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Abstract: The efficient management of urban water distribution networks is crucial for public health
and urban development. One of the major challenges is the quick and accurate detection of leaks,
which can lead to water loss, infrastructure damage, and environmental hazards. Many existing
leak detection methods are ineffective, especially in complex and aging pipeline networks. If these
limitations are not overcome, it can result in a chain of infrastructure failures, exacerbating damage,
increasing repair costs, and causing water shortages and public health risks. The leak issue is further
complicated by increasing urban water demand, climate change, and population growth. Therefore,
there is an urgent need for intelligent systems that can overcome the limitations of traditional
methodologies and leverage sophisticated data analysis and machine learning technologies. In
this study, we propose a reliable and advanced method for detecting leaks in water pipes using a
framework based on Long Short-Term Memory (LSTM) networks combined with autoencoders. The
framework is designed to manage the temporal dimension of time-series data and is enhanced with
ensemble learning techniques, making it sensitive to subtle signals indicating leaks while robustly
dealing with noise signals. Through the integration of signal processing and pattern recognition, the
machine learning-based model addresses the leak detection problem, providing an intelligent system
that enhances environmental protection and resource management. The proposed approach greatly
enhances the accuracy and precision of leak detection, making essential contributions in the field and
offering promising prospects for the future of sustainable water management strategies.

Keywords: leak detection; water supply; LSTM; autoencoder; machine learning; time series; noise
signals; urban water management

1. Introduction

Recent research has made significant strides in sensor-based leak detection meth-
ods, particularly through the exploration of innovative solutions like wireless sensor
networks [1]. These studies focus on the efficient use of water resources and the reduc-
tion of water loss, leading to the development of smart technologies and systems for
sustainable water management, which is expected to significantly impact future water
management strategies [2]. The advancements in this field aim to enhance the efficiency
of water distribution systems, contributing to the long-term sustainable management of
water resources.

In the context of urban development and public health, efficient water and sewage
distribution is critical. A major challenge in this area is the timely and accurate detection
of leaks, which can lead to significant water loss, infrastructure damage, financial losses,
and environmental hazards. Existing technologies often struggle with quickly detecting
and accurately identifying leaks in complex, aging pipeline networks. These issues are
exacerbated by an increasing urban water demand, climate change, and population growth,
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which add further pressure on water resources. Thus, there is an urgent need for intelligent
systems that can overcome the limitations of traditional methodologies by leveraging
sophisticated data analysis and machine learning technologies [3,4].

LSTM (Long Short-Term Memory) networks and autoencoders have shown promise in
anomaly detection within time series data, which has garnered increasing attention due to
the complexity of the temporal dimension [5]. A novel framework combining Bidirectional
LSTM (Bi-LSTM) structures with autoencoders has been proposed to effectively capture
long-term dependencies in time series data. For instance, a study using a wind power
dataset demonstrated that the Bi-LSTM autoencoder model achieved a classification accu-
racy of 96.79%, outperforming traditional LSTM-autoencoder models [6,7]. Another study
explored LSTM-capsule autoencoder networks for anomaly detection in multivariate data,
driven by the need for lightweight, cost-effective fault detection solutions in Industry 4.0 [8].
These advancements highlight the potential applications of LSTM and autoencoder tech-
nologies across various sectors, including industry, finance, and security [9]

The primary objective of this study is to overcome the limitations of existing leak
detection methods. Specifically, it proposes a method that combines LSTM networks with
ensemble techniques to detect leaks more accurately and promptly in time-series data. By
doing so, the goal is to improve the prediction accuracy and reliability while developing a
scalable model that can be applied to various datasets and infrastructure systems. The key
advancements include the following:

• Improvement in accuracy: The accuracy of the random forest classifier increased from
0.9558 to 0.9814, and the F1 score of the CatBoost classifier improved from 0.968 to
0.9844. These results represent substantial progress in addressing critical infrastructure
problems using machine learning technologies.

• Potential of combined models: This advancement highlights the potential of combining
LSTM and ensemble models, providing a scalable and robust solution for global water
management systems.

The findings pave the way for future research to quantify leak volumes and explore the
applicability of the model to other types of infrastructure data, demonstrating the broader
potential of this approach.

The remainder of the paper is structured as follows: Section 2 reviews existing research
related to the water supply and sewer pipeline systems. Section 3 details the proposed
system’s structure, including a noise signal estimation layer, a noise signal attenuation
layer, and a classification layer for normal and leak data using an ensemble model. Section 4
describes the experimental setup, datasets, and training methods, followed by perfor-
mance evaluation results. Finally, Section 6 summarizes the key findings and discusses the
advantages and limitations of the proposed method.

2. Related Work
2.1. Water Supply and Sewage System

The water supply and sewage pipeline system is a fundamental infrastructure of
urban environments, responsible for the supply of drinking water and the treatment of
wastewater. The efficient management of these systems is essential for maintaining public
health and safety.

The water pipeline system is depicted in Figure 1, as follows. Leaks in water supply
and sewage pipelines lead to the loss of valuable water resources, impose additional finan-
cial burdens on infrastructure maintenance, and pose threats to public health. Consequently,
rapid and accurate leak detection and correction are crucial tasks in the management of
water supply and sewage systems [10]. Advancements in IoT technology have enabled
sensors in water supply and sewage pipes to provide real-time monitoring of pressure,
flow, and temperature, generating vast amounts of time-series data. These data are ex-
tremely valuable for leak detection and are being utilized in the development of machine
learning-based algorithms [11,12]. However, the data collected by sensors can include noise
due to various external factors, which can negatively impact the accuracy of leak detection
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systems [13]. Noise in the signals can be caused by natural environmental changes, me-
chanical errors, sensor inaccuracies, or human intervention. For example, during heavy
rainfall, the pressure and flow in the sewage system may be measured differently from
usual, and these data could be mistakenly interpreted as a leak. Similarly, technical defects
in sensors or installation issues can lead to erroneous data collection, resulting in noise
signals. The presence of noise signals complicates the accurate classification of leak signals
in time-series data. Traditional statistical methods and simple machine learning models
often fail to eliminate the impact of noise and sometimes result in false positives. Therefore,
developing advanced algorithms that can effectively identify and separate noise signals is
necessary [14].

Figure 1. Water supply and sewage system.

2.2. LSTM-Autoencoder

In this study, which integrates recent innovative technologies such as the LSTM-
autoencoder model, we propose a new signal processing technique to address the complex-
ity of water supply and drainage time series data for leak detection.The LSTM-autoencoder
model is specifically engineered to capture latent features from time-series data, enabling
the model to distinguish effectively between normal operational signals and noise. The
model architecture is composed of two integral parts: the encoder, which learns a com-
pressed representation of the input data by identifying key temporal patterns, and the
decoder, which reconstructs the original input from this compressed representation, facili-
tating the detection of anomalies.

The structure of the LSTM-autoencoder is depicted in Figure 2, as follows. The encoder
uses LSTM layers to capture and learn the temporal patterns inherent in time-series data.
This approach takes advantage of the LSTM’s ability to retain long-term dependencies,
which is critical for extracting relevant information from sequences with complex struc-
tures.These features are then transformed into a fixed-size vector Z, which represents a
compressed form of the data. The decoder uses the latent vector Z generated by the encoder
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to reconstruct the original data. By integrating LSTM layers and time-distributed layers,
the reconstructed data minimize errors when compared to the original input data. In this
process, the repeat vector replicates the latent vector Z across each time step of the decoder,
providing the necessary information to reconstruct the temporal patterns. The structure of
the model is as shown in Table 1.

Figure 2. LSTM-autoencoder architecture.

Table 1. LSTM-autoencoder model.

Section Description

Encoder Architecture
Input size: Size of input dimension

Hidden size: Size of hidden state in LSTM layer

Layers: Single LSTM layer

Decoder Architecture

Hidden size: Size of hidden state (same as encoder’s hidden size)

Output size: Size of output dimension (same as encoder’s input size)

Layers: Single LSTM layer

Autoencoder Architecture Model structure composed of encoder and decoder combination

Loss Function Mean squared error (MSE)

Optimizer
Adam optimizer

Learning rate: Value of learning rate (lr)

Training Method

Epochs: Total number of training epochs (num_epochs)

Early stopping: Early stopping with patience of 3 days

Batch size: Batch size for train_loader and val_loader

Model Evaluation
Model evaluation using test loader

Measure model performance by returning average loss

The LSTM-autoencoder model consists of an encoder and a decoder. The encoder has
the same size as the input dimension, is composed of a single LSTM layer, and sets the size
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of the hidden state. The decoder uses the same hidden size as the encoder’s hidden state
and has an output dimension that is identical to the encoder’s input dimension. It is also
composed of a single LSTM layer. The combined autoencoder model uses mean squared
error (MSE) as its loss function and is trained using the Adam optimizer with a specified
learning rate. During training, the model is trained for a specified number of epochs, using
early stopping with a patience of 3. Additionally, batch sizes are set for the train loader and
validation loader. During model evaluation, the test loader is used, and the average loss
value is returned to measure model performance.

The detection of noise signals in this model is based on the analysis of reconstruction
errors produced by the autoencoder. When the LSTM-autoencoder reconstructs data that
contain noise or anomalies, it generates high reconstruction errors, which serve as an indi-
cator that the input data deviate from normal patterns. These anomalies appear as distinct
peaks on a graph, allowing for visual identification of noise. In practical applications, when
unexpected fluctuations are detected in time-series data, the model quickly identifies and
classifies them as noise, distinguishing them from actual leak signals. By analyzing the dif-
ference between the predicted waveform and the actual data, anomalies in the pipeline can
be accurately determined. This improves the accuracy of the leak detection system, reduces
management and operational costs, and helps minimize water resource loss [15–17].

2.3. Signal Detection

Classifying leak data in modern water supply and sewage systems is a complex task
that requires high precision to distinguish among numerous signals within the infrastruc-
ture. This classification is often facilitated by machine learning models trained to recognize
patterns indicating leaks from vast amounts of time-series sensor data [18]. These patterns
are characterized by anomalies in normal operating data, which may include unexpected
pressure changes, flow rates, or acoustic signals that deviate from the baseline. In the pro-
posed paradigm, integrating an ensemble model into the leak detection process is expected
to significantly improve the classification accuracy. An ensemble model is a form of ma-
chine learning that combines the predictions of multiple models to enhance reliability and
accuracy compared to a single-model approach. This approach leverages the strengths of
different models, which together provide more robust predictions by complementing each
other’s weaknesses. Ensemble models significantly enhance the accuracy of leak detection
by reducing issues such as overfitting to the noise in the training data, to which individual
classifiers may be vulnerable. This method enhances the reliability of pipeline management
by minimizing risks and variabilities, combining domain expertise with data-driven predic-
tions, and reducing false alarms. It addresses the inherent complexity of pipeline data and
provides adaptability, allowing the system to evolve with new changes over time [19–21].

To implement such a system, the LSTM-autoencoder serves as an initial noise-reduction
stage, effectively cleansing the data for subsequent classification processes. After the data
have been filtered for noise, the classifier ensemble takes over to determine the presence of
a leak. This decision is reached by aggregating the outputs of multiple classifiers, either
through a voting mechanism, where the majority decision prevails, or by averaging their
predictions to enhance reliability [22,23]. By implementing an ensemble model, the detec-
tion system not only improves accuracy but also enhances the robustness and reliability of
leak detection by mitigating the limitations of individual models. This ensemble approach
is particularly effective in addressing the complex characteristics of pipeline conditions
where single-model approaches may fail. The system’s precision in identifying leaks en-
sures the prompt detection of even minor anomalies, reducing environmental damage from
water loss. This method contributes to the improved maintenance of pipeline systems and
advances pipeline monitoring technology [24].

2.4. Ensemble Model

This ensemble classifier includes a variety of machine learning models, including:
RandomForestClassifier, XGBClassifier, LogisticRegression, KNeighborsClassifier, Decision-
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TreeClassifier, ExtraTreesClassifier, GradientBoostingClassifier, AdaBoostClassifier, SVC
(Support Vector Classifier), MLPClassifier (Multi-Layer Perceptron Classifier), LGBMClas-
sifier (LightGBM Classifier), and CatBoostClassifier.

• RandomForestClassifier: Combines multiple decision trees trained on random subsets
of data. The final output is determined by averaging the predictions of these trees,
offering high accuracy and resistance to overfitting.

• XGBClassifier: An enhanced gradient-boosting model that corrects the errors of previ-
ous models sequentially. It is known for its fast speed and high performance, especially
in data science competitions.

• LogisticRegression: A probabilistic model for binary classification, predicting the
probability of a specific class by limiting results to values between 0 and 1.

• KNeighborsClassifier: An instance-based learning algorithm that classifies data points
by finding the k nearest neighbors in the dataset.

• DecisionTreeClassifier: A tree-structured model where nodes represent decisions based
on data features, and leaf nodes indicate final classification outcomes.

• ExtraTreesClassifier: An ensemble learning technique that is similar to RandomForest
but uses more trees and introduces additional randomness in the decision splits.

• GradientBoostingClassifier: Sequentially improves weak predictive models by focus-
ing on reducing errors and minimizing the loss function during training.

• AdaBoostClassifier: Combines weak learners into a strong learner by sequentially
improving models, giving higher weights to misclassified instances.

• SVC (Support Vector Classifier): A support vector machine-based classifier that identi-
fies the decision boundary with the maximum margin between classes.

• MLPClassifier (Multi-Layer Perceptron Classifier): A neural network-based classifier
with one or more hidden layers, which is capable of learning complex patterns in data.

• LGBMClassifier (LightGBM Classifier): A lightweight gradient boosting machine
known for its efficiency in handling large-scale data and fast learning speeds.

• CatBoostClassifier: A gradient boosting classifier that excels in handling and convert-
ing categorical variables automatically.

These classifiers undergo a grid search for hyperparameter optimization. They learn
different aspects of the data and contribute to the final prediction through a voting system.
This ensemble approach provides more robust and accurate classification performance than
any single model, ensuring the accurate classification of data into actual leak signals and
normal signals [25–27].

3. LSTM-Autoencoder-Based Noise Signal Detection
3.1. System Framework

The proposed framework is structured into three distinct processes, each designed
to handle specific tasks in the processing pipeline for time-series data. These processes
include noise signal estimation, noise attenuation, and final data classification, all working
together to ensure accurate leak detection.

The structure of the proposed framework is depicted in Figure 3, as follows.

• Noise Signal Estimation: This process is the initial process after collecting time-series
data. In the LSTM-autoencoder, the key features of the time-series data are learned
and condensed into a low-dimensional representation, denoted as Z. Noise is de-
tected by comparing this compressed representation with the original time-series data;
significant discrepancies indicate the presence of noise. This process allows for the
identification of anomaly causes in the data and minimizes the impact of noise.

• Noise Signal Attenuation: This process removes the noise identified in the noise signal
estimation process. It detects parts with significant deviations compared to the actual
data and focuses on noise reduction in areas with a high proportion of anomalies.
This includes reducing outliers while optimizing the overall data’s loss value. After
processing, the noise-reduced data are passed to the next process, the ensemble model.
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• Normal and Leak Data Classification: In the final process, the ensemble model, which
combines multiple classifiers (Classifier 1 to Classifier N), performs a final prediction.
Each classifier learns different aspects of the data, and their results are reflected in the
final decision through voting. The combined ensemble model provides a more robust
and accurate classification performance than a single model. As a result, the noise-
reduced data are accurately classified into ’Real Leak Signal’ and ’Real Normal Signal’.

This framework provides a powerful tool for processing real-time or large-scale time-
series data, effectively reducing noise, and quickly detecting and responding to issues
through accurate classification.

Figure 3. Proposed framework.

3.2. Loss Function

The noise signal estimation layer plays a critical role in the initial processing of the
collected time-series data, where it conducts a preliminary analysis aimed at detecting and
quantifying noise within the dataset. This layer identifies data segments that significantly
deviate from expected patterns, marking them as potential noise. In this study, approx-
imately 30% of the data collected from the installation point to the present are selected
and used as the training dataset. The selected data are fed into an autoencoder model inte-
grated with LSTM, which is designed to learn the complex dynamic patterns of time-series
data. After training the model, new data collected in the actual operating environment are
reconstructed through the structure. The difference between the reconstructed data and
the actual collected data is calculated to detect noise. If the reconstruction error exceeds
a threshold, the data point is considered to deviate from the expected normal flow and
is classified as noise. The threshold can be adjusted based on the distribution of the data
and the characteristics of the noise. In this study, the optimal threshold is derived through
cross-validation. Through this process, the model can identify noise in real-time, provid-
ing critical foundational data for subsequent processing stages such as noise attenuation
and data classification within the overall framework. To evaluate the performance of the
noise signal estimation layer, experiments were conducted using real time-series data that
includes various types of noise, demonstrating the model’s effectiveness.

This section describes the configuration and optimization method of the loss function
related to the noise-attenuation process derived from the noise signal estimation layer. The
primary goal of the noise signal attenuation layer is to minimize the impact of the data
segments that contain the identified noise. A systematic approach using reconstruction
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error is adopted to achieve this. The noise signal attenuation process focuses on segments
where the reconstruction error exceeds a specific threshold, and it gradually reduces the
difference from the actual data in those segments. This adjustment is made by progressively
decreasing the parts of the actual data corresponding to the noise.

The loss function is defined as shown in Equation (1):

L(x, x̂) =
N

∑
i=1
|xi − x̂i| (1)

Here, x represents the actual data, x̂ is the data reconstructed by the autoencoder, and
N is the total number of data samples. The goal is to minimize the sum of the absolute errors
for each i-th data point [28,29]. The threshold is determined based on the outlier values of
the reconstruction error. The outlier value is selected from among the values corresponding
to 95% to 100% of the data, and this process is carried out while gradually decreasing
at an interval of one-thousandth. The threshold at each step is determined as shown in
Equation (2):

θp = Quantile(L(x, x̂), p) (2)

Here, θp represents the threshold corresponding to the p-th percentile [30,31]. The
optimal threshold is selected to minimize the total loss value for the entire dataset while
maximizing the noise attenuation effect for the outlier segments. In this study, we observed
changes in the loss function as the threshold θ is varied, and through this process, we
selected the optimal θ value. To evaluate the performance of this layer, various experiments
were conducted on the loss function. These served as crucial indicators for assessing the
impact of the noise-attenuation process on the actual data.

3.3. Voting

After reducing noise using the LSTM-autoencoder, frequency characteristics were
extracted through fast Fourier transform (FFT) preprocessing. This step is crucial, as it
highlights essential features of the signal that may not be clear in the time domain.

X(k) =
N−1

∑
n=0

x(n)e−i2πkn/N (3)

Here, X(k) represents the k component in the frequency domain representation, x(n)
is the n component of the time domain signal, N is the total number of samples, and e is the
base of the natural logarithm. By mapping the time domain data to the frequency domain,
the FFT reveals patterns and trends within the frequency band. The detected anomalies
allow for the visual confirmation and precise classification of signals suspected of leakage,
enabling continuous monitoring of the system.

This process allows for the identification of patterns and trends within the frequency
band, which is crucial for detecting suspected anomalies within the signal. Through this
frequency analysis, suspected leaks can be visually confirmed, accurately classified, and
continuously monitored within the system. This post-processing step sets the stage for more
detailed analysis, providing refined and frequency-enhanced data as input for subsequent
ensemble classification [32–35]. In the classification stage, a classifier ensemble using various
machine learning algorithms or parameter settings is applied. Each classifier Ci within the
ensemble can be modeled as follows:

y = Ci(x; θi) (4)

Here, y represents the predicted value, Ci is the i classifier, x is the input data, and θi is
the parameter of the i classifier.

Decision trees, support vector machines, and neural networks are trained on the
frequency domain data to distinguish between normal operational noise and leakage
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characteristics. This step ensures that the complex features of the leakage are captured by
the collective ability of the classifiers [36]. In the voting stage, the predictions from each
classifier are aggregated to reach a final decision. The aggregation can be performed in the
form of a weighted sum, where the weight wi represents the reliability of the i classifier:

Yfinal =
n

∑
i=1

wi · yi (5)

Here, Yfinal is the aggregated output, n is the number of classifiers, and yi represents
the prediction of the i classifier. The weight coefficient Wi represents the reliability of each
classifier with weights assigned based on the error rate of each classifier. The lower the
error rate, the higher the weight assigned. If the error rate of classifier i is Errj, the weight
is determined accordingly.

wi =
1− Erri

∑n
j=1(1− Errj)

(6)

This consensus-based mechanism is designed to reduce the bias or errors of individual
classifiers, thereby enhancing the overall system’s reliability. A model that reaches a con-
sensus through majority voting signals potential leakage and triggers an alert for further
investigation or immediate action according to the established operational protocols [37,38].

4. Experimental Application
4.1. Experimental Environment

Table 2 shows the experimental environment of the hardware and software used to
conduct the study. The hardware configuration included an Intel Xeon Silver 4216 CPU @
2.10 GHz processor (Intel, Santa Clara, CA, USA) and four NVIDIA RTX A5000 graphics
cards (NVIDIA, Santa Clara, CA, USA). The operating system used in the software is
Ubuntu 18.04.6 LTS. We used Python 3.10.9 as a programming language, which is widely
used in the field of data analysis and machine learning. We also utilized TensorFlow 2.11.0,
an open-source machine learning framework, to develop and run our model. TensorFlow
provides a variety of libraries related to deep learning model development.

Table 2. System specifications.

Hardware Environment Software Environment

CPU: Intel Xeon Silver 4216 CPU @ 2.10 GHz
GPU: 4 x NVIDIA RTX A5000
Memory: 256GB DDR4
Storage: 2TB SSD OS: Ubuntu 18.04.6 LTS
Framework: TensorFlow 2.11.0
Programming Language: Python 3.10.9

4.2. Dataset and Data Preprocessing

To detect leaks in water supply pipelines, battery-powered IoT sensor modules are
deployed, utilizing Industrial Internet of Things (IIoT) sensor networks and LTE-M network
technology. These sensors are designed to detect vibrations and transmit the collected time-
series data to a cloud system at specified intervals via the LTE-M network.

Field surveys are conducted to determine the optimal location for gate valve installa-
tions, taking into account factors such as accessibility, environmental conditions, and signal
strength. As shown in Figure 4, an antenna is connected to the sensor to facilitate smooth
communication with the cloud system through the LTE-M network. The connection status
is checked to ensure that the signal strength is strong enough, thereby ensuring stable
data transmission.
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Figure 4. Actual valve installation site.

As illustrated in Figure 5, the sensor, equipped with the connected antenna, is attached
to the pipeline inside the gate valve. The sensor is securely mounted so that its center was in
close contact with the pipeline, enabling the accurate measurement of vibrations transmitted
through the pipeline. The antenna is firmly affixed to the valve to enhance communication
stability and was positioned close to the ground to optimize the communication rate with
the server.

Figure 5. Completed sensor installation.

As shown in Figure 6, the antenna attached to the sensor is installed near the ground
to improve the communication rate with the server. The sensor collects vibration data
according to a pre-set period and method, with the collected data being transmitted to the
cloud system through the LTE-M network. The transmission interval is adjustable, typically
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ranging from a few minutes to several hours. The transmitted data are stored in the cloud
system for real-time monitoring and analysis [39].

Figure 6. Sensor installation close to the ground.

The experiment utilized sensor data provided by the S Company, including instances
where leaks were detected in actual water pipelines. As depicted in Figure 7, data collection
and processing were thoroughly conducted. This dataset comprises a total of 19,697 leak
cases and 20,000 normal cases. The data were meticulously gathered, encompassing various
variables such as the pipeline material at the leak point, the time of the leak, the type of
leak, and the location of the sensors. This comprehensive dataset reflects diverse environ-
mental conditions and scenarios, enabling an effective evaluation of the leak detection
algorithm’s performance.

Figure 7. Use case of leak detection.

In the dataset, sensor data are listed in chronological order. The oldest 30% of the
data was used to train the model, during which outliers were removed to ensure that the
noise signal estimation model could clearly classify noise in the data that is not part of the
training dataset. To remove noise from the dataset, a combination of an autoencoder and
LSTM models is employed. The autoencoder extracts the main features of the time-series
data, while the LSTM learns the dynamic patterns of the time-series data based on these
features. This process allows the model to estimate noise signals in the time-series data and
analyze reconstruction errors to identify and filter out noise [39].
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Figures 8 and 9 illustrate the frequency analysis of leakage data, showcasing the
process of detecting leaks through FFT analysis. Figure 8 represents the time-series data of
the leakage, where the x-axis indicates the number of samples over time, and the y-axis
displays the range of measured values. By contrast, Figure 9 presents the frequency data
obtained through the FFT, with the x-axis representing frequency (Hz) and the y-axis
showing the amplitude of the frequency components. The FFT graph in Figure 9 reveals
prominent peaks, particularly in the lower frequency range, indicating the key frequencies
where the leakage signal is most significant. This contrast between the time-domain and
frequency-domain representations highlights the importance of frequency analysis in
identifying the characteristics of the leakage. However, a significant challenge arises when
noise is present in the data. While frequency analysis can help identify leakage signals,
distinguishing between the actual leakage signal and noise becomes difficult when both
are mixed. This can lead to inaccuracies in diagnosing the leakage. To address this issue,
the proposed architecture aims to extract the pure leakage signal by effectively removing
noise from the data. This approach ensures that the analysis focuses solely on the true
characteristics of the leakage, leading to more accurate detection and monitoring.

The model infers the waveform at time points not in the training data using the
remaining 70% of the dataset. Figure 10 shows the difference between actual and predicted
waveforms at noise-free time points. The x-axis represents the number of collected samples,
while the y-axis shows the magnitude of the actual collected data. When the pipeline
operates normally, the difference between the actual time series data and the predicted data
is minimal, indicating consistency in vibration data during normal system operation. The
difference between actual values (blue) and predicted values (orange) is generally small,
suggesting that the prediction model closely follows the pattern of the actual data. The
data scale ranges between −3 and 3, indicating proper scaling of the data. The orange area
represents the range of predicted values, which mostly encompasses the variation range of
the actual values, indicating a high accuracy of the model for noise-free data. The small
difference between actual and predicted data during normal system operation implies high
reliability, facilitating easier detection of anomalies like leaks.

Figure 11 shows the difference between actual and predicted waveforms at noisy time
points. This figure illustrates the difference between actual and predicted values for data
with noise. The x-axis represents the number of collected samples, while the y-axis shows
the magnitude of the actual collected data. When noise is present, the difference between
actual data (blue) and predicted data (orange) becomes larger, especially in segments
with significant noise. This discrepancy is crucial for assessing the model’s capability
to handle noisy data. The orange area represents the range of predicted values, which
mostly encompasses the variation range of the actual values, indicating that the model still
captures the fundamental pattern of the data even with noise. However, as noise increases,
the difference between predicted and actual values tends to grow. In particular, in some
segments, the predicted values fail to follow the large fluctuations of the actual values,
indicating the negative impact of noise on the model’s prediction performance.

In Figure 12, the x-axis represents the number of collected samples, while the y-axis
shows the magnitude of the actual collected data. This figure compares the flow of actual
and reconstructed data for samples with noise, showing noise attenuation for these samples.
The pink graph represents the noise-attenuated data. The noise-attenuation process refines
the data to clarify the original useful signal. The pink graph, showing noise-attenuated
data, reveals the vibration pattern of the actual data more clearly, which is crucial for
improving the accuracy of the leak detection system. After noise attenuation, the pink
graph shows reduced differences between actual and predicted values, allowing the model
to predict data patterns more accurately. This enhances the system’s performance in noisy
environments. As shown in Figure 12, data identified with noise are attenuated, focusing
on sections with large variations to minimize the impact of noise.
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Figure 8. Leak data without noise.

Figure 9. FFT for leak data.

Figure 10. Actual and predicted values for data without noise.
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Figure 11. Actual and predicted values for data with noise.

Figure 12. Noise attenuation.

After noise attenuation, the data undergo FFT preprocessing, which is widely used in
vibration signal analysis to extract frequency characteristics. This step highlights important
features of the signal that are not apparent in the time-domain data and are crucial for
identifying patterns and trends in the frequency domain. Through frequency analysis,
suspicious portions of the signal can be identified, visually confirmed, and accurately
classified as suspected leaks, allowing the continuous monitoring of the system’s condition.
This process lays the foundation for subsequent analysis. The extracted frequency data
are then fed into an ensemble classifier. This ensemble classifier is a system composed of
various integrated machine learning models that distinguishes actual leakage events from
normal conditions with high accuracy for the given dataset. Each model is independently
trained to analyze data from different aspects, and their predictive results are combined
to determine the final leakage status. In this process, the ensemble model overcomes the
limitations of individual models, minimizes error possibilities based on their strengths,
and ultimately provides more reliable leak detection results. This approach enables more
sophisticated and efficient leak detection methods for water supply and drainage systems,
allowing for quicker and more accurate responses to potential issues.

4.3. Evaluation Metrics

Several evaluation metrics are commonly used to assess the performance of classifica-
tion machine learning models. Some of the most popular metrics are as follows:
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Accuracy: The most intuitive and simplest metric, measuring the ratio of correctly
predicted instances to the total number of instances. It gives a quick overview of how well
the model performs.

Accuracy =
True Positive

True Positive + False Positive + True Negative + False Negative
(7)

Recall: Measures the ratio of correctly predicted positive instances out of all actual
positive instances in the data. It is useful when the cost of false negatives is high. It shows
how well the model captures actual positive cases.

Recall/Sensitivity =
True Positive

True Positive + False Negative
(8)

Precision: Measures the ratio of correctly predicted positive instances. It is useful when
the cost of false positives is high. This indicates how well the model ensures the correctness
of positive outcomes.

Precision =
True Positive

True Positive + False Positive
(9)

F1 Score: The harmonic mean of precision and recall, providing a balanced metric that
considers both false positives and false negatives. It offers a comprehensive evaluation of the
model’s performance on both fronts [40,41].

F1-Score =
2 · Sensitivity · Precision
Precision + Sensitivity

(10)

Area under the curve (AUC) represents the area under the receiver operating charac-
teristic (ROC) curve. The ROC curve is a tool for visualizing the performance of a binary
classifier, displaying the true positive rate (TPR) and the false positive rate (FPR) at various
classification thresholds. TPR is the same as recall and indicates the ratio of actual posi-
tive cases correctly predicted as positive. FPR indicates the ratio of actual negative cases
incorrectly classified as positive.

TPR =
True Positive

True Positive + False Negative
(11)

FPR =
False Positive

True Negative + False Positive
(12)

The AUC value ranges between 0 and 1. A perfect classifier has an AUC of 1, while
completely random guessing has an AUC of 0.5. Therefore, the higher the AUC value
above 0.5, the better the model’s performance. AUC is a metric that fairly evaluates the
performance of a model even with imbalanced datasets. For example, when the sample
size of one class is significantly larger than the other, AUC still reflects this imbalance well.
AUC comprehensively evaluates the performance change when the model’s predicted
probability threshold is altered. This allows for an overall assessment of the model’s
performance without depending on a specific threshold.

5. Results and Discussion
5.1. Results

The architecture proposed in this study represents a significant advancement in water
pipeline leakage detection technology, introducing an innovative combination of machine
learning models and advanced signal processing techniques to address challenges in
this field. Compared to existing methods, the proposed framework offers several key
improvements, which are highlighted in this section.
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Figure 13 shows a comparison of the accuracy of the existing and proposed architectures
for each model. The proposed model shows improvement in accuracy across all models,
particularly in the RandomForest and XGB models.

Figure 13. Accuracy.

Figure 14 shows a comparison of the precision of the existing and proposed architectures
for each model. In terms of precision, the proposed model also outperforms the existing model,
indicating that the model makes more accurate predictions with fewer false positives.

Figure 14. Precision.

Figure 15 shows a comparison of the recall of the existing and proposed architectures
for each model. The recall comparison results show that the proposed model records higher
recall than the existing model, indicating an improved ability to capture true positive cases.
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Figure 15. Recall.

Figure 16 shows a comparison of the F1 scores of the existing and proposed architectures
for each model. The F1 score, which represents the harmonic mean of precision and recall,
also shows that the proposed model outperforms the existing model, indicating a balanced
improvement in overall performance.

Figure 16. F1 scores.

Figure 17 compares the AUC scores before and after applying the proposed architec-
ture, showing an increase in AUC scores for most models, thus validating the effectiveness
of the proposed approach. The following table presents the performance evaluation metrics
of the models before and after applying the proposed architecture to 12 different models.
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Figure 17. AUC scores.

Table 3 compares the performance of the ensemble model without noise removal and
the proposed architecture. When using existing machine learning models, noise signals
included in the data sometimes misled the models, causing incorrect learning as if the noise
was an actual leak signal. This often led to incorrect predictions. By contrast, the proposed
architecture effectively removes noise through a noise-attenuation process, allowing the
models to focus on actual leak signals. This process emphasizes the important features
of the signals, improves the data quality, and enhances the overall performance of the
classifiers. The noise-attenuated data provide clearer vibration patterns, which serve as
critical information for the models to recognize leak signals. Additionally, the proposed
architecture uses an ensemble classifier that combines multiple models, enabling a more
accurate distinction between leaks and normal states.

Table 3. Performance comparisons.

Model
Existing Models Proposed Models

Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

RandomForest 0.9558 0.979 0.9593 0.969 0.9814 0.9855 0.9822 0.9838
XGB 0.957 0.9806 0.9593 0.9699 0.9827 0.9877 0.9822 0.9849
LogisticRegression 0.8025 0.7906 0.9872 0.878 0.9801 0.9865 0.9789 0.9827
KNeighbors 0.9558 0.9845 0.9537 0.9689 0.9807 0.9844 0.9822 0.9833
DecisionTree 0.9434 0.9683 0.9526 0.9604 0.9827 0.9877 0.9822 0.9849
ExtraTrees 0.953 0.9729 0.9615 0.9672 0.982 0.9855 0.9833 0.9844
GradientBoosting 0.9518 0.974 0.9588 0.9663 0.9814 0.9855 0.9822 0.9838
AdaBoost 0.9554 0.9806 0.9571 0.9687 0.9801 0.9822 0.9833 0.9828
SVC 0.9554 0.9811 0.9565 0.9687 0.982 0.9877 0.9811 0.9844
MLP 0.9398 0.9546 0.9621 0.9584 0.9782 0.9822 0.98 0.9811
LGBM 0.9514 0.975 0.9571 0.966 0.9814 0.9855 0.9822 0.9838
CatBoost 0.9542 0.9757 0.9604 0.968 0.982 0.9866 0.9822 0.9844

After applying the proposed architecture, the performance of most models improved
noticeably. For instance, the accuracy of RandomForest increased from 0.9558 to 0.9814,
and for XGB, the accuracy increased from 0.957 to 0.9827, with recall rising from 0.9593
to 0.9877. The Logistic Regression model showed a significant improvement in accuracy
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from 0.8025 to 0.9801. These enhancements indicate that the proposed architecture is highly
effective in improving the accuracy and reliability of leak detection.

5.2. Discussion

Existing leak detection methodologies often struggle with accurately identifying leaks
in real-world environments due to noisy sensor data, complex pipeline conditions, and
aging infrastructure. Traditional approaches typically rely on statistical methods or basic
machine learning models, which can be prone to errors in noisy or variable data. These
methods frequently misclassify normal conditions as leaks or fail to detect subtle signs
of leakage, leading to false alarms or undetected water loss. By contrast, the proposed
architecture utilizes a combination of LSTM-autoencoders and ensemble learning models to
address these challenges. By incorporating advanced noise signal estimation, damping, and
FFT preprocessing, this approach is capable of filtering out noise more effectively, leading
to superior accuracy in leak detection. The integration of ensemble models ensures robust
performance across diverse data characteristics, further enhancing the reliability of the sys-
tem. This is particularly crucial in real-time monitoring, where accurate detection and quick
response are essential for preventing water loss and minimizing infrastructure damage.

The experimental results demonstrate that the proposed system outperforms tradi-
tional models in several critical metrics, such as accuracy, precision, recall, and F1 score.
For example, the RandomForest classifier’s accuracy improved from 95.58% to 98.14%,
while the F1 score increased from 96.9% to 98.38%. Similar improvements were observed
across other classifiers, including XGB, CatBoost, and Logistic Regression, showcasing the
effectiveness of the proposed noise-attenuation and ensemble modeling techniques. The
proposed architecture offers several key advantages that make it highly effective for water
pipeline leakage detection. First, the system demonstrates improved accuracy and precision,
largely due to its advanced noise reduction process. By filtering out irrelevant signals, the
architecture is able to focus on meaningful data, which significantly reduces false alarms
and enhances the overall detection precision. Additionally, the use of an LSTM-autoencoder
enables the system to detect even subtle leakage signals, leading to an increase in recall.
This capability ensures that more leakage events are captured, improving the overall leak
detection efficiency. The architecture also exhibits strong robustness against noisy data,
which is critical in real-world environments where sensor data are often contaminated
by external factors or equipment issues. The system effectively filters out noise, ensuring
accurate classification even in challenging conditions. Finally, the adaptability of the system
to diverse conditions is a major strength. Through ensemble learning, the architecture is
capable of handling various pipeline conditions and data characteristics, making it highly
versatile and applicable in a wide range of environments. This flexibility ensures that the
system can be effectively used in different scenarios without sacrificing performance.

Building on these results, future research will focus on quantifying leak volumes
through frequency analysis and investigating the correlation between signal anomalies and
actual water loss. Additionally, the potential for applying the proposed approach to other
types of infrastructure systems and data will be explored, aiming to develop a universal so-
lution for leak detection and monitoring across various environments. Continuous research
will be conducted to further refine the model’s predictive power, ensuring its practical
utility in public utility management.

6. Conclusions

The results of this study demonstrate a significant advancement in the field of water
pipeline leak detection. By integrating LSTM-autoencoder with ensemble machine learning
methods, the proposed architecture effectively addresses the limitations of existing detec-
tion systems. The combination of noise estimation, attenuation, and FFT preprocessing
techniques enables the model to accurately differentiate between noise and actual leakage
signals, improving both sensitivity and precision in real-time monitoring. The use of ensem-
ble classifiers further enhances the robustness and reliability of leak detection by leveraging
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multiple machine learning algorithms, ensuring higher predictive accuracy. The proposed
framework was validated through comprehensive experiments in various environmental
conditions, showing significant improvements in detection accuracy, resource conservation,
and cost efficiency. Overall, this study sets a new benchmark for machine learning-based
leak detection systems and demonstrates the practical utility of the proposed architecture.
The findings not only enhance the detection of water pipeline leaks but also open opportu-
nities for applying this methodology to other time-series data analysis scenarios, making it
a versatile tool for infrastructure management. Future research will focus on expanding the
applicability of the model and further refining its predictive capabilities.
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