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A B S T R A C T   

Against the backdrop of severe leakage issue in water distribution systems (WDSs), numerous researchers have 
focused on the development of deep learning-based acoustic leak detection technologies. However, these studies 
often prioritize model development while neglecting the importance of data. This research explores the impact of 
data augmentation techniques on enhancing deep learning-based acoustic leak detection methods. Five random 
transformation-based methods—jittering, scaling, warping, iterated amplitude adjusted Fourier transform 
(IAAFT), and masking—are proposed. Jittering, scaling, warping, and IAAFT directly process original signals, 
while masking operating on time-frequency spectrograms. Acoustic signals from a real-world WDS are 
augmented, and the efficacy is validated using convolutional neural network classifiers to identify the spectro
grams of acoustic signals. Results indicate the importance of implementing data augmentation before data 
splitting to prevent data leakage and overly optimistic outcomes. Among the techniques, IAAFT stands out, 
significantly increasing data volume and diversity, improving recognition accuracy by over 7%. Masking en
hances performance mainly by compelling the classifier to learn global features of the spectrograms. Sequential 
application of IAAFT and masking further strengthens leak detection performance. Furthermore, when applying 
a complex model to acoustic leakage detection through transfer learning, data augmentation can also enhance 
the effectiveness of transfer learning. These findings advance artificial intelligence-driven acoustic leak detection 
technology from a data-centric perspective towards more mature applications.   

1. Introduction 

Under the backdrop of climate change and urbanization, the situa
tion of global water scarcity is becoming more and more serious. Over 
the past two decades, more than 80 metropolitan cities have experienced 
extreme drought and water shortages around the world (Zhang et al., 
2019). A water distribution system (WDS) is a large-scale urban infra
structure responsible for the transportation of water resources, and the 
effectiveness of its operation and maintenance is crucial for the sus
tainable utilization of water resources. However, factors such as aging 
and corrosion of pipelines, external damage, and improper management 
have led to severe leakage issues across the world (Bozkurt et al., 2022). 
Water losses typically account for 20–30% of the water supply, and in 
countries with poor WDSs, it can even reach up to 50% (El-Zahab and 
Zayed, 2019). Except for the waste of water resources, leakage can result 

in the contamination of water, compromising water quality and putting 
public health at risk (Fox et al., 2016). The energy used to transport 
water, which is wasted due to leakage, further exacerbates the envi
ronmental impact and contributes to the emission of greenhouse gasses 
(Smith et al., 2018). Under these conditions, it is urgent to develop 
leakage management measures. 

Acoustic leak detection is an effective method that has been widely 
applied in water companies for a long time. Inspection workers can use 
acoustic devices such as listening sticks to identify leak sound waves in 
pipelines by perceiving the amplitude and frequency of acoustic signals 
(C. Zhang et al., 2022). With technological advancements, acoustic 
monitoring devices like hydrophones and accelerators are now used in 
leak detection for WDSs (Vanijjirattikhan et al., 2022). An increasing 
number of researchers are focusing on the application of machine 
learning techniques to analyze high-frequency data collected by such 
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devices, aiming to achieve automated leak detection. 
Numerous scholars have conducted extensive research around the 

issue of machine learning-based acoustic leak detection, gradually 
forming a two-stage framework known as "acoustic feature extraction- 
acoustic signal classification" (Fan et al., 2022). Acoustic feature 
extraction aims to extract features from both the time and frequency 
domains using methods such as energy analysis and Fourier transforms 
to highlight differences between leak signals and ambient noises. 
Acoustic signal classification, relying on the extracted features, utilizes 
various machine learning models to automatically classify acoustic 
signals into categories such as leak or non-leak. For instance, some re
searchers have extracted features such as energy and kurtosis factor in 
the time and frequency domains, developing classifiers like k-nearest 
neighbors, artificial neural networks, and gradient boosting trees for 
leak detection (Li et al., 2018; Ravichandran et al., 2021; Ullah et al., 
2023). In addition to utilizing time and frequency domain statistical 
features, other scholars have proposed linear predictive features, accu
rately extracting resonance peaks from acoustic signals and effectively 
improved the detection performance (Cody et al., 2020; Guo et al., 
2020). 

With the rapid advancement of deep learning, the stage of acoustic 
feature extraction (typically requiring domain knowledge) can be real
ized automatically through the stacking of neural network layers (Fu 
et al., 2022). This provides an end-to-end solution for acoustic leak 
detection. The most popular approach involves using two-dimensional 
images, generated after applying short-time Fourier transform (STFT) 
or wavelet transform to acoustic time series, as inputs to convolutional 
neural networks (CNNs) for developing classifiers (Guo et al., 2021; 
Shukla and Piratla, 2020). Literature suggests that deep learning-based 
acoustic leak detection methods have shown excellent performance, 
with recognition accuracy often reaching 95% (Ahmad et al., 2022; 
Kang et al., 2018; Shukla and Piratla, 2020; Yu et al., 2023) or even 99% 
(Guo et al., 2021; Zhang et al., 2023). Guo et al. (2021) and Yu et al. 
(2023) have indicated that CNN classifiers outperform traditional 
two-stage methods. 

The application of deep learning represents an improvement in 
acoustic leak detection technology from a modeling perspective. In 
recent years, data-centric artificial intelligence (AI) has gained great 
attention, emphasizing the importance of high-quality and large-scale 
data for machine learning models (Singh, 2023; Zha et al., 2023). 
Overall, in previous research, there has not been a strong emphasis on 
the importance of data. To construct deep learning models, the common 
practice in existing research has been to perform framing on a small 
amount of acoustic data (i.e., segmenting a complete signal into several 
frames) and using this augmented dataset for model development (Wu 
et al., 2023). Each framed segment is treated as distinct data, despite 
being generated under nearly identical conditions. However, some 
studies have highlighted that acoustic data in water pipelines are 
influenced by various factors such as pipeline fittings and environmental 
noises. Simulated data generated in the laboratory and the limited data 
collected from WDSs may not comprehensively reflect the characteris
tics of leak signals and ambient noises (Sitaropoulos et al., 2023). 
Models trained on these data may carry the risk of ineffectiveness in 
practical applications (Bakhtawar and Zayed, 2021). Despite the 
impressive results reported in the literature, few of these deep 
learning-based approaches have been documented to be successfully 
implemented on a large scale. Furthermore, Fares et al. (2023) showed 
that the accuracy of a well-trained deep learning-based leak detection 
model reduced by 4% when newly collected data are tested. 

Data augmentation, which can effectively increase data quantity and 
diversity in situations where data is limited, is an important aspect of 
data-centric AI (Zha et al., 2023). In the field of deep learning for image 
recognition, data augmentation techniques involving random trans
formations like adding noise, cropping, and rotation, simulate 
real-world scenarios to increase data volume and diversity, preserving 
labels and enhancing generalization (Shorten and Khoshgoftaar, 2019; 

Alqudah et al., 2023). In deep learning-based acoustic leak detection, 
where creating a complete database with sufficient and accurately 
labeled data is costly in terms of time and labor, leveraging data 
augmentation before a comprehensive database is available could be 
essential to enhance performance. However, the application of data 
augmentation to high-frequency time series data, such as acoustic sig
nals, presents unique challenges. The dynamic nature of these datasets, 
coupled with the sensitivity to environmental disturbances and the di
versity of the targets being monitored, necessitates a more nuanced 
approach. Not all transformations that are effective for images are 
suitable for time series data, as they may inadvertently alter the 
fundamental characteristics of the signals, leading to misclassification or 
loss of critical information (Iwana and Uchida, 2021; Um et al., 2017). 
Nevertheless, in research focused on high-frequency sensor data (e.g., 
wearables, inertial measurement units), some data augmentation tech
niques have been explored. Certain techniques directly apply random 
transformations in the time domain, such as adding white noise and 
cropping to the original time series (Rashid and Louis, 2019; Um et al., 
2017). Others transform high-frequency signals into the frequency 
domain or time-frequency domain for random variations (Park et al., 
2019; Steven Eyobu and Han, 2018). 

Given the aforementioned conditions, it remains unclear whether 
deep learning-based leak detection models have been correctly devel
oped using framed data and whether there exist other appropriate 
methods for augmenting acoustic signals. To address these research 
gaps, this paper aims to explore suitable data augmentation techniques 
and enhance the applicability of deep learning-based acoustic leak 
detection methods in WDSs from a data-centric perspective. In the 
following sections, various data augmentation techniques will be 
introduced first. Subsequently, the discussion will revolve around the 
pitfalls and practical outcomes of applying these techniques, leading to 
the final conclusions. 

2. Methodology 

2.1. Data description and pre-processing 

Data were gathered from accelerometers installed in an operational 
WDS located in a southern city of China. The accelerometers automat
ically recorded acoustic signals daily from 2:00 a.m. to 4:00 a.m. at a 
sampling frequency of 8192 Hz and a sampling duration of 5 s. A total of 
600 signals were selected for this study, evenly split between non-leak 
and leak categories, effectively mitigating the impact of data imbal
ance. On-site inspection workers confirmed and labeled these data. Non- 
leak data predominantly consist of ambient noise and also include 
various environmental noises such as sounds of pumping and water 
dripping. The distance between any leak point and a sensor was within 
200 m (constrained by the accelerometer’s detection range). Skilled 
workers estimated flow rates at leak points, predominantly below 5 m3/ 
h. It is noteworthy that each leak signal in this study corresponds to a 
different leak point, with no repeated sampling. This ensures that the 
signals used for model evaluation have not appeared in the training data. 

Constrained by the current data situation, this study exclusively 
focused on signals from metal pipes and the majority of the signals 
originated from ductile iron pipes with a diameter not exceeding DN 
400. Accordingly, the deep learning classifiers used in this study 
(detailed information can be found in Section 2.3) have a specific 
application scope, being suitable for metal networks with relatively low 
levels of external noise, as the data was collected from metal pipes 
during the early morning hours without additional de-noising. However, 
this does not imply that the newly-proposed data augmentation tech
niques (detailed information can be found in Section 2.2) are solely 
applicable to metal pipes; they could also be extended to non-metal 
pipelines. Nonetheless, it is advisable to develop new classifiers 
tailored specifically for such materials, as acoustic signals from metal 
and non-metal pipelines exhibit diverse features (Fares et al., 2023). 

Y. Wu et al.                                                                                                                                                                                                                                      
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Data pre-processing encompasses filtering and centralization. A 
Butterworth bandpass filter (50~2000 Hz) was employed to exclude 
undesirable components. The removal of trends in the initial data was 
achieved through data centralization, ensuring that each data sample 
has a mean of zero (Wu et al., 2023). 

2.2. Data augmentation techniques 

Considering that the commonly used inputs to deep learning classi
fiers for acoustic leak detection are images in the time-frequency 
domain, data augmentation techniques for both the original signals in 
the time domain and the transformed images in the time-frequency 
domain are introduced. Fig. 1 shows all the data augmentation tech
niques used in this paper. These methods aim to expand the dataset 
while preserving the labels of the original data as much as possible. 

2.2.1. Data augmentation in time domain  

(1) Framing. Framing, also known as slicing and analogous to 
cropping in image data augmentation, involves randomly 
extracting consecutive frames/slices from the original time series. 
The acoustic signals utilized in this study have a duration of 5 s. 
Within such a short period of time, it is reasonable to assume that 
the morphology of the leakage point, pipeline attributes, and 
external environment do not undergo sudden changes. Conse
quently, the labels (i.e., leak or non-leak) of the sliced frames 
remain consistent with the original time series. In this study, all 
acoustic signals are sliced into 10 non-overlapping frames, each 
representing a time series with 0.5 seconds’ worth of data (i.e., 
4096 data points). As illustrated in Fig. 1, framing is considered a 
preceding or subsequent step in all other data augmentation 
techniques.  

(2) Jittering. Jittering, a straightforward transformation-based data 
augmentation technique, involves adding white noise to the 
original time series. Typically, this process entails adding a 
random value conforming to a Gaussian distribution to each time 
step. However, the magnitudes of acoustic signals exhibit sig
nificant variations due to diverse leak volumes, pipeline attri
butes, and other factors. Hence, this study employs the signal-to- 
noise ratio (SNR) to determine the appropriate level of added 
white noise for different signals. The SNR of a signal with jittering 
is computed as: 

SNR = 10log10

(
∑N− 1

n=0
s(n)2

/
∑N− 1

n=0
d(n)2

)

(1)   

where s(n) is the original signal, d(n) is the added white noise, and N is 
the length of s(n) and d(n). For a given signal and a predefined SNR, the 
corresponding white noise can be determined. In pipelines, both the 
internal and external environments are complex and Guo et al. (2021) 
used relatively low SNRs (no more than 10 dB) to simulate signals 
affected by uncertainties. In this study, the SNR value ϵ for each signal 
conforms to a Gaussian distribution ϵ ∼ N

(
20, 102), which is generally 

higher than, yet inclusive of, the SNRs reported in the literature. This 
approach aims to simulate realistic environmental interference to a 
certain extent while attempting to preserve the original signal label. 
Jittering is applied before framing, as illustrated in Fig. 1.  

(3) Scaling. Scaling involves altering the overall magnitude of an 
acoustic signal by multiplying it with a random scalar value while 
maintaining the original labels (Rashid and Louis, 2019). Using 
the scaling parameter α, the entire time series undergoes a 
multiplication by α. The scaling parameter α can be determined 
by a Gaussian distribution α ∼ N

(
1, σ2). It is important to note 

that the concept of "scaling" in the context of time series differs 
from that in the image domain. In time series, it specifically refers 
to increasing the magnitude of individual elements without 
expanding the time series itself. The value of σ is set to 0.2 ac
cording to the study by Um et al. (2017). Scaling is applied prior 
to framing, as depicted in Fig. 1.  

(4) Permutation. Permutation, as a method of data augmentation, 
involves rearranging segments of a time series to create a new 
pattern. The resulting data, known as surrogate data, maintains 
the mean and variance of the original time series after undergoing 
a random shuffle. However, it is crucial to note that the power 
spectrum, the main basis for manual acoustic leak detection, may 
undergo significant changes in surrogate data, potentially leading 
to alterations in the labels of the original time series (Lee et al., 
2019). To address this limitation, Lee et al. (2019) introduced the 
iterated amplitude-adjusted Fourier transform (IAAFT) as a 
technique for time series augmentation, achieving promising re
sults in the classification of data related to human arm motion 
monitoring. 

Fig. 1. Overview of data augmentation techniques. IAAFT= iterated amplitude-adjusted Fourier transform.  
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The IAAFT algorithm initiates with a random shuffle of data points, 
followed by iterative implementation of spectral adaptation and 
amplitude adaptation. During spectral adaptation, the Fourier transform 
of the initial or iterated time series is computed, and the magnitudes of 
its coefficients are replaced with those of the original time series. This 
process ensures that the new time series possesses the same power 
spectrum as the original. In the amplitude adaptation phase, adjust
ments are made based on amplitude ranking. For instance, the highest 
value in the iterated time series is substituted with the highest measured 
value in the original time series. As amplitude adjustment can influence 
the power spectrum, both amplitude and spectral adjustments are 
repeated until a convergence criterion is met. Further details and cal
culations regarding IAAFT can be found in the study by Venema et al. 
(2006). IAAFT is applied prior to framing, as depicted in Fig. 1. 

(5) Warping. Warping involves perturbing a pattern within the 
original time series. One popular warping technique, known as 
window warping, selects a random time range and either compresses 
or extends it while keeping the remaining time range unchanged (Le 
Guennec et al., 2016). Following the original method’s description, a 
chosen data segment within the time range is stretched by a factor of 
2 or contracted by a factor of 0.5, thereby altering the length of the 
time series. To maintain the original length, this study divides a 
signal into 16 non-overlapping slices and randomly selects two slices 
to stretch by a factor of 1.5 and contract by a factor of 0.5, respec
tively. This approach perturbs the time series while preserving the 
majority (seven eighths) of it unchanged, thereby avoiding alter
ations to the label of the time series. It is important to note that 
warping is applied to sliced frames, as illustrated in Fig. 1. 

The aforementioned methods, although not exclusively time-domain 
data augmentation techniques, are among the most commonly 
employed in the literature. Rotation is also often mentioned but has been 
demonstrated to be less effective for various types of time series, 
including high-frequency time series (Iwana and Uchida, 2021; Rashid 
and Louis, 2019). Consequently, this study omits the use of rotation. 

2.2.2. Data augmentation in time-frequency domain 
As shown in Fig. 1, each signal slice undergoes transformation into a 

spectrogram through STFT following framing. The spectrogram provides 
insights into the joint time-frequency distribution of acoustic signals, 
influenced by two crucial factors: frequency resolution F (equal to the 
number of rows in the spectrogram) and time resolution T (equal to the 
number of columns in the spectrogram). In the application of STFT, 
several key parameters must be determined, including the window 
function (e.g., rectangular or Hanning window), fast Fourier transform 
length (l, typically specified as a power of 2 and equal to frame length), 
and frame shift length (s, generally specified as a multiple of 1/4 the 
frame length). The resolution of a spectrogram φ is computed as: 

φ = F × T =

(
l
2
+1 − δ

)

×

(
N − l

s
+1
)

(2)  

where δ is a trimming factor to crop the signal spectrum to within 
1~2048 Hz. Considering the sampling frequency is 8192 Hz, δ = l /4 in 
this study. 

An augmentation method that acts on the spectrogram directly is 
proposed inspired by the work of Park et al. (2019). The objective of this 
method is to encourage a classifier to focus on more holistic features 
rather than just the localized aspects of the spectrograms, enhancing the 
robustness of the trained classifier against partial loss of frequency or 
temporal information within the time-frequency spectrogram. The 
approach involves augmenting the data by randomly masking specific 
information. To be specific, nF rows and nT columns are randomly 
chosen from each F × T spectrogram, and the values of the selected 
rows/columns are then set to zero. 

In this study, a Hanning window was used to estimate the spectrum 
and fast Fourier transform length l and frame shift length s are 1024 and 
256 respectively. Accordingly, the frequency resolution F and time 
resolution T of spectrograms are 257 and 13 respectively. The optimal 
values of nF and nT need to be determined through trial-and-error. 

2.3. Deep learning classifiers for leak detection 

CNN classifiers are the most widely employed deep learning models 
in the acoustic leak detection task. As illustrated in Fig. 2, a typical CNN 
classifier comprises convolution layers, pooling layers, fully connected 
layers, and an output layer. In a convolution layer, convolution kernels 
traverse a two-dimensional spectrogram, multiplying point-wise with 
the elements of each region, and the results are aggregated to obtain a 
value. These values, generated by the sliding convolution kernels, 
collectively form a feature map. Pooling layers serve as feature com
pressors for the generated feature maps after convolution. This 
compression aids in reducing computational complexity and extracting 
essential information from the convolution output features. Various 
combinations between convolution and pooling layers are possible, 
including one-to-one or many-to-one configurations. Fig. 2 illustrates 
the one-to-one combination. Fully connected layers consolidate feature 
maps to generate informative data for classification purposes. The 
output layer, equipped with a single neuron, applies a sigmoid function, 
with the output representing the probability of a leak occurrence. 

In this study, the evaluation of data augmentation techniques is 
mainly based on a time–frequency CNN (TFCNN) classifier, which fea
tures two convolutional layers, one max-pooling layer, two fully con
nected layers (with 512 and 256 neurons, respectively), and an output 
layer. TFCNN is a relatively simple CNN model and its architecture is 
referenced from the acoustic leak detection study by Guo et al. (2021). 

Increasing the depth of CNN models by adding more convolutional 
layers is a key way to enhance classifier performance (Tan and Le, 
2019). However, deeper models require significantly more parameters, 
making them difficult to train from scratch with limited data. To address 
this, using transfer learning to apply complex models from other do
mains to a target task (e.g., acoustic leak detection) has become com
mon. This approach allows for training on the target task with a small 
amount of new data, using pretrained parameters (P. Zhang et al., 2022). 
Nevertheless, data augmentation is also indispensable for ensuring 
model effectiveness in transfer learning (Chollet, 2023). Therefore, this 
study also investigates the impact of data augmentation on transfer 
learning in the acoustic leak detection task. 

In this study, the model selected for transfer learning is the pre
trained audio neural network (PANN), a CNN classifier with 10 con
volutional layers developed by Kong et al. (2020). Originally trained on 
the large audio database AudioSet for the purpose of audio classifica
tion, the PANN model is well-suited for transfer to acoustic leak detec
tion due to the task similarity and the use of spectrograms as input data. 
This model also includes the fundamental components depicted in Fig. 2. 
For a detailed description of its architecture, please refer to Kong et al. 
(2020). 

2.4. Performance evaluation of leak detection 

Accuracy, sensitivity, specificity, and receiver operating character
istic (ROC) curve and its area under curve (AUC) are commonly used to 
evaluate the performance of classifiers (Guo et al., 2020; Yu et al., 2023). 
In this paper, leak data are considered positive samples and non-leak 
data are considered negative samples. The corrected detected leak 
data are true positive (TP), the undetected leak data are false negative 
(FN), the wrongly detected non-leak data are false positive (FP), and the 
remaining ones are true negative (TN). Accuracy, sensitivity, specificity 
are computed as follows: 
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Accuracy =
TP + TN

TP + FP + TN + FN
(3)  

Sensitivity =
TP

TP + FN
(4)  

Specificity =
TN

FP + TN
(5) 

Accuracy describes the ratio of the number of correctly identified 
signals to the total number of signals. Sensitivity is the ability to 
correctly detecting real leak signals, while specificity is the ability to 
avoid wrongly detecting non-leak signals as leak ones. Obviously, the 
larger the accuracy, sensitivity, and specificity, the better the perfor
mance of a leak detection classifier. For a well-trained leak detection 
classifier, increasing sensitivity comes at the cost of decreasing speci
ficity. The ROC curve describes the relationship between 1-specificity (x 
axis) and sensitivity (y axis) when the method adjusts its classification 
threshold. The larger the AUC value corresponding to the curve, the 
better a method. Accuracy, sensitivity, and specificity are computed 
based on a default classification threshold 0.5. 

3. Results and discussion 

3.1. Method implementation 

3.1.1. Implementation of data augmentation 
In this study, 300 leak signals and 300 non-leak signals were 

collected on-site. To establish a base classifier and facilitate compari
sons, these data underwent augmentation using the framing technique, 
resulting in 3000, 1500, and 1500 frames for training, validation, and 
testing, respectively. Unlike the conventional data splitting ratios (e.g., 
8:1:1), a different ratio of 2:1:1 was employed due to the use of data 
augmentation. 

Section 2.2 details the generation of synthetic data through various 
augmentation techniques, aiming to increase the volume of signals while 
preserving labels. As framing is a precursor or subsequent step in other 
augmentation methods, five distinct techniques were applied: jittering, 
scaling, warping, IAAFT, and masking. These techniques are exclusively 
applied to the training signals, producing five types of datasets with 
varying data volumes—specifically, 6000, 9000, 12,000, 15,000, and 
18,000 (i.e., with 3000, 6000, 9000, 12,000, and 15,000 augmented 
data) for each technique. Each type of dataset comprises 10 randomly 
generated subsets, resulting in a total of 50 datasets for each data 
augmentation technique. Consequently, classifiers will undergo ten 
times for each dataset size to mitigate the impact of randomness on a 
data augmentation technique’s performance evaluation. Note that for 
the TFCNN, the optimal values of nF and nT in masking are 64 and 3, 
respectively, while for PANN, the optimal values are 16 and 1. All data 

augmentation methods were executed in a Python 3.7.13 environment 
and spectrograms were generated using the voicebox of MATLAB 
R2022b. 

3.1.2. Implementation of deep learning classifiers 
These deep learning classifiers, developed using Tensorflow 2.9.0, 

were implemented in the Python 3.7.13 environment. The activation 
function ReLU and the Adam optimizer were employed. To prevent 
overfitting, early-stopping and dropout mechanisms were incorporated. 
Detailed hyper-parameters are outlined in the subsequent sections. 
Hyper-parameter tuning was performed using Neural Network Intelli
gence (NNI), a Microsoft open-source toolkit operable in the Python 
environment (Microsoft, 2021). It is important to note that the 
hyper-parameters were exclusively tuned based on the dataset 
employing framing alone, to exclude performance improvements 
resulting from hyper-parameter optimization in the evaluation of data 
augmentation techniques. The deep learning classifiers ran on a server 
equipped with a GPU, with configurations including an Intel(R) Xeon(R) 
Gold 5218 CPU @ 2.30 GHz, 64 cores and 64 threads, 128 GB of RAM, 
and an NVIDIA GeForce RTX 3090Ti with 24 GB of graphics memory. 

Prior to evaluating the data augmentation techniques, this study 
analyzed the sensitivity of the TFCNN and PANN models to varying data 
volumes. The results demonstrate that leak detection performance im
proves with increased data volume, underscoring the benefits of 
providing more data for deep learning models. Therefore, it is reason
able to assume that augmenting data to provide additional samples can 
enhance leak detection effectiveness. Detailed information on the 
sensitivity analysis can be found in the supplementary material. 

3.2. Biased results caused by data leakage 

In the current research on deep learning-based acoustic leak detec
tion, framing is commonly employed. However, most studies did not 
explicitly describe whether framing was applied before splitting original 
signals into training, validation, and testing datasets or not. In other 
words, the impact of the order of implementation regarding data split
ting and framing on detection performance has not been thoroughly 
discussed. This section aims to compare the performance of TFCNN 
classifiers under the two conditions mentioned above. The TFCNN 
classifier using data with framing implemented first is referred to as 
TFCNN-post-splitting, while the TFCNN classifier using data with data 
splitting implemented first is termed TFCNN-pre-splitting. The hyper- 
parameters of these classifiers are detailed in Table 1. 

As illustrated in Fig. 3, the performance of TFCNN-post-splitting 
significantly outperforms that of TFCNN-pre-splitting, underscoring 
the critical importance of the implementation order in data splitting and 
framing. The essence of the implementation order hinges on whether 
each frame can be regarded as an entirely new sample. In the case of 

Fig. 2. Diagram of the main components of a CNN classifier.  
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TFCNN-post-splitting, each frame, whether derived from the same 
original signal or different signals, is treated as a distinct sample. 
Consequently, all frames can be randomly allocated to training, vali
dation, and testing datasets. Conversely, for TFCNN-pre-splitting, 
frames originating from the same original signal are handled 

cautiously due to the likelihood of preserving highly similar character
istics. When frames from the same signal are concurrently distributed 
across training, validation, and testing datasets, the classifier may glean 
information from unavailable or unseen data during the training phase, 
resulting in biased optimistic outcomes. This phenomenon is commonly 
referred to as data leakage (Zhu et al., 2023). 

To assess the occurrence of data leakage, a widely used similarity 
measure, cosine similarity (Wu et al., 2016), was employed to analyze 
the time-frequency spectrograms (flattened to vectors) of augmented 
frames. Fig. 4 illustrates the distribution of cosine similarity between 
spectrograms of different frames from the same signal (i.e., 
intra-similarity) and between frames from different signals (i.e., 
inter-similarity). This distribution plot was generated using kernel 
density estimation (Heidenreich et al., 2013). It is evident that, for both 
leak and non-leak signals, intra-similarity is centered around 0.5 and 
significantly surpasses inter-similarity, with a density peak close to 0. 
This observation indicates the occurrence of data leakage in the devel
opment of TFCNN-post-splitting, contributing to the surprisingly 
favorable results obtained. While performance comparisons between 
different classifiers based on post-splitting data processing may offer 
some guidance for model selection, the selected classifier is likely to 
perform poorly when detecting newly collected signals. Consequently, 
all data augmentation techniques are implemented after data splitting in 
the subsequent sections. It is also worth mentioning that the low 

Table 1 
Optimal hyper-parameters of deep learning classifiers.  

Model Hyper-parameters 

TFCNN-post- 
splitting 

First convolutional layer: filters = 32, kernel size = (5, 5), 
strides = (4, 4) 
Second convolutional layer: filters = 64, kernel size = (3, 3), 
strides = (2, 2) 
Max-pooling layer: pooling size = (2, 2), strides = (2, 2) 
Learning rate = 0.008, batch size = 64, dropout rate = 0.1, 
epochs = 200 

TFCNN-pre- 
splitting 

First convolutional layer: filters = 32, kernel size = (5, 5), 
strides = (4, 4) 
Second convolutional layer: filters = 64, kernel size = (3, 3), 
strides = (2, 2) 
Max-pooling layer: pooling size = (2, 2), strides = (2, 2) 
Learning rate = 0.002, batch size = 256, dropout rate = 0.25, 
epochs = 200 

PANN Learning rate = 0.0005, batch size = 128, epochs = 200 

Note: Model architecture and other hyper-parameters of PANN are consistent 
with the study by Kong et al. (2020). 

Fig. 3. Performance of TFCNN classifiers for two conditions where one implemented framing after splitting original signals into training, validation, and testing 
datasets (i.e., pre-splitting), while the other one implemented framing before splitting original signals into training, validation, and testing datasets (i.e., 
post-splitting). 

Fig. 4. Distribution of cosine similarity between spectrograms of different frames from the same signal (i.e., intra-similarity) and between frames from different 
signals (i.e., inter-similarity). 
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inter-similarity further proves that the signals used in this study come 
from different scenarios (e.g., different leak points). 

3.3. Evaluation of individual data augmentation techniques 

This section assesses the performance of leak detection using 
different individual data augmentation techniques. The baseline for 

Fig. 5. Comparison of leak detection performance when using different single data augmentation techniques.  
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comparison is the performance of TFCNN-pre-splitting using framed 
data, with an AUC of 0.769, accuracy of 0.692, sensitivity of 0.679, and 
specificity of 0.705. As depicted in Fig. 5, the five data augmentation 
techniques demonstrate varying capabilities in terms of performance 
enhancement. With an increase in data volume, each technique con
tributes to an improvement in leak detection performance across all four 
performance metrics. The performance does not consistently improve 
with increasing data volume; in fact, there was a slight decrease after 
augmenting the data to 12,000 samples. This indicates that there is a 
limit to the effectiveness of data augmentation when the original dataset 
size is fixed, and more augmentation does not necessarily lead to better 
outcomes. Overall, IAAFT and masking stand out as the top-performing 
techniques. The accuracy (median value of ten runs) for IAAFT and 
masking increases by up to 0.071 and 0.061, respectively, when using 
12,000 and 6000 augmented data. Detailed changes in the corre
sponding performance metrics for each data augmentation technique at 
different data volumes are presented in Table S1 in the supplementary 
material. 

To explain why the five data augmentation methos show various 
abilities to enhance leak detection performance, the cosine similarity 
between the spectrograms of augmented data and original signals for 
different data augmentation techniques are calculated, which are illus
trated in Fig. 6. For jittering and scaling, the cosine similarity between 
the spectrograms of augmented data and original signals is significantly 
high and close to 1, indicating that the augmented data have little dif
ference with the original ones. Consequently, these two techniques bring 
limited additional information from the vast added data, leading to the 
least generalization ability gained by the deep learning classifier. This 
finding conforms to the work of Iwana and Uchida (2021). The other 
three techniques not only increase the amount of data but also bring 
about variability between the data. This helps alleviate overfitting and 
enhances the model’s adaptability to diverse data. 

It is straightforward to comprehend that data generated through 
masking exhibits low similarity with the original signals. This is due to 
the direct replacement of approximately 25% of information in both the 
time and frequency domains with zeros. Apart from introducing 
randomness to increase the diversity of the data, masking part of the 
spectrogram information enhances the robustness of classifiers against 
local variations in signals. By incorporating masking, the model is 
compelled to concentrate on the uncovered portions of the spectrogram, 
facilitating the learning of more global and holistic features. This aids 
classifiers in generalizing better to unseen data (Park et al., 2019). 
Consequently, masking visibly improves the performance of 
TFCNN-pre-splitting. 

The augmented data generated by IAAFT also exhibits significant 
differences in the spectrogram compared to the original signal. This is 
attributed to IAAFT altering the arrangement order of the original 
signal, resulting in substantial changes in the time-frequency spectro
gram, as depicted in Fig. 7. However, based on the principles of this 
technique, it is known that it ensures the time-domain statistical prop
erties and spectrum of the augmented data closely match those of the 
original signal (Venema et al., 2006). This largely guarantees that the 
augmented data and the original data belong to the same category. 
Accordingly, IAAFT demonstrates the best performance. This result also 
indicates the importance of thorough analysis and understanding of the 
data characteristics through domain knowledge before designing data 
augmentation schemes. 

While the augmented spectrograms produced by warping show 
relatively low similarity (with a median value of 0.52) to the original 
ones, the observed performance enhancement is not as pronounced as 
that achieved by IAAFT and masking. Additionally, warping lacks the 
robust evidence, as seen in IAAFT, of generating augmented data 
without altering data labels. Therefore, IAAFT and masking are the 
recommended techniques in this study. 

3.4. Evaluation of combined data augmentation techniques 

This section investigates whether the combined use of multiple data 
augmentation techniques can further enhance leak detection perfor
mance. The two most effective data augmentation methods, IAAFT and 
masking, are combined in two ways. The first approach involves 
generating synthetic data simultaneously using both techniques and 
merging the two types of augmented data to create a dataset. This is 
referred to as the parallel manner in this paper. The second approach, 
termed the sequential manner, first applies IAAFT and subsequently 
applies masking to the augmented data. Fifty datasets were generated 
for each of these combined techniques, and their ability to improve leak 
detection performance is illustrated in Fig. 8. Detailed changes in the 
corresponding performance metrics for each combined data augmenta
tion technique at different data volumes are presented in Table S2 in the 
supplementary material. 

The combined data augmentation technique in the sequential 
manner demonstrates a modest enhancement in leak detection perfor
mance, albeit not statistically significant. As illustrated in Fig. 6, the 
generated dataset exhibits the least similarity to the original signals 
when compared to any individual data augmentation technique. The 
accuracy (median value of ten runs) for this technique can increase by 
up to 0.075 when using both 9000 and 12,000 augmented data points 

Fig. 6. Cosine similarity of spectrograms between augmented data and original signals for different data augmentation techniques. The numbers in the boxes 
represent the median values. 
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compared to the baseline, showing a slight improvement over the gains 
achieved by IAAFT alone. In this context, IAAFT primarily contributes to 
enhancing data randomness, while masking compels the deep learning 
classifier to extract more global features from the already diverse 
dataset. The collaborative and mutually supportive role of IAAFT and 
masking is evident in the sequential manner. 

Contrastingly, the combined data augmentation technique in the 
parallel manner surprisingly underperforms and is inferior to either 
IAAFT or masking alone. The rationale behind this lies in the fact that 
the two individual techniques enhance leak detection performance from 
distinct perspectives. Global features learned from partially masked 
spectrograms may not be applicable to IAAFT-generated data, creating a 
subtle antagonism in the parallel manner. 

3.5. Influence of data augmentation on transfer learning 

This section investigates whether data augmentation can further 
enhance the effectiveness of transfer learning. The study directly em
ploys the combined data augmentation technique in the sequential 
manner that performed best on TFCNN-post-splitting. The model 
transferred in this study is PANN, with its hyper-parameters detailed in 
Table 1. Without data augmentation, PANN achieves an AUC, accuracy, 
sensitivity, and specificity of 0.810, 0.730, 0.747, and 0.713, respec
tively, serving as the baseline for the PANN model. The impact of data 
augmentation on PANN and the differences in data augmentation effects 
between PANN and TFCNN-post-splitting are illustrated in Fig. 9. 

There is a notable gap between the two models’ baseline, with PANN 
significantly outperforming TFCNN-post-splitting, highlighting the 
advantage of transfer learning. Furthermore, after applying data 
augmentation, PANN’s performance improves further, albeit not as 
markedly as TFCNN-post-splitting. In addition, with an increase in 

augmented data volume, there is no significant improvement in the 
performance of PANN. This is primarily because the original data used 
for data augmentation in this study consisted of only 300 samples. The 
augmented data was generated based on features from the original data, 
which lacked diversity. Even with the optimal data augmentation 
techniques employed in this study, it is not possible to perfectly simulate 
acoustic signals from new scenarios (different pipe materials, diameters, 
and operational states). Therefore, there remains a significant disparity 
between the training data and the validation/testing data. In such cases, 
complex models like PANN are prone to overfitting on the training data, 
affecting their generalization ability (i.e., significantly reduced perfor
mance on the testing dataset). C. Zhang et al. (2022) also observed 
similar phenomena in their study of transfer learning-based acoustic 
leak detection. The results suggest that the effectiveness of data 
augmentation has its upper limit, making it necessary to collect more 
data. 

After data augmentation, PANN’s overall accuracy is slightly lower 
than TFCNN-post-splitting, likely due to the default classification 
threshold of 0.5 used in this study. Despite this, PANN’s AUC is generally 
superior to TFCNN-post-splitting, indicating better overall performance 
across all threshold scenarios. Additionally, at a threshold of 0.5, PANN 
exhibits better sensitivity, i.e., it can identify more leak signals, whereas 
TFCNN-post-splitting excels in reducing false positives. 

3.6. Study limitations and future research 

The data augmentation techniques employed in this study contribute 
to improving acoustic leak detection performance, resulting in an ac
curacy increase of over 7%. However, considering the limited volume of 
original data used in this study, the efficacy of these techniques needs 
further validation on more extensive datasets in the future. It is also 

Fig. 7. Comparison of spectrograms between augmented data generated by IAAFT and the original signal.  
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noteworthy that despite the enhancement provided by data augmenta
tion techniques in acoustic leak detection performance, the final per
formance metrics obtained still remain relatively low. The deep 
learning-based acoustic leak detection method has yet to reach the 

realm of high-performance practical applications. Mature application of 
AI technology requires multifaceted support. Future studies should 
prioritize the collection of more diverse data, encompassing various leak 
sizes, pipe materials, operational conditions, and more. After all, rich 

Fig. 8. Comparison of leak detection performance when using different combined data augmentation techniques.  

Y. Wu et al.                                                                                                                                                                                                                                      



Water Research 261 (2024) 121999

11

raw data is the foundation for successful AI technology. In addition, the 
combined use of deep learning methods better suited for handling var
iable data and data augmentation techniques could be also crucial for 
further performance improvements. 

Data-centric AI technologies, encompassing data augmentation 
techniques, are undergoing continuous evolution. Beyond the funda
mental random transformation methods in time, frequency, and time- 
frequency domains, advanced time series data augmentation tech
niques incorporate sophisticated machine learning-based approaches, 
such as reinforcement learning and generative adversarial networks 
(Hataya et al., 2020; Wen et al., 2021). In this preliminary exploration of 
data augmentation for acoustic leak detection, the study focuses on basic 
random transformation approaches, namely jittering, scaling, warping, 
IAAFT, and masking. Future endeavors should delve into advanced 
techniques for a more comprehensive understanding. 

4. Conclusions 

This study explores the impact of data augmentation techniques on 
improving deep learning-based acoustic leak detection methods, aiming 
to advance AI-driven acoustic leak detection technology from a data- 
centric perspective towards more mature applications. After using 
CNN classifiers to identify augmented data generated by techniques such 
as jittering, scaling, warping, IAAFT, and masking, the following con
clusions were drawn: 

It is recommended to implement data augmentation before data 
splitting to avoid data leakage, which could lead to biased and overly 
optimistic results. Augmented data, being a random transformation of 
the original acoustic signals, retains certain similarities with the original 
data. If augmentation is performed before splitting, this similarity can 
lead the classifier to learn information during training that it should not 
have access to, introducing bias. 

IAAFT and masking proved to be the most effective among the five 
proposed data augmentation techniques. IAAFT, significantly increasing 
both data volume and diversity while ensuring consistency with the 
labels of the original data (leak or non-leak), achieved the best results, 
improving accuracy by over 7%. Masking, by compelling the classifier to 
learn global features of the time-frequency spectrograms, also 

demonstrated notable performance enhancement. Data augmentation 
can also enhance the effectiveness of transfer learning, thereby creating 
better conditions for the application of complex deep learning models in 
acoustic leak detection. 

The study recommends using IAAFT alone or sequentially applying 
IAAFT followed by masking. When IAAFT and masking are applied 
sequentially for data augmentation, they synergize, further enhancing 
leak detection performance. However, simultaneous use of both tech
niques results in some antagonistic effects, causing recognition perfor
mance to be inferior to either technique individually. 

These conclusions provide practical insights for improving acoustic 
leak detection methods and also contribute to advancing the application 
of other AI-driven technologies in the area of WDSs. 
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