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Abstract

The free-swimming in-pipe spherical detector (SD) has found practical application in pipeline
leak detection due to its proximity to the leak points, low risk of obstruction, and low cost.
Acoustic resonance air cavity design enables the SD to capture small leak acoustic signals with
high sensitivity, but it simultaneously renders the SD highly vulnerable to collision noise
interference, increasing the difficulty of leak identification. For long-time-series acoustic data
acquired by the SD, traditional manual analysis methods are inefficient and difficult to ensure
accuracy. Additionally, valid leak samples of field pipelines are insufficient, and the actual leak
events represent an extremely low proportion, which makes the collection result in a small
sample imbalance dataset. To address these issues, this paper proposes an automatic
identification method for pipeline leak sounds collected by the SD via incorporating audio
spectrogram transformer (AST) deep learning. First, a pipeline leak voice dataset is constructed
using the field pipeline acoustic signals captured by the SD, which contained three types of
acoustic events: normal rolling, collision, and leak. Second, the problems of category imbalance
and sample insufficiency are addressed by combining data augmentation and transfer learning.
Finally, the AST model is applied to pipeline leak sound identification and leak point
localization. Experiments under different pressure conditions show that this method can
accurately identify and locate 1 mm aperture leaks, and the localization errors under 1 MPa
and 0.5 MPa conditions are 2.46 m and 3.07 m, with relative errors of 0.37% and 0.47%,
respectively. This research provides a new solution for the automation and intelligence of
pipeline leak detection and localization, with good engineering application prospects.

Keywords: pipeline leak detection, acoustic event classification,
audio spectrogram transformer (AST), transfer learning
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1. Introduction

Pipeline leaks can lead to severe environmental damage and
economic losses. For instance, oil pipeline leaks may result
in substantial oil seepage into soil and water, causing eco-
system destruction and economic repercussions [1, 2]. Water
supply pipeline leaks can lead to water resource wastage and
contamination of drinking water [3]. However, existing tra-
ditional detection methods exhibit significant limitations in
detecting small leaks. Mass-volume balance methods [4] are
simple to set up but cannot localize the leaks; Negative pres-
sure wave methods [5] can quickly and accurately locate large
and sudden leaks but are ineffective for slow, small, or con-
tinuous leaks that do not generate pressure changes. Vibration
monitoring methods [6] can effectively identify leaks but are
costly, and their accuracy is limited by significant signal atten-
uation. Fiber optic sensing technology [7] can precisely loc-
ate leaks by measuring vibrations and thermal changes along
the pipeline but requires optical fibers to be embedded during
pipeline construction. Acoustic methods are simple to imple-
ment, using devices such as listening rods [8, 9], and acous-
tic emission monitoring [10-14] for leak detection and loc-
alization. However, these approaches are typically limited to
accessible pipeline sections and cannot achieve comprehens-
ive monitoring of deeply buried pipelines due to access limit-
ations and signal attenuation.

In contrast, free-swimming in-pipe inspection methods
have developed significantly in recent years [15, 16]. Among
various free-swimming detection solutions, spherical detect-
ors (SDs) have received widespread attention due to their sim-
plicity and practicality. Early research focused on effectively
sealing sensors and electronic components within spherical
shells designed for high-pressure environments. Traditional
designs utilized an inner aluminum shell covered by an outer
polyurethane protective layer. While this enhanced pressure
resistance also significantly attenuated leak sounds entering
the sphere, resulting in reduced leak detection sensitivity.
In recent years, Tianjin University [17] has redesigned the
SD’s structure by removing the polyurethane layer and has
proposed integrating electronic components into the spher-
ical shell to create an air cavity, utilizing acoustic resonance
to achieve high-sensitivity detection. In a static state, this
design achieves detection sensitivity as high as 0.164 1 min~!
for small continuous leaks. However, the high-sensitivity
characteristics cause SD with acoustic resonance air cavity
(ARAC) to simultaneously capture substantial background
noise, while collision vibrations generated during SD rolling
within pipelines further interfere with leak signal identification
[18]. Furthermore, during actual inspections, the SD often
operates inside pipelines for tens of hours or even days, gener-
ating large volumes of long-time-series acoustic data. Relying
on manual analysis of this data is time-consuming and can lead
to inconsistencies in results, which severely limits detection
efficiency and reliability.

The acoustic signals collected by the SD in pipeline leak
detection are similar to data acquired by other leak monitor-
ing sensors, such as pressure sensors, vibration sensors, acous-
tic sensors, and distributed fiber optic sensors [4, 19, 20].

These signals share similar characteristics: they are continu-
ous one-dimensional time series signals and frequently con-
tain complex environmental noise. In particular, the move-
ment of the SD within the pipeline causes the collected
acoustic signals to exhibit significant non-stationary charac-
teristics and strong noise features. Currently, widely applied
signal analysis methods for these one-dimensional leak detec-
tion data include short-time Fourier transform (STFT) [20,
21], wavelet transform [21, 22], and modal decomposition
[20]. However, these methods have several limitations. They
require manual selection and adjustment of multiple key para-
meters, such as time-frequency resolution, wavelet basis func-
tions, and decomposition levels. When pipeline operational
parameters like pressure and flow velocity change, experts
need to readjust the analysis parameters. For signals collected
by the SD, the large data volume and continuously changing
signal characteristics during sphere movement make manual
parameter adjustment approaches severely impact detection
efficiency [20, 21].

In recent years, deep learning methods have gained wide-
spread application in pipeline leak detection due to remark-
able capabilities in feature extraction and data processing. The
main deep learning frameworks used for this purpose are con-
volutional neural networks (CNNs), recurrent neural networks
(RNNs), and models based on the Transformer architecture.
CNNs achieve multi-scale analysis of raw data through hier-
archical feature extraction structures [23, 24]. Siddique et al
[25] achieved a detection accuracy of 99.22% by convert-
ing one-dimensional acoustic emission signals from pipelines
into two-dimensional images and applying CNNs. RNNs and
their variants (LSTM, GRU) capture temporal dependencies
through memory mechanisms. Zhang et al [26] proposed a
dual-layer LSTM structure to analyze pipeline pressure signals
collected by sensors, achieving a detection accuracy of 99%
in real natural gas pipeline networks. Models based on atten-
tion mechanisms can directly establish long-range dependen-
cies between signals and support parallel computation. Liu
et al [27] proposed a time series Transformer model to process
acoustic wave signals collected from pipe walls by acoustic
sensors, achieving a detection accuracy of 88.78% in actual
water supply networks.

Deep learning models typically require large amounts of
training data to optimize their parameters, learn features, and
ensure generalization. However, in the field of pipeline leak
detection, the rarity of leak events and challenges in data col-
lection result in small data problems for deep learning-based
detection methods. To tackle this issue, researchers have pro-
posed a variety of solutions. Common approaches include
data augmentation [28, 29] and transfer learning [30, 31].
Wang et al [32] enhanced acoustic signals through denois-
ing and sample generation to mitigate the effects of insuffi-
cient samples and background noise, achieving 93.02% leak
detection accuracy in pressure pipelines. Glynis et al [33] util-
ized LSTM neural network models to transfer knowledge from
fixed sensor configurations to new sensor scenarios, attain-
ing 98.1% accuracy in detecting water pipeline leaks under
data-scarce conditions. Wu et al [34] proposed an intelligent
diagnostic framework combining hybrid feature selection and
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transfer learning techniques. This approach enables know-
ledge transfer between laboratory and field data, resulting in
a 90% accuracy for pipeline defect diagnosis even with small
sample sizes.

There are some challenges in using the SD with ARAC
inside for detecting small leaks in water pipelines:

o The ARAC design enables the SD to have high sensitivity
and capture small leak signals, but this design also makes the
SD highly susceptible to collision and environmental noise,
increasing the difficulty of leak identification.

o Existing datasets are small in scale and limited in scenarios,
lacking coverage of complex situations in actual engineering
environments.

e Long-sequence acoustic data collected by SD primarily
relies on traditional methods (spectral analysis, energy
detection), requiring time-consuming expert analysis with
inconsistent results. Meanwhile, deep learning approaches
also have limitations: CNNs are constrained by local recept-
ive fields and cannot effectively capture long-range acoustic
dependencies; LSTMs suffer from gradient vanishing and
sequential processing constraints that limit feature extrac-
tion efficiency.

To address these issues, this research focuses on the following
key tasks:

e Sound signals are collected using the SD with the ARAC
inside, leading to the establishment of a pipeline leak voice
dataset, which includes data from normal rolling, collisions,
and leak events.

e The challenges of data scarcity and class imbalance are
addressed through data augmentation and transfer learning
techniques.

e | eak acoustic features are extracted and analyzed using the
AST model, which overcomes the limitations of traditional
approaches including CNN and LSTM through global fea-
ture modeling and parallel processing, enabling the effective
identification and localization of small pipeline leaks.

The subsequent sections in this paper are arranged as fol-
lows. Section 2 presents the proposed methodology, including
the AST model architecture and few-shot learning strategy.
Section 3 describes the data acquisition process using the
SD, including experimental methodology, dataset construc-
tion, and model training. Section 4 presents the results and dis-
cussion, analyzing the detection and localization performance
under various operating conditions. Finally, section 5 provides
conclusions.

2. Proposed method

The SD leak detection method based on AST is shown in
figure 1. The free-swimming SD is thrown into the pipeline,
where it moves forward propelled by the fluid flow, collect-
ing acoustic signals to identify leaks. Due to collection con-
straints and the rarity of pipeline leak points, the sound data

samples acquired by the SD are few, with an extremely low
proportion of leak sounds. This leads to two main problems.
First, field pipeline acoustic signals collected by the SD exhibit
a class imbalance between leak and non-leak sounds, causing
models to bias toward predicting the majority class. Therefore,
data augmentation methods utilizing signal concatenation and
background mixing were implemented to achieve class bal-
ance. Secondly, training the model from scratch using only
a few samples of acoustic data makes it difficult to learn the
fundamental features of sound signals. Hence, transfer learn-
ing with AST models pre-trained on large-scale datasets is
employed to enhance feature extraction capabilities and model
generalization performance under small-sample conditions.
The leak detection method proposed in this paper comprises
three key steps: data acquisition using the SD with ARAC to
collect in-pipeline acoustic signals, data processing through
augmentation and transfer learning to address sample scarcity
and class imbalance, and AST-based feature extraction and
classification for leak detection and localization.

2.1 AST model

This paper adopts the AST model as the acoustic event clas-
sifier for several key reasons. First, the AST model introduces
the Transformer architecture to the audio domain, effectively
capturing the sequential dependencies between audio features
through the self-attention mechanism. Second, the model pro-
cesses spectrograms using patch embedding, which preserves
local structural information while also achieving global mod-
eling. This characteristic is particularly suitable for scenarios
in this research where both local impact features and continu-
ous leak features need to be considered simultaneously. Lastly,
the Transformer’s parallel computing capabilities lend the
model good inference efficiency when deployed in practical
applications, which supports its use in engineering contexts.

The leak localization model based on AST is shown in
figure 2. This model comprises four key components: the
data preprocessing module, the Patch Embedding module, the
Transformer encoder module, and the classification output
module.

In the data preprocessing stage, input audio waveforms are
transformed into a Mel-spectrogram using a Mel Transform.
Each Mel-spectrogram is then normalized using its own mean
and standard deviation, which helps to reduce intensity differ-
ences between various audio samples. The computation pro-
cess of Mel-spectrograms sequentially includes STFT and Mel
filter bank mapping. The Mel filter bank consists of a series of
triangular filters with central frequencies distributed accord-
ing to the Mel scale. By multiplying the STFT squared mag-
nitude spectrum with the frequency response of each filter and
summing, the energy distribution of each time frame across
different Mel frequency bands can be obtained, which is the
Mel-spectrogram:

N/2
Xmel (m,1) = > |XSTFT (k,m) |*HI (k) (1)
k=0
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where, H)(k) represents the frequency response of the kth Mel
filter.

In the Patch Embedding module, convolution operations
are used to output the Mel-spectrogram as patches, and this
process can be expressed as:

Z = Conv (X;k, s,cout)
E = Flatten (z)

2
3

where, X represents the input Mel-spectrogram, k is the
convolution kernel size, s is the convolution stride, Cgyy i
the output channel. Then, each patch is converted into a one-
dimensional vector directly through a Flatten operation, and
two special tokens are added at the beginning of the sequence:
a classification token (CLS token) and a distillation token
(Dist. token). The CLS token is used for the final classification
task, while the Dist. token is used for knowledge distillation.
The process of adding tokens can be expressed as:
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E'= [ecls§€dist;E] . 4)

Finally, learnable position encoding Es, is added to obtain
the final patch embedding representation:

Xp = E+ Epos. )

Through the attention calculation formula, weights are
dynamically allocated to measure the proportion of import-
ance of different parts, and the calculation method is:

Attention(Q, K, V) = softmax(Q—KT)V (6)
o Vi

where, O, K, V represent the query, key, and value matrices
respectively, d; is the dimension of the key vector. Each
Transformer block consists of two sub-layers: a multi-head
self-attention mechanism and a feed-forward neural network.
Additionally, each sub-layer employs layer normalization and
residual connection,

x’ = LayerNorm(x + MultiHeadAttention(x)) @)
y’ = LayerNorm (x" + MLP (x)). 8)

Finally, in the output module, the features are normalized
through layer normalization, and then all the tokens are aver-
aged and pooled:

1 N

where, N is the number of tokens, and x; is the feature vector of
the ith token. Finally, classification results are output through
a multi-layer perceptron:

y = softmax (W2s (Wlh+ b1) + b2) (10)
where, W, W, are weight matrices, b, b, are bias terms, o is
the activation function.

2.2. Strategy for small sample problem

To address the small sample learning problem in pipeline leak
detection, this paper adopts a dual-strategy approach com-
bining data augmentation and transfer learning, as shown in
figure 3.

Data augmentation expands training sets by generating
synthetic samples, effectively addressing class imbalance,
improving minority class recognition, and enhancing model
adaptability to complex environments. Methods include two
parts: signal concatenation and background mixing.

Transfer learning enables knowledge transfer from a data-
rich source domain to a data-scarce target domain [35]. Let
Dy = {X,, Y} represent the source domain and Dy = {Xy, Y}
represent the target domain (pipeline acoustic events), where
X, X, are the feature spaces and Y, Y, are the corresponding
label spaces. The source and target tasks can be defined as:

Y :fs(stes) (11)

Transfer Learning

+
[——————
|

Data Enhancement

Figure 3. Data enhancement and transfer learning.

Yi=f (Xta gt) (12)
where in, f and f, represent the mapping functions for source
and target tasks respectively, and 6, 6, are the corresponding
model parameters. The transfer learning objective is to lever-
age the pre-trained parameters ¢ from the source domain to
initialize the target model parameters:

0, =0s+ A0 (13)
where A6 represents the parameter adaptation for the target
task. The model adaptation process involves three key com-
ponents:

e The pre-trained Transformer encoder layers from the source
domain are directly transferred to preserve learned acoustic
feature representations.

e The original classification head is replaced with a new head
specifically designed for pipeline acoustic classification.

o All parameters are then jointly optimized on the target data-
set using cross-entropy loss function to minimize classifica-
tion error across target samples.

The above adaptation process allows the model to lever-
age source domain knowledge while specializing for pipeline
acoustic events.

3. Data acquisition of the SD in leak detection

3.1. Experiment method and process

The SDs [18] employed in the experiment are illustrated in
figure 4, with a shell composed of 6063 aluminum alloy and
PA12 nylon plastic materials. The SD rolls forward under the
propulsion of fluid within the pipeline. The SD rolls around
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Figure 4. Structure of the SD.

an axis with greater rotational inertia. A tungsten ring coun-
terweight is installed at the equator of the SD to achieve a
rotational inertia ratio of 1.25 between the rolling axis (the
tungsten ring axis) and the other two axes. This configura-
tion ensures that the SD rolls stably around the tungsten ring
axis, keeping the contact points between the SD and the pipe
wall always positioned on both sides of the equator [36]. To
improve the stability of SD rolling and reduce collision noise,
flexible silicone O-rings are installed on both sides of the
equator. Notably, the surface of the SD is not covered with
additional vibration-damping materials to prevent any attenu-
ation of the leak sound.

The ratio of the SD outer diameter to the pipeline inner
diameter is between 0.6 and 0.8 to ensure the SD obtains the
appropriate thrust generated by water flow in the pipeline [37].
In this experiment, the inner diameter of the pipeline being
tested measures 193 mm, while the outer diameter of the SD is
133 mm. The SD contains a spherical cavity that is designed to
resonate acoustically when stimulated by external leak sounds,
which enhances its sensitivity for leak detection. The spherical
cavity diameter inside the SD is designed to be 116 mm, so the
first three resonance frequencies of the SD, fr1, fr2, and fr3, are
2095 Hz, 3384.6 Hz, and 4279.9 Hz, respectively. These fre-
quencies fall within the low-frequency band, where broadband
leak sounds typically exhibit higher energy.

When the SD approaches the leak point from a distance,
the leak sound source is positioned perpendicular to the SD
rotation axis, with leak sounds impinging on the SD approx-
imately perpendicular to its rolling axis [38]. Based on this
characteristic, the microphone is arranged near the inner wall
of the spherical cavity on the equatorial plane to improve the
sensitivity of leak sound detection. The data acquisition and
storage system inside the SD integrates an MCU, a triaxial
accelerometer, a TF storage card, and a PDM signal demodu-
lation module, achieving 200 Hz sampling for acceleration and
8 kHz sampling for acoustic signals.

The experiment for detecting pipeline leaks is illustrated in
figure 5. The leak detection experimental conditions include
pressures of 0.5MPa and 1 MPa and flow velocities of
04 m s~! and 1 m s~!. The pipeline is constructed from

low-carbon steel and has a total length of 657.46 m, with an
inner diameter of 193 mm and an outer diameter of 219 mm.
The experimental procedure is as follows: First, the SD is
placed in the launching tube, and the launching cylinder is
closed to ensure the pipeline is sealed. Next, the pressure is
set to the desired value (either 0.5 MPa or 1 MPa) using a
pressure adjustment device, while the water pump frequency
is adjusted to maintain the flow velocity at the predetermined
value (either 0.4 m s ~'or 1 m s™'). After this, the launching
valve is opened, allowing the SD to roll forward through the
pipeline driven by the water flow, while it collects acoustic sig-
nals. Finally, once the SD has inspected the entire length of the
pipeline and returned to the receiving cylinder, the receiving
valve is closed, and the receiving cylinder is depressurized.
The SD is then removed to download the collected data for
analysis.

3.2. Dataset construction and augmentation

The leak point is located at 416.89 m of the pipeline,
with a leak hole diameter of 1 mm. The experiment util-
ized intelligent spheres made of aluminum alloy and PA12.
Multiple comparative experiments were conducted under
varying pipeline pressures, flow velocities, and conditions
with and without leaks. This approach was taken to compre-
hensively evaluate the detection performance and adaptabil-
ity of the SD across different working scenario. The specific
experimental parameters and the number of trials are detailed
in table 1.

During pipeline operation, the SD primarily encounters
three types of acoustic events: normal rolling, collision, and
leak. In straight pipe sections without leaks, the sound pro-
duced by the SD rolling stably is characterized by a steady and
quiet signal. When the SD encounters bends or wall indenta-
tions, it generates collision sounds that last from 0.1 t0 0.5 s. In
some instances, due to instability, these collision sounds may
continue for 3-5 s. When the SD passes through a leak point, it
continuously collects sound signals indicating the presence of
a leak. The duration of these leak sound signals is influenced
by both the rolling speed of the SD and the distance that the
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Figure 5. Pipeline leak detection experiment.

Table 1. Experimental parameters.

SD material Pipeline pressure

Pipeline flow velocity

Leak condition Number of tests

1

Aluminum alloy 1 MPa Ims™
Aluminum alloy 1 MPa Ims™!
Aluminum alloy 1 MPa 04ms™
Aluminum alloy 0.5 MPa lms™!
PA12 0.5 MPa Ims™
PA12 0.5 MPa Ims™'
PA12 0.5 MPa 0.5ms™
PA12 0.5 MPa 04ms™

1

1
1

No leak
Leak
Leak
Leak
No leak
Leak
Leak
Leak

_— =N = NN N

sound travels, with previous experiments showing a minimum
duration of 20 s. Considering that collision sounds and leak
sounds may co-occur near the leak point in actual situations,
such composite acoustic events are uniformly labeled as the
leak category. Considering the characteristics of sound events
in practical applications, a 5 s window is employed to seg-
ment continuous audio for sample generation. Therefore, dur-
ing the data processing phase, the continuous pipeline acous-
tic signals collected by the SD were segmented into a series
of 5 s windows with a 2.5 s step size, generating 2359 ori-
ginal samples. The audio samples were annotated, resulting in
an initial dataset comprising 1499 normal rolling events, 612
collision events, and 248 leak events. To ensure the independ-
ence of the validation set, acoustic data from one complete

experimental run was separately selected and processed using
the same segmentation method to form the validation set. This
approach guarantees that the validation set is temporally and
experimentally independent from the training data, prevent-
ing data leakage and ensuring reliable model evaluation. To
address the class imbalance issue, two primary data augment-
ation approaches were implemented: signal concatenation and
background mixing.

The signal concatenation approach, targeting the continu-
ity characteristics of leak and normal rolling events, involved
dividing the original audio samples into smaller segments and
subsequently combining them to form new samples. Two spe-
cific strategies were employed: (1) dual-segment concatena-
tion, where original audio clips were subdivided into 2.5 s
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Table 2. Statistics of data augmentation methods and sample quantities.

Training set quantity Validation set quantity

Category Data augmentation method Quantity Subtotal Quantity Subtotal
Original samples 1324 175

Normal rolling Dual-segment concatenation 338 2000 30 80
Five-segment concatenation 338 45
Original samples 563 49

Collision Dual-collision mixing 717 2000 16 330
Triple-collision mixing 720 15
Original samples 217 31
Dual-segment concatenation 445 70

Leak Five-segment concatenation 446 2000 75 250
Rolling background mixing 446 80
Collision sound mixing 446 73

segments, with two segments from different time periods
being combined; (2) five-segment concatenation, where ori-
ginal audio clips were subdivided into 1-second segments,
with five randomly selected segments from different time peri-
ods being combined.

To enhance the model’s adaptability to complex scenarios,
two background mixing strategies were designed specifically
for the leak category: (1) background noise mixing, where nor-
mal rolling sounds were superimposed onto leak sounds as
background noise, simulating actual detection environments;
(2) collision sound mixing, where collision sounds were over-
laid onto leak sounds, enhancing the model’s recognition cap-
ability for composite acoustic events. For the collision cat-
egory, data augmentation was achieved by randomly insert-
ing multiple collision sounds into normal operating condition
audio recordings.

Through these data augmentation methods, the dataset was
expanded from the original 2359 samples to 6660 samples.
The expanded dataset comprised 6000 training samples and
660 validation samples. The detailed statistics for each cat-
egory are presented in table 2, demonstrating that data aug-
mentation significantly mitigated the sample imbalance issue
between categories.

3.3. Model transfer learning and training

A GPU-accelerated training approach was implemented. A
personal computing terminal equipped with an NVIDIA
GeForce RTX 4070 Ti SUPER 16 G graphics card served as
the training platform for the AST model. The model training
program was developed using the PyTorch 2.1.2 deep learn-
ing framework. The model training program was executed in
a Windows 11 operating system environment.

To avoid training the deep network from scratch, a trans-
fer learning approach was employed to accelerate the train-
ing process, with an AST model pre-trained on the large-
scale AudioSet dataset selected as the foundation model [39].
AudioSet contains 632 classes of audio events, encompasses
over 5,800 h of total duration, and features 10-second sample
lengths. This pre-trained model possesses excellent general

Table 3. Audio spectrogram transformer model training parameters.

AST model training parameters Parameter value

Input Mel-spectrogram (128, 512)
dimensions

Convolutional Conv(16 x 16);Stride(10, 10)
Patch shape (50, 12)
Number of transformer 12
encoder layers

Number of multi-head 12
attention heads

Hidden layer dimension 768

Batch size 24

Virtual batch size 48
Number of training 50

epochs

Learning rate
scheduling strategy
Initial learning rate le

Cosine annealing

-5

Minimum learning rate le™®
Loss function Cross-entropy loss
Optimizer Adam

feature extraction capabilities for audio signals, significantly
enhancing performance in small-sample dataset scenarios.
During the specific training process, the primary para-
meter settings are presented in table 3. Considering that
the AST model had already been pre-trained on the large-
scale AudioSet dataset, this paper adopted a transfer learning
strategy, fine-tuning the pre-trained model to adapt it to the
pipeline acoustic event classification task. Due to the model’s
established feature extraction capabilities, setting the training
for 50 epochs was sufficient to achieve satisfactory results.

4. Results and discussion

4.1. Model evaluation method

To evaluate the performance of the AST model in pipeline
acoustic event classification tasks, this paper employs four
evaluation metrics: Accuracy, Precision, Recall, F1 score.
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Accuracy represents the proportion of correctly classified
samples relative to the total number of samples, reflecting the
overall classification performance:

TP + TN

(14)
TP + TN + FP + FN

Accuracy =

where, true positive (TP) denotes the number of samples cor-
rectly predicted as positive, true negative (TN) denotes the
number of samples correctly predicted as negative, false pos-
itive (FP) denotes the number of samples incorrectly predicted
as positive, false negative (FN) denotes the number of samples
incorrectly predicted as negative.

Precision represents the proportion of truly positive
samples among those predicted as positive, reflecting the pre-
dictive accuracy of the mode:

TP

—_—. 1
TP + FP (1%

Precision =

Recall represents the proportion of correctly predicted pos-

itive samples among all actual positive samples, reflecting the
model’s capability to capture positive instances:

TP

Recall= ———.
TP + TN

(16)

The F1 score is the harmonic mean of precision and recall,
comprehensively reflecting the classification performance:

_ 2 x Precision x Recall

F1 a7

Precision + Recall
These metrics collectively evaluate the model’s perform-
ance: accuracy reflects overall correctness, Precision measures
leak prediction accuracy, recall ensures comprehensive leak
coverage, and F'1 score provides balanced assessment.

4.2. Model training performance

To assess the effectiveness of feature learning, t-SNE dimen-
sionality reduction is applied to visualize the high-dimensional
representations learned by the AST model. Figure 6 shows
clear separation between normal rolling, collision, and leak
events in the 2D feature space, confirming discriminative fea-
ture extraction, while consistent clustering patterns across both
PA12 and aluminum alloy SDs indicate minimal impact of
detector material on classification performance.

The AST model training process using the original unaug-
mented dataset is illustrated in figure 7. The model exhibits
typical overfitting characteristics: in the early training stage
(0-5 epochs), both training and validation accuracy increase
rapidly; subsequently, training accuracy continues to rise to
99.66%, while validation accuracy plateaus below 90%. The
validation loss increases rather than decreases after the 20th
epoch, stabilizing at approximately 0.5, indicating that the
model overfits on the training data.

The AST model training process using the augmented
dataset is illustrated in figure 8. The accuracy gap between
training and validation sets remains around 5%, with valid-
ation accuracy steadily increasing to 95%, indicating effective

200 Normal-PA12 SD
Normal-Aluminum alloy SD
Leak-PA12 SD
Leak-Aluminum alloy SD
Collision-PA12 SD
Collision-Aluminum alloy SD

100 L] ]
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Figure 6. 2D feature distribution via t-SNE.
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Figure 7. Audio spectrogram transformer model training process
without data enhancement.

overfitting mitigation. The validation loss stabilizes after the
20th epoch at approximately 0.2, with significantly reduced
fluctuation amplitude, confirming the positive effect of data
augmentation.
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Figure 8. Audio spectrogram transformer model training process
after data enhancement.

To further evaluate the classification performance of the
leak detection model, the detailed evaluation metrics of the
model with data augmentation on the validation set are presen-
ted in table 4. As shown in the table, the model performs best in
recognizing the normal rolling category, achieving a precision
of 96.44% and a recall of 97.60%. It also demonstrates good
performance in identifying the leak category, with a precision
of 94.24% and a recall reaching 99.09%. The recognition per-
formance for the collision category is relatively lower, but still
attains a precision of 95.00% and a recall of 71.25%. From
the weighted average metrics, the overall performance of the
model shows balanced improvement, with precision, recall,
and F1 score all exceeding 94%, and the performance dis-
parities between different categories are significantly reduced.
This indicates that incorporating data augmentation strategies

on the basis of transfer learning not only enhances the over-
all classification accuracy of the model but also improves its
balance across different categories, establishing a solid found-
ation for the model’s deployment in practical engineering
applications.

4.3. Leak detection accuracy

To verify the detection capability of the AST-based leak detec-
tion model, an engineering validation experiment independent
of the training data was designed. The validation experiment
employed newly collected data that had not appeared during
the model training process, ensuring the objectivity and reliab-
ility of the evaluation results. The experiments were conducted
under two pressure conditions: 1 MPa and 0.5 MPa, with flow
velocity maintained at 1 m s~!, to comprehensively assess the
model’s adaptability in different engineering environments.

Under the 0.5 MPa pressure condition, the comparison
between model inference results and manual annotations is
illustrated in figure 9. As shown in figure 9(a), the manu-
ally annotated leak events are primarily distributed within
the time period around 400 s, forming a distinct continu-
ous interval. From the time domain perspective, these leak
acoustic signals exhibit typical short-duration signal char-
acteristics. As observed in figure 9(b), the model accur-
ately identifies these short-duration leak events, success-
fully detecting the leak status around 400 s, and the dur-
ation of the output leak events highly corresponds with
the actual signals. Comparing the manual annotations and
model predictions, good consistency is demonstrated in the
starting points, ending points, and durations of leak events,
indicating that the model possesses strong acoustic event
recognition capabilities. This precise recognition capabil-
ity for short-duration leak signals facilitates successful loc-
alization of small leaks in low-pressure pipelines in field
conditions.

Under the 1MPa pressure condition, the comparison
between model inference results and manual annotations
is illustrated in figure 10. As shown in figure 10(a), with
increased pressure, the greater pressure differential at the leak
point generates stronger acoustic leak signals, enabling the
detection sphere to capture characteristic signals from greater
distances. This characteristic manifests in the time-domain
distribution of acoustic signals: in the leak event around 400s,
the signal duration captured by the detection sphere is signi-
ficantly longer than under the 0.5 MPa condition, indicating
increased signal propagation distance. From the model recog-
nition performance shown in figure 10(b), the AST model
demonstrates excellent detection capabilities, not only accur-
ately identifying leak events but also precisely determining
signal durations, with prediction results highly consistent with
actual annotations. Notably, multiple collision events in the
0-100s and 300-500s intervals are also accurately captured,
indicating that increased pressure does not affect the model’s
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Table 4. Model performance metrics on the validation set.

Category Precision (%)  Recall (%) F1 Sample quantity
Normal rolling 96.44 97.60 0.9702 250
Leak 94.24 99.09 0.9660 330
Collision 95.00 71.25 0.8143 80
Weighted average 95.16 95.15 0.9492 660
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(b) Model inference results

Figure 9. Model inference performance of the SD under 0.5 MPa operating condition.

ability to distinguish different types of events, but rather
enhances its sensitivity to leak characteristics.

Based on the analysis of both experimental results, the AST
model effectively captures the time periods when anomalous
events such as leaks and collisions occur. To achieve leak
localization, this paper utilizes the built-in acceleration odo-
meter of the SD to convert the time information identified by
the model into spatial positions within the pipeline. In prin-
ciple, for each complete forward axial rotation of the intelli-
gent sphere, the X and Y axis outputs alternate once. By meas-
uring the rotation period and combining it with the geomet-
ric dimensions of the sphere, the rolling travel distance of the
intelligent sphere within the pipeline can be calculated [40],
thereby enabling time-to-space mapping.

After converting the aforementioned time-domain leak
detection results to the spatial domain, specific leak location

data are obtained. Under the 1MPa and 0.5 MPa conditions,
the leak areas identified by the SD are distributed with cen-
ter points at 406.5 m and 401.6 m, respectively. After cor-
recting the cumulative distance error using pipeline elbow @
shown in figure 5(d) as a marker point, the final localiza-
tion results are presented in table 5. The localization errors
under both conditions are controlled within 3.1 m, with relat-
ive errors less than 0.5%, meeting the requirements for engin-
eering applications. The experimental data indicate that the
AST-based leak detection model proposed in this study not
only identifies leak events more accurately but also determ-
ines leak locations more precisely. The localization precision
with relative errors controlled within 0.5% fully satisfies the
requirements for actual pipeline inspection and repair, signi-
ficantly reducing excavation range and lowering maintenance
costs.
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Figure 10. Model inference performance of the SD under 1 MPa operating condition.

Table 5. Leak localization results under various operating conditions.

Corrected Corrected Actual Localization Relative
Operating parameters localization result localization result leak position error error
0.5 MPa 406.50 m 406.50 m 416.89 m 3.07m 0.47%
1 MPa 401.60 m 41443 m 416.89 m 246 m 0.37%

5. Conclusion

This study presents an automatic leak sound recognition
method based on the AST model for pipeline leak detection
using the SD with internal ARAC. The experiments and res-
ults analyses yield the following main conclusions:

(1) The study utilizes SD with ARAC to collect pipeline
acoustic signals, building a dataset containing 1499 nor-
mal rolling, 612 collision, and 248 leak samples (2359
total). This three-class approach reduces interference from
non-leak sounds in leak identification.

(2) The approach combining data augmentation and transfer
learning successfully addresses class imbalance and small
sample limitations. Through signal concatenation, back-
ground mixing, and AST model pre-trained on AudioSet,
the model achieves weighted average precision of 95.16%
and recall of 95.15%, providing a reliable foundation for
practical applications.

(3) The AST-based leak detection method achieves accurate
identification and localization of 1 mm aperture leaks with
localization errors of 2.46 m and 3.07 m under 1 MPa and
0.5 MPa conditions respectively, with relative errors of
0.37% and 0.47%, significantly reducing excavation scope
for pipeline maintenance. Compared to traditional meth-
ods like CNN and LSTM, the AST approach demonstrates
superior global feature capture and processing efficiency,
requiring only 2.58 s to process an 11 min audio sample
(300 times faster than real-time) to meet offline processing
requirements.
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