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Abstract

As substation equipment continues to evolve toward higher voltage levels, larger capacities,
and more complex operating conditions, voiceprint signals exhibit greater sensitivity and
observability during the early stages of faults. However, traditional modeling approaches
still suffer from limitations in capturing long-range temporal dependencies, suppressing
noise interference, and adapting to unlabeled data. To address these issues, a state space
model-based Mamba self-supervised voiceprint framework, termed MSANet, is proposed.
A bidirectional state space scanning mechanism is introduced into the network architecture
to avoid the high computational complexity of attention mechanisms while simultaneously
preserving both global contextual correlations and local detail representations of voiceprint
signals. In addition, a spectrum block masking-based self-supervised learning strategy
is incorporated, enabling the model to extract stable time–frequency structural features
even under unlabeled or limited labeled samples. Experimental results demonstrate that
MSANet achieves high accuracy in voiceprint-related tasks. Furthermore, the lightweight
version of the model maintains competitive performance while significantly reducing
computational and storage overhead, indicating its feasibility for deployment on edge
devices in resource-constrained scenarios such as substation environments. The proposed
method provides a potential methodological basis for enhancing fault-related voiceprint
feature extraction, representation learning, and future practical engineering deployment.

Keywords: voiceprint recognition; state space model; self-supervised learning; edge computing

1. Introduction
Substation equipment serves as critical infrastructure for power transmission and dis-

tribution and is widely deployed throughout modern power systems. However, prolonged
operation under harsh conditions characterized by high voltage, large current, and strong
electromagnetic interference can easily lead to abnormal equipment faults [1]. Failures in
substation equipment may cause significant safety risks and economic losses to the power
system. Existing inspection approaches mainly rely on infrared temperature measurement,
partial discharge monitoring, and manual inspection, which struggle to satisfy the require-
ments of online monitoring, early fault warning, and reliable fault identification [2]. In
contrast, the acoustic signals generated during equipment operation contain multi-source
information associated with mechanical vibration, magnetostriction, and dielectric dis-
charge. The corresponding voiceprint information is highly sensitive to weak early-stage
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faults and possesses the advantages of non-contact sensing, low cost, and convenient
deployment [3]. Therefore, voiceprint-based fault detection for substation equipment is of
great significance for improving the safety and reliability of power systems [4].

For accurate recognition and fault monitoring of substation equipment voiceprint
signals, it is crucial to develop an efficient voiceprint feature modeling method with low
computational complexity, high accuracy, and strong generalization capability [5]. Among
the major challenges in the modeling process are the simultaneous capture of both short-
range and long-range temporal dependencies, as well as the effective extraction of deep
semantic information while suppressing noise interference [6]. Due to the multi-frequency
components and nonlinear characteristics of substation equipment voiceprint signals,
accurate measurement and feature extraction are key factors in achieving reliable voiceprint
monitoring [7].

At present, numerous methods have been proposed for fault detection in substation
equipment; however, many of these approaches still exhibit certain limitations. For exam-
ple, Peng et al. proposed a transformer voiceprint recognition method based on LBT-ODF
feature space and a multi-channel network, which extracts local time-domain features from
acoustic signals and uses multiple 1D-CNN modules for mechanical fault identification [8].
Li et al. proposed a converter transformer voiceprint fault diagnosis method that combines
multi-strategy improved MFCC features with a temporal convolutional network [9]. Nev-
ertheless, these deep learning-based methods still depend on complex feature extraction or
relatively heavy network structures, making them less suitable for deployment on edge
devices in resource-constrained environments such as on-site power grid applications.
Wan et al. proposed a power-transformer fault voiceprint diagnosis method that combines
Mel time–frequency feature extraction, Mixup data enhancement, and CNN-based fault
classification [10]. Chen et al. proposed a neural network-based transformer voiceprint
fault pattern recognition and prediction method, but such data-driven methods still depend
heavily on labeled fault samples [11]. Yu et al. developed an automatic condition moni-
toring and fault diagnosis system for power transformers based on voiceprint recognition,
which uses acoustic features to identify different operating and fault conditions [12]. To
address noise interference, Zhang et al. proposed a power transformer fault diagnosis
method based on voiceprint recognition considering multi-type noises [13].

It should be noted that Mamba-based sequence modeling, bidirectional scanning,
and masked spectrogram learning have been explored in existing audio self-supervised
learning and sequence modeling studies. For example, SSAST and Audio-MAE mainly
adopt Transformer-based architectures for masked spectrogram representation learning,
while Wav2Vec 2.0 and HuBERT focus on self-supervised speech representation learning
from raw waveforms or latent speech units. In addition, recent Mamba-based audio
models have demonstrated the potential of state space models for efficient audio modeling.
Different from these studies, the technical contribution of MSANet lies in integrating
bidirectional selective state space modeling with masked spectrogram reconstruction and
contrastive discrimination for fault-related equipment voiceprint feature extraction.

To address the aforementioned issues, this paper proposes a Mamba-based self-
supervised voiceprint representation learning network, termed MSANet. Unlike Transformer-
based masked audio modeling methods, MSANet adopts a bidirectional selective state space
encoder as the main sequence modeling backbone, which reduces the dependence on self-
attention while maintaining long-range temporal modeling capability. In addition, masked
spectrogram reconstruction and contrastive discrimination are jointly introduced to improve
the representation ability of equipment voiceprint features under limited labeled samples.
First, a voiceprint recognition framework based on the State Space Model (SSM) is introduced,
which performs sequence modeling with linear computational complexity. The proposed
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framework significantly reduces network complexity and computational overhead while
preserving long-range temporal modeling capability and global dependency representation.
Second, by incorporating a self-supervised pretraining mechanism, the model can be effec-
tively applied under conditions with limited or unlabeled samples. The proposed approach
learns generalized feature representations from large-scale unlabeled voiceprint data, thereby
alleviating the challenges of sample scarcity and annotation difficulty. A masked spectrogram
segment pretraining strategy is further adopted to reduce the dependence on labeled data.
Moreover, a bidirectional selective state scanning structure is introduced to achieve a unified
representation of global contextual modeling and local detail preservation for voiceprint
signals, thereby further enhancing the recognition capability for abnormal acoustic patterns.
Finally, experiments conducted on a single-label audio event classification dataset demonstrate
that the proposed method substantially reduces computational and storage requirements
while maintaining high detection accuracy. In addition, the inference speed is significantly
improved compared with conventional Transformer-based models. Owing to its lightweight
architecture, the proposed model exhibits strong feasibility and practical engineering value
for deployment on edge devices in resource-constrained on-site power grid environments.

2. Self-Supervised Mamba-Based Voiceprint Modeling Method
This section first introduces the mathematical foundation of the Mamba model, with a

primary focus on the State Space Model (SSM) framework and its efficiency in capturing
long-range temporal dependencies. Rather than directly applying existing audio Mamba
models, MSANet adapts bidirectional selective state space modeling to spectrogram patch
sequences and combines it with self-supervised masked learning for equipment voiceprint
representation. Subsequently, a self-supervised audio Mamba architecture is presented,
which utilizes a bidirectional SSM scanning mechanism to achieve robust contextual model-
ing of audio features. Finally, the adopted self-supervised learning framework is described,
where a masked spectrogram segment strategy is employed to reduce the dependence on
labeled training samples.

2.1. Mamba State Space Model

State space models originate from Kalman filters and are inspired by continuous
systems. As a fundamental framework for sequence modeling, an SSM maps the input
sequence to the output through the intermediate hidden state h(t) ∈ RN . This process
is formulated using the key evolution parameter A ∈ RN×N , the projection parameter
B ∈ RN×1, and C ∈ R1×N . For clarity, the notation used in the state space formula-
tion is defined as follows. Let x(t) ∈ Rdin denote the input feature at time t, state, and
y(t) ∈ Rdout denote the output feature. These definitions are used consistently in the
following continuous and discrete state-space equations. The state space equations in
continuous-time systems are expressed as follows:

h′(t) = Ah(t) + Bx(t) (1)

y(t) = Ch(t) (2)

In practical applications, the input sequences fed into the model are typically discrete.
Therefore, the continuous system needs to be discretized. In this work, the zero-order hold
(ZOH) method is adopted, where the time-scale parameter ∆ is used to discretize A and B.

A = exp(∆A) (3)

B = (∆A)−1(exp(∆A)− I) · ∆B (4)
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Here, A ∈ RN×N and B ∈ RN×din denote the discretized forms of A and B, respectively.
The parameter ∆ denotes the discretization step size. After discretization, the discrete
input sequence is represented as xk ∈ Rdin , the hidden state as hk ∈ RN , and the output
as yk ∈ Rdout , where k is the discrete time index. The state space equations for the discrete
signal obtained with step size ∆ are given as follows:

hd = Ahd−1 + Bxd (5)

yd = Chd (6)

In the above state equations, the three discrete parameters A, B, and C are constant
after discretization. Therefore, when computing y, the output can be efficiently obtained
in a convolutional form using the input sequence x and the structured convolution kernel
K. The convolution kernel is computed from the matrices A, B, and C, and is defined
as follows:

K = (CB, CAB, . . . , CAD−1B) (7)

y = Kx (8)

Here, D denotes the sequence length of the input x, and K ∈ RD represents the adopted
structured convolution kernel. In the discretized Mamba framework, the parameters
B, C, and ∆ are functions of the input sequence x. These parameters are dynamically
updated at each step d, and different parameter values are computed during inference for
different inputs. As a result, the model possesses content-aware and selective modeling
capabilities, enabling the dynamic selection of representative features from the input
sequence. Meanwhile, in the Mamba model, a selective parallel scan algorithm is employed
to implement the convolution computation mechanism. Based on dynamically varying
parameters, the model maintains both the efficiency and accuracy of sequence modeling
under linear computational complexity.

2.2. MSANet Model Architecture

Figure 1 illustrates the overall architecture of the proposed MSANet framework.
The network mainly consists of four components: spectrogram sequence input, flatten-
ing and linear projection mapping, positional encoding, and a bidirectional state space
model encoder.
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Figure 1. Overall Architecture of the Self-Supervised MSANet Framework.
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2.2.1. Spectrogram Sequence Input

Before being fed into the model, the audio waveform is first transformed into a
spectrogram representation, which characterizes the signal in both the time and frequency
domains. This transformation is achieved through the Short-Time Fourier Transform (STFT),
and the corresponding formulation is given as follows:

X(τ, f ) =
+∞

∑
n=−∞

x[n]w[n − τ]e−j2π f n (9)

In the above equation, x[n] denotes the discrete-time speech signal, while w[n − τ] repre-
sents the analysis window function used to capture local temporal segments. In this study,
a 25 ms Hamming window with a frame shift of 10 ms is adopted for computation. Here, τ

denotes the time-frame index, and f represents the frequency variable. The term e−j2π f n

corresponds to the Fourier kernel, and X(τ, f ) denotes the complex-valued spectrum ob-
tained through the Short-Time Fourier Transform. Subsequently, 128 logarithmic Mel filter
banks are applied to the generated magnitude spectrum for feature extraction, thereby
constructing a 128-dimensional spectrogram, denoted as S. The logarithmic Mel filter bank
feature is formulated as follows:

S(τ, m) = log

(
K−1

∑
k=0

Hm( fk)|X(τ, fk)|+ ε

)
(10)

In the above equation, Hm( fk) denotes the weighting function of the m-th Mel filter at
frequency fk. Here, m = 1, 2, . . ., M, where M represents the number of filters and is set
to 128 in this work. K denotes the number of frequency sampling points, and ε is a small
constant introduced to prevent numerical instability during logarithmic computation. The
generated spectrogram has a dimension of 128 × 100t, where 128 represents the number of
frequency resolution units, denoted as F, and 100t corresponds to the number of temporal
frames for an audio signal with duration t seconds, denoted as T. Finally, the spectrogram is
partitioned into 16 × 16 patches with a stride of 10 in the downstream experiments. Taking
a 10 s audio signal as an example, approximately 500 spectrogram patches can be obtained,
which provide inputs for subsequent feature embedding and encoding processes.

2.2.2. Flattening and Linear Projection Mapping

After obtaining the spectrogram, the local temporal and frequency-domain infor-
mation must be transformed into feature vectors that can be processed by the model.
Specifically, each spectrogram patch Si is first flattened, converting the two-dimensional
matrix into a one-dimensional feature sequence. Subsequently, a linear transformation
layer is employed to project the sequence into a high-dimensional feature space, thereby
obtaining the corresponding feature representation Qi with dimensionality D. The purpose
of this module is to enhance feature representation capability and provide a foundation for
the subsequent model to capture global correlations and contextual information.

2.2.3. Positional Encoding

To preserve the temporal and spatial relationships among spectrogram patches during
subsequent modeling, a learnable positional encoding W i is introduced for each feature em-
bedding vector Qi. The dimensionality of the positional encoding is maintained consistent
with that of the embedded features to facilitate subsequent training. Through parameter-
ized learning, the positional encoding enables the model to perceive the relative ordering
and spatial distribution of spectrogram patches within the overall spectrogram, thereby
preventing the loss of positional information during the flattening and projection processes.
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2.2.4. Bidirectional State Space Model Encoder

The core component of the model is an L-layer Mamba encoder, which consists of a
bidirectional state space structure, as illustrated in Figure 2. The encoder takes the feature
vector with positional encoding, Qi + Wi, as its input and performs feature modeling along
both the forward and backward directions of the temporal sequence, thereby capturing
bidirectional dependencies in speech signals. Assume that the spectrogram is divided
into Np patches. The embedded patch sequence is denoted as Q ∈ RNp×D, where D is the
embedding dimension. The learnable positional encoding is denoted as W ∈ RNp×D, and
the input of the l-th encoder layer is denoted as H(l) ∈ RNp×D. Therefore, the element-
wise addition between the patch embedding and the positional encoding is dimensionally
consistent. Compared with conventional SSMs that only support unidirectional modeling,
the bidirectional structure can process information from both temporal directions while
preserving sequence consistency. Therefore, it more fully exploits contextual information
and achieves a comprehensive representation of the overall audio features.
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Figure 2. Architecture of the Bidirectional State Space Model Encoder.

The input features are first combined with the positional encoding through an element-
wise addition operation, which is defined as follows:

Q′
i =

Qi + Wi, when used as the first-level input

Ti, when it comes to the subsequent layer
(11)

Here, Qi denotes the embedding vector of the i-th spectrogram patch, Wi represents the
learnable positional encoding, and Ti denotes the output of the previous layer. Through
this operation, temporal positional information is introduced into the feature input, thereby
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providing guidance for subsequent state space modeling. The aggregated features are
then linearly projected and transformed into a representation space suitable for state space
modeling, as expressed below:

x = ExQ′
i + bx, z = EzQ′

i + bz (12)

In the above equation, Ex and Ez denote learnable linear transformation matrices, while
bx and bz represent the corresponding bias terms. Subsequently, state space modeling is
performed separately along both the forward and backward directions to simultaneously
capture dynamic features from different temporal directions. The computation process is
formulated as follows:

x′o = SiLU(Conv1Do(x)) (13)

Bo = EBo x′o, Co = ECo x′o (14)

∆o = log(1 + exp(E∆ox′o)) (15)

Here, o denotes the forward and backward directions, respectively. Conv1D represents a
one-dimensional convolution operation used to capture local temporal contextual infor-
mation, while SiLU(·) denotes the activation function introduced to incorporate nonlinear
features. EBo and ECo are learnable linear projection matrices, whereas Bo and Co denote
the parameters of the state space model. ∆o represents a dynamic gating factor used to
regulate the degree of state updating.

Ao = ∆o ⊙ EAo (16)

yo = SSM(Ao, Bo, Co)(x′o) (17)

Here, Ao denotes the parameters of the state space model, while EAo represents a learnable
linear projection matrix. The symbol ⊙ denotes element-wise multiplication. By performing
the above computation process separately in both directions, bidirectional state feature
sequences yfwd and ybwd can be obtained. Finally, the forward and backward features are
fused to generate the final output embedding:

y′
fwd = yfwd ⊙ SiLU(z) (18)

y′
bwd = ybwd ⊙ SiLU(z) (19)

Ti = ED(y′
fwd + y′

bwd) + Q′
i (20)

In the above equation, i ∈ {1, 2, . . . , D} and ED denotes a linear transformation matrix used
to fuse the bidirectional features and restore them to the original dimensionality. This fusion
mechanism preserves semantic information from both the forward and backward directions
while enhancing the model’s global feature perception capability, thereby providing more
discriminative time–frequency feature representations for downstream tasks. The variable
z serves as a gating feature, which introduces nonlinear modulation into the bidirectional
state space outputs and enables adaptive control over feature intensity.

2.3. MSANet Learning Task Framework

The architecture adopted in this paper employs a self-supervised pretraining frame-
work. In the self-supervised learning task, robust audio features can be learned through
joint task optimization based on target generation and discrimination. The functions and
roles of the related modules are described in detail in the following sections.
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2.3.1. Random Spectrogram Patch Masking Strategy

After obtaining the spectrogram S, it is partitioned into a series of spectrogram patches
to facilitate the model’s capture of local time–frequency features. Each spectrogram patch
is denoted as Si, whose dimensions in the frequency and temporal domains are represented
by Pf and Jf, respectively. During the pretraining stage, in order to enhance the model’s
structural modeling capability, a portion of the spectrogram patches is randomly masked
and represented using masking indicators. The model is then required to infer the features
of the masked regions based on the unmasked spectrogram patches, thereby learning the
latent time–frequency structure and contextual correlations of audio signals during the
prediction process.

In this study, the input log-Mel spectrogram is divided into patches with a size of
16 × 16. The patch stride is set to 10 in the downstream experiments to increase the overlap
between adjacent time–frequency regions and preserve more local contextual information.
During the masked spectrogram patch modeling stage, a relatively high masking ratio
is adopted to encourage the model to infer missing time–frequency structures from the
visible patches. In the experiments, 400 spectrogram patches are randomly masked during
representation learning. This setting increases the difficulty of the pretext task and helps
the model learn more robust contextual representations from audio spectrograms.

2.3.2. Pretraining Task

During the model training stage, MSANet adopts a joint optimization strategy that
integrates discriminative tasks with generative tasks to fully exploit the structural charac-
teristics and semantic information of audio spectrograms. This design is related to masked
spectrogram modeling methods such as SSAST and Audio-MAE, but differs in that the
pretraining objective is built upon a bidirectional SSM encoder rather than a Transformer
encoder. Through this multi-objective joint training paradigm, the model is capable of not
only learning the reconstruction relationships of local time–frequency features, but also
capturing more discriminative speech representations during the classification process. The
overall training objective mainly consists of two types of subtasks, corresponding to gener-
ative reconstruction constraints and discriminative recognition constraints, respectively.

Discriminative Task: The objective of the model is to accurately identify the masked
spectrogram patches. The classification head generates a corresponding vector representa-
tion for each masked feature patch and compares it with the embedding vectors of other
spectrogram patches within the same batch to compute the similarity-based contrastive
loss. This process adopts the InfoNCE (Info Noise Contrastive Estimation) criterion, which
maximizes feature similarity among samples of the same category while minimizing the
similarity among different categories. The corresponding loss function is formulated
as follows:

Lp = − 1
N

N

∑
i=1

log

 exp(⟨mi, xi⟩)
N
∑

j=1
exp(⟨mi, xj⟩)

 (21)

In the above equation, mi represents the discriminative output corresponding to the i-th
masked patch, while xi denotes the original input of the i-th masked patch. N represents
the total number of masked patches.

Generative Task: This task is designed to recover the original content of the masked
spectrogram patches. Based on the feature representations learned by the model, the
reconstruction head predicts the masked spectrogram regions to approximate their corre-
sponding ground-truth spectrogram patches. This process is achieved by minimizing the
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mean squared error between the predicted results and the original spectrogram patches.
The corresponding loss function can be expressed as follows:

Lc =
1
N

N

∑
i=1

∥x̂i − xi∥2 (22)

Here, x̂i denotes the predicted output of the masked spectrogram patch, while xi represents
the corresponding ground-truth spectrogram patch input.

To simultaneously balance the optimization effects of the discriminative and generative
tasks, the overall loss function of the model is formulated as a weighted summation. By
introducing a balancing coefficient β, the relative importance of the two tasks during
training can be regulated. The overall loss function can be expressed as follows:

L = Lp + βLc (23)

In the joint learning objective, the discriminative loss and the generative reconstruction
loss are optimized together. The reconstruction loss is assigned a relatively larger weight to
strengthen the recovery of masked spectrogram regions, and the balancing coefficient β is
set to 10 in the experiments. The contrastive discrimination branch is optimized based on
the similarity between masked patch representations and their corresponding original patch
embeddings. In the adopted implementation, no additional temperature hyperparameter
is introduced for the contrastive loss. The model is trained using an Adam-based optimizer,
and the learning rate is adjusted according to the validation performance during training.

3. Experimental Analysis
3.1. Preliminary Self-Supervised Pretraining Before Experimental Evaluation

Before conducting the self-supervised pretraining of MSANet, a training set covering
diverse acoustic scenarios is required, enabling the model to learn stable voiceprint repre-
sentations under unlabeled conditions. Publicly available datasets are selected, and the
training process is designed to be independent of any category labels, thereby simulating
the demand for voiceprint representation learning in real-world acoustic scenarios where
annotations are unavailable. During the pretraining stage, all audio samples are used only
in the form of their original waveform signals, without involving task-specific labels. This
ensures that the model focuses on extracting time–frequency structural characteristics from
voiceprints and learns generalizable audio representations, providing a more stable feature
foundation for subsequent tasks.

To improve the reproducibility of the experiments, the details of the datasets used in
this study are further described as follows. Speech Commands v0.02 is a public keyword
spotting dataset containing 105,829 short audio clips from 35 spoken command categories.
Each audio sample is approximately 1 s long and is recorded at a sampling rate of 16 kHz.
In this study, the official training, validation, and testing split is adopted, containing 84,848,
9982, and 4890 samples, respectively. ESC-50 is a public environmental sound classification
dataset containing 2000 audio clips from 50 semantic classes, with 40 samples in each class.
Each clip has a duration of 5 s and a sampling rate of 44.1 kHz. The dataset is pre-arranged
into five folds, and four folds are used for training while the remaining fold is used for
validation/testing in each round of five-fold cross-validation.

For preprocessing, all audio waveforms are first converted into log-Mel spectrograms.
Specifically, the short-time Fourier transform is performed using a 25 ms Hamming win-
dow with a frame shift of 10 ms, and 128 Mel filter banks are then applied to obtain
128-dimensional log-Mel spectrogram features. For Speech Commands, the original 16 kHz
sampling rate is retained. For ESC-50, the audio signals are converted into the same feature
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extraction format before being fed into the network. The generated spectrograms are
divided into 16 × 16 patches with a stride of 10, which are then used as the input sequence
of MSANet. During the self-supervised pretraining stage, random spectrogram patch
masking is used as the pretext task. No additional data augmentation, such as noise mixing,
pitch shifting, or time stretching, is used in the experiments.

This study uses Speech Commands and ESC datasets as public benchmark datasets
to evaluate the general audio representation capability of the proposed model. Although
these datasets are not collected from substation equipment, they contain diverse acoustic
events, background noise, and time–frequency patterns, which can be used to verify the
ability of MSANet to extract robust audio features, model temporal dependencies, and
learn discriminative representations under limited labeled data. Therefore, the experi-
ments in this paper should be regarded as a preliminary methodological validation of the
proposed self-supervised voiceprint modeling framework, rather than a complete field
validation for substation fault diagnosis. In future work, we will further collect real substa-
tion equipment voiceprint data and evaluate the proposed method under practical fault
monitoring scenarios.

3.2. Performance Evaluation and Validation of MSANet

To evaluate the performance of the proposed MSANet model, experiments are con-
ducted on the ESC-50 and Speech Commands datasets. The main experimental settings
are as follows. For ESC-50, the target spectrogram length is set to 512, the batch size is
set to 20, the learning rate is set to 2 × 10−4, and the model is trained for 100 epochs. For
Speech Commands, the target spectrogram length is set to 128, the batch size is set to 96, the
learning rate is set to 2 × 10−4, and the model is trained for 50 epochs. For both datasets,
the number of Mel filter banks is set to 128, the patch size is set to 16 × 16, and the stride
is set to 10. Accuracy is adopted as the main evaluation metric. These public datasets are
used because they provide standardized audio samples with diverse acoustic categories
and background conditions, which are suitable for evaluating the robustness and gener-
alization ability of audio representation learning methods. These datasets cover multiple
representative environmental sound sources and are characterized by diverse categories
and well-structured data organization. Serving as the primary evaluation platforms for
downstream tasks, they are used to systematically assess the representation capability of
the proposed model in acoustic event recognition scenarios.

During the fine-tuning stage, supervised training is adopted without applying the
masking strategy. The complete temporal sequence features output by the encoder are
aggregated to form a global voiceprint representation. Specifically, average pooling is
performed on the encoded sequence features, followed by a classification layer to produce
the final category prediction.

For the ESC dataset, a five-fold cross-validation protocol is employed, where four folds
are used for training, and the remaining fold is used for validation. The final performance
is obtained by averaging the results over multiple training runs. This strategy reduces
the perturbations caused by random initialization, improves the stability of the experi-
mental results, and ensures the consistency and reliability of the model in processing long
audio sequences.

3.2.1. Performance Validation of the Model on the Speech Commands Dataset

Figure 3 presents the comparison between MSANet and several representative self-
supervised acoustic pretraining methods, including APC, Wav2Vec, Wav2Vec 2.0, and
HuBERT. It should be noted that the results of these baseline models are taken from pre-
viously reported results in the literature. The results indicate that MSANet achieves com-
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petitive performance among representative self-supervised audio representation learning
methods. By employing a bidirectional scanning Mamba-based framework, the proposed
model can effectively process complex audio information, further validating its feature
representation capability.

0

92

94

96

98

100

A
cc

ur
ac

y（
%

） 96.2 96.2

97.3

94

96.3

Figure 3. Comparison Results Between MSANet and Representative Model Frameworks.

Figure 4 illustrates the variation curve of the model accuracy on the validation set as the
number of training iterations gradually increases. The accuracy of the model on the Speech
Commands dataset exhibits a trend of rapid improvement followed by gradual stabilization.
During the early stage of training, the accuracy quickly rises from a relatively low level to
above 0.85, indicating that the model is capable of learning critical voiceprint features within
a small number of iterations. Subsequently, the accuracy curve gradually approaches a
stable region and remains at a relatively high level with only minor fluctuations. The model
demonstrates stable generalization performance on the validation set without showing
obvious signs of overfitting. These results indicate that the proposed MSANet possesses
favorable convergence characteristics and strong feature representation capability.

50 100 150

0.4

0.6

0.8

Accuracy

Training steps  
Figure 4. Variation Trend of Accuracy with Increasing Training Iterations.

Figure 5 illustrates the variation trend of the model loss on the validation set, which
exhibits a convergent behavior from high to low values as the training iterations progress.
During the initial stage of training, the validation loss remains at a relatively high level and
then decreases rapidly, indicating that the model can efficiently capture critical acoustic
features within a short training period. Subsequently, the loss curve gradually stabilizes and
remains within a relatively low range, with only minor fluctuations observed throughout
the training process. This behavior suggests that the parameter updates of the model
become progressively stable without severe oscillatory variations.
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Figure 5. Variation Trend of Validation Loss Values.

3.2.2. Performance Validation of the Model on the ESC Dataset

Figure 6 presents the performance of MSANet on the ESC-50 dataset under a five-fold
cross-validation setting. As observed from the figure, the overall performance remains
relatively stable, with the accuracy of each fold ranging from 78% to 88%. Among them, the
fourth fold achieves the highest accuracy of 87.7%, while the results of the first, second, and
third folds exhibit only minor differences, indicating that the proposed model possesses con-
sistent feature learning capability and strong feature extraction performance under different
data partitions. In contrast, the accuracy of the fifth fold is slightly lower, which may be at-
tributed to the relatively more complex category distribution within that fold. By averaging
the results of all five folds, the overall accuracy of the model reaches 84.24%, demonstrating
that MSANet exhibits favorable generalization ability and robustness in audio classification
tasks. Furthermore, the proposed model is capable of effectively extracting voiceprint
features and achieving competitive performance across diverse voiceprint-related tasks.
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Figure 6. Accuracy Variation in Cross-Validation.

To further validate the stability of the model under different data partitions, the curves
of mAP variation with respect to training iterations for each fold during cross-validation are
illustrated in Figure 7. The five curves exhibit a highly consistent overall trend. During the
early stage of training, the mAP increases rapidly, indicating that the model can capture the
primary acoustic discriminative information within a relatively small number of training
iterations. In the middle stage of training, the mAP curves of all folds gradually become
stable and converge around 0.90 without exhibiting obvious performance fluctuations.
Although slight differences exist among the folds, the overall convergence speed and
final performance levels remain highly consistent, demonstrating favorable stability and
robustness of the proposed model.
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Figure 7. mAP Curves of Each Fold with Respect to Training Iterations During Cross-Validation.

3.3. Analysis of the Impact of Model Scale on Performance

To further evaluate the performance differences among models of varying scales in en-
vironmental sound recognition tasks, five-fold cross-validation experiments are conducted
on three different configurations of MSANet based on the ESC dataset. The three model
variants differ in terms of network depth and parameter scale, thereby reflecting the influ-
ence of model scale on feature extraction capability and classification performance. Table 1
presents the classification accuracies and average results of the three models under five-fold
validation, providing an intuitive comparison of the stability and overall performance of
different network scales in practical tasks.

Table 1. Comparison of Performance Among Different Model Scales.

MSANet-Tiny MSANet-Small MSANet-Base

Fold 1 (Accuracy/%) 69.8 81.3 84.3
Fold 2 (Accuracy/%) 68.2 78.0 86.0
Fold 3 (Accuracy/%) 71.3 78.5 85.0
Fold 4 (Accuracy/%) 74.0 82.5 87.7
Fold 5 (Accuracy/%) 65.2 78.7 78.2

Average (Accuracy/%) 69.7 79.8 84.24

As shown in Table 1, the performance of MSANet on the ESC dataset exhibits a
consistent improvement trend as the model scale increases. The Tiny model shows relatively
limited overall performance, while the accuracy of the Small model increases to over 78%,
indicating that moderately increasing the model capacity can significantly enhance its
ability to represent voiceprint details. The Base model maintains high accuracy across all
folds, achieving an average accuracy of 84.24%, and demonstrates the most stable and
outstanding performance among the three model variants. These results indicate that,
with enhanced feature extraction capability, MSANet gains clear advantages in voiceprint
characterization, category discrimination, and pattern recognition in complex acoustic
environments. They also verify the favorable scalability of the proposed architecture when
the model scale is enlarged. Meanwhile, the small-scale model can still achieve satisfactory
recognition accuracy while maintaining low computational overhead, providing a feasible
basis for its deployment on resource-constrained edge devices for substation equipment
fault detection.

In addition, the computational complexity of MSANet-Tiny is evaluated under the
ESC-50 input setting. The model contains 6.4M parameters, with a storage size of 24.6 MB
and a computational cost of 1.4 GFLOPs. The average inference time is 5.1 ms per sample,
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and the peak CUDA memory consumption is 43.2 MB. These results further indicate that
MSANet-Tiny has relatively low computational and storage overhead.

4. Conclusions
Taking the monitoring requirements of substation equipment voiceprint signals as the

research background, this paper focuses on the problems of unstable voiceprint feature
representation, difficulty in modeling long-range temporal dependencies, and insufficient
labeled samples. To address these issues, a self-supervised voiceprint modeling model
based on the state space model, termed MSANet, is proposed. By introducing a bidirec-
tional state scanning structure, the proposed model achieves a balanced representation
of the global structure and local details of voiceprint signals without relying on attention
mechanisms. Combined with a spectrogram patch masking-based pretraining strategy,
the network can learn time–frequency structural features under unlabeled conditions,
thereby maintaining strong feature extraction capability even with limited data. Experi-
mental results demonstrate that MSANet achieves high overall performance and exhibits
favorable robustness and stability. Moreover, MSANet effectively models the temporal
structure of voiceprint signals while maintaining low computational complexity, making
it suitable for application scenarios with limited computational resources. Therefore, the
experimental results provide preliminary evidence for the feasibility of deploying the
proposed algorithm on edge devices in substation sites. However, since the current ex-
periments are based on public audio datasets rather than real substation equipment fault
voiceprint data, further field validation is still required. Future work will focus on collect-
ing real substation equipment voiceprint data, constructing fault-related acoustic datasets,
and evaluating the robustness of MSANet under practical multi-noise and multi-source
monitoring environments.
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