-related patterns. Second, it should remain stable under small
local temporal shifts and distortions caused by multipath propagation, platform motion,
and time-varying propagation delays. Third, it should suppress slowly varying background
interference and amplitude fluctuations without eliminating weak but discriminative
target-related components. These requirements indicate that a learnable UATR front-
end should combine interpretable signal-processing operations, acoustic robustness, and
end-to-end trainability.

Motivated by these considerations, this paper proposes a Learnable Two-Stage
Frequency-Guided Front-End method, termed LTFF, for underwater acoustic signal recog-
nition. LTFF is designed as a differentiable acoustic front-end that connects underwater
signal characteristics with deep recognition models. In the first stage, LTFF performs
frequency-guided discrimination by combining coarse frequency-band partitioning with
learnable complex Gabor filtering. This design enables the front-end to capture band-
dependent acoustic variations and emphasize frequency regions that are more informative
for target recognition. In the second stage, LTFF performs robustness enhancement through
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squared-modulus envelope extraction, learnable Gaussian pooling, and per-channel energy
normalization. The squared-modulus operation converts complex filter responses into
local energy envelopes, Gaussian pooling improves local time-shift stability, and PCEN
provides adaptive gain control for suppressing background fluctuations. Through these
two stages, LTFF transforms acoustic preprocessing from a fixed handcrafted operation
into a parameterizable module that can be optimized jointly with the recognizer. Fur-
thermore, LTFF is evaluated using both ResNet18 and Vision Transformer backbones to
investigate how different architectural inductive biases interact with the proposed learnable
acoustic representation.

The main contributions of this paper are summarized as follows.

A learnable two-stage acoustic front-end is proposed for underwater acoustic target
recognition. We develop a Learnable Two-Stage Frequency-Guided Front-End, termed
LTFF, to replace fixed handcrafted acoustic preprocessing with a trainable representation
module. The proposed front-end integrates frequency-band partitioning, learnable com-
plex Gabor filtering, squared-modulus envelope extraction, learnable Gaussian pooling,
and per-channel energy normalization into a unified pipeline. In this way, the acoustic
representation can be optimized according to the recognition objective rather than being
determined by manually selected time—frequency parameters.

A frequency-guided feature learning mechanism is established to adapt to the spectral
characteristics of ship-radiated noise. Unlike conventional fixed front-ends that process the
spectrum using predefined windows or filter banks, LTFF first decomposes the input signal
into coarse frequency bands and then applies learnable Gabor filters within each band.
This design allows the model to adaptively emphasize target-related tonal components,
modulation structures, and broadband energy patterns while reducing the influence of
less informative or noise-dominated frequency regions. Therefore, LTFF provides a more
task-adaptive acoustic representation for dynamic underwater environments.

A theoretically consistent formulation of LTFF is provided from the perspective of
differentiable signal processing. We formulate each operation in LTFF using discrete signal-
processing expressions, including frequency-domain masking, complex Gabor convolution,
squared-modulus energy extraction, Gaussian pooling, and PCEN-based adaptive normal-
ization. This formulation clarifies the trainable parameters, tensor flow, and optimization
path of the proposed front-end, showing that LTFF is differentiable or almost everywhere
differentiable and can be jointly optimized with downstream recognition networks.

2. Method and Theory
2.1. Learnable-Parameter Two-Stage Frequency-Guided Feature

Underwater acoustic signals contain frequency-dependent target information arising
from mechanical vibration, propeller modulation, broadband hydrodynamic radiation,
and propagation-induced spectral distortion. Conventional fixed front-ends usually adopt
predefined windows, filters, or frequency scales, which may be insufficient to preserve
target-discriminative components under dynamic marine environments. To address this is-
sue, we propose a Learnable Two-Stage Frequency-Guided Front-End method, termed LTFF,
which formulates underwater acoustic preprocessing as a differentiable and trainable front-
end. As illustrated in Figure 1, LTFF consists of two sequential stages: frequency-guided
discrimination and robustness enhancement. The first stage extracts band-dependent
acoustic responses using frequency partitioning and learnable complex Gabor filtering. The
second stage converts complex responses into stable energy representations and improves
robustness through Gaussian pooling and per-channel energy normalization.
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Figure 1. LTFF architecture.

Let x[n] € RT denote an input underwater acoustic signal with length T and sampling
frequency fs. LTFF maps x[n] into a two-dimensional feature representation

Furer = Po(x) € REXT, (1)

where C denotes the number of output channels, T’ is the temporal length after pooling or
downsampling, ®g(-) denotes the LTFF front-end, and ® contains all learnable parameters,
including Gabor center frequencies, Gabor bandwidths, Gaussian pooling scales, and
PCEN parameters.

To clarify the novelty of our approach, we summarize the differences between LTFF
and representative prior methods, including LEAF [10], UALF [13], learnable wavelet-
based methods, and conventional fixed front-ends such as Mel filters and wavelet filters,
as depicted in Table 1. Unlike previous methods, LTFF explicitly partitions the input
signal into low-, mid-, and high-frequency bands before applying learnable Gabor fil-
ters. This frequency-guided decomposition allows different filter groups to specialize in
physically meaningful acoustic regions related to ship-radiated noise. Combined with
squared-modulus energy extraction, learnable Gaussian pooling, and per-channel energy
normalization, LTFF provides enhanced local stability and background suppression.

Table 1. Comparison Table. Filter Type: Indicates whether the front-end uses fixed or trainable
filters. Frequency Constraint: Whether filter learning is constrained to specific frequency bands.
Underwater Prior: Whether the method considers underwater acoustic characteristics, e.g., ship-
radiated frequency patterns. Adaptive Normalization: Whether a learnable normalization (e.g.,
PCEN) is applied to improve robustness against energy variation and background noise.

Method Filter Type Comstraint " Prior Notmalization
Mel Fixed filter bank No No No
Wavelet Fixed wavelet filters Yes No No
LEAF Learnable Gabor filters Yes No PCEN
UALF Learnable filters No Yes -
Learnable wavelet-based methods Learnable wavelet filters - No No
LTFF (Ours) Learnable Gabor filters Yes Yes PCEN

2.1.1. Frequency-Band Partitioning

To explicitly model the frequency-dependent structure of ship-radiated noise, the
input signal is first decomposed into L non-overlapping frequency bands. In this study,
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L =3, corresponding to low-, mid-, and high-frequency components. The discrete Fourier
transform of x[n] is denoted as

X[K = F{x[n]},k=0,1,...,T - 1. @)

For the I-th frequency band, a binary band-selection mask B;[k] is defined as
L
Y Bi[k] = 1, Bi[k]|B;j[k] = 0,i # j, 3)
I=1
and a smooth band-selection mask B; [k] is
L

Y Bk =1,0< Bk <1 4)
=1

The original signal x[n] is real. If we want x;[n] to remain a real signal, the frequency-
domain mask must be conjugate symmetry B;[k] = B;[(T — k)modT]. The band-limited
signal is obtained by

xifn) = FH{B[k] © X[K]}, (5)

where © denotes element-wise multiplication. This operation ensures that subsequent
learnable filters operate on acoustically meaningful frequency regions rather than the full
spectrum indiscriminately.

2.1.2. Learnable Complex Gabor Filtering

Within each frequency band, LTFF applies a bank of learnable complex Gabor filters
to capture local time—frequency structures. For the I-th band and the m-th filter, the discrete
Gabor kernel is formulated as

8l,m [7’] - al,mexp(_rz/(ZUZZ,m))exp(jZT[fl,mr/fS)/r =—-R,... R (6)

where 4; ,, is an amplitude factor, f ,, is the learnable center frequency, 0; ,,, controls the
temporal spread of the Gabor kernel and is inversely related to its frequency bandwidth,
and 2R + 1 is the filter length. To ensure physically meaningful filters during training, the
parameters are constrained as

fl,m S [ lInin/ lmax}/o-l,m > 0. (7)

In practice, these constraints can be implemented by reparameterizing f; ,, with a
sigmoid function and ¢, ,, with a softplus function. The complex filter response is then
computed by one-dimensional convolution:

Zl,m[t] = (xl *gl,m)[t]' (8)

The responses from all frequency bands and filters are concatenated along the
channel dimension:

L
Z = Concat({zj |l =1,...,Lm=1,...,M}) e CT,c= Y M, 9)
1=1

where M; denotes the number of filters in the /-th band. This representation preserves
complex-valued local spectral responses before energy conversion.
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2.1.3. Squared-Modulus Energy Extraction

Since the Gabor responses are complex-valued, LTFF converts them into real-valued
local energy envelopes using the squared-modulus operation:

Ec[t] = |Zc[t]1? = Re(Zc[t])* + Im(Z[t])c =1,...,C. (10)

This operation reduces sensitivity to local phase variations while retaining the energy
distribution of each sub-band response. For underwater acoustic signals, such an energy-
envelope representation is suitable for describing target-related spectral patterns that may
be affected by propagation delay, phase distortion, and multipath interference.

2.1.4. Learnable Gaussian Pooling

Although the squared-modulus operation provides local energy envelopes, the result-
ing responses may still be sensitive to small temporal shifts. To improve local temporal
stability, LTFF applies learnable Gaussian pooling to each channel:

P
Pclr] = exp(—r*/(272))/ ) exp(—1*/(212)),r = —P,...,P, (11)
r=—P

where 7. > 0 is a learnable pooling scale and 2P + 1 is the pooling window length. The
smoothed energy response is obtained as

Uc[t] = (Ec * T0)[t]. (12)

Compared with fixed average pooling, learnable Gaussian pooling allows the
front-end to adapt the degree of local smoothing to different frequency channels. A
smaller T, preserves rapid local variations, whereas a larger 7. enhances stability against
temporal fluctuations.

2.1.5. Per-Channel Energy Normalization

Underwater acoustic recordings are often contaminated by slowly varying background
noise and amplitude fluctuations. To suppress such interference while preserving weak
target-related components, LTFF further applies per-channel energy normalization (PCEN).
For each channel, an exponential moving average is first computed:

M[t] = (1 = s))Mc[t — 1] + .U [t],0 < s < 1. (13)

where s, € (0,1) is a learnable smoothing coefficient. The normalized feature is then
defined as

Fe[t] = (Uclt]/ (e + Mc[t])™ +6c)" — 8¢, (14)

where ¢ > 0 is a small constant for numerical stability, and 0 < &, <1,, > 0,and r, > 0
are learnable parameters controlling gain normalization, bias compensation, and dynamic-
range compression, respectively. PCEN can be interpreted as a learnable adaptive gain-
control mechanism. Unlike static logarithmic compression, it adjusts the normalization
strength according to channel-wise energy dynamics, making the representation more
robust to slowly varying noise and amplitude scaling. PCEN can reduce sensitivity to
multiplicative amplitude scaling, especially when «. approaches 1 and the moving average
tracks the slow energy variation.
The final LTFF representation is

Furge = [FL By, ..., Fo) € ROXT (15)
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This feature map can be directly fed into a downstream recognition backbone. Since
frequency partitioning, Gabor convolution, squared-modulus transformation, Gaussian
pooling, and PCEN are differentiable or almost everywhere differentiable, LTFF can be
trained jointly with the recognizer under the recognition loss. Given a recognizer hy (-)
with parameters ¥, the overall optimization objective is

N

mingy(1/N) Y Lee(hy(Po(xi)), i), (16)
izl

where L denotes the cross-entropy loss, x; is the input signal, and y; is its class label.
Therefore, LTFF transforms underwater acoustic preprocessing from a fixed handcrafted

procedure into a learnable front-end that is optimized according to the recognition objective.
The process of LTFF is as shown in the Algorithm 1.

Algorithm 1 The process of LTFF

Input: Acoustic signal x[nn] € RT, sampling frequency f;, band masks {BI}ZL=1-

Output: LTFF feature map Fy1pr € REXT,

1: Compute the frequency spectrum X[k| = F{x[n]}.

2: Decompose x[n] into L frequency-band signals: x;[n] = F~1{B;[k] ® X[k]}.

3: For each band x[n], apply learnable complex Gabor filters g; ,, to obtain
zimt] = (%1 * gim)[t]-

4: Concatenate all filter responses: Z = Concat({z;, })-

5: Convert complex responses into energy envelopes: E[t] = Re*(Z.[t]) + Im?(Z.[t])

6: Apply learnable Gaussian pooling: U.[t] = (E * ¢¢)[t].

7: Estimate channel-wise background energy by exponential moving average:
Mc[t] = (1 —s¢)Mc[t — 1] + scUc[t].

8: Perform PCEN normalization to obtain Fc[t].

9: Construct the final feature map: Fyrpr = [F1, B, . . ., F¢).

10: Optimize LTFF parameters jointly with the recognizer using cross-entropy loss.

2.2. Theoretical Analysis of LTFF

This subsection provides a theoretical interpretation of the proposed LTFF front-end
and clarifies why the operations introduced in Section 2.1 are suitable for underwater
acoustic signal recognition. The analysis follows the same order as the method pipeline:
frequency-band decomposition, learnable Gabor filtering, squared-modulus envelope ex-
traction, Gaussian pooling, PCEN, and downstream classification. The purpose is not to
claim exact physical source separation, but to show that LTFF has well-defined mathemat-
ical properties in terms of differentiability, frequency selectivity, local stability, adaptive
gain control, and architecture-dependent compatibility.

2.2.1. Differentiability and End-to-End Learnability

Let Fy(x) denote the LTFF front-end parameterized by phi, and let 1(.) denote the
downstream recognition network. The complete recognition model can be written as

Po(ylx) = hg(Fp(x)). (17)

In LTFE, the FFT-based band partition is a linear transform followed by deterministic
frequency masking and inverse transformation. The Gabor filtering stage is a linear convo-
lution with kernels parameterized by learnable center frequencies and bandwidths. The
squared-modulus operation, Gaussian smoothing, exponential moving average, and PCEN

https://doi.org/10.3390 /jmse14131202
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are differentiable or almost everywhere differentiable under positive parameter constraints
and a nonzero numerical constant epsilon. Therefore, for the training objective

Q
L(¢,0) = —(1/Q) Y logpe(yql Fp(xy)), (18)

q=1

The gradient can be propagated from the recognition loss to both the recognizer
parameters theta and the acoustic front-end parameters phi. This property distinguishes
LTFF from fixed front-ends such as handcrafted Mel or wavelet features, whose filter shapes
and normalization behavior remain unchanged during model optimization.

The theoretical implication is that LTFF transforms the acoustic front-end from a man-
ually specified preprocessing step into an optimization-coupled representation-learning
process. The learned filters are not selected according to a generic perceptual prior, but
are updated according to the target-recognition objective. This is particularly important
for underwater acoustic signals, whose informative components are determined by tar-
get radiation mechanisms and propagation conditions rather than by human auditory
perception alone.

2.2.2. Frequency-Selective Representation of Ship-Radiated Noise

Ship-radiated noise generally contains multiple acoustic components, including low-
frequency tonal components associated with propulsion and machinery, mid-frequency
harmonic structures, broadband cavitation-related components, and environmental noise.
A simplified model can be expressed as

R

x[n] = Z ay[n)cos(2pifin/ fs + ¢;) + bin] +yn], (19)
r=1

where the first term represents tonal or harmonic components, b[n] denotes broadband
target-related components, and eta[n] denotes background noise or interference. Since these
components are distributed unevenly over frequency, a single fixed global representation
may either smooth out narrowband discriminative lines or retain noise-dominated regions
with limited classification value.

LTFF addresses this issue by first dividing the spectrum into low-, middle-, and
high-frequency regions and then applying band-specific learnable Gabor filters. For a
tonal component near f;, the magnitude of the Gabor response is maximized when the
learnable center frequency f, , approaches f, and the bandwidth is sufficiently narrow
to isolate the component. Conversely, for broadband structures, a wider bandwidth can
preserve distributed energy patterns. Through gradient-based optimization, the center
frequencies and bandwidths are encouraged to move toward frequency regions that reduce
classification loss. In this sense, LTFF provides a frequency-selective mechanism that
can emphasize target-discriminative components while suppressing less informative or
noise-dominated bands.

The three-band partition also has a regularizing effect. It restricts each group of filters
to a physically meaningful frequency region and prevents all filters from collapsing into
the same dominant band. This improves interpretability because the learned responses
can be analyzed according to low-, mid-, and high-frequency acoustic evidence. Therefore,
the first stage of LTFF is theoretically consistent with the frequency-dependent nature of
underwater target radiation and propagation.
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2.2.3. Local Stability Induced by Squared Modulus and Gaussian Pooling

The complex Gabor response preserves both amplitude and phase information. How-
ever, underwater acoustic recordings are frequently affected by propagation delay, slight
window misalignment, and local phase variations. Directly feeding complex responses into
a recognizer may increase sensitivity to such nuisance factors. LTFF therefore converts the
complex response y;[t] into a real-valued local energy envelope,

Eilt] = [yilt] . (20)

This operation removes instantaneous phase ambiguity while retaining the am-
plitude modulation and envelope patterns that are closely related to mechanical and
propulsion signatures.

Gaussian pooling further improves local time-shift stability. Consider a small tem-
poral shift Delta applied to the input signal. Since convolution is shift-equivariant,
the corresponding sub-band energy approximately shifts as E*[t] = E;[t — A]. After
Gaussian pooling,

Uj[t] = (Ei = hy)[t], (21)

where }; is a normalized Gaussian kernel. For a smooth /; and a bounded energy response,
the change induced by a small shift is bounded by

U (1] = UL [ < 1A]Eil ol 1] (22)

This inequality shows that the pooled response varies continuously with small tem-
poral shifts. The learnable pooling scale s; controls the trade-off between stability and
temporal resolution: a larger s; yields stronger local stability but may blur rapid tran-
sients, whereas a smaller s; preserves fine temporal details. By learning s; from data, LTFF
adaptively selects an appropriate stability-resolution balance for each frequency channel.

2.2.4. Adaptive Gain Control and Noise Suppression by PCEN

Underwater acoustic signals often exhibit nonstationary background noise and am-
plitude fluctuations caused by propagation loss, sensor gain variation, or environmental
interference. Static logarithmic compression can reduce the dynamic range, but it cannot
adapt the degree of normalization to different channels and acoustic conditions. PCEN
in LTFF provides a learnable automatic gain-control mechanism. For each channel, the
exponential moving average,

M;[t] = (1 —r)) M;[t — 1] + r;U;[t], (23)
estimates the local background energy, and the normalized response is given by
Zilt] = (Wilt]/ (e + Milt])" +6,)" = o], (24)

The role of PCEN can be interpreted from scale behavior. If a channel response is
multiplied by a slowly varying positive factor c and the moving average tracks the same
factor, then U;[t] and M;]t] are both scaled by c. The normalized term approximately
becomes ¢! % U;[t]/ M;[t]"I. When a; approaches 1, the response becomes nearly invariant
to multiplicative amplitude scaling. When «; is smaller, more absolute energy information is
preserved. Therefore, learnable «; allows LTFF to adaptively determine whether a channel
should emphasize relative contrast or absolute energy.

The moving-average mechanism also explains the noise-suppression behavior. Slowly
varying background components are gradually absorbed into M;[t] and are attenuated
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after normalization, whereas short-term target-related energy variations are less fully
absorbed and can remain salient. The parameters ;, «;, J;, and ; jointly determine the time
scale, strength, offset, and compression of this adaptive gain control. Consequently, PCEN
improves robustness without imposing a fixed denoising rule that might remove weak but
useful target components.

2.2.5. Compatibility with CNN and Transformer Backbones

The proposed LTFF front-end produces localized sub-band energy patterns whose
discriminative information is mainly reflected in spectral textures, envelope transitions,
and frequency-specific energy distributions. CNNs are naturally compatible with such
representations because local connectivity, weight sharing, and hierarchical pooling provide
strong inductive biases for extracting local and translation-tolerant patterns [15]. Therefore,
a convolutional recognizer can efficiently exploit the structured local patterns generated by
LTFF, even when the available underwater acoustic datasets are limited in scale.

In contrast, a vanilla Transformer relies primarily on global self-attention and has
weaker built-in locality priors. This makes it powerful for long-range dependency modeling,
but it may require larger datasets, stronger pretraining, or more carefully designed patch
embeddings to fully exploit a flexible learnable acoustic front-end. Thus, if LTFF yields a
larger improvement with CNNs [16] than with ViT [17], the result should not be interpreted
as a failure of the front-end. Rather, it reveals an interaction between learnable acoustic
representations and backbone inductive biases. This analysis justifies using both ResNet18
and ViT [18] in the experiments: they serve as representative downstream recognizers for
evaluating the architecture-dependent behavior of LTFF, rather than as methodological
contributions themselves.

2.2.6. Computational Complexity and Parameter Overhead

The additional parameters introduced by LTFF mainly include the center frequencies
and bandwidths of the Gabor filters, the Gaussian pooling scales, and the PCEN parameters.
If N learnable filters with length W are used for an input of length T, direct convolution has
a complexity of O(NWT), while FFT-based implementation can reduce the filtering cost
for long signals. Gaussian pooling and PCEN have complexities of O(NPT) and O(NT),
respectively, where P is the pooling kernel length. Compared with the downstream CNN
or Transformer recognizer, the parameter overhead of LTFF is limited because each channel
only introduces a small number of scalar parameters.

Overall, the theoretical analysis demonstrates that LTFF is a differentiable, frequency-
selective, locally stable, and adaptively normalized acoustic front-end. These properties
directly correspond to the challenges of underwater acoustic signal recognition, includ-
ing frequency-dependent target signatures, local time shifts, nonstationary noise, and
architecture-dependent representation learning. Therefore, LTFF provides a theoretically
grounded alternative to a fixed-parameter front-end while preserving compatibility with
standard deep learning recognizers.

3. Results
3.1. Datasets

Two public underwater acoustic datasets are used to evaluate the proposed method.
1. ShipsEar [19] contains recordings from 11 types of vessels, with a total duration of
approximately 3 h and an original sampling frequency of 52,734 Hz.

2. DeepShip [20] contains more than 47 h of underwater acoustic recordings from
265 ships belonging to four categories. The recordings were collected under dif-
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ferent sea states and noise conditions, which makes the dataset suitable for evaluating
recognition robustness.

For consistent processing, all audio signals are resampled to 12 kHz. ShipsEar record-
ings are segmented into 3 s slices, while DeepShip recordings are segmented into 20 s slices
unless otherwise specified. To reduce the risk of temporal leakage, we follow the class
definitions provided in the original ShipsEar and DeepShip datasets. Before segmentation,
recordings shorter than 12 s in ShipsEar and shorter than 80 s in DeepShip are removed.
For each retained recording, 75% of its total duration is randomly selected as training
data, while the remaining 25% is used as testing data. Fixed-length segmentation is then
performed separately on the training and testing portions. This procedure differs from
directly randomizing cropped segments after segmentation, because the train/test division
is conducted before generating fixed-length samples. Therefore, segments used for training
and testing are produced from separately assigned portions of the original recordings. We
note that this protocol is a duration-level split within each original recording, rather than a
strict recording-level or vessel-level split.

3.2. Experimental Setup and Hyperparameters

All models are trained under the same optimization protocol to ensure fair comparison.
We use the AdamW optimizer with a WarmupCosine learning-rate schedule, including
a 10-epoch warmup period to stabilize early training. The batch size, learning rate, and
number of epochs are listed in Table 2. The reported recognition accuracy is averaged over
the last five epochs to reduce the influence of transient fluctuations.

Table 2. Training hyperparameters.

Epochs Learning Rate Batch Sizes
60 1x1074 32

3.3. Experimental Results

Comparative experiments are conducted to evaluate whether learnable-parameter
front-ends provide advantages over fixed-parameter feature representations. By combining
three feature representations with two deep learning architectures, we analyze both the
recognition performance of LTFF and its compatibility with different backbone models.

The Mel-spectrogram [21] is a widely used acoustic representation because it offers
a compact time—frequency description and emphasizes low-frequency information. The
Wavelet Scattering Transform (WST) [22] provides a more structured multiscale represen-
tation through wavelet bandpass filtering and modulus operations. In contrast to these
fixed-parameter front-ends, LTFF learns its filter responses and normalization behavior
directly from the target-recognition objective.

To assess LTFF, we combine Mel, WST, and LTFF features with ResNet18 and ViT.
Audio Spectrum Transformer (AST) [23] and InceptionNeXt [24] are included as additional
reference models. All comparisons are conducted under consistent preprocessing and
training settings.

To ensure fair comparison, all baseline methods are implemented under consistent
training settings. For Mel-spectrogram and Wavelet Scattering Transform (WST), we set
the window length to 512 samples and the hop size to 256 samples. For AST and Incep-
tionNeXt, we use their official base model configurations as released in the corresponding
repositories. All backbone networks, including ResNet18, ViT, AST, and InceptionNeXt,
are initialized with publicly available pretrained weights. All models are trained using the
same optimization strategy, learning-rate schedule, and data preprocessing pipeline.
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Comparison for fixed filters: We further evaluate LTFF-ResNet with different num-
bers of filters on ShipsEar, as summarized in Table 3. The relatively small performance
variation suggests that the proposed front-end is not overly sensitive to the tested filter-
bank size. Nevertheless, filter number mainly controls representation capacity and
computational cost.

Table 3. ResNet-LTFF with varying numbers of filters.

Number of Filters Accuracy (%)
64 97.3
128 96.9
256 97.1

As shown in Table 4, LTFF-ResNet achieves the highest recognition accuracy on
ShipsEar, demonstrating that the learnable frequency-guided front-end can provide dis-
criminative information when coupled with a convolutional backbone. However, LTFF-ViT
does not consistently outperform fixed-parameter features. This result indicates a compat-
ibility issue between highly flexible learnable front-ends and Transformer architectures
under limited acoustic training data. Fixed front-ends such as Mel and WST inject stronger
signal-processing priors, which can partially compensate for the weak locality bias of ViT.

Table 4. Recognition results.

Methods ShipsEar DeepShip
LTFF-ResNet 97.3 94.9
LTFE-ViT 93.5 93.9
Mel-ResNet 94.7 90.3
Mel-ViT 95.5 91.0
Wavelet Scatter-ResNet 95.7 91.2
Wavelet Scatter-ViT 96.0 92.3
Mel-AST 95.9 88.1
InceptionNeXt 93.4 86.6

These observations suggest that the benefit of a learnable acoustic front-end is
architecture-dependent. LTFF is better aligned with convolutional models because both
Gabor filtering and CNN operations emphasize local time—frequency structures [15,16].
Transformer-based models [17,18] may require larger datasets, acoustic pretraining, or
locality-aware patch designs to fully exploit LTFF features.

Ablation experiments: Table 5 presents the component-level comparison of LTFF
and LEAF under different backbone architectures. Compared with LEAF, LTFF improves
the recognition accuracy from 96.2% to 97.3% on ShipsEar and from 92.9% to 94.9% on
DeepShip when using ResNet, indicating that the frequency-guided partition provides
additional discriminative information beyond the standard learnable front-end. A similar
improvement is observed for the ViT backbone, where LTFF achieves 93.5% and 93.9% on
ShipsEar and DeepShip, respectively.

Replacing PCEN with conventional logarithmic compression consistently reduces per-
formance for both backbones. For ResNet, the accuracy decreases by 0.6 percentage points
on ShipsEar and 0.7 percentage points on DeepShip; for ViT, the corresponding decreases
are 0.5 and 0.7 percentage points. This result indicates that adaptive PCEN contributes
to the learned representation beyond fixed logarithmic compression. In contrast, remov-
ing the squared-modulus operation prevents stable convergence, because the complex
Gabor responses can no longer be converted into the real-valued energy representation
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required by the subsequent processing pipeline. Overall, the results support the combined
role of frequency-guided partitioning, squared-modulus energy extraction, and adaptive
PCEN in LTFFE.

Table 5. Component-level comparison recognition results.

Frequency-Guided Squared N . .
Method Partition Modulus Normalization ShipsEar DeepShip
LTFF-ResNet Vv Vv PCEN 97.3 94.9
LTFE-ViT Vv Vv PCEN 93.5 93.9
LEAF-ResNet X Vv PCEN 96.2 92.9
LEAF-Vit X Vv PCEN 92.8 91.3
LTFF-ResNet w/log
compression v v Log 96.7 94.2
LTFE-ViT w/log
compression v v Log 93.0 93.2
LTFF-ResNet
w/squared modulus v x PCEN ) )
LTFF-ResNet Y, « PCEN ) )

w/squared modulus

More detailed performance analysis: To further evaluate the effectiveness and relia-
bility of the proposed method, we conduct additional experiments on the ShipsEar and
DeepShip datasets using three different random seeds. The mean and standard deviation
of precision, recall, and F1-score are reported in Table 6.

Table 6. Comparison recognition results.

Methods ShipsEar DeepShip
Precision Recall F1-Score Precision Recall F1-Score
LTFF-ResNet 969 + 0.2 982+ 0.1 974 +0.2 943 4+ 0.2 94.6 +0.2 944 4+ 0.3
LTFF-ViT 93.0+0.2 95.6 0.2 949 £+ 0.3 93.84+0.2 94.0 4+ 0.2 94,04+ 0.3

The results show that LTFF-ResNet achieves a 97.4 + 0.2 Fl-score on ShipsEar and
94.4 & 0.3 on DeepShip, indicating consistent performance across different runs. LTFF-ViT
also demonstrates stable behavior with low variance, further confirming the robustness
of the proposed feature representation. In addition, as shown in Table 7, LTFF-ResNet
consistently outperforms LEAF-ResNet on both datasets. LTFF achieves a mean F1-score
improvement of 1.23 percentage points on ShipsEar and 1.56 percentage points on DeepShip.
The paired t-test results indicate that these improvements are statistically significant, with
(p = 0.000365) on ShipsEar and (p = 0.000236) on DeepShip. These results support that the
frequency-guided LTFF front-end provides a stable and statistically reliable improvement
over the LEAF baseline.

Table 7. Statistical significance results.

Dataset LTFF-Resnet =~ LEAF-Resnet A t df p-Value
ShipsEar 97.4+0.2 96.2 + 0.2 +1.23 37.00 2 0.000365
DeepShip 944403 929 +0.3 +1.56 46.00 2 0.000236

In addition, the confusion matrices provide a fine-grained view of classification behav-
ior. As shown in Figure 2, ShipsEar exhibits nearly perfect diagonal dominance, indicating
near-complete class separability. For DeepShip, most classes are well distinguished, while
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minor confusion occurs between Cargo and Tanker due to their similar acoustic characteris-
tics. Overall, the results confirm that the proposed method achieves both high accuracy
and strong class-wise discrimination.

ShipsEar Confusion Matrix (Percentage) 1o Deepship Confusion Matrix (Percentage)

True Label

Cargo Passenger Tanker
Predicted Label

Class C
Predicted Label

Figure 2. Confusion matrix.

Training loss: Figure 3 compares the training losses of ResNet-LTFF, ResNet-Mel, and
ResNet-WST on ShipsEar. The smoother convergence of LTFF indicates that the learnable
front-end can provide a more optimization-friendly representation for the convolutional
recognizer. However, training loss alone is insufficient to prove generalization; it should be
interpreted together with test accuracy and class-wise metrics.
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Figure 3. Training loss curves.

Robustness analysis: We evaluate the robustness of the proposed method by adding
additive Gaussian white noise to the ShipsEar dataset to construct data with different
signal-to-noise ratio (SNR) levels. The performance of LTFF-ResNet, LTFF-ViT, and the
Mel-AST baseline is then compared under these noisy conditions. As illustrated in Figure 4,
the proposed learnable signal feature extraction method consistently achieves higher ac-
curacy than fixed-feature baselines across all SNR levels. The performance gap becomes
more pronounced in the low-SNR regime (—5 dB to 5 dB), where the acoustic signals
are heavily corrupted by noise and robust feature representations are critical. This result
demonstrates that the proposed LTFF can adaptively extract discriminative features under
noisy conditions, leading to more stable and reliable classification performance compared
to handcrafted or fixed front-end feature representations. These results indicate improved
tolerance to additive Gaussian white noise under the evaluated SNR levels, as depicted
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in Figure 4. They do not constitute a comprehensive evaluation of robustness to realistic
underwater ambient noise or propagation-related distortions.

100 Signal-to-Noise Ratio Experiment

—®— LTFF-ResNet
LTFF-ViT
—&— Mel-AST

ACC

SNR

Figure 4. Performance under different SNR levels.

Computational cost and runtime analysis: The results are shown in Table 3. All
results are measured on an NVIDIA A6000 (NVIDIA Corporation, Santa Clara, USA) with
batch size = 1 under FP32 precision. Input audio length is 3 s at 12 kHz sampling rate.
LEAF frontend uses 64 mel-like learnable filter banks with window length 512 and hop size
256. This indicates that in practical deployment scenarios, front-end computation is the
primary bottleneck, and FLOPs alone is not sufficient to reflect real inference efficiency.

On an NVIDIA A6000 GPU with 48 GB of memory, we evaluated the training cost
of LIFT-based models using a batch size of 16. For ShipsEar, with 3 s input segments,
LIFT + ResNet18 required approximately 1.71 GB of peak GPU memory and took about
26.3 s (0.0073 h) per training epoch, whereas LIFT + ViT-Tiny required approximately
1.48 GB and took about 27.6 s (0.0077 h) per epoch. For DeepShip, with 20 s input segments,
LIFT + ResNet18 required approximately 10.14 GB of peak GPU memory and took about
419.5 5 (0.117 h) per epoch, while LIFT + ViT-Tiny required approximately 9.29 GB and
took about 389.1 s (0.108 h) per epoch. Overall, both configurations can be trained on a
single NVIDIA A6000 GPU; the peak memory usage remains below 4% of the total GPU
memory for ShipsEar and approximately 19-21% for DeepShip. The computational cost
and runtime analysis is shown in Table 8.

Table 8. Computational cost and runtime analysis. All results are measured on an NVIDIA A6000
with batch size = 1 under FP32 precision. Input audio length is 3 s at 12 kHz sampling rate. LEAF
frontend uses 64 mel-like learnable filter banks with window length 512 and hop size 256.

. Params Flops LIFT Backend End to End LIFT Latency Backend
Pipeline ™) G) Floos Flops Latency (ms, (ms, A6000) Latency (ms,
P P A6000) ’ A6000)
LIFT + ResNet 4.726 4.808 2.369 2.439 9.16 6.39 2.40
LIFT + Vit 5.395 2.551 2.369 2.183 9.64 6.33 2.90

To further examine feature separability, t-SNE visualization [25] is used to project
learned representations into a two-dimensional space, as shown in Figure 5 for ShipsEar. In
the LTFF-ResNet configuration, intra-class samples show relatively compact distributions
and inter-class samples show clearer separation, which is consistent with the recognition
results. Since t-SNE is qualitative and sensitive to hyperparameters, future work should
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complement this visualization with quantitative clustering indicators such as the silhouette
score or Davies—Bouldin index.

t-SNE Visualization

e

t-SNE Visualization ESNE Visualization

* Casso o Class
o Class1 o Class
o Class2 o Closs

e, .y e n - ;3'2‘}
- Eo Sy %g;, “:§""§”§i M@V
oo -&F R

Wavelet Scatter-ResNet Wavelet Scatter-ViT Mel-ResNet

tSNE Visualization t-SNE Visualization ESNE Visualization

. &
H “-' .ﬁ . q:%‘am' : ‘ &
1 1]
b . "™

Component 1 Component 1 Component 1

Mel-ViT LTFF-ResNet LTFF-VIiT

conoo

Component 2
Component 2

Compenent 2

coooo

Compenent 2

-
»

Figure 5. t-SNE visualization on ShipsEar.

The t-SNE visualization results for DeepShip are shown in Figure 6. Because DeepShip
contains more vessels, longer recordings, and more variable sea states, the learned feature
distributions are less compact than those on ShipsEar. This phenomenon reinforces the
need for robustness tests under controlled SNR degradation and for recording-level valida-
tion protocols. Overall, the visualizations indicate that the interaction between front-end
representation and model architecture substantially affects both separability and stability.

t-SNE Visuali

L-SNE Visualization L-SNE Vis,

Component 2
Companent 2

Companert 1

Wavelet Scatter-ResNet

Wavelet Scatter-ViT Mel-ResNet

L-SNE Visualization LSNE Visualization L-SNE Visualization

Component 2
Component 2

Component 2

b 4

Componert 1 Component 1 Companert 1

Mel-ViT LTFF-ResNet LTFF-VIT

Figure 6. t-SNE visualization on DeepShip.

4. Conclusions

This paper proposes LTFF, a Learnable Two-Stage Frequency-Guided Front-End for
underwater acoustic signal recognition. Unlike conventional fixed time-frequency pre-
processing methods, LTFF formulates acoustic feature extraction as a differentiable and
trainable front-end that can be jointly optimized with the downstream recognition model.
Specifically, the proposed method integrates frequency-band partitioning, learnable com-
plex Gabor filtering, squared-modulus envelope extraction, learnable Gaussian pooling,
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and per-channel energy normalization into a unified framework. Through this design, LTFF
enables the model to adaptively capture frequency-selective target signatures, improve
local temporal stability, and suppress slowly varying energy fluctuations in underwater
acoustic recordings. The discrete formulation further clarifies the signal-processing flow,
trainable parameters, and optimization path of LTFF, thereby enhancing the theoretical
consistency and reproducibility of the proposed method.

The experimental results show that LTFF achieves promising recognition performance
and exhibits stronger compatibility with convolutional architectures than with vanilla
Transformer architectures under the current dataset scale. This architecture-dependent
behavior can be explained by the alignment between the localized sub-band energy rep-
resentations produced by LTFF and the local inductive bias of CNNs, including local
connectivity, weight sharing, and hierarchical feature aggregation. In contrast, ViT relies
more heavily on global self-attention and weaker locality priors, which may require larger
acoustic datasets, stronger pretraining, or locality-aware patch designs to fully exploit the
proposed learnable front-end. These findings indicate that the effectiveness of learnable
acoustic front-ends depends not only on the signal representation itself, but also on its
compatibility with the downstream recognition architecture.

Overall, LTFF provides a task-adaptive alternative to fixed acoustic front-ends for un-
derwater acoustic signal recognition and offers a useful perspective for bridging physically
meaningful signal preprocessing with deep representation learning. Future work will focus
on more comprehensive validation, including component-level ablation studies, recording-
level split verification, low-SNR robustness testing, class-wise performance analysis, and
computational-cost evaluation. These studies will further assess the practical value of LTFF
for real-world underwater monitoring and embedded deployment scenarios.

5. Limitations

Although LTFF provides a robust learnable front-end under the evaluated conditions,
its generalization to unseen vessels, acoustic environments, and recording conditions
has not been fully established. Performance may degrade when target characteristics or
propagation environments differ substantially from those represented in the training data.
Moreover, the current robustness evaluation is limited to controlled additive Gaussian
white noise and does not cover realistic ambient noise, reverberation, or propagation-
related distortions. Addressing these limitations will require dedicated supervision and
training strategies, including vessel-level or environment-level annotations, domain-aware
data partitioning, and cross-domain adaptation or generalization methods.
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