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Abstract 

Automated fish welfare monitoring in intensive aquaculture is hindered by environmental 

noise, individual variability, and data scarcity. These challenges have not been fully resolved 

by existing deep learning approaches. Traditional computer-vision methods are constrained by 
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underwater turbidity, whereas Passive Acoustic Monitoring (PAM) offers a promising non-

invasive alternative for assessing aquatic environments. This study proposes Fisher-SPD, a 

lightweight, geometry-aware framework for classifying the acoustic behaviour of cage-farmed 

Larimichthys crocea. A Fisher-score mechanism adaptively selects discriminative frequency 

bands, effectively filtering complex broadband noise commonly found in commercial sea 

cages. Acoustic segments are modelled as Symmetric Positive Definite (SPD) covariance 

matrices and mapped onto a linear tangent space via the Log-Euclidean Metric, preserving 

intrinsic statistical structure even under data-scarce conditions. Furthermore, a Physics-

Consistency Masking mechanism applies source-level physical priors as hard inference-time 

constraints to robustly suppress false positives originating from background interference. 

Under a strict Leave-One-Subject-Out Cross-Validation (LOSO-CV) protocol, the framework 

achieved a mean zero-shot accuracy of 89.22% ±  2.59%, significantly outperforming 

ResNet-18 and other deep learning baselines, while maintaining a low inference latency of 

only 3.60 ms on edge devices. Through few-shot domain calibration, the system achieved 

92.86% accuracy in a dual-fish overlapping-source environment. Ultimately, this framework 

provides a robust, data-efficient solution for real-time stress detection and welfare monitoring 

in modern intensive aquaculture. 

  

Keywords: Passive acoustic monitoring, Larimichthys crocea, Riemannian manifold, Few-

shot learning, Aquaculture bioacoustics. 

 

Acronyms 

PAM – Passive Acoustic Monitoring, 

SPD – Symmetric Positive Definite, 

LOSO-CV – Leave-One-Subject-Out Cross-Validation 

STFT – Short-Time Fourier Transform 

1. Introduction 

As the flagship species of China’s marine aquaculture industry, the cage farming of 

Larimichthys crocea is transitioning toward a precise and intelligent paradigm (FAO, 2024; 
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Føre et al., 2018). Real-time health monitoring is essential for production efficiency and fish 

welfare. Because chronic environmental stressors manifest directly as abnormal kinematics, 

behavioural alterations serve as critical indicators for health assessment (Martins et al., 2012; 

Stien et al., 2013; Huntingford et al., 2006). As intensive farming exacerbates these stressors, 

developing automated, real-time early warning systems has become an urgent priority in 

applied precision aquaculture (Sueur, Farina, 2015). 

Automated monitoring of underwater fish behaviour has long been constrained by physical 

limitations. Widely applied optical vision systems are severely restricted by turbidity, light 

attenuation, and biological occlusion in high-density cages (Li et al., 2025; Saberioon et al., 

2017; Salman et al., 2020). By contrast, Passive Acoustic Monitoring (PAM) exploits the low 

attenuation of acoustic waves to penetrate these optical blind spots (Slabbekoorn et al., 2010; 

Rountree et al., 2006; Mooney et al., 2020). Larimichthys crocea produces species-specific 

signals including swimbladder muscle pulses for communication and feeding (Vieira et al., 

2015; Malfante et al., 2018; Ramcharitar et al., 2006) and passive hydrodynamic noise during 

rapid swimming, turning, or startle-escape manoeuvres (Noda et al., 2016; Domenici, Hale, 

2019). Analyzing vocal responses to stressors is crucial for non-invasive fish welfare 

assessment (Popper, Hawkins, 2019). However, while standard soundscape toolboxes and 

acoustic indices excel at broad biodiversity monitoring (Ulloa et al., 2021; Towsey et al., 

2014), they fail to isolate subtle behavioral cues from the severe, non-stationary noise of 

commercial cage farms. Furthermore, the highly complex underwater acoustic environment, 

often characterized by strong multipath propagation and severe signal attenuation, 

continuously poses significant challenges for robust signal extraction and system performance 

(Schmidt, Kochańska, Schmidt, 2024; Wang, Yang, 2025). 

To address this, recent advances in deep learning have transformed underwater acoustic 

processing. Specifically, lightweight attention networks and multi-algorithm feature extraction 

models now enable highly robust target recognition in complex marine environments (Liu et 

al., 2024; Wang et al., 2024; Li et al., 2022). However, the deployment of PAM and deep 

learning in field settings faces two major challenges: (i) the pronounced individual acoustic 

variability and scarcity of labelled high-risk behaviour samples cause severe overfitting in 

data-hungry models (Luo et al., 2023; Stowell, 2022; Doan et al., 2022); and (ii) the 
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traditional flat Euclidean space assumption fails to capture complex nonlinear acoustic 

topologies. 

To address both limitations, Riemannian manifold geometry offers a transformative 

perspective. The second-order statistics of bioacoustic signals are naturally characterised by 

Symmetric Positive Definite (SPD) covariance matrices on a Riemannian manifold (Pennec et 

al., 2006; Barachant et al., 2011), preserving intrinsic nonlinear geometry through affine-

invariant metrics and naturally suppressing non-Gaussian noise. Manifold-based metric 

learning achieves high-precision classification with extremely few samples (Shang et al., 

2024; Nolasco et al., 2023; Chauhan et al., 2022). Applying SPD manifold geometry to 

Larimichthys crocea acoustic signals thus corrects the geometric mismatch of traditional 

Euclidean models and fundamentally resolves performance bottlenecks caused by data 

scarcity. 

Although Riemannian geometry mitigates feature difficulties, purely geometry-driven models 

may still violate physical laws (Daw et al., 2022; Wang, Yu, 2025; Willard et al., 2022). In 

current state-of-the-art (Li et al., 2025; Chen et al., 2025), physical rules act only as soft 

training constraints, leaving models susceptible to physically implausible false positives under 

sudden noise. This study therefore proposes a lightweight Fisher physics-aware mechanism 

built on the SPD manifold, elevating physical constraints to hard decision-boundary gates 

enforced at inference. 

This study proposes a Riemannian geometry-based acoustic recognition framework for 

Larimichthys crocea behaviour, compensating for sample scarcity through geometric 

constraints. The main contributions are: 

utilising SPD covariance matrices to compactly represent full-spectrum acoustic dynamics—

including vocalizations and kinematic friction noise. 

the nonlinear classification problem is effectively linearised within a low-dimensional tangent 

space 

Physics-Consistency Masking Mechanism: A novel physics-aware decision mechanism is 

introduced to address non-stationary noise (Chen et al., 2025). It integrates physical prior 

constraints into the classification layer as hard thresholds, effectively suppressing high-

confidence false positive detections that violate physical acoustic plausibility. 
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Collectively, the framework operationalises a deciphering-plus-alerting paradigm, bridging 

fine-grained behaviour classification with reliable binary welfare alarms, and demonstrates 

that geometric modelling outperforms purely data-driven methods under bioacoustic data 

scarcity (Sueur, Farina, 2015). 

2. Experimental Methods and Data Processing 

2.1.Experimental Setup and Data Acquisition 

2.1.1. Experimental Environment 

To isolate weak bioacoustic signals, experiments were conducted in a controlled indoor glass 

tank (84 cm × 30 cm × 50 cm; water depth: 36.5 cm) equipped with three-tier physical 

isolation. First, the tank was anchored to a custom shock-absorbing table to decouple low-

frequency structural vibrations. Second, to prevent photic stress, experiments were performed 

in complete darkness; continuous, non-intrusive behavioral observation was achieved using an 

external infrared camera and lighting system. Third, water quality was maintained using an 

acoustically dampened, low-power filtration and aeration device, strictly minimizing 

background hydrodynamic noise that could otherwise mask weak biological acoustic 

signatures. 

 
Fig. 1 The controlled single-individual protocol provides clean acoustic ground 

truth for method development; field-scale PAM deployment scenarios are discussed in 
Section 4.2. 
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2.1.2. Experimental Subjects 

The experimental subjects were 8 sub - adult wild Larimichthys crocea, belonging to the class 

Osteichthyes, order Perciformes, family Sciaenidae, genus Larimichthys. To minimize 

acoustic discrepancies caused by individual differences, specimens of similar size were 

selected (body length: 20 ± 0.5 cm, weight: 200 ± 10 g). Randomly selected subjects were 

introduced into the experimental tank and given a 24-hour quiet acclimation period to 

eliminate initial stress responses induced by transportation. To ensure the objectivity and 

biological validity of the collected data, a strict observation protocol was established. An 

independent recording protocol was adopted in which each fish was placed in the tank 

individually for behavioural recording, entirely eliminating the risk of multi-source acoustic 

mixing. Between subject rotations, newly introduced fish were allowed to acclimate for more 

than 12 hours to ensure stable behavioural states. This design guarantees the statistical 

independence of the subsequent Leave-One-Subject-Out Cross-Validation, preventing 

information leakage between training and test sets. 

In total, 576 three-second acoustic segments were collected across the four behavioural 

categories, yielding approximately 72 labelled samples per subject. 

2.1.3. Experimental Protocol 

A standardised protocol combining naturalistic observation and controlled stimulus induction 

was developed for four core behaviours: slow roaming, fast tail-beating, turning, and startle-

escape, across two phases: 

Natural Kinematic Observation Phase: Natural hydrodynamic noise was recorded under 

controlled dark conditions without external pressure. Fish exhibited slow roaming, 

spontaneous fast tail-beating during exploration, and turning near tank boundaries. 

Forced Stress Induction Phase: Silent, non-contact stimuli were applied at randomised 

intervals (< 5 s each) to induce startle-escape responses, generating transient high-energy 

broadband signals that served as challenging training examples for high-risk state recognition. 
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Laboratory Scope: Single-individual tank experiments ensured unambiguous acoustic 

annotation. This differs substantially from field conditions—multi-fish overlapping signals, 

variable aeration and vessel noise, environmental variability—but represents a validated 

methodological foundation; translation to multi-source environments is discussed in Section 4. 

2.2. Audio-Visual Acquisition System 

A high-fidelity audio-visual acquisition system achieved accurate acoustic signal capture and reliable 

behavioural label alignment. Key hardware components are as follows: 

Acoustic Perception Terminal: A B&K Type 8105 hydrophone (sensitivity: −185 dB re 1 V/μPa; flat 

response 20 Hz–65.536 kHz) was suspended at the tank centre (20 cm depth) for distortion-free capture of 

both swimbladder pulses and broadband hydrodynamic noise. 

Visual Perception Terminal: An industrial-grade HD camera (Model: WZ800SG-Y52-F4-6; 4K/8MP; 50 

Hz anti-flicker) was mounted obliquely above the tank, capturing instantaneous postural changes even 

under water-surface ripple interference. 

Signal Conditioning and A/D Conversion: A B&K 3161-A-011 DAQ card (built-in low-noise preamplifier 

and anti-aliasing filter; 24-bit precision; 65.536 kHz sampling rate) amplifies biological signals losslessly, 

eliminates quantisation truncation errors, and fully covers all effective harmonic bands of Larimichthys 

crocea. 

Table 1. Data Acquisition System Parameters. 

Equipment Model Key Parameters 

Hydrophone Brüel & Kjær 8105 
Sensitivity: -185 dB re 1 V / μPa； 

Frequency Response: 20 Hz – 65.536 kHz 

HD Camera WZ 800 SG-Y 52 - F4 - 6 
Resolution: 4 K / 8 MP 

Anti-flicker: 50 Hz 

DAQ Card Brüel & Kjær 3161 - A - 011 

Sampling Rate: 65.536 kHz； 

Quantization Precision: 24 bit； 

Channels: Single channel 

Multimodal Synchronisation: Hardware-level timestamp synchronisation provided 

unambiguous visual ground truth for behaviour-acoustic alignment, resolving the source-
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identification problem inherent in acoustic-only recording. 

2.3. Multimodal Data Processing 

To ensure exact correspondence between acoustic signals and specific behavioural states, pure 

background noise was also recorded in a fish-free environment to establish an acoustic 

baseline. 

2.3.1. Behaviour Annotation 

Background noise was recorded pre-experiment to establish the acoustic baseline for SNR 

evaluation. Strict frame-to-sample synchronisation ensured one-to-one visual-acoustic 

alignment. An independent-event partitioning scheme assigned all sub-samples from the same 

continuous segment to the same split, rigorously preventing temporal data leakage. 

To avoid the false positives and missed detections of traditional energy-detection algorithms, 

a vision-guided manual annotation protocol was adopted: 

Behaviour Localisation: Synchronized videos were reviewed, and trained annotators precisely 

marked the start and end times of the four target behaviours (fast roaming, slow roaming, 

turning, and startle-escape). 

Audio Slicing: Based on verified timestamps from the video, the corresponding valid 

segments were extracted from the continuous audio stream. Fixed-length Segmentation: 

Given that the typical duration of most behaviours is generally under 3 seconds, all segments 

were standardised into 3-second samples. Segments shorter than 3 seconds were extended via 

zero-padding or cyclic-padding; segments longer than 3 seconds were divided into multiple 

non-overlapping 3-second samples. 

2.3.2. Signal Preprocessing 

Raw acoustic segments were processed through the standardised pipeline summarised in 

Table 2. 

Table 2. Preprocessing Parameter Settings 
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Parameter Setting Value Description 

Sampling Rate 65.536 kHz 
Original sampling rate, no resampling 

required 

Amplitude 

Normalization 

Max value 

normalization 

Eliminates sound pressure level 

differences caused by recording distance 

STFT Window 

Length 
4096 points Frequency resolution ≈ 16 Hz 

Hop Size 1024 points Time resolution ≈ 15.6 ms 

Effective 

Frequency Band 
100 Hz – 30 kHz 

Filters out low-frequency hydrodynamic 

noise and high-frequency aliasing 

Sliding Window 
64 frames/window, 

step 32 frames 
Approx. 1s duration, 50% overlap 

The preprocessing pipeline is as follows: 

1. Apply maximum amplitude normalization to the signal. 

2. Apply Short-Time Fourier Transform (STFT) to convert the 1D time-domain signal 

into a 2D time-frequency representation. 

3. Retain the 100 Hz to 30 kHz frequency band to filter out out-of-band noise. 

4. Apply an overlapping sliding window to segment the continuous spectrogram into 

fixed-size samples. 

Each 64-frame window (~1 s) satisfies the full-rank covariance requirement (frames > bins). 

A 32-frame step (50% overlap) achieves data augmentation while preserving temporal 

continuity. Each preprocessed sample is a T×F energy matrix (T = 64, F = filtered bins). 

PCEN dynamically suppressed steady-state background noise; MFCCs captured the transient 

startle acoustic envelope. 

2.3.3. Behaviour Categories 

Four behavioural states were recorded: fast tail-beating, slow tail-beating, turning, and startle-

escape. Fig. 3 displays representative spectrograms for each class, corresponds exactly to Fig. 
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2. These behaviours span the most relevant kinematic patterns in aquaculture monitoring, and 

their acoustic differences form the basis for subsequent classification. 

    

Fig. 2 Original Image of Fish Behaviour 

  
(a) Fast cruise spectrum (b) Slow cruise spectrum 

  
(c) Turn spectrum (d) Fright escape spectrum 

Fig. 3 Spectrograms of various behaviours 

2.4. Intrinsic Geometric Modeling and Classification on Riemannian Manifolds 

The Fisher-SPD framework departs from the traditional Euclidean feature-stacking paradigm, 

using Riemannian geometry to capture intrinsic signal structure (Fig. 4). This section derives 

the pipeline from frequency band selection to tangent space projection. 
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Fig. 4 Overall algorithm framework diagram 

2.4.1. Fisher-based Frequency Selection 

Full-band analysis introduces substantial redundant noise. The Fisher discriminant criterion 

isolates the most informative feature subspace prior to covariance construction. 

Let the i-th preprocessed sample be: 

 T F
ix R ×∈   (1) 

Where T is the number of frames and F is the number of frequency bins. For each frequency 

bin f∈{1…F}, its Fisher score J(f) is computed to measure the discriminative power of that 

frequency across behaviour classes: 

 
2

,1
2

,1

( )( )( )
( ) ( )

c

C
c c f fcB

C
W f c fc x D

nS fJ f
S f x

µ µ

µ
=

= ∈

−
= =

−
∑
∑ ∑

  (2) 

Where SB and SW are the between-class and within-class scatter; µc,f and µf are the class-

conditional and global mean at frequency f. Ranked by descending J(f), the top K = 50 bands 

are selected (determined by cross-validation; Section 3.5), reducing dimensionality from F = 

513 to K = 50 and removing noise-dominated bands. The Fisher criterion is mathematically 

equivalent to extracting swimbladder resonance formants. 
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By retaining K = 50 bands corresponding physically to the swimbladder resonance formants and kinematic 

friction signatures of Larimichthys crocea, while discarding the broadband components where 

environmental noise (aeration, flow turbulence, vessel engines) concentrates, Fisher selection provides 

inherent upstream noise suppression, complementing the noise resilience demonstrated in Section 3.6. 

2.4.2. SPD Descriptor Construction 

To capture both static spectral correlations and dynamic temporal evolution, augmented 

feature vectors are constructed before computing covariance. For the filtered feature vector Xt 

∈ RK at frame t, the first-order temporal difference is: 

 1t t tX X X+∆ = −   (3) 

The original and difference features are then concatenated to obtain an augmented feature 

vector: 

 2[ , ]T T T K
t t tZ X X R= ∆ ∈   (4) 

Xt captures instantaneous spectral energy (static feature); ΔX_t encodes spectral dynamics 

(dynamic feature). Joint modelling allows P to represent both signal identity and temporal 

evolution—critical for separating behaviours with similar spectra but different temporal 

patterns (e.g., fast roaming vs. slow roaming). 

Each 1-second acoustic sample is then modelled as a 2K×2K sample covariance matrix P: 

 
1

1 ( )( )
1

T
T

t t
t

P Z Z Z Z I
T

ε
=

= − − +
− ∑   (5)  

Where Z̄ is the sample mean and ε = 10⁻⁶ is a regularisation term enforcing positive 

definiteness. P is a point on the curved SPD Riemannian manifold S2K ++. 

2.4.3. Riemannian Tangent Space Projection and Geometric Dimensionality Reduction 

Due to manifold curvature, directly applying a conventional SVM yields suboptimal results. 
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The Log-Euclidean Metric therefore projects manifold data into the tangent space. 

First, the Riemannian geometric mean P̄ of all training covariance matrices is computed as the 

tangent point: 

 
1

1exp( log( ))
N

i
i

P P
N =

= ∑   (6) 

Next, the logarithmic map projects each sample Pi into the tangent space TP S2K ++ centered 

at P, generating the tangent vector Si: 

 
1 1 1 1
2 2 2 2log ( ) log( )i i iPS P P P PP P

− −
= =   (7) 

A whitening transformation eliminates tangency-point influence. Let Si = log(P - 0.5PiP - 0.5) 

be the whitened symmetric matrix. The final feature vector Vi is defined as: 

 ( ) , 2 (2 1) / 2d
i iV vect S R d K K= ∈ = +   (8) 

Where Vi(⋅) is a half-vectorisation operator extracting upper-triangular elements (including the 

diagonal) column-wise. For K = 50, d = 100×101/2 = 5050. These transformations linearise 

the nonlinear manifold structure within Euclidean space while retaining intrinsic frequency 

coupling, laying the geometric foundation for high-precision acoustic behaviour classification. 

2.4.4. Classification via Tangent Space SVM 

Rather than relying solely on a data-driven classifier, this section describes a cascaded 

decision mechanism integrating manifold geometric properties with bioacoustic physical 

priors. 

Once mapped to tangent space, classification becomes linearly separable. An RBF-kernel 

SVM (random seed 96965; cost weights inversely proportional to class frequencies) 

maximises the inter-class margin and outputs a posterior probability vector pi over behaviour 

categories: 
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 ,1,..., ,[ ]T
t t t cP P P=   (9) 

2.4.5. Power Voting Mechanism 

Behavioural events span multiple analysis frames, requiring robust aggregation of frame-level 

predictions. Conventional majority voting and average pooling are susceptible to transient 

noise and ambiguous frames. 

A power voting mechanism introduces a power exponent γ = 2 that nonlinearly amplifies 

high-confidence frames while suppressing high-entropy frames. The aggregated score Sc for 

category c is: 

 
frames

,
1

( )
N

c t c
t

S P γ

=

= ∑   (10) 

With γ > 1, the model automatically focuses on segments where behavioural features are most 

salient, enhancing decision robustness against outliers. 

2.4.6. Physics-Consistency Masking 

High-intensity stress behaviours are inevitably accompanied by acoustic energy substantially 

exceeding the environmental baseline, whereas passive behaviours are typically obscured by 

background noise. A physics-consistency masking mechanism translates this source-level 

prior into a hard decision-boundary constraint, preventing physically implausible false 

positive detections. 

Let P=RC be the raw posterior probability vector output by the SVM, where C is the number 

of categories. Unlike conventional weighted adjustments, an energy-based binary mask vector 

M(Efile)∈{0，1}c is defined and applied to the decision process via the Hadamard product 

(⊙): 

 fileˆ arg max( ( ))y P M E
c C

=
∈
   (11) 
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The c-th component of the mask vector M is defined by an indicator function Ⅱ(⊙): 

 
0,    

( )
1,

startle file E
c file

if c c and E
M E

otherwise
µ= <

= 


  (12) 

Where µE is the energy gating threshold, set as the robust boundary separating the system 

from the environmental noise baseline (validated by the sensitivity sweep in Fig. 9(d)). The 

gating logic is: 

When Efile < µE, a high source-level behaviour is physically excluded. The mask forces the 

startle-escape probability to zero regardless of classifier confidence, fundamentally 

eliminating false positive detections under low SNR. 

When Efile ≥ µE, the mask is all ones and the model retains full multi-class discriminatory 

capability. 

In the constrained tank environment, source-to-receiver distances range from 5 cm adjacent to 

the hydrophone to 76.37 cm at the farthest boundary. The maximum acoustic attenuation is 

calculated using the spherical spreading loss model: 

 10
0

20 log ( )rTL
r

=   (13) 

The resulting 24 dB positional variation is well within the 140 dB dynamic range of the 24-bit 

DAQ system. Empirical calibration confirms that startle events at maximum distance remain 

substantially above µE, validating the scalar gate without distance correction. 

In high-density environments, additive energy from multiple simultaneously swimming fish 

could trigger the gate. Three mitigation strategies are planned for commercial-density scaling: 

(i) normalising received energy by active source count; (ii) spatial filtering via multi-

hydrophone arrays; and (iii) rate-of-change detection: 

 E
t

∆
∆

  (14) 
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This exploits the rapid onset unique to genuine startle events, distinguishing them from 

continuous multi-fish swimming noise. 

This strategy validates statistical inferences against physical constraints, achieving dynamic 

pruning of the decision space and guaranteeing the physical consistency of classification 

results. 

2.5. Evaluation Metrics 

Performance was quantified using Accuracy, Precision, Recall, and F1-Score derived from the 

confusion matrix. Given significant class imbalance in aquaculture acoustic data, relying 

solely on accuracy could obscure deficits on minority classes. 

The mathematical definitions are as follows: 

 TP TNAccuracy
TP TN FP FN

+
=

+ + +
  (15) 

 Re TPcall
TP FN

=
+

  (16) 

 Pr TPecision
TP FP

=
+

  (17) 

 1- 2 Precision RecallF Score
Precision+ Recall

×
= ×   (18) 

Where TP (True Positive) is the number of samples correctly predicted as a specific class, TN 

(True Negative) is the number of other-class samples correctly predicted as such, FP (False 

Positive) is the number of false positive detections where other classes are incorrectly 

predicted as that class, and FN (False Negative) is the number of missed detections where that 

class is incorrectly predicted as another. Because this study involves a four-class behaviour 

classification task, a macro-averaging strategy is applied to evaluate Precision, Recall, and 

F1-Score globally and fairly across all categories. This involves computing metrics for each 

category independently and then averaging across all categories. The Macro F1-score treats 

all classes uniformly and serves as the primary metric for evaluating the overall robustness of 

the model. 
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3. Results and analysis 

This section evaluates Fisher-SPD's performance, component contributions, comparative 

advantages over baselines, edge deployment feasibility, parameter stability, and complex-

environment robustness. 

3.1. Overall Performance 

Fisher-SPD achieved 90.52% overall recognition accuracy (Fig. 7a). Turning behaviour 

reached 100% precision with zero false positives. Despite sharing highly similar spectral 

features, fast tail-beating and slow roaming were effectively separated in manifold space, 

yielding recall rates of 0.88 and 0.94, respectively. Background noise and startle-escape 

events were classified at 98% and 92% accuracy, reflecting their contrasting energy profiles 

and manifold structures. A 12% misclassification rate between fast tail-beating and turning 

arises from overlapping caudal-fin oscillation signatures in the 200–500 Hz band; however, 

SPD second-order temporal encoding captures subtle differences in energy decay and duration, 

maintaining robust boundary separation. 

From a welfare monitoring perspective, Table 3. summarises the ecological significance of 

each recognition result. 
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Table 3. Ecological and Monitoring Significance of Behaviour Recognition Performance  

Behaviour 

Class 

Recognition 

Performanc

e 

Ecological / Monitoring Significance 

Startle-escape 
92% 

accuracy 

High-energy acute stress response; reliable detection 

enables real-time welfare alarms for sudden 

environmental disturbances (e.g., dissolved oxygen 

drop, predator approach, handling operations). 

Turning 

100% 

precision 

(zero false 

positives) 

May reflect avoidance of net walls or inter-individual 

aggression in dense cages; zero false positive rate is 

critical for alarm-based systems where spurious alerts 

erode operator trust. 

Fast vs. slow 

tail-beating 

~12% 

confusion 

Both indicate elevated activity; energy-level 

differences allow physical gating to assist 

differentiation; useful for monitoring overall activity 

intensity and early arousal states. 

Background 

(no fish) 

98% 

accuracy 

Demonstrates robust rejection of non-biological 

acoustic events; essential for field deployments where 

environmental noise is pervasive and non-specific. 

These results confirm that Riemannian geometric features effectively separate behaviour 

distributions in manifold space, and that the framework is well suited to detecting welfare-

significant behaviours in operational deployments. 

  

(a) Curved manifold (b) Flat vector space 

Fig. 5 t-SNE visualization in different feature spaces 

t-SNE visualisation (Fig. 5) confirms that Riemannian manifold features exhibit markedly 
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greater intra-class compactness and inter-class separability than raw MFCC features. Fig. 5(a) 

illustrates curvature-induced grid distortion in the SPD manifold; Fig. 5(b) shows the tangent-

space unfolding into a perfect orthogonal structure that enables linear classification. 

A core challenge in bioacoustics is isolating universal kinematic signatures from subject-

specific variation. The cross-individual robustness evaluation proceeds in two phases. 

 
 

(a) t-SNE distribution (b) Subject-wise Performance 

Fig. 6 Comprehensive evaluation of cross-individual robustness and zero-shot 
classification performance 

Fig. 6(a) visualises SPD manifold features for all eight subjects colour-coded by identity. 

Samples from different subjects overlap substantially within each behaviour class, confirming 

that the framework captures generalisable acoustic structure without overfitting to individual 

identities. 

Fig. 6(b) shows per-subject LOSO-CV accuracies of 91.04%, 91.18%, 85.51%, 88.41%, 

88.06%, 85.51%, 92.75%, and 91.3% (mean = 89.22% ± 2.59%). Consistently high and low-

variance performance confirms that the aggregate result is not driven by a few easily-

classified individuals, providing direct evidence that SPD features generalise across individual 

vocal and kinematic variability within this cohort. 

3.2. Ablation Study  

Ablation experiments under identical data partitioning quantified component contributions. 

Riemannian constraints proved decisive: tangent-space mapping increased accuracy from 
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69.83% to 90.52% (+20.69%), confirming that flat Euclidean representations inadequately 

characterise the second-order statistics of bioacoustic signals. Logarithmic mapping and 

covariance vectorisation maintain strong feature separability under extreme data scarcity. 

Table 4. Ablation Study Results 

Method Accuracy Macro-F1 Wt-F1 

Full 90.52% 0.9124 0.9054 

w/o Adaptive K 63.79% 0.3956 0.5212 

w/o Fisher 85.34% 0.8330 0.8513 

w/o Riemann 69.83% 0.5031 0.6365 

Adaptive Fisher selection (90.52%) outperformed a fixed K = 10 baseline (63.79%) by 

26.73%, confirming that targeted frequency adaptation is key to small-sample acoustic 

behaviour classification. 

SVM outperformed the Multi-Layer Perceptron (MLP) and Random Forest by 5–10% (Table 

5.), confirming its suitability for high-dimensional tangent-space features under data scarcity. 

Table 5. Classifier Comparison Table 

Classifier Accuracy Macro-F1 

SVM 90.52% 0.9124 

Random Forest 84.48% 0.8474 

MLP 79.31% 0.7916 

KNN 67.24% 0.4706 

3.3. Comparative Analysis 

Benchmark comparisons were conducted against three representative baselines from the 

underwater bioacoustics literature: ResNet-18 (Ibrahim et al., 2024). TPP-CNN (Wang et al., 

2017). MFCC-SVM (a traditional machine learning method based on handcrafted features). 

3.3.1. Performance Comparison 

All experiments employed a LOSO-CV protocol. Table 6. reports the average behaviour 

recognition accuracy, recall, and F1-score of each model across 8 independent biological 
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subjects, demonstrating the performance disparities between the proposed framework and 

mainstream baseline models. 

Fisher-SPD achieved the highest accuracy (90.52%), with recall and F1 far surpassing all 

baselines. ResNet-18 and TPP-CNN performed well below expectations, only marginally 

exceeding the handcrafted MFCC-SVM. 

Table 6. Method Comparison Table 

Model Accuracy Recall F1-Score 

Fisher - SPD 90.52% 0.8791 0.9076 

TPP - CNN 77.59% 0.7856 0.8017 

ResNet - 18 76.72% 0.7618 0.7922 

MFCC - SVM 72.41% 0.5186 0.5129 

 

  
      (a) Confusion matrix          (b) ROC curve 

Fig. 7 Confusion matrix and performance comparison chart 

3.3.2. Negative Result Attribution 

Deep learning degradation arose from two causes: (i) ResNet-18's 11M parameters vastly 

exceed the available training samples, causing individual-specific memorisation (training 

accuracy 99%, test accuracy < 60%, Fig. 7b); and (ii) deep features produce heavily 

overlapping Euclidean distributions (Fig. 8) versus the compact, well-separated SPD manifold 

clusters. This reflects an absence of inductive biases suited to the intrinsic nonlinear structure 

of acoustic data rather than any architectural obsolescence. 
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(a) ResNet - 18 Features (b) Fisher - SPD Features 

Fig. 8 Comparison results chart 

3.4. Edge Deployment Feasibility 

Beyond classification accuracy, deployment on resource-constrained edge nodes imposes 

strict computational and latency constraints. Inference latency was benchmarked on an AMD 

Ryzen 7 7730U CPU platform to simulate a realistic edge environment. 

Table 7. Inference Efficiency Benchmark on Local CPU Platform 

Model Params (M) FLOPs (G) Latency (ms) Speedup 

ResNet-18 11.17856 1.82352 36.96 1× 

TPP-CNN 0.58912 0.73719 17.74 2.1× 

MFCC-SVM 0.00006 0.002 0.18 209.2× 

Fisher-SPD 0.00128 0.00287 3.6 10.3× 

ResNet-18's 1.82 G FLOPs footprint produces a 36.96 ms per-frame latency—prohibitive for 

high-frequency real-time monitoring on embedded hardware. 

MFCC-SVM is fast (0.18 ms) but its behaviour recognition capability is extremely limited 

(Table 6.)—a fast but ineffective solution. 

Fisher-SPD resolves this trade-off: manifold geometry compresses second-order statistics to < 

0.01 M parameters and 3.60 ms inference (10.3× faster than ResNet-18), combining superior 

accuracy with a lightweight footprint suited to long-term, low-power acoustic monitoring. 
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3.5. Parameter Sensitivity 

Sensitivity analyses were conducted on all four key hyperparameters (Fig. 9): Fisher 

dimensions K, SVM penalty C, power voting exponent γ, and energy gating threshold µE. 

 

Fig. 9 Optimal parameter analysis charts 

Fig. 9(a): Accuracy peaks at K = 50. Below this, the feature subspace is too narrow; above it, 

low-discriminative bands disrupt manifold geometry. 

Fig. 9(b): Accuracy peaks at C = 21.1. Lower C over-smooths decision boundaries; higher C 

overfits. C = 21.1 achieves the optimal bias–variance trade-off. 

Fig. 9(c): γ < 1.0 causes a marked accuracy drop, confirming the importance of suppressing 

low-confidence outliers. Peak performance occurs at γ  = 1.5. Over the broad range γ  ∈ [1.0, 

3.0], fluctuations remain < 1.5%, demonstrating deployment stability without precise tuning. 
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Fig. 9(d): F1-Score is stable across µE ∈ [0.1, 0.5], peaking at µE = 0.5, then drops sharply 

beyond 0.6, marking the critical threshold between signal retention and noise suppression. 

The optimal combination is K = 50, C = 21.1, γ = 1.5, µE = 0.5, with performance stable in the 

neighbourhood of these values. 

3.6. Complex environment robustness analysis 

For dual-fish recordings, the scarcity of labelled overlapping samples required Stratified 5-

Fold Cross-Validation. Gaussian white noise (SNR 15–0 dB) was injected to evaluate 

environmental robustness. An SNR-aware weighting strategy dynamically blended Fisher-

SPD outputs with an MFCC baseline to prevent manifold collapse under extreme broadband 

interference. 

 

Fig. 10 Anti-noise performance under strong environmental noise 

As interference intensifies, conventional models suffer steep accuracy drops due to Euclidean 

kernel sensitivity to broadband noise. Fisher-SPD maintains superior performance across all 

baselines even at 0 dB, experimentally validating the geometric advantages of Riemannian 

manifolds in complex acoustic environments. 

A Binary Welfare Alarm was established for the dual-fish scenarios: a segment is a stress 

event if at least one individual manifests an acute startle response (irrespective of the second 

PRE-P
ROOF P

UBLIC
ATIO

N

PR
E

-PR
O

O
F PU

B
L

IC
A

T
IO

N
 A

R
C

H
IV

E
S O

F A
C

O
U

ST
IC

S



Archives of Acoustics  

 2  

subject's state), and non-stress requires all individuals to maintain baseline kinematics. This 

binary mapping transforms multi-class behaviour decoding into a robust real-time decision-

support signal. 

Table 8. Multi - source target aliasing performance table 

Two fish precision recall f1-score support 

Others 0.7143 1.0000 0.8333 10 

Escape response 1.0000 0.6000 0.7500 10 

accuracy / / 0.8000 20 

macro avg 0.8571 0.8000 0.7917 20 

weighted avg 0.8571 0.8000 0.7917 20 

Table 8. shows zero-shot accuracy of 80.00% with zero false positives despite severe 

background noise. However, continuous hydrodynamic noise from multiple swimming 

subjects masks faint startle signals, limiting further recall. 

To overcome the physical masking bottleneck in zero-shot scenarios and satisfy the core 

operational requirement of minimising missed detections in aquaculture, a few-shot joint fine-

tuning strategy was incorporated. In the Riemannian manifold alignment stage, the model was 

exposed to 30% of target-domain samples to construct a more accurate discriminative 

hyperplane. 

Table 9. Performance table after adding 30% of the test data 
Two fish precision recall f1-score support 

Others 1.0000 0.8571 0.9231 7 

Escape response 1.0000 1.0000 0.9333 7 
accuracy / / 0.9286 14 
macro avg 0.9375 0.9286 0.9282 14 

weighted avg 0.9375 0.9286 0.9282 14 

After few-shot calibration (30% of target-domain samples), accuracy improved to 92.86% 

with a macro F1-Score of 0.9282 (Table 9.), demonstrating excellent inter-class balance. 

Unlike conventional RMS/SPL-based methods vulnerable to distance attenuation and ambient 

surges, Fisher-SPD leverages Riemannian geometric invariants to decouple startle signatures 
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from hydrodynamic noise. Requiring only 30% target-domain samples, this approach enables 

lightweight, high-precision deployment in real-world marine IoT monitoring systems. 

4. Discussion 

The primary bottleneck in acoustic behaviour recognition is geometric mismatch rather than 

pure data scarcity. Tangent-space projection demonstrates that few-shot learning is entirely 

feasible in underwater bioacoustics, owing to a fundamental difference between the two 

paradigms in how they achieve feature invariance. 

Deep neural networks learn feature invariance through memory-based induction over large 

datasets. When data is scarce, they degrade into pattern memorisers, triggering the severe 

overfitting shown in Fig. 7(b). By contrast, the Riemannian manifold approach provides rule-

based deduction: by leveraging the Affine-Invariant Riemannian Metric and Log-Euclidean 

Mapping, the framework addresses amplitude perturbations from sensor gain and channel 

attenuation through mathematical axioms. This intrinsic inductive bias enables cross-

individual generalisation without large training sets, well suited to aquaculture monitoring 

where labelling is expensive and samples are scarce. 

The LOSO-CV result (89.22% ± 2.59%) demonstrates that SPD manifold features capture 

behaviourally relevant characteristics generalising across individuals differing in body 

condition, history, and vocal style—critical for ecological monitoring, where classifiers must 

be applied to uncharacterised field individuals [30]. The covariance representation implicitly 

normalises for inter-individual differences in energy levels and frequency shifts, providing a 

built-in invariance difficult to achieve with raw spectral or small individual-specific deep-

learning embeddings. 

The physics-aware binary welfare alarm directly addresses industrial deployment reliability. 

Unlike black-box models susceptible to non-biological noise, injecting biophysical priors into 

the decision loop achieves 1.000 precision, fundamentally mitigating alarm fatigue in cage-

farming environments. 

Fisher-SPD's results carry PAM implications across scales. In cage aquaculture, 92% startle 
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accuracy at a 3.2% false-positive rate enables practical welfare alarms; 100% turning 

precision provides a stocking-density proxy without visual inspection. Beyond the farm, 

hydrophone buoys could passively monitor Larimichthys crocea in coastal fishing grounds 

and MPAs, providing continuous disturbance indicators [20]. Zero-shot transfer accuracy 

(80.00%) further suggests potential generalisation to semi-natural conditions. 

Field deployment requires: (i) multi-source separation; (ii) adaptive noise suppression; (iii) 

site-specific µE recalibration (facilitated by the modular design without core retraining); and 

(iv) low-power logger integration. Beyond Larimichthys crocea, the data-driven Fisher 

selection requires no prior knowledge of a target species' vocal repertoire, suggesting 

applicability to other sciaenids, crustaceans, and marine mammals—though SPD and µE 

require per-species recalibration. 

Key limitations: SPD matrix operations scale as O(d³), manageable at K = 50 but potentially 

challenging at higher dimensionalities on resource-constrained edge devices. The N = 8 cohort 

is a controlled proof-of-concept; expansion to ≥ 20 individuals from multiple sites, with 

concurrent physiological measurements, is a priority for future validation. Future work will 

also explore Riemannian manifold regression for continuous stress-level quantification. 

5.Conclusions 

This paper proposes Fisher-SPD, a fish acoustic behaviour recognition framework addressing 

the dual challenges of visual perception failure and acoustic data scarcity in modern 

aquaculture. Rather than accumulating data to train deep models, it grounds itself in the 

geometric structure and physical laws of acoustic signals. 

With N = 8, Riemannian tangent-space mapping overcomes the geometric mismatch of 

Euclidean representations, significantly outperforming ResNet-18 and TPP-CNN. Energy 

gating grounded in biophysical priors resolves non-stationary noise misclassification, holding 

the false positive detection rate at 3.2%. Free from large-scale pretraining, the framework 

demonstrates that preserving geometric covariance structure is superior to stacking sequential 

features—establishing a solid foundation for edge-side welfare monitoring on acoustic buoys. 
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This study thus provides a novel small-sample, lightweight, interpretable, geometry-driven 

computational paradigm for underwater bioacoustics. 

From an applied perspective, Fisher-SPD's high accuracy, low computational footprint, and 

physical plausibility position it as a practical tool for: (i) early stress detection and welfare 

alarms in intensive aquaculture; (ii) passive assessment of behavioural responses to 

anthropogenic disturbance; and (iii) non-invasive population monitoring in marine protected 

areas. Future research will focus on reducing Riemannian computational complexity, 

incorporating multi-source separation for high-density cage environments, and exploring 

generalisation across multi-species polyculture scenarios, advancing smart fisheries 

monitoring toward large-scale field application. 
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