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ABSTRACT:

Research on acoustic target recognition of the large yellow croaker (Larimichthys crocea) holds significant
implications for precise monitoring of their population status and maintaining marine ecological balance. Due to the
complex acoustic fields in underwater aquaculture environments and the high time cost of data collection, it is often
challenging to gather sufficient effective samples for target recognition tasks. To address the practical challenges in
small-sample scenarios—such as limited effective acoustic data, high recognition difficulty, low accuracy, and sensi-
tivity to anomalous samples—this study systematically integrates and adapts a set of established techniques, includ-
ing data partitioning and ensemble learning, specifically tailored for the acoustic characteristics of the large yellow
croaker in aquaculture environments. The proposed approach employs a pre-grouping strategy on the training dataset
and incorporates a loss-based weighting mechanism to adjust sub-model contributions, with further optimization
focused on efficient data partitioning under small-sample conditions. Experimental results on a dedicated small-
sample acoustic dataset of the large yellow croaker demonstrate that the method achieves a recognition F1-score of
87.8% and helps mitigate feature-learning imbalances, indicating its practical effectiveness for this specific applica-
tion. © 2026 Acoustical Society of America. https://doi.org/10.1121/10.0043129
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I. INTRODUCTION

The large yellow croaker holds paramount importance as
a marine fishery resource in China, sustaining coastal econo-
mies while serving as a keystone species in subtropical marine
ecosystems.! Its distinct vocalization patterns, generated
through coordinated contractions of specialized sonic muscles
and swim bladder vibrations,2 provide critical biomarkers for
population monitoring. Spectral analyses reveal species-
specific acoustic signatures with dominant energy near 800 Hz,
exhibiting temporal waveform variations correlated with feed-
ing (single pulses, 1-30 ms intervals) and spawning behaviors
(multi-pulse sequences, 100-130 ms intervals).” These bio-
acoustics features underpin underwater acoustic target recogni-
tion (UATR) systems that enable non-invasive assessment of
distribution dynamics and abundance trends,* forming the sci-
entific basis for sustainable fishery management.

Conventional UATR methodologies predominantly
rely on data-intensive deep learning models, requiring substan-
tial training samples to achieve robust recognition accuracy.”®
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However, underwater acoustic data acquisition faces inherent
physical constraints: compared to atmosphere, water exhibits
800x higher density, and the complex acoustic propagation
environment causes severe acoustic attenuation and distortion
due to absorption by the aqueous medium, scattering from sus-
pended particles, and boundary reflections.” This energy dissi-
pation, exacerbated by suspended particulates and boundary
reflections,® limits effective propagation distances and reduces
signal-to-noise ratios (SNRs) below detection thresholds in
aquaculture environments.” In individual identification tasks,
the limited life cycle of individuals is one of the constraints on
sample accumulation. Consequently, obtaining sufficient train-
ing data demands prolonged monitoring cycles—a critical bar-
rier for timely management decisions. For the large yellow
croaker aquaculture industry, timely assessments during the
growth cycle contribute to disease prevention and feeding opti-
mization, potentially avoiding economic losses caused by dis-
ease outbreaks in critical situations. '’

Therefore, shortening the data acquisition cycle and rapidly
assessing growth conditions are imperative, as they facilitate
adjustments to feeding regimes, water quality management, and
other husbandry practices. A compressed data acquisition cycle

© 2026 Acoustical Society of America 3291


https://orcid.org/0000-0002-1728-4586
https://orcid.org/0009-0008-1955-0324
https://orcid.org/0009-0004-7414-5011
https://orcid.org/0009-0002-5402-9696
https://orcid.org/0000-0002-3782-7955
https://orcid.org/0000-0001-8345-1226
https://doi.org/10.1121/10.0043129
mailto:chenyougan@xmu.edu.cn
http://crossmark.crossref.org/dialog/?doi=10.1121/10.0043129&domain=pdf&date_stamp=2026-04-14

provides more timely insights, better aligning with the demands
of aquaculture management. Simultaneously, it enables earlier
detection of disease symptoms, allowing prompt preventive
measures to mitigate losses''—a crucial advantage in Small
Sample Learning (SSL) contexts where limited training data
exacerbates the urgency for efficient and actionable informa-
tion. SSL refers to strategies in machine learning where insuffi-
cient training samples hinder effective model development,
with the goal of constructing generalized models capable of
solving target problems using minimal data.'? The traditional
processing methods of SSL mainly focus on removing various
random noises in the atmosphere. The underwater acoustic
channel is a typical frequency-selective fading channel, where
the attenuation coefficient is strongly dependent on frequency,
approximately proportional to the square of the frequency.'?
Within the 200 to 1200 Hz band, which is the primary focus of
this study, the effects cannot be generalized. In particular,
across the critical 500-800 Hz sub-band, signals in typical
shallow-water aquaculture environments experience not only
unavoidably high absorption loss but are also highly suscepti-
ble to multipath effects and ambient noise. This leads to signifi-
cant signal distortion and a reduction in SNR.? In addition,
underwater SSL. must also confront the problem of ocean
reverberation. The traditional SSL processing methods do not
take into account the influence of these underwater sound
fields.

Based on the above challenges, this paper presents a tai-
lored deep learning approach for small-sample acoustic target
recognition of large yellow croakers, which systematically
incorporates a data-grouping strategy. We employ a fine-
grained classification paradigm that treats individual identities
as separate categories to achieve individual identification. Prior
to the global training phase, the training dataset is partitioned
into subgroups for independent pre-training. These sub-models
are first validated to ensure baseline recognition capabilities
before integration, thereby mitigating the adverse effects of
limited sample size. The primary contributions of this work are
as follows:

(1) A grouped training strategy is implemented to enhance
data utilization in small-sample scenarios specific to large
yellow croaker acoustic recognition. This interleaved
grouping approach aims to alleviate the performance deg-
radation commonly caused by scarce training data.

(2) A subgroup-specific training mechanism is designed to
isolate potential anomalous samples, preventing their
negative influence from propagating across different
data groups during optimization.

(3) A loss-aware weighting scheme is integrated into the
backpropagation process. This allows the model to
dynamically adjust the influence of each subgroup dur-
ing gradient updates, effectively reducing the impact of
groups containing anomalous or low-quality samples.

(4) The influence of group quantity on model performance
is empirically analyzed. Practical guidelines for data
allocation in small-sample settings are provided,
along with dataset-adaptive model refinements. These
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combined optimizations contribute to improved recogni-
tion accuracy under data constraints.

The remainder of this paper is organized as follows:
Section I reviews related work in UATR. Section II presents
the system model and relevant parameters. Section III
details the implementation of the proposed group-based
small-sample deep learning method, including algorithmic
steps and model configuration discussions. Section IV
describes the data sources and experimental results. Finally,
Section V concludes the paper.

Il. RELATED WORK

Currently, numerous machine learning methods have
been widely applied in the field of hydroacoustic recogni-
tion, primarily focusing on sonar image recognition and
time-frequency feature analysis. However, the application
and broader adoption of SSL in UATR remain in their
nascent stages, with most approaches leveraging self-
supervised learning and transfer learning to address dataset
inadequacies.

In the domain of sonar image recognition, Refs. 1416
collectively advance technical approaches. Reference 14
systematically evaluated three SSL frameworks (Rotation
Network, denoising autoencoders, and Jigsaw puzzles) on
unlabeled real-world sonar datasets through pretraining and
transfer learning. The Jigsaw method achieved 97.02%
accuracy with 200 samples per class, only 1.35% below
supervised baselines, demonstrating SSL’s efficacy in small-
sample scenarios. Reference 15 compared metric-based
methods (Siamese/triplet networks) and library-based strate-
gies across custom and public SeabedObjectsKLSG data-
sets, highlighting SSL’s potential under data scarcity.
Reference 16 innovatively applied Siamese networks to
UATR, quantifying inter-class disparities using 80 single-
beam trajectories across eight object types. The study vali-
dated stable target tracking through multi-beam mapping
discrepancies, offering critical insights for deploying deep
learning in UATR applications.

In the field of hydroacoustic time-frequency feature rec-
ognition, several studies addressing small-sample challenges
have also emerged. Reference 17 integrated large pre-
trained neural networks with customized acoustic attention
modules to tackle small-sample datasets. The Scale ResNet
module accepts Constant-Q transform (CQT) features as
input to prioritize frequency-specific information, whereas
the RHAF (Residual Hybrid Attention Fusion) module com-
bines temporal features extracted by wav2vec 2.0 with fre-
quency features from Scale ResNet, leveraging attention
mechanisms to fuse time-frequency and temporal features
synergistically. This adaptation enables speech-trained
wav2vec 2.0 models to better generalize to hydroacoustic
data. Experiments on the ShipsEar dataset demonstrated a
recognition accuracy of 96.39%. Reference 18 developed
Transfer-VGG16 (Visual Geometry Group 16), a novel
transfer learning approach based on the VGG16 model
utilizing three-dimensional data inputs. Evaluations on
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real-world datasets confirmed its superior performance under
scarce observational data. Reference 19 proposed a self-
supervised dual-channel self-attention acoustic encoder
(DSAE) for UATR tasks. This method unifies features into
self-supervised learning via the dual-channel encoder, aug-
mented by a dynamic positive sample memory module
(DMM) to ensure comprehensive and balanced training sam-
ple utilization. Experimental results indicated that DSAE sig-
nificantly outperforms state-of-the-art acoustic learning
methods in recognition accuracy.

These studies collectively demonstrate that advanced
machine learning techniques enable high-performance target
recognition in the field of small-sample hydroacoustic target
recognition, even under data scarcity. However, these works
primarily achieved their results through transfer learning
and self-supervised learning, which are prone to model over-
fitting.”” Overfitted models tend to fixate on specific samples
or noise in the training data rather than learning the true data
distribution, thereby struggling to adapt to data variations.
Moreover, existing literature has not adequately addressed
the heightened sensitivity of underwater deep learning mod-
els to noise and outliers in small-sample scenarios, which
may severely degrade model performance.?’

Thus, although machine learning methods have proven
effective in hydroacoustic target recognition,"*'* the appli-
cation of SSL in this domain remains fraught with chal-
lenges. In this paper, we propose a new small-sample deep
learning method for UATR based on data grouping, named
the Small-Sample Unbalanced Dataset Grouping method
(SUDG), in audio signal-driven scenarios, incorporating
analyses of model quantity configuration and dataset alloca-
tion strategies under small-sample constraints. Experimental
validations in croaker environments further substantiate its
efficacy.

lll. UNDERWATER ACOUSTIC PROPAGATION SCENE
AND SMALL SAMPLE MODEL

A. Underwater acoustic interference

The complexity of marine environments results in
hydroacoustic fields characterized by diverse and variable
interference types with varying intensities.”* A single type
of feature extraction cannot resolve all interference chal-
lenges. Current UATR tasks predominantly employ Mel-
Frequency Cepstral Coefficients (MFCC) feature extraction,
which processes time-domain signals according to the audi-
tory sensitivity curve.”® This relationship can be mathemati-
cally represented by the following formula:**

Mel(f) :2595*10g10(1 —I—fm), (1)

where f denotes the actual frequency, and Mel(f) represents
the perceptual frequency in Mels. The features derived from
this method exhibit enhanced robustness.*

Although the MFCC method has been validated for its
robustness and noise resistance in the field of hydroacoustic
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recognition,® strong interference scenarios still significantly
impact the outcomes of MFCC feature extraction. This sec-
tion elucidates the specific effects of interference on the
MEFCC feature extraction process through formalized deriva-
tions based on its underlying mechanism.

1. Ocean noise

Gaussian white noise, a prevalent form of additive
interference, is typically expressed as Eq. (1),>” where y(7)
denotes the received signal, x(f) represents the original sig-
nal, and n(f) corresponds to the Gaussian white noise
component

y(6) = x(t) + (). (2)

In the frequency domain, the power spectrum of the
received signal is expressed as

Y(f, 0P = X(f.0 + IN(f, 0 +2
‘Re{X(f.t)-N*(f.1)}. 3)

Due to the stochastic nature of noise, the expectation of
the cross term is zero; consequently, the expectation of the
power spectrum is expressed as

E[Y(f, 0] = X(f,0)]" + o?, (4)

where o denotes the variance of the noise. After processing
through the Mel filter bank, the Mel-spectral energy is
expressed as

En =Y [Y(f,0)]" - Mel(f). (5)
f

The introduction of noise increases the Mel-spectral
energy, particularly under low SNR conditions, causing
deviations in MFCC coefficients from their original
values.”®

2. Impact of multipath interference

Multipath interference, a convolutional disturbance
caused by signal propagation through multiple paths, results
in a received signal y(¢) expressed as

L—-1

y(0) =) ai-x(t — 1), 6)

i=0

where a; and 7; denote the attenuation coefficient and time
delay of the i-th path, respectively. In the frequency domain,
the power spectrum of the received signal is expressed as

—1

L
Y0P =D lal® - IX(f 0P + ) aia)
i=0 i#]
X(F, )X (f, 1) - e W (E75), @)
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Multipath interference introduces additional fluctua-
tions in the frequency domain, altering the Mel-spectral
energy distribution and ultimately degrading the accuracy of
MEFCC coefficients.

3. Impact of reverberation

Reverberation, resulting from the reflections and super-
position of acoustic waves in enclosed spaces, can be mod-
eled as the convolution of the original signal x(#) with the
room impulse response A(?):

y() = x(1) = h(2). (8)

In the frequency domain, the power spectrum of the
received signal is expressed as

YA = IX(F)IP - [H(f), )

where the reverberation spectrum H(f) is typically
frequency-dependent, leading to signal amplification or
attenuation in specific frequency bands. After processing
through the Mel filter bank, the Mel-spectral energy is cal-
culated as

En =Y IX(F)I - [H(f) - Mel (f). (10)
f

Reverberation alters the energy distribution across Mel-
frequency bands. Following logarithmic compression, the
smoothing effect and energy redistribution in the spectrum
are further amplified, ultimately causing deviations in
MEFECC coefficients from their original values.

Thus, although the MFCC method exhibits moderate
robustness in anti-interference capability—effectively proc-
essing weakly disturbed acoustic signals to retain feature
similarity with the original target signals, thereby facilitat-
ing model discrimination between sample classes—its
extracted features remain significantly compromised under
strong interference conditions. Substantial deviations in
sample features increase the likelihood of target misclassifi-
cation and degrade model learning efficacy.

B. Underwater acoustic signal sample distribution

Based on the preceding discussion, it is evident that
underwater acoustic data acquisition is subject to varying
degrees of interference. Although the MFCC method exhib-
its moderate robustness and can withstand certain interfer-
ence levels, it fails to perform effectively on data
contaminated by strong interference. When such data are
included as model samples, the extracted features deviate
from the expected target characteristics, failing to represent
genuine target attributes. These samples, which may intro-
duce model interference and degrade performance, are
empirically termed anomalous samples, whereas unaffected
samples are classified as normal samples. Anomalous sam-
ples refer to data points exhibiting pronounced feature devi-
ations relative to other samples within the same category,
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whereas normal samples exhibit minimal deviation values
relative to their counterparts.

Consequently, the collection of target acoustic data in
underwater environments presents inherent difficulties and
unavoidable challenges. Compared to terrestrial data acqui-
sition, effective underwater acoustic datasets are signifi-
cantly fewer in quantity and contain a higher proportion of
contaminated data. Thus, target recognition algorithms for
underwater acoustic signals must account for both limited
data availability and suboptimal data quality.

Furthermore, in deep learning frameworks, small-
sample datasets often suffer from inherent class imbalance,
posing challenges to learning efficacy. Such imbalance
typically stems from systematic biases during data acquisi-
tion, which may arise from collector preferences, source
limitations, or methodological imperfections in data collec-
tion. Additionally, natural distribution imbalances also con-
tribute significantly to class disproportion in small-sample
scenarios.’

In our subsequent discussion, we assume that the existing
underwater acoustic small-sample training set X contains a
total of N labeled samples with recorded sample labels, namely
X =X;X2,X3,...,Xy. The anomalous sample rate in the training
set is denoted as 4 (4 € (0, 1)), which is treated as an abstract
contamination ratio rather than a precisely measurable random
variable. The parameter 4 is influenced by factors such as sam-
ple collection time, environmental conditions, and instrumenta-
tion and is therefore subject to inherent variability in practical
data acquisition. Consequently, the training set comprises 4 - N
anomalous samples and (1 — /) - N normal samples.

IV. THE PROPOSED SUDG

In this section, we elaborate on the proposed SUDG.
The discussion is organized into three components: 1) the
forward propagation method based on data grouping; 2) the
backpropagation method incorporating inter-group weight
adjustment; and 3) the group selection and dataset allocation
strategy. The overall workflow of the algorithm is illustrated
in Fig. 1. Detailed explanations of these components follow.

A. Forward propagation method based on data
grouping

The forward propagation method based on data grouping
is illustrated in Fig. 2. In the forward propagation phase, to mit-
igate the performance interference caused by anomalous sam-
ples on the acoustic recognition model, we introduce a training
set grouping strategy prior to model training. Given the limited
size of the training set X, directly partitioning it into n groups
would result in each subset containing only N/n samples, dras-
tically reducing the data volume per group. To address this, an
interleaved grouping strategy is applied to large yellow croaker
sound training set. Because the quality of samples cannot be
predetermined, all x;x;,x3,....xy samples are first randomly
shuffled before training. Subsequently, the shuffled samples
are evenly partitioned into n splitting-datasets, denoted as

{Q17Q27Q37 "'7Qn}'
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FIG. 1. Algorithm flow chart of proposed SUDG.

Each splitting-dataset contains N /n samples, and all sub-
sets are mutually exclusive with no overlapping samples. The
composition of the splitting-datasets is structured as follows:

7XN*j/nflva*j/n}-

(11)

O; = {XNsj nN s 15 XN N 425

Merge the splitting-datasets according to the following
method:

Tj=XQj={x € X|x & 0} (12)

It forms the sub-dataset {7,75,73,...,T,}. The above
equation indicates that the sub-dataset T; encompasses all the
splitting-datasets Q;,0,...,.0;.1,Qj .- .0, except for Q;. Each
sub-dataset incorporates n — 1 groups of splitting-datasets, and
there are no two completely identical sub-datasets. Each sub-
dataset contains a total of N — N /n samples.

B. Backward propagation method for weight
adjustment between groups

The backward propagation method for weight adjust-
ment between groups is illustrated in Fig. 3. After grouping
the training sample sets in SUDG, the model requires
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training to identify sub-datasets containing anomalous sam-
ples and reduce their weights, thereby minimizing the inter-
ference of such samples on model performance. To achieve
this, we integrate an advanced weight update mechanism
into the training process.

Employing supervised learning, model training is per-
formed on each of the n sub-datasets obtained in the previous
step, yielding sub-models M, M,, M3, ...,M, corresponding
to the sub-datasets T,,75,T3,...,T,. Each sub-model M,
(k=1,2,...,n) is assigned a weight a;, with identical initial
weights.

All sub-models undergo multiple cycles of model training,
during which the loss value for each training iteration is com-
puted and recorded. Sub-models that undergo continuous o
rounds of training and satisfy the condition that the loss value
remains below pu are incorporated into the final ensemble
model.

Assuming there are m sub-models satisfying the loss value
condition, these are reindexed as My (k=1,2,...,m). The
global model W, defined as the ensemble of all qualified
sub-models, is responsible for computing the aggregate loss
function Loss, updating the weights a; of the m sub-models,
and generating the final prediction OUTPUT for sample classi-
fication. Sub-models are synchronously trained under W,
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FIG. 2. Schematic diagram of forward propagation method based on data grouping.

meaning that all sub-models independently complete one train-
ing epoch concurrently with each global epoch of W, yielding
the per-epoch loss value /; for each sub-model M,.

The total loss function Loss at the epoch-th training iter-
ation is computed as follows, based on the loss values /; and
weights a; of the sub-models My,

LOSSepoch =~ . (13)

According to the gradient descent algorithm, compute
the total loss function Loss of the global model and its par-
tial derivatives with respect to each weight ay. Set the learn-
ing rate 7y for gradient descent and compute the gradient
descent direction for the weights a;. The partial derivative
formula is expressed as

3

a;
OLoss =1 —a —ap
aak - m 2 lk T m 2 ll - m 2 12
> a > a > a
i=1 i=1 i=1
—das —dy
to bt Tl
> a > a
i=1 i=1
(14)

After each training epoch, the sub-model weights a; are
updated according to the following rule:
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OLoss
8Clk

a, = ay — * Y. (15)

After training for E epochs, the training of the global
model W is completed.

To compute the output of the global model W, it is
required to compute the output value output, of each sub-
model for a single sample. The total predicted output of the
model during each testing iteration is obtained by performing a
weighted summation of the outputs from all sub-models

m
Z a; * output;
OUTPUT = = ,

m
D ai
i=1

where QUTPUT < R denotes the final output logits of the
model for each of the C classes. To interpret these values as
class probabilities, the softmax function o(-) is applied,

(16)

P= 0(0) = b’la P2, ..., pC]) (17)
where
c
pi = exp(Oi)/ Z exp (0;). (18)
=1

The predicted class label y'is then assigned by selecting

the class with the highest probability
y = argmax(P). (19)

Therefore, the global prediction output QUTPUT is
converted into binary values (0/1), yielding the predicted
classes of the test set, which reveals the final test results.
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To illustrate the dataset partitioning strategy more
clearly, we present the pseudocode in Algorithm 1.

ALGORITHM 1. Acoustic target recognition via small-
sample deep learning with a proposed dataset partitioning
strategy.

Input: Dataset

Output: Classification model

Initialization: Model parameters, random sort dataset
1: Calculate MFCC feature extraction of dataset

2: Bisects to n dataset-splittings

3: Combine to n subdatasets

4: For subdatasets=1, 2, ..., n, do

5:  Train submodels by subdatasets

6 For epoch=1,2, ..., Edo
7 Train model

8: Test model

9 Calculate loss

10: If loss < p then

11: submodels < weight a
12: Total model « submodels
13: break

14: end if

15: end for

16: end for

17: For epoch=1,2, ..., E do

18: For subdatasets =1, 2, ...,n, do
19: Train submodels by subdatasets
20: Train model

21: Test model

22: Calculate loss

23: end for

24: Calculate /oss of total model
25: Update weight a

26: end for

J. Acoust. Soc. Am. 159 (4), April 2026

The definition of u centers on the “basic assessment
of model effectiveness in few-shot scenarios.” Its primary
objective is to screen base models that exhibit preliminary
learning capability and stable performance, thereby pre-
venting ineffective models from introducing noise and
interfering with joint training. Essentially, u serves as
a “statistical baseline threshold for the initial performance
of base models,” derived from the following two
principles:

The first principle is the theoretical lower-bound con-
straint, which aims to exclude models performing at the
level of random guessing. Taking the large yellow
croaker classification task as an example, for a C-class
classification problem, the baseline accuracy for random
guessing is 1/C. u must exceed this theoretical lower
bound to ensure that the selected models have learned
task-relevant features rather than merely generating ran-
dom outputs.

The second principle is the statistical stability con-
straint. Due to the inherent variability in few-shot training, u
should be determined based on statistical results from multi-
ple initial training experiments. This helps avoid incorrectly
discarding valid models or including unstable ones due to
the randomness of a single training run.

Considering that different sub-models are trained on
different data, which may lead to inconsistent performance
and affect unified conclusions, we adjusted the method for
setting u.

Under the premise of maintaining consistent training
parameters across all sub-models, to ensure the reproducibil-
ity of the experiment, we have designed the threshold
parameter u as follows:

1 employs a fixed threshold based on the theoretical
lower bound, which is defined as

FIG. 3. Diagram of backward propaga-
tion method.
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max{ny,ny,...,nc} Iy
)
NTL'St

Hpase = (20)

where C is the number of categories, the sample size for
each category is n; (i =1, 2, ..., C), the total sample size is

C
Nrest = E ni,
i=1

and ¢ is a small positive number (set to the minimum change
in the test set in the experiments, 1/94=0.0106). This
threshold is directly derived from the theoretical random
guessing baseline 1/C for classification problems. This
threshold is determined solely by the class structure of the
dataset and is computed deterministically without the need
for any pre-training or distributional assumptions, ensuring
the complete reproducibility of the method.

To address the high variance in performance inherent
in few-shot learning, we further introduce a stability
assessment mechanism. Each candidate sub-model under-
goes 50 independent pre-training runs and is selected for
subsequent joint training only if it meets or exceeds the
above fixed threshold in a sufficient proportion of the runs.
This mechanism aims to screen for sub-models that are
both stable and excellent in performance, thereby enhanc-
ing the efficiency and robustness of the subsequent ensem-
ble training.

We have verified the stability of this design through sys-
tematic sensitivity analysis (detailed in Appendix). The
results show that when ¢ is within the range of 0.01-0.03 and
the passing proportion is within the interval of 60%—80%, the
performance fluctuation of the final joint model is less than
3%, indicating that the method exhibits good robustness to
parameter choices. This configuration can effectively elimi-
nate abnormal models with low performance or excessive
fluctuations.

2n

C. Number of groups and dataset partitioning method

In SUDG, the selection of the group quantity » criti-
cally determines the training volume of each sub-model,
thereby influencing the overall model performance. For
instance, if N=250, setting n=2 results in sub-dataset
training sets T1 =T2 = 125, which drastically reduces the
sample size per sub-model. Conversely, a large n value
maintains near-original sample sizes in each splitting-
dataset but escalates computational overhead. Specifically,
when n=N, each splitting-dataset {Q,0>,03,...,0n}
contains only one sample, enabling precise quality assess-
ment of individual samples within sub-models. However,
this configuration increases the global model’s total
training volume to Nx(N-I)xepoch, doubling the computa-
tional complexity compared to the non-grouped baseline
Nxepoch.

Therefore, selecting an appropriate data splitting quan-
tity n significantly impacts model performance. Based
on the above analysis, we tentatively assume 2 < n < N.
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Given the anomalous sample quantity AN, the range of max-
imum anomalous sample count Ny among the n splitting-
datasets is

N ,
1< Ny < —, n < AN,
n
N
2—<Np <
n

. kn=JN, (22)

=Z3|=

kn > AN,

,N
/L_<NO§_a
n n

where k = 1,2,3,.... The highest value of the anomalous
sample rate ) = No/N/n among all groups is

(23)

We can observe that when kn # IN(k = 1,2,3,...), at
least one sub-training set among the n splitting-datasets will
inevitably contain an anomalous sample quantity greater
than 1 x N/n .

And when kn = AN (k =1,2,3,...), it follows that 1y > A.
Therefore, the proportion of grouping configurations satisfy-
ing A9 > Z can be expressed as 1 — P(1g = 4).

To compute P(4y = ), when AN < N/n, the anoma-
lous samples are approximately distributed across groups.
The total number of possible distributions across n groups is
n*". The number of configurations where each group con-
tains exactly k anomalous samples is given by (kn)!/(k!)".
Thus, the probability is

(kn)!
P(n, k) =——. 24
(1:8) = Gy @)
Similarly, for £ 4+ 1, we have
k !
Pk +1) = —dntn 25)

[k + 1)1 nlein

The ratio between P(n,k + 1) and P(n, k) is calculated
as
P(n,k+1)

P(n,k)

~(kn+n)-(kn+n—1)---(kn+1)
- (EDEk - @9

Because n > 3, this ratio is less than 1, implying
P(n,k+1) < P(n,k).

Consequently, P(n,k) is
yielding

maximized when k=1,

27

For k=1 and n=3, P(n, k) reaches its maximum value,
leading to P(19 = 4) < 2/9.
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FIG. 4. Grouping effect diagram.

In the case where AN > N /n, the distribution of anoma-
lous samples is constrained by the group capacity limits.
This can be analyzed based on the distribution of normal
samples, and similarly, we obtain P(1y = 1) < 2/9. Hence,
the proportion of grouping configurations satisfying 4o > A
is bounded below by 7/9.

This indicates that, in most cases, the grouping pro-
cess generates a splitting-dataset with an anomalous sam-
ple rate o > A higher than that of the original training
set. Taking Fig. 4 as an example, since subgroup Q,
exhibits the highest anomalous sample rate, cross-group
partitioning will produce a sub-training set T, excluding
Q>. The anomalous sample rate of sub-training set T, sat-
isfies A9 < A. After deep learning training, this sub-
training set generates a sub-model M,, which achieves
superior performance. Subsequent weight adjustments in
the global model further enhance the effectiveness of M,,
ultimately resulting in a global model with improved per-
formance compared to scenarios without grouping.
Therefore, this method tends to achieve improved model
performance in the presence of anomalous samples when
2.€(0,1).

In the classification task of a large-sample balanced
dataset, the dataset is typically divided into a training set
and a test set in a 7:3 ratio,*® without intervening in the pro-
portions of each category, so the ratios of each category
remain consistent with those in the dataset. However, the
same division method cannot achieve reasonable results in
small-sample classification tasks.

In our work, assuming the proportion of tail classes to
all categories is #, the total number of tail class samples is
nN. Thus, the ratio of tail class samples to anomalous sam-
ples in the training set is
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n(1— N _y(1-2)
N

. (28)

This implies that as the anomalous sample rate /1
increases, the quantity of tail classes becomes closer to that of
anomalous samples, and both tail classes and anomalous sam-
ples may lead to confusion in the model. Consequently, proper
partitioning of the dataset is essential under small-sample con-
ditions. In Section V A, we conducted experiments comparing
the performance between large-sample datasets and small-
sample datasets under identical class proportions, without
implementing dataset balancing allocation.

The theoretical analysis in this section assumes inde-
pendent random sampling. In practice, we approximate this
condition by randomly shuffling the raw time series prior to
analysis, which disrupts sequential order and mitigates
short-range temporal dependencies. Although the raw data
may exhibit temporal correlations, the shuffled data align
more closely with the independence assumption underlying
the theoretical bounds. The derived probability upper bound,
therefore, serves as a theoretical reference for method
robustness under randomization, not as an absolute guaran-
tee for unprocessed time series. Rather, it provides a princi-
pled baseline for empirical comparison when randomization
is applied.

We acknowledge that random shuffling, though sub-
stantially reducing temporal correlations, does not eliminate
all inter-sample dependencies. Complex structures, such as
long-range correlations, latent periodicities, or non-
stationarities, may persist. Accordingly, the bound should be
regarded as offering directional insights and a design-phase
reference, not a rigorous certificate for all possible data
configurations.
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V. DISCUSSION OF EXPERIMENTAL RESULTS

A. Difference and comparison between large
and small samples

In this study, we employed the publicly available audio
classification dataset UrbanSound8K primarily as a method-
ological benchmark to evaluate the proposed SSL frame-
work under controlled conditions.

The UrbanSound8k dataset consists of 8732 labeled
urban sound clips spanning ten distinct categories, such as
dog barking, drilling, and sirens.®’ This dataset has been
widely adopted in general audio classification tasks, due to
its diverse categories and substantial sample size.*>** We
explicitly note that the acoustic propagation characteristics
(e.g., channel effects, attenuation) in this airborne urban
sound dataset differ fundamentally from underwater bio-
acoustics environments. Its use here is strictly for assessing
algorithmic robustness and generalization in a data-limited
setting, not for validating physical acoustic properties rele-
vant to underwater scenarios.

To investigate the performance of small-sample data-
sets in model training and validate their high sensitivity to
data allocation, we designed a series of experiments using
this benchmark dataset. In these experiments, we established
both large-sample and small-sample datasets while main-
taining their class distributions identical to the original data-
set. Specifically, we deliberately avoided any intervention in
the class distributions, ensuring consistent class proportions
across the training set, test set, and original dataset. This
experimental design aims to eliminate potential biases
caused by class distribution discrepancies, thereby enabling
a more accurate evaluation of sample size effects on model
performance in a general audio classification context.

In the experimental setup, we utilized three categories of
audio clips to construct training and testing set ratios ranging
from 1:9 to 9:1, comprising multiple experimental groups. This
configuration allows systematic investigation of the impact of
varying training set sizes on model performance, particularly
under small-sample conditions. The dataset exhibits an imbal-
anced class distribution of 100:50:84, indicating unequal sam-
ple quantities across categories. Furthermore, the large-sample
(L-sample) dataset contains five times the sample quantity of
the small-sample (S-sample) dataset, amplifying the influence
of sample size on model training.

This experimental design enables comprehensive
evaluation of model sensitivity to dataset quantity allocation
under different sample size conditions, with particular
emphasis on small-sample dataset performance. Such analy-
sis primarily provides methodological insights into the rela-
tionship between sample size and model effectiveness in a
controlled setting, and its direct implications for underwater
bioacoustics are limited by the dataset’s domain mismatch.

The experiments employed the Fl-score as the evalua-
tion metric. The Fl-score is a comprehensive metric for
assessing classification model performance, which harmo-
nizes precision (the ratio of true positives to predicted posi-
tives) and recall (the ratio of true positives to actual
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Comparison of F1 scores of various categories under
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FIG. 5. Comparison of Fl-scores of different categories under different
proportions.

positives) by calculating their harmonic mean. This balance
makes it particularly suitable for class-imbalanced scenar-
ios. The F1-score is computed as

Fl— 2 X Precision x Recall

29
Precision + Recall (29)

Precision measures the accuracy of the model’s positive
class predictions, whereas recall quantifies its ability to
identify true positive instances. The F1-score ranges from 0
to 1, with values approaching 1 indicating superior model
performance. By integrating both precision and recall, the
F1-score provides a comprehensive evaluation of classifica-
tion efficacy, making it particularly valuable in applications,
such as medical diagnosis and text classification, where
class imbalance or operational trade-offs are critical
considerations.

The results are shown in Fig. 5. Class 1, with the lowest
proportion in the dataset, is identified as the tail class. In the
small-sample dataset, the sample size of Class 1 is only 50—
half that of Class O—and the training set contains even fewer
samples. This leads to a significant weakness in the model’s
ability to recognize Class 1 features, resulting in an F1-score of
0.0% across proportions ranging from 10% to 80%. Only at
the 90% proportion does it achieve its best F1-score of 50.0%.
In contrast, the model trained on the large-sample dataset
maintains stable Fl-scores above 80.0% for all classes, show-
ing no obvious class imbalance. This demonstrates that without
intervention in the dataset proportions, the model lacks class
balance in this specific UrbanSound8K experimental setup.
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TABLE I. Classification accuracy (%) of different methods across various training set proportions.

10% 20% 30% 40% 50% 60% 70% 80% 90%
S-sample (SUDG) 55.6% 81.4% 84.0% 92.9% 88.9% 92.5% 92.8% 97.9% 100.0%
L-sample (baseline) 88.3% 93.5% 94.9% 97.0% 96.1% 97.0% 97.2% 97.4% 96.6%
S-sample (baseline) 28.5% 19.4% 25.5% 68.5% 69.3% 68.7% 69.8% 69.8% 80.8%

This occurs because, under identical ratio conditions,
the large-sample dataset contains a larger number of tail
class samples, enabling the model to learn sufficient features
of tail classes and ensuring baseline recognition perfor-
mance for these categories. However, in small-sample data-
sets, the limited quantity of tail class samples may lead the
model to either acquire erroneous features from sparse tail
class instances or misclassify tail classes as anomalous sam-
ples due to their extreme scarcity, resulting in significantly
weakened recognition capability for these categories.

Consequently, tail classes exert a more substantial
impact on model performance in small-sample training sce-
narios. This underscores the critical need to address class
distribution imbalances during dataset partitioning for
small-sample conditions to optimize model effectiveness.
These findings are presented as general observations on data
allocation for imbalanced, small-sample learning, and their
transferability to underwater bioacoustics tasks would
require validation with domain-specific datasets that account
for the pertinent acoustic propagation physics.

B. Performance of SUDG on small-sample

Subsequently, we conducted comparative experiments
between the proposed SUDG small-sample model and the
large-sample baseline model using identical data types from
the UrbanSound8K dataset, with the results summarized in
Table 1. For comparison, we also reported the performance
of baseline when a small-sample dataset is available for
training (denoted as S-sample). This comparison is intended
to evaluate the relative efficacy of the proposed framework
under data scarcity in a general audio domain.

From the analysis of this data, it can be observed that
although the small-sample method demonstrates capabilities to
resist interference from anomalous samples, enhance model
recognition accuracy, and balance tail classes, its performance
on unseen data remains insufficiently stable and reliable due to
limited training data volume, resulting in a noticeable perfor-
mance gap compared to the large-sample model. Specifically,
the small-sample approach exhibits performance fluctuations
between 81.4% and 97.9%, whereas the conventional large-
sample method maintains stable performance across all propor-
tions, consistently ranging from 88.3% to 97.4%.

The primary reason for this discrepancy lies in the small-
sample method’s inherent limitation in volume of data, which
restricts its ability to fully capture the complex structural rela-
tionships and latent patterns within the data. Consequently, this
leads to compromised generalizability and reliability when
processing the data that has never been seen. In contrast,

J. Acoust. Soc. Am. 159 (4), April 2026

models trained on more abundant datasets can learn the data
distribution and feature representations more comprehensively,
thereby enhancing their upper-bound performance and
demonstrating superior robustness in most operational scenar-
i0s. We emphasize that the conclusions drawn from this
UrbanSound8K-based experiment are confined to the context
of the dataset’s characteristics. They serve to illustrate the chal-
lenges and behavior of SSL in audio classification but do not
directly substantiate claims about robustness in underwater
acoustic environments, where channel effects and attenuation
present distinct challenges.

C. Data acquisition and preprocessing

The dataset used in this study was collected on April 11,
2024, at the offshore laboratory of Xiamen University for
the purpose of gathering vocalization data from large yellow
croakers. The experiment was conducted in a controlled lab-
oratory aquarium with dimensions of 65 x 30 x 45cm and
a water volume of approximately 75 L. We used six healthy
large yellow croakers as sound-producing subjects. The data
were collected through sequential individual monitoring—
each fish was placed alone in the aquarium and recorded
using an ullra-low power acoustic signal acquisilion system
(Hangzhou SONICINFO Technology Co. Ltd., Hangzhou,
Zheliang, China) self-contained acoustic recorder to accu-
rately associate vocalization events with specific individuals.
Recordings were made under very low light conditions to
minimize stress on the fish. The raw audio data consisted
of two files: 200 A_240410221500_16384_20_00000.bin
and 200 A_240410224820_16384_20_00001.bin, with a
total duration of 66 min and 19 s (approximately 66.32 min).
The sampling rate was 16.384kHz, and the frequency
response ranged from 20 Hz to 20kHz (within =1.5 dB fluc-
tuation), ensuring the integrity of the data within the human
audible frequency band and making it suitable for analyzing
large yellow croaker vocalizations. The original data were
acquired using the LoPAS-L self-contained acoustic
recorder, and the raw bin files were converted to wav format
using LoPAS-L (v1.1) software.

The LoPAS-L recorder integrates a complete signal
conditioning circuit, with specific processes and parameters
as follows: it includes a low-noise preamplifier with a gain
of 20 dB, which is essential for amplifying the weak voltage
signals from the hydrophone to a level suitable for digitiza-
tion, thereby effectively ensuring a high SNR. The recorder
also incorporates a sharp-cutoff anti-aliasing filter. Based on
our sampling rate of 16.384kHz, the filter’s cutoff fre-
quency is set at approximately 8.192kHz, strictly adhering
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to the Nyquist sampling theorem, which ensures no aliasing
distortion within the effective analysis frequency band of
0-8 kHz. In addition, the hydrophone itself has a frequency
response of 20 Hz—20kHz (*1.5 dB) and a high sensitivity
of —192.6 dB. Together, this system ensures high-quality
capture of the bioacoustics signals of large yellow croakers.
Therefore, our claim of high suitability is based on the
recorder’s high sensitivity, wide flat frequency response,
and the professional signal conditioning chain—including
20 dB preamplification and anti-aliasing filtering—making
it particularly suitable for capturing and recording croaker
bioacoustics signals.

In the data preprocessing stage, obvious noise was
excluded and large yellow croaker vocalization signals were
screened. Specifically, we extracted individual pulse signals of
large yellow croakers from the original audio as individual
samples through manual inspection and an algorithm based on
signal similarity and peak detection. Each sample is a short
audio segment of 10 ms, ultimately forming a dataset for train-
ing and testing. The entire dataset contains approximately 234
samples, ensuring representativeness and diversity. The data
processing workflow is designed to extract meaningful features
from the original audio for use in machine learning models.
The specific steps are as follows: Signal screening and segmen-
tation: First, we preprocess the original audio using a pulse
detection algorithm based on stable region detection to identify
and extract individual pulse signals of large yellow croakers.
Each pulse signal is segmented into fixed 10 ms segments to
maintain data consistency. Next, feature extraction is per-
formed on each 10 ms audio segment. MFCC processing is
employed to convert the time-domain signal into a frequency-
domain representation. Specifically, we computed 13 MFCC
coefficients and further generated Mel spectrograms as input to
the model. Mel features effectively simulate the human ear’s
perception of frequency and preserve key patterns in acoustic
signals, making them particularly suitable for fish vocalization
classification tasks. The input to the model is the Mel spectro-
gram, with dimensions of 1 x 128. These spectrograms are
normalized and converted to a logarithmic scale to enhance
feature discriminability. This processing workflow ensures that
the data retains bioacoustics characteristics while reducing
noise interference and provides standardized input for subse-
quent model training.

Finally, the sampling rate was explicitly set to
16.384kHz, providing an effective analysis bandwidth of

TABLE II. Simulation parameter settings.

0-8.192kHz, which fully covers the typical energy concentra-
tion range of croaker vocalizations, especially the spectral peak
around 400-600 Hz. The classification in this study is based on
individual fish: Class 0, Class 1, and Class 2 correspond to
three different large yellow croaker individuals. From the total
dataset of six fish, we selected the three individuals with the
highest vocalization quality and most sufficient data for this
classification study. In terms of sample size and handling of
anomalous samples: through a combination of manual and
algorithmic screening, we extracted a total of 234 clean croaker
pulse signals as valid samples from the original recordings.
During the data collection phase, anomalous samples caused
by environmental noise or fish collisions—i.e., non-target
sound sources or noise—were proactively identified and
excluded during preprocessing through visual inspection and a
similarity- and peak-detection-based algorithm. The final data-
set of 234 samples consists of confirmed valid croaker vocal-
izations, with each sample being a 10-ms audio segment.

In the experiments, we employed several representa-
tive deep learning architectures, including ResNet34,
MobileNet_v2, and Convolutional Neural Network—Long
Short-Term Memory (CNN-LSTM) network. These models
are widely used in computer vision and sequence modeling
tasks and have been successfully applied to the field of acoustic
signal analysis. A brief description of the specific models is as
follows: ResNet34: As a residual network, it addresses the gra-
dient vanishing problem in deep networks through skip con-
nections, making it suitable for learning complex acoustic
features. MobileNet_v2: This is a lightweight network that
uses depthwise separable convolutions to reduce computational
costs, making it suitable for resource-constrained environ-
ments. CNN-LSTM: This model combines the spatial feature
extraction capability of CNN with the temporal sequence
modeling ability of LSTM, making it suitable for spatiotempo-
ral patterns in acoustic signals. The selection of these models
was based on their performance in large yellow croaker sound
classification, and we compared their performance through
experiments, as shown in Table IV. Furthermore, the network
parameter configuration is specified in Table II, and the
detailed numbers of training and test samples are clearly listed
in the revised Table III.

The SNR was computed as a power-based ratio between
the target signal segment and the surrounding background
noise. To ensure reliable annotation and model training,
recordings with an average SNR below 5 dB were excluded,

Project Details Simulation parameters Value
Task Type Closed set recognition Maximum epoch (E) 100
Total number of vocalization events 74 Number of groups (1) 345
Total number of pulses 234 The sample size of Epoch 234
Total number of individuals 3 Learning rate (y) 0.001
Data partition unit Independent event Threshold (u) 0.5425
Partition strategy Time blocks retained Num class 3
Trainable parameters 2363532 Input channel 1
Optimizer Adam Batch 32
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TABLE III. Class definition.

Category Scientific name Individual ID  Samples
Large yellow croaker  Larimichthys crocea Lcl 100
Large yellow croaker  Larimichthys crocea Lc2 50
Large yellow croaker  Larimichthys crocea Lc3 84

as such samples are typically dominated by background
noise and do not contain clearly identifiable acoustic events.

For the remaining dataset (shown in Fig. 6), the SNR
values span a wide range (approximately 10—60 dB). Higher
SNR values correspond to impulsive vocalizations recorded
under low background noise conditions or at close proximity
to the sensor, which is common in passive acoustic monitor-
ing scenarios. No artificial denoising or amplitude enhance-
ment was applied during preprocessing.

In this experiment, we combined the prediction results of
multiple models of the same architecture to obtain a model
result that highly utilizes the data. We independently trained
and evaluated the three models, ResNet34, MobileNet_v2, and
CNN-LSTM, to compare their individual performances. This
setup allowed us to analyze the strengths and limitations of
each architecture in the task of large yellow croaker vocaliza-
tion classification. During the training process, all models used
the same dataset and preprocessing pipeline.

D. Experimental results and analysis

First, the model framework was constructed by initializ-
ing the weights of each network layer. The weights were ran-
domly assigned following a Gaussian distribution with a
mean of 0 and a variance of \/2/fan;,,, where fan;, represents
the number of input neurons in the corresponding layer.

To investigate the role of the proposed SUDG, the impact
of group quantity in the method, and its performance compared
to existing classification approaches, experiments were con-
ducted under identical small-sample datasets and data volumes.
We evaluated the performance of non-grouped ResNet-34,
CNN-LSTM, and MobileNet_v2 methods.

ResNet-34 is chosen due to its proven generalization
capability and feature extraction advantages in both image
and temporal signal processing. The initial residual structure
of ResNet is also applicable in acoustic tasks. Previous

TABLE IV. Comparison of results of SUDG and other methods.

studies have shown that ResNet performs exceptionally well
in tasks such as speech emotion recognition and voiceprint
recognition. Its moderate depth balances the model com-
plexity and computational efficiency, enabling it to capture
acoustic details while avoiding the risk of overfitting.**->
As a comparison benchmark, the mature architecture, repro-
ducibility, and extensive research basis of ResNet-34 ensure
its rationality as a reliable reference in cross-modal tasks.

CNN-LSTM combines convolutional neural networks
and long short-term memory networks. The emergence of
this hybrid model is to simultaneously capture spatial fea-
tures and time series dependencies. CNN is good at handling
local features and spatial information, such as edges and tex-
tures in images, whereas LSTM is good at handling time
series data, such as time dependence in audio. The combina-
tion of the two is very effective when dealing with data with
spatiotemporal characteristics. Literature’®>’ indicates that
CNN-LSTM has a good effect on time series data.

MobileNetV?2 was proposed by Sandler et al. from the
Google team at the Computer Vision and Pattern
Recognition conference in 2018.*® Through an inverted
residual structure and a linear bottleneck design, it balanced
computational efficiency and feature representation capabil-
ities in a lightweight model and quickly became the authori-
tative benchmark for mobile visual tasks. In recent years,
this model has been widely transferred to the field of acous-
tic signal processing,>®*! indicating that it has also been
generally recognized in the field of acoustic tasks.

Subsequently, the best- and worst-performing methods
were further analyzed by applying the grouping strategy
with group quantities n = 3,4,5 under the same small-sample
dataset and data volume. This aimed to explore how group-
ing affects different deep learning methods. The experimen-
tal results are summarized in Table I'V. Figure 6 presents the
confusion matrices of the final training results for ResNet-
34, CNN-LSTM, and MobileNet_v2 without applying the
SUDG method. Figures 7 and 8 display the confusion matri-
ces of CNN-LSTM and MobileNet_v2 under the SUDG
framework with n =3,4,5, respectively.

1. Comparison with other algorithms

In Table IV, we primarily evaluate models using the
Fl-score and accuracy metrics. Among the three non-grouped

Macro F1 acc classO F1 classl F1 class2 F1
CNN-LSTM withn=5 86.1% * 2.6% 90.0% * 1.7% 90.6% 73.3% 94.4%
CNN-LSTM with n=4 87.8% +2.1% 90.9% * 1.6% 91.2% 78.2% 93.9%
CNN-LSTM with n=3 84.9% +2.1% 89.2% * 2.5% 86.6% 60.0% 90.1%
CNN-LSTM 80.4% * 2.8% 82.3% * 4.4% 88.5% 18.2% 79.5%
ResNet34 with n =5 80.4% *2.5% 83.1% * 2.4% 84.8% 64.0% 90.1%
ResNet34 with n =4 84.4% +2.9% 83.0% * 2.3% 87.6% 72.7% 93.0%
ResNet34 with n =3 72.5% *2.4% 72.9% *2.7% 71.6% 55.2% 84.6%
ResNet34 52.9% * 5.0% 54.7% * 5.7% 32.8% 28.2% 78.6%
MobileNet_v2 69.8% *3.7% 70.1% £ 4.5% 68.1% 60.6% 65.6%
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FIG. 6. Distribution of SNRs across all retained recordings.

models, ResNet34 [shown in Fig. 7(a)] demonstrates the weak-
est recognition performance, whereas CNN-LSTM achieves
the best results [shown in Fig. 7(c)]. Although the ResNet34
method shows relatively strong recognition for certain specific
categories, it generally lacks the ability to distinguish between
different classes. Analysis of the confusion matrix reveals that
the ResNet34 method exhibits misclassification across multiple
categories, indicating deficiencies in feature extraction and
class discrimination for the non-grouped ResNet34 model,
which constrain its overall performance.

The MobileNet_v2 method [shown in Fig. 7(b)] demon-
strates moderate effectiveness in capturing primary class
features but exhibits significantly inferior performance com-
pared to the data grouping-based small-sample recognition
method. This limitation may stem from incomplete feature
representation or insufficient learning of discriminative
information during training, resulting in lower Fl-scores
and accuracy relative to the grouping-based approach.

Although the CNN-LSTM method achieves over 80%
accuracy and demonstrates robust overall recognition per-
formance, its ability to balance recognition across classes
under imbalanced data conditions remains notably weaker
than the data grouping-based small-sample method, particu-
larly for tail classes. This suggests that the CNN-LSTM
method may perform well on majority classes but exhibits
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FIG. 7. Confusion matrix diagram: (a) ResNet34; (b) MobileNet_v2; (c)
CNN-LSTM.
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recognition bias toward minority classes, leading to less bal-
anced overall performance compared to the data grouping-
based small-sample recognition approach.

2. Comparison with the effect without SUDG method

In comparative experiments with other algorithmic
models, the model with n= 4 achieved optimal perfor-
mance in both Fl-score and accuracy, outperforming other
methods by at least 4% in F1. The n=35 configuration
ranked second. These results indicate that the proposed
SUDG not only accurately identifies target classes but also
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FIG. 8. Confusion matrix diagram: (a) ResNet34 model; SUDG-
ResNet34 model with (b) n=3; (¢) n=4; (d) n=5 (n means the number
of sub-models.).
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maintains robust recognition capability under class-
imbalanced conditions. The advantage of data grouping lies
in its ability to balance category processing while preserving
high precision and recall rates, rendering it more reliable in
practical applications.

It is evident that the models employing data grouping
demonstrate significant performance improvements com-
pared to the ResNet-34 and CNN-LSTM models without the
SUDG method. These grouped models successfully captured
critical features in the dataset and achieved relatively accu-
rate sample classification, with recognition accuracy
increasing from 80.4% to 84.9% or higher, and the F1-score
improving from 82.3% to 89.2% or above, markedly
enhancing model efficacy.

Although the ResNet-34 model without SUDG exhibited
decent recognition performance for certain specific classes, it
lacked the ability to distinguish between different categories
overall. Through analysis of the confusion matrices, we
observed that this model exhibited misclassification across
multiple classes, indicating deficiencies in feature extraction
and class differentiation, which constrained its overall perfor-
mance. Similarly, the CNN-LSTM model without SUDG dem-
onstrated partial class-discrimination capability but showed
weaker performance in identifying tail classes.

From an in-depth analysis of the confusion matrices,
clear differences emerge among the four models in recog-
nizing features within the small-sample dataset. The SUDG-
enhanced models not only improved accuracy but also
reduced inter-class confusion, particularly for tail classes,
highlighting the method’s effectiveness in addressing data
imbalance and enhancing feature discriminability.
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For the ResNet34 model with the weakest recognition
capability, the performance improvement after grouping is
substantial. The ResNet34 model without the SUDG method
demonstrates notably poor performance on small-sample
datasets, as shown in Fig. 8(a). In addition to its sub-50%
recognition accuracy, analysis of the confusion matrix
reveals that approximately 65% of its predicted labels are
concentrated in Class 1. This indicates that the model
largely fails to capture discriminative features across catego-
ries in the dataset and relies predominantly on random
guessing during classification, reflecting an inability to
effectively distinguish samples from different classes.

In contrast, the three models enhanced with the SUDG
method demonstrated significant performance improve-
ments, as shown in Figs. 8(b)-8(d). They successfully cap-
tured critical features within the dataset and achieved
relatively accurate classification of samples through these
features, significantly enhancing recognition accuracy.

For the CNN-LSTM model with the strongest recogni-
tion capability, although it already achieved over 80% accu-
racy, the SUDG method still provided a noticeable
improvement. The CNN-LSTM method without SUDG,
shown in Fig. 9(a), exhibited inconsistent recognition per-
formance across categories when handling the small-sample
dataset. However, as shown in Figs. 9(b) and 9(c), the
grouped models better managed category weights, leading
to improvements in Fl-scores. Among them, the CNN-
LSTM model with n=4, shown in Fig. 9(c), remained the
most improved, achieving an F1-score of 87%.

Under identical small-sample datasets, data volumes,
and deep learning methodologies, models enhanced by the
SUDG method demonstrated higher recognition accuracy
compared to traditional deep learning approaches without
SUDG. This confirms that applying the SUDG method can
provide significant performance enhancements to the
models.

3. Comparison of the effect of different number
of groups

In our experiments, the small-sample deep learning
UATR model with grouping quantity n=4 demonstrated
significantly superior performance compared to the other
two models, whereas the n=3 configuration exhibited
poorer results. This indicates that, under identical small
sample datasets, equivalent data volumes, and the same
deep learning framework, varying grouping quantities criti-
cally impact model efficacy. Fewer groups lead to reduced
data volume per sub-model, thereby degrading the global
model’s recognition performance. Conversely, excessive
grouping weakens anti-interference capability. Thus, identi-
fying an optimal grouping quantity is essential for balancing
these trade-offs.

In conclusion, the proposed SUDG emerges as the most
effective choice among the four evaluated algorithms, owing
to its exceptional Fl-scores, accuracy, and balanced
recognition performance in class-imbalanced scenarios. In
contrast, the non-grouped ResNet34, MobileNet_v2, and

Tao etal. 3305


https://doi.org/10.1121/10.0043129

TABLE V. Experimental results under the simple classifier.

TABLE VI. Performance statistics across random seeds.

Model Feature type Accuracy (%) Mean  Std F1-95%CI Acc-95%CI
SVM_linear MFCC-Spectrogram 53.2 CNN-LSTM withn=5 86.1% 2.6% [0.8387,0.8832] [0.8851,0.9149]
SVM_rbt MFCC-Spectrogram 50.0 CNN-LSTM withn=4 87.8% 2.1% [0.8614,0.8974] [0.8957,0.9234]
RandomForest MFCC-Spectrogram 532 CNN-LSTM withn=3 84.9% 2.1% [0.8297,0.8675] [0.8702,0.9107]
KNN MFCC-Spectrogram 479 CNN-LSTM 80.4% 2.8% [0.7798,0.8261] [0.7787,0.8553]
LogisticRegression MEFCC-Spectrogram 45.7

NearestCentroid MEFCC-Spectrogram 44.7

CNNLSTM MECC-Spectrogram 80.9 .. . . .
SUDG MFCC-Spectrogram 29.4 decision boundaries. Meanwhile, our proposed method itself

CNN-LSTM methods exhibit limitations across multiple
dimensions.

E. Comparative experiments under simple classifiers

We tested the performance of large yellow croaker
acoustic data on a simple classifier, as shown in Table V.
The performance of all simple classifiers is confined to a
narrow range (approximately 45% to 53%). This indicates
that fixed handcrafted statistical features are insufficient to
fully capture the discriminative information embedded in
MECC spectrograms, thereby determining the upper and
lower performance bounds of such approaches. In contrast,
deep learning models achieve substantially higher accuracy
on the same MFCC data and test set. These models retain
temporal and structural information that is typically dis-
carded during statistical processing, allowing them to learn
patterns most relevant to the classification objective.

To mitigate overfitting in the deep learning framework,
we explicitly and extensively incorporated L2 weight regu-
larization and dropout into the network architecture. The
former encourages the learning of simpler patterns by penal-
izing excessively large weight values, whereas the latter
enhances generalization by randomly deactivating a subset
of neurons during training, thereby reducing reliance on spe-
cific nodes.

Furthermore, the training and test sets were kept strictly
independent throughout the modeling process. This ensures
that the reported performance reflects a genuine and unbi-
ased estimate of the model’s generalization capability.

F. Robustness Analysis across random seeds

To assess the robustness of the method and to rule out
the possibility of overfitting to a specific random seed, we
repeated all the experiments using five different random
seeds. The detailed statistical results are reported in
Table VI.

The calculated std and the width of the 95% confidence
interval for our method are both within 3%. Given the inher-
ent sensitivity to randomness in the small-sample setting,
the observed variability across random seeds is to be
expected. Factors such as model initialization and the sto-
chastic ordering of limited data during training can have a
pronounced impact on the learned representations and final
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involves a stochastic component during its random group-
ing, which introduces an additional, legitimate source of
variation across runs.

Based on these, the mean performance improvement of
our method over the strongest baseline consistently exceeds
the observed standard deviation across runs (a gain of >4%
vs a std of <3%). This indicates that the improvement is
stronger than the experimental variability, and the superior-
ity of our method is statistically reliable despite the inherent
stochasticity of the setting.

Therefore, we believe the reported variability is a rea-
sonable reflection of the challenges in the SSL paradigm
and does not indicate overfitting to a specific random seed.
The consistent and significant mean improvement under-
scores the robustness and effectiveness of our approach.

G. Analysis of computing efficiency and deployment
feasibility

1. Theoretical analysis of the computational cost
model for ensemble methods

We first acknowledge that, from a theoretical perspec-
tive, the computational cost of training and integrating n
models in SUDG is indeed higher than that of training a sin-
gle model. However, this increase in cost is both manage-
able and predictable, ensuring that the computational
overhead during both the training and inference phases
remains within acceptable limits.

(1) Training phase cost
In terms of time cost, the total training time Ty in_soral
exhibits an approximately linear relationship with the
number of base learners n, expressed as

Ttmin_total ~ nX Thase + C7 (30)
where Tp,5 denotes the average training time for a sin-
gle sub-model, and C represents the fixed overhead asso-
ciated with the ensemble operation. This linear scaling
stems from the fact that the training processes of the n
sub-models are mutually independent, which naturally
facilitates large-scale parallel computation.

Regarding memory cost, the peak memory usage during
training M,qin_pear 18 primarily determined by the model
complexity of a single sub-model and the batch size,
i.e.,

Mtrain_peak ~ Mbase- (31)
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Because the sub-models can be trained sequentially, the
memory footprint does not scale linearly with n, signifi-
cantly reducing the hardware resource requirements.

(2) Inference phase cost

For inference time per sample Tjyfer_per_sampie> it also

scales linearly with n,

Tinfel‘_per.sample ~ nX Tiiy"er;,[,.m + Tensemh167 (32)
where Tiyfer_pase 1S the inference time of a single sub-
model, and T,,5empie 1S the time overhead of the ensem-
ble strategy (e.g., weighted averaging), which is gener-
ally negligible.

Thus, although the inference time of SUDG is proportional
to n, the absolute magnitude of this time is the key factor
determining deployment feasibility. If Ty pase is suffi-
ciently small, the total inference time can still meet stringent
real-time requirements even when n reaches a considerable
value.

2. Experimental setup

To accurately quantify the theoretical analysis above,
we conducted experiments in a controlled and transparent
hardware and software environment. All experiments were
performed on a server equipped with dual NVIDIA Tesla T4
graphics processing units (GPUs) (each with 16 GB of mem-
ory). The T4 GPU is a mainstream computational card
widely adopted in the industry for cloud inference and
medium-load training, making its performance metrics
highly representative.

The software configuration included PyTorch 1.12.1
and CUDA 11.3. To ensure precise measurements of mem-
ory usage and execution time, we utilized PyTorcH’s built-
in memory analysis tools and high-precision timers.

To accelerate the training process, we leveraged both
T4 GPUs to train the n sub-models in parallel. This setup
simulates real-world research scenarios where available
computational resources are used to rapidly iterate model
development. All inference speed tests were conducted on a
single T4 GPU to emulate the most common deployment
setting and to ensure fair and comparable evaluation results.

3. Experimental results

We measured key performance metrics at different
ensemble sizes (n=3.,4,5) and compared them against a tra-
ditional CNN-LSTM baseline model. The results are sum-
marized in the Table VII.

Figure 10, the plot of training time versus n, clearly dem-
onstrates a linear growth trend in total training time with
respect to the number of models. This relationship is supported
by an exceptionally high goodness of fit (R*=0.999951) for
the linear regression.

Based on the experimental results presented above, we
analyze the feasibility of real-time deployment for SUDG
from the perspectives of both training cost and inference
efficiency.
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TABLE VII. Comparative analysis of SUDG computational efficiency.

Number of Total training  Inference time/samples Peak

sub-models (n) time (seconds) (milliseconds) memory (MB)
3 48.60 0.2995 59.86

4 64.98 0.2901 68.87

5 81.76 0.3285 78.56
Baseline 10.47 1.9288 42.51
(CNNLSTM)

(1) Training cost
The experimental results indicate that the absolute
time required for SUDG training is exceptionally low,
with all durations remaining within the minute range.
Even for the largest model configuration (n=75), the
total training time is only 81.76 seconds. This magni-
tude of time cost represents a significant advantage
within academic research or model development
cycles. The low training cost enables frequent model
updates within short time frames, demonstrating high
training efficiency.
The linear relationship between training time and n fur-
ther implies that researchers can flexibly adjust the
ensemble scale based on accuracy requirements and
make precise projections of the necessary computational
resources. This characteristic underscores the method’s
favorable scalability and controllability.
Although the baseline CNN-LSTM model exhibits a
shorter training time (10.47 seconds), its ability to rec-
ognize different classes is significantly less balanced
compared to SUDG in small-sample scenarios, particu-
larly due to imbalanced data distribution, resulting in
weaker performance on tail classes. Consequently, the
marginally longer training time of SUDG can be viewed
as an efficient investment toward obtaining a more bal-
anced and reliable model.

(2) Inference efficiency
SUDG demonstrates inference latencies consistently
around 0.3 ms. This indicates that SUDG is capable of
supporting tasks requiring instant control, security
alerts, or highly natural interactions. Furthermore,
SUDG achieves a high throughput exceeding 3000 sam-
ples per second, imposing a low computational load on
the GPU and thereby allocating ample time budget for
preprocessing and other pipeline stages.
The inference speed of SUDG (n =5) is nearly six times
faster than that of the baseline CNN-LSTM model.
Since the models are lightweight, inference speed does
not constitute a limiting factor for the deployment of
SUDG. In practical deployment scenarios, the computa-
tional resources saved can be allocated to running more
complex preprocessing algorithms or to reducing overall
system power consumption.

(3) Memory footprint
In the current experimental setup, the maximum mem-
ory footprint of SUDG is 78.56 MB, which is on the
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FIG. 10. Training Time as a Function of Ensemble Size.

same order of magnitude as the baseline model
(42.51 MB) and remains at a very low level. On a
T4 GPU with 16GB of memory, SUDG utilizes
less than 0.5% of the available video random-access
memory resources. This clearly demonstrates that
memory footprint will not become a deployment
bottleneck.

(4) Regarding constraints for real-time deployment
Synthesizing the above discussion, we conclude that the
computational cost of SUDG does not pose a constraint
for its real-time deployment. For the vast majority of
real-time auditory tasks, the required processing latency
is typically on the order of 200 ms. The sub-millisecond
inference latency of SUDG is substantially lower than
this requirement.

Even in more demanding scenarios, the forward
passes of the n models during inference can be highly
parallelized. On hardware with a sufficient number of
computational cores, the time required for ensemble
inference could approach, or even equal, the inference
time of a single model, Tiyfr_pase, thereby further
reducing latency.

The lightweight nature of SUDG, characterized by low
latency and low memory footprint, affords strong com-
patibility for edge deployment. It is particularly well-
suited for deployment on edge computing devices,
such as NVIDIA Jetson or Huawei Atlas platforms,
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where it can operate consistently and stably at high
frame rates.

VI. CONCLUSION

This paper presents a deep learning method for UATR
under small-sample conditions, which incorporates a data-
grouping strategy. The method addresses practical chal-
lenges in hydroacoustic recognition, such as insufficient
training data due to complex acoustic environments and
high acquisition costs, high labeling effort, suboptimal train-
ing outcomes, and sensitivity to anomalous samples. The
procedure involves partitioning the samples into subgroups
for sub-model training, followed by an adjustment of
sub-model weights based on prediction outcomes. This
design aims to reduce the influence of anomalous samples
during training, enhance the learning efficacy of the hydroa-
coustic recognition model, and improve its final recognition
performance.

Before model input, network parameters are initialized.
The training set composed of acoustic signals is divided
into cross-groups to generate distinct sub-training sets.
Corresponding sub-models are then independently trained
on these subsets. Sub-models that meet a predefined recog-
nition threshold are initially assigned equal weights; their
contributions are then dynamically adjusted in each training
iteration according to their recognition accuracy and loss
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values. Consequently, sub-models with lower accuracy and
higher loss are assigned reduced weights, whereas better-
performing sub-models receive higher weights. After train-
ing, the final output of the global model is obtained from the
weighted aggregation of all sub-model outputs. This strategy
aims to improve the utilization of training samples while
mitigating the impact of anomalous samples on the model.
To further optimize learning under small-sample constraints,
additional analyses are conducted regarding dataset alloca-
tion ratios, class balance, and the number of groups.

Experiments performed on an acoustic dataset of large
yellow croakers showed that the three models using data
grouping exhibited noticeable performance gains compared
to baseline models without grouping. This validates the
practical utility of the proposed approach within this specific
application scenario, providing a feasible basis for its poten-
tial use in practical engineering contexts.
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APPENDIX: u SETTING

To verify the robustness of the method in selecting key
parameters, we conducted a parameter sensitivity analysis
experiment for the u setting.

On the small-sample dataset of yellow croaker, we sys-
tematically evaluated the impact of two parameters, the mar-
ginal improvement value 0 (range: 0.01 to 0.03) and the
compliance ratio (range: 60% to 90%), on the final model
performance. All other settings were consistent with the
experimental setup in the main text.
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TABLE VIIL Sensitivity analysis of threshold parameters ¢ and stability
ratio.

0 value Stability ratio Number of sub-model Accuracy (%) F1-score (%)

0.01 60% 5 89.4 86.4
0.01 70% 4 90.4 85.5
0.01 80% 4 88.3 83.9
0.01 90% 1 923 89.9
0.02 60% 5 88.1 83.0
0.02 70% 5 89.4 86.7
0.02 80% 4 88.0 82.8
0.02 90% 0 / /

0.03 60% 5 89.4 87.1
0.03 70% 4 87.2 82.7
0.03 80% 4 88.3 83.2
0.03 90% 0 / /

The experimental results are shown in the Table VIII.
When 6 is within the range of 0.01, 0.03 and the compliance
ratio is within the range of 60%, 80%, the final performance
fluctuation of the combined model is within the fluctuation
range of the method performance. This confirms that the
method has good robustness within this parameter range.
When the compliance ratio is above 90%, due to the low
passing rate of the sub-models, no or only one sub-model is
selected into the overall model. Although there are a few
cases with better performance, the robustness is too low.
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