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Abstract— Aging water and sewage pipelines require effective 

monitoring as leakage and burst incidents pose environmental, 

economic, and public safety risks. Many existing studies rely on 

laboratory or simulated data from electrical sensors installed in 

harsh sewer environments, which require regular cleaning and 

calibration. The novelty of this work lies in presenting a 

systematic, real-world evaluation of machine learning models for 

pipeline leak detection using fiber Bragg grating-based pressure 

sensors deployed in an operational pipeline test facility for the 

first time. The models evaluated include supervised models, such 

as Random Forest and Extreme Gradient Boosting (XGBoost), 

and unsupervised models, such as Long Short-Term Memory 

(LSTM) and LSTM Autoencoder.  These models are compared 

under identical experimental conditions and were evaluated 

under both serial (single sensor) and parallel (multi-sensor) 

configurations, using sliding windows of varying lengths. 

Weighted precision and F1-scores were used to address strong 

class imbalance across leak sizes. Results show that XGBoost 

achieved the best overall performance, reaching 77% precision 

and 52% F1-score at a 45-point window length. The results 

obtained are better than those reported in previous work, most of 

which rely on simulations or laboratory datasets and critically do 

not evaluate models under real operational pipeline conditions, as 

is done here. The findings demonstrate the robustness of 

supervised XGBoost when applied to small, noisy real-world 

datasets and they highlight the feasibility of integrating ML-

based FBG sensors into cloud-enabled pipeline monitoring 

systems. 

 
Index Terms—Fiber Bragg grating (FBG) sensor, leak detection, 

machine learning, pipeline monitoring. 

 

I. INTRODUCTION 

HE aging water and sewage pipelines pose significant 

environmental, economic, and public safety risks. 

Rising leak and burst incidents, such as those reported 

in Gloucester (May 2025) and Oxford (July 2025) [1], [2], 

highlight the need for reliable real-time leak detection systems 
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capable of continuous operation in harsh environments. 

Fiber Bragg grating (FBG) pressure sensors have emerged 

as promising candidates for pipeline monitoring applications 

due to their immunity to electromagnetic interference, 

corrosion resistance, and high sensitivity [3]-[5]. FBG-based 

sensors have been used to characterize pipeline flow and leaks 

via physics-based signal analysis [6]-[9]. For example, Bian et 

al. have estimated flow velocity using flow-induced vibration, 

without using Machine Learning (ML) [9]. However, these 

methods depend on manual feature engineering and 

calibration, limiting robustness under varying conditions. ML 

instead learns nonlinear patterns directly from raw data, 

enhancing adaptability, scalability, and real-time leak 

detection without explicit physical modeling. An example of 

this is in the work of Jia et al. who combined FBG hoop strain 

sensors with a BP neural network for leak localization under 

simulated transient conditions [10]. Thus, while prior work 

has demonstrated the feasibility (and indeed value) of FBG-

based leak detection [11], no reported study has systematically 

compared supervised and unsupervised ML models using real-

time FBG pressure data from an operational test facility. 

Existing ML approaches often rely on electronic or acoustic 

sensors and offline or laboratory datasets, lacking structured 

comparisons under varying leak conditions [10], [12]. This 

work distinguishes itself by using a dataset collected from the 

National Distributed Water Infrastructure Facility at the 

University of Sheffield in the UK, in which the system was 

subjected to various leak conditions. 

Further, ML has been widely applied to leak detection using 

electrical and acoustic sensors in laboratory or simulated 

environments, often reporting a very satisfactory performance 

[13]-[27]. However, models developed, and which are based 

solely on simulated data may not generalize to real-world 

conditions, where environmental variability, noise, and class 

imbalance are inherent. Several IoT-based studies have been 

reported which combine ML with electronic or acoustic sensors. 

For example, João et al. [13] achieved 85% accuracy in 

laboratory settings and 75% in field trials using a wireless flow 

sensor network with Random Forest. Large-scale deployments 

such as the Dubai Electricity and Water Authority (DEWA) 

system reported 66–85% precision using electronic flow, 

pressure, and temperature sensors with ML models including 

Isolation Forest, SVM, and LSTM [14]. Deep learning 

approaches, such as 1D-CNN for acoustic sensing [15] and 

T 
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embedded ML on low-power devices [16], have also been 

explored. Despite promising results, these systems rely on 

power-driven electronics susceptible to energy constraints, 

degradation, and calibration drift in harsh sewer environments. 

By contrast, FBG-based sensors offer durability, a multiplexing 

capability, and thus good suitability for corrosive conditions [4]. 

Yang et al. [28] achieved 97% accuracy in oil and gas pipelines 

using FBG-based vibration and acoustic sensing with CNN-Bi 

LSTM, while Gemeinhardt et al. [29] have reported an F1-score 

of 90% using distributed temperature and acoustic sensing in 

laboratory experiments. Additional studies investigated FBG-

based pipeline protection and multi-leak classification [30]-[37]. 

However, most existing work remains limited to controlled or 

simulated conditions and does not provide the important 

systematic comparisons of supervised and unsupervised ML 

models using real-world FBG-based pressure data from 

operational test facilities. 

The most relevant studies are summarized in Table I, 

highlighting sensor types, environments, models, and reported 

performance. As shown, the majority rely on simulated or 

controlled datasets from electronic or distributed acoustic 

sensors. 

TABLE I 

Machine learning leak detection studies 

Study Sensor Type Environ

ment 

Model Metric 

João et 

al. [13] 

Flow Sensors Lab 

+Field 

RF 85% 

accuracy 

DEWA 

[14] 

Pressure, 

Temperature 

Sensors 

Real 

 

SVM 85% 

Precision 

Islam et 

al. [16] 

Microphone 

(acoustic) 

Lab ANN 98% 

accuracy 

Zang et 

al. [21] 

pressure 

sensor 

Simulated 

Data 

SVM 98% 

accuracy 

Yang et 

al. [28] 

FBG sensors 

(acoustic) 

Lab CNN + Bi 

LSTM 

97% 

accuracy 

Gemein

hardt et 

al. [29] 

FBG sensors 

(acoustic) 

Lab DFM 90% 

F1 score 

 

To the best of the authors’ knowledge, no prior study has 

systematically compared supervised and unsupervised ML 

algorithms using real-world FBG pressure data from a pipeline 

test facility. This paper evaluates both learning paradigms 

under serial and parallel sensor configurations and 

benchmarks their performance against state-of-the-art leak 

detection models reported in the literature. 

II. DATASET AND PREPROCESSING 

In this study, data were collected from four surface-

mounted FBG-based pressure sensors (S1–S4) installed on a 

37 m high-density polyethylene pipeline at the National 

Distributed Water Infrastructure Facility, University of 

Sheffield, UK (see Fig. 1). As shown in Fig.1 (a), water was 

supplied by a constant 5m header tank (0.5 bar) with a U-bend 

section near the end ensuring that the pipe is always full, i.e. 

providing reliable pressure readings. A leak inducing valve 

was positioned centrally between them to generate pressure 

transients which then propagated along the pipeline. 

Variations in the sensor-to-leak distance resulted in different 

signal magnitudes, directly influencing the wavelength 

responses used for ML analysis. Fig.1 (b) shows a sensor 

attached securely to the pipe to ensure effective pressure 

transfer. Fig.1 (c) shows the leak size was adjusted by 

changing disks, each with different hole sizes. Further 

information on the detailed sensor design and installation 

issues, which are beyond the scope of this paper, are reported 

in for example the work of Venketeswaran et al. [37]. 

 
Fig. 1. Full pipeline layout at the National Distributed Water 

Infrastructure Facility, University of Sheffield, UK. (a) 

Experiment layout; (b) Sensor attached to pipe; (c) Leak point. 

 

Fig. 2 shows representative sensor responses to a 12 mm 

leak test schedule. Each test started with a zero-pressure 

baseline which was recorded for approximately 150 s. The 

main valve (Fig. 1(a)) was then opened, and the flow was 

allowed to stabilize for 120 s, before the leak valve was 

opened for around 60 s. This was followed by stable flow for 

90 s, before the main valve was closed. This was repeated 20 

times for different leak sizes with inherent class imbalance 

(see data in Table II). 

 
Fig. 2. Representative experimental leak test showing gauge 

pressure at four different sensor locations (S1–S4). 

 

Data were acquired using an FBG interrogator (Micron 

Optics si155), with raw wavelength signals recorded at 5 kHz. 

For ML processing, signals were down-sampled to 17 Hz after 

evaluating multiple rates, as this preserved leak dynamics 

while reducing computational and bandwidth requirements. 

Fig. 3 shows a spectrogram of the leak event (±10 s). The 

Nyquist frequency (8.5 Hz) of the 17 Hz down-sampled signal 
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was marked by the white line. The dominant leak energy was 

seen to lie below this limit, indicating that down-sampling 

does not remove the critical frequency components. 

 

 
Fig. 3. Spectrogram of leak event showing dominant energy 

below the Nyquist frequency (8.5 Hz) of the 17 Hz down-

sampled signal. 

 

TABLE II 

Dataset distribution by leak size 

Leak size (mm) Number of test files 

12 3 

10 7 

8 6 

7 4 

III. MACHINE LEARNING MODELS AND EVALUATION 

PROTOCOL 

A. Model Overview 

Both supervised and unsupervised models were evaluated to 

provide a balanced comparison across learning paradigms for 

‘true-to-life’ noisy FBG time-series data. Random Forest (RF) 

and Extreme Gradient Boosting (XGBoost) were selected as 

supervised baselines due to their robustness to noise, nonlinear 

modeling capability, and strong performance on small, 

imbalanced datasets, with RF reducing variance via ensemble 

averaging and XGBoost using regularized gradient-boosted 

trees for improved generalization [39], [40]. Long Short-Term 

Memory (LSTM) and LSTM Autoencoder (LSTM-AE) were 

included to capture temporal dependencies [41], [42]. RF and 

XGBoost were trained on labeled ‘leak/no-leak’ data, while 

LSTM and LSTM-AE were trained only on ‘no-leak’ samples, 

with anomalies identified via prediction or reconstruction 

thresholds. This setup enables a systematic comparison 

between tree-based ensembles and deep recurrent 

architectures, under identical experimental conditions. 

B. Training and Testing Procedure 

To ensure reproducibility and avoid temporal bias, the 

dataset was split by file into 70% training, 15% validation, and 

15% testing using a fixed random seed (42). This prevented 

data from the same file appearing in multiple sets. The models 

were evaluated under two input configurations: 

a) Serial mode: Single input with all sensor data treated as a 

1D sequence (Fig. 4 Top). 

b) Parallel mode: Individual inputs for each sensor, 

capturing cross-sensor correlations (Fig. 4 Bottom). 

 

 
Fig. 4. Input configurations: (Top) Serial mode, single sensor 

input; (Bottom) Parallel mode, multi sensors input (n=4). 

 

Overlapping sliding windows of size W ∈ {1, 5, 10, 15, …, 

50} with step size of 1 were applied to 17 Hz down-sampled 

signals (0.06–2.94 s spans). As leak onsets occur over 1 s (Fig. 

2), this range captures transients and early steady-state 

behavior, while limiting detection latency. The window length 

was capped at 50 samples to satisfy real-time constraints. 

Signals were z-score normalized using training data. Models 

were implemented in Python (Scikit-learn, 

TensorFlow/Keras). 

In a parallel configuration, models assumed all sensor 

channels are available. In practice, however, dropouts can and 

will occur due to communication loss or hardware faults. 

During preprocessing, missing or faulty samples can be 

identified using not a number (NaN), out-of-range, and flatline 

checks, and the affected windows are flagged. If a fault was 

detected, parallel inference would be suspended and a data-

quality alarm then issued until valid multichannel data 

operation resumes, preventing unreliable predictions and 

explicitly notifying operators. 

C. Hyperparameter Settings 

To maintain a fair comparison and to emphasize 

architectural differences rather than parameter tuning, 

hyperparameters were fixed across all experiments rather than 

optimized, as shown: 

• RF: 200 trees (serial) / 300 trees (parallel), max depth = 10 

• XGBoost: 300 estimators, max depth = 6, learning rate = 

0.05 

• LSTM: 1–2 layers (32–64 units), 50 epochs, batch size = 

128 

• Encoder-decoder 64-32-32-64 architecture, 50 epochs, 

batch size = 128 

 

These parameters are chosen to balance model complexity 

and computational efficiency while isolating structural 

differences between supervised and unsupervised learning 

approaches. 
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D. Evaluation Metrics 

Leak detection was formulated as a binary classification 

(leak = 1, no-leak = 0). Given the strong class imbalance, 

accuracy was not used; instead, the following metrics were 

computed: 

• Precision: proportion of correctly identified leaks among 

all predicted leaks, emphasizing low false-positive rates. 

• Recall: proportion of actual leaks correctly identified. 

• F1-score: balancing precision and recall. 

 

To address the imbalance in leak sizes (different numbers of 

datasets for each leak size), weighted averages were computed 

using both the number of datasets 𝑁𝑖 and leak size 𝑖. To reflect 

that smaller leaks are harder to detect, a difficulty factor 

𝑑𝑖 was defined as inversely proportional to the leak size as 

𝑑𝑖 =
1

𝑖
 . The weight 𝑤𝑖 assigned to each leak size category was 

then computed as [43]-[46]: 

  𝑤𝑖 =
𝑁𝑖𝑑𝑖 

∑(𝑁𝑖𝑑𝑖 )
         (1) 

 

Where: 

• 𝑤𝑖 is the normalized weight for leak size i. 

• 𝑁𝑖is the number of test files available for leak size i. 

• 𝑑𝑖 is the inverse of leak size. 

Table III lists the resulting weights used for calculating the 

average. The weighted average of a metric M (e.g., precision 

or recall) was computed as: 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑀𝑒𝑡𝑟𝑖𝑐 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 = ∑ 𝑤𝑖 𝑀𝑖     (2) 

 

Additionally, the Signal-to-Noise Ratio (SNR) between leak 

and no-leak intervals was calculated to quantify leak 

detectability as follows [47], [48]: 

𝑆𝑁𝑅 =
𝜇𝑛𝑜_𝑙𝑒𝑎𝑘 −𝑚𝑖𝑛 (𝑙𝑒𝑎𝑘)

𝜎𝑛𝑜_𝑙𝑒𝑎𝑘
       (3) 

 

Where 𝜇𝑛𝑜_𝑙𝑒𝑎𝑘  and 𝜎𝑛𝑜_𝑙𝑒𝑎𝑘 are the mean and standard 

deviation of the baseline (no-leak) interval, and min (leak) is 

the minimum signal magnitude of a leak event. The larger the 

leak size, the larger the drop in the signal, as shown in Fig. 6 

for leaks sizes of 7 mm and 12 mm. Despite some leak-

induced wavelength changes being comparable to background 

noise (Fig. 5), good detection has been achieved by exploiting 

sliding windows and multiple sensor signals inputs to capture 

temporal patterns and cross-sensor correlations, enabling 

robust performance even under low SNR. This highlights the 

role of temporal context and sensor fusion in practical pipeline 

monitoring. 

 

 
Fig. 5. Example leak signals (12 mm vs 7 mm) (Sensor S1). 

Larger leaks yield larger deviations. 

 

Equation (3) measures leak deviation from baseline noise, 

with higher SNR indicating easier detectability. SNR was 

computed across all sensors and files and averaged by leak 

size. Fig. 6 confirms that larger leaks yield higher SNR values. 

 

 
Fig. 6. Average SNR vs leak size confirming higher 

detectability for large leaks. 
 

TABLE III 

Weights used for weighted averages. 

Leak Size 𝑖 
(mm) 

Number of test 

files 𝑵𝒊 

Weight of leak 

size 𝟏/𝒅𝒊 

12 3 1/12 

10 7 1/10 

8 6 1/8 

7 4 1/7 

IV. RESULTS AND DISCUSSION 

All models were evaluated under serial and parallel 

configurations across varying window sizes, revealing clear 

effects of data fusion and temporal context on precision and 

detection reliability.  

A. Precision 

Fig. 7 shows serial-configuration precision results. All 

models performed similarly below 50% for small windows, 

while LSTM and LSTM Autoencoder improved at window 

size 20 and beyond. Nevertheless, no model surpassed 55% 

precision, highlighting the limited capability of single-sensor 

analysis. 

 

 
Fig. 7. Precision (serial mode) vs window length for all 

models. Windowing improves LSTM, but precision 

remains <50%. 
 

In contrast, parallel configuration (Fig. 8) significantly 

improved performance, with XGBoost reaching 77.4% 

precision at a 45-sample window. Multi-sensor fusion 
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enhanced contextual learning, while no additional 

improvement was observed beyond 50 samples. 

 
Fig. 8. Precision (parallel mode) vs. window size. XGBoost 

peaks at 77.4% for W = 45. 
 

B. Recall 

Recall for serial and parallel modes is shown in Figs. 9 and 10, 

respectively. In both configurations, tree-based models generally 

achieved higher recall than sequence-based deep models, but at 

the expense of increased false positives and reduced precision. 

Transitioning from serial to parallel mode slightly decreased 

recall while improving precision, indicating a tighter decision 

boundary with multiple sensor input. Overall, window length 

affected the recall less than the precision. 

 

 
Fig. 9. Recall (serial mode) vs. window size. Tree-based 

models show higher recall. 
 

 
Fig. 10. Recall (parallel mode) vs. window size. Slight 

recall drop accompanies precision gain. 
 

C.  F1-Score 

Fig. 11 presents the F1-scores for all models. In serial mode, 

models remained below 50%, whereas XGBoost reached 

approximately 52% in parallel mode (W = 45). These results 

indicate that moderate temporal context provides optimal 

performance by preserving short-term transients without over-

smoothing. 

 

 
Fig. 11. F1-score vs. window size. XGBoost attains the best 

balance around W = 30–45. 
 

D. Confusion Matrix 

The confusion matrix for XGBoost in parallel mode (W = 45) 

(Fig. 12) shows consistent detection of leaks ≥ 7 mm with 

limited false alarms. Most false positives occurred near leak 

start and end boundaries, where gradual pressure transitions 

made ground-truth labeling uncertain. 

 

 
Fig. 12. Confusion matrices for XGBoost (W = 45). 

E. Key findings  

Several key insights can be seen to emerge from these 

results: 

1. Parallel training outperformed serial training, 

demonstrating the advantage of multiple sensor input. 

Serial training is still viable for single-sensor 

deployments but requires balanced data for robustness. 

Unsupervised LSTMs can achieve high precision with 

sufficiently large and balanced datasets. 

2. XGBoost achieved the highest precision and F1-score, 

outperforming other models and demonstrating its 

suitability for small, imbalanced real-world datasets.  

3. Longer windows improved precision and F1 by 

capturing temporal context, with 30–45 points offering 

the best trade-off between context and fragmentation. 
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4. Precision is crucial in pipeline monitoring to avoid costly 

false alarms; achieving 77.4% weighted precision 

supports real-world deployment feasibility. 

5. Limited real-world leak data (≥7 mm events only) 

constrained generalization; broader datasets with smaller 

leaks and varying pressures are needed to improve recall 

and transferability. 

6. In practical deployments, underground access may limit 

the number of sensors that can be used. Based on the 

testbed layout (Fig. 1(a)), placing two sensors around 

high-risk segments improves leak detectability by 

capturing local pressure changes and cross-sensor 

consistency. In situations where only one sensor is 

available, placement should prioritize leak locations 

(e.g., joints, valves, service connections, bends, and 

diameter transitions) and be as close as possible to the 

monitored segment. While this study uses a fixed 

laboratory layout, ongoing wastewater trials are planned 

to validate these strategies under real access constraints 

and inform evidence-based placement guidelines. 

7. Cloud-enabled monitoring is feasible within the 

proposed framework. The architecture follows a 

previously published OFS-to-Cloud IoT platform [49] by 

some of the authors, which details scalable MQTT 

communication and edge pre-processing. Raw FBG 

streams were acquired at 5 kHz (40 kB/s per sensor; 14 

GB/day for four sensors) and locally pre-processed 

before transmission. For inference, signals were down-

sampled to 17 Hz, normalized, and transmitted as sliding 

windows, significantly reducing bandwidth while 

preserving leak dynamics. The 45-window size (2.6 s) 

selected was used to define the detection latency; shorter 

windows were seen to reduce the robustness, while 

longer windows increased the delay. Cloud inference 

completed on a sub-second time scale, enabling near-

real-time alarm generation. 

 

Overall, XGBoost in the parallel mode emerged from the 

study as the most reliable and computationally efficient 

approach for FBG-based leak detection. This study is, to our 

knowledge, the first to compare systematically both 

supervised and unsupervised models using real-world FBG 

pressure data while assessing serial and parallel sensor 

configurations, providing practical deployment insights. 

Although limited to ≥7 mm leak events and imbalanced 

classes, this work has established a foundational step toward 

scalable ML-enabled FBG monitoring systems. Although the 

weighted precision and F1-scores appear modest, the results 

were obtained on a small, highly imbalanced real-world 

dataset using in situ FBG-based sensors. Benchmarking 

against three state-of-the-art models on the same data shows 

XGBoost achieved the highest precision (0.77), outperforming 

Spectral ANN (0.56), CNN–Bi LSTM (0.43), LS-SVM (0.31), 

and Naïve Bayes (0.29). As practical pipeline monitoring 

prioritizes precision (to minimize false alarms which can be 

very expensive), these results have established a realistic 

baseline for ML-driven FBG-based sensor systems, with 

further gains expected from larger datasets and use of multi-

model fusion. 

F. Comparative analysis 

This section presents a comparative analysis to benchmark 

the proposed framework against highly cited ML-based leak 

detection studies [16], [21], [28]. The selected studies 

represent ML-based leak detection using pressure, vibration, 

or acoustic time-series data modalities closest to FBG-based 

sensing. It is important to emphasize that unlike most prior 

work based on simulated or laboratory data, this study used 

real FBG-based pressure measurements from a practical, 

large-scale, pipeline test facility.  Few ML studies report real 

FBG-derived datasets, making these references a practical 

benchmark, while tackling successfully the challenges of real-

world deployment. Sensor types, models, and results reported 

in the literature are summarized in Table IV. 

TABLE IV 

Comparative performance of benchmark ML models. 

Study Journal/ 

Year 

Sensor 

Type 

Model Result 

Yang 

[28] 

AAAI Conf. 

Artificial 

Intelligence, 

2021 

Vibration 

and 

Acoustic 

DAS 

CNN + 

Bi 

LSTM 

hybrid 

97% 

accuracy 

Zang 

[21] 

Measurement, 

2021 

Electronic 

pressure 

sensors 

LS-

SVM, 

NB 

98%, 

95% 

accuracy 

Islam 

[16] 

IEEE Access, 

2023 

Acoustic ANN 98% 

accuracy 

 

This work has thus provided the first systematic ML-based 

evaluation using ‘real-world’ FBG pressure data. To enable a 

systematic comparison to be made, all benchmark models 

were re-implemented and evaluated using the same FBG-

based dataset, with weighted comparative results shown in 

Table V. 

TABLE V 

Comparative performance of benchmark ML models. 

Model Weighted 

Average 

Precision 

Weighted 

Average 

F1-Score 

Naïve Bayes [21] 0.29 0.44 

LS-SVM [21] 0.31 0.46 

CNN +Bi LSTM [28] 0.43 0.41 

SpectralANN [16] 0.56 0.58 

XGBoost (This study) 0.77 0.52 

 

The parallel XGBoost model (window = 45) achieved 0.77 

precision, outperforming benchmark studies and showing 

robustness to noise and class imbalance in FBG-based data. Its 

F1-score (0.52) was slightly below the value of 0.58 reported 

by Islam et al. [16], likely because acoustic datasets exhibit 

sharper, more separable leak signatures than the gradual 

pressure responses induced in this study. Despite this, 

XGBoost has demonstrated a strong overall performance 

under more challenging conditions.  

Confusion matrices of the re-implemented models (Fig. 13) 

further illustrate this differences. Zang et al.’s LS-SVM and 

Naïve Bayes models misclassified many no-leak points as 
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leaks, while Yang et al.’s CNN-Bi LSTM reduced false alarms 

but missed many leak points. Islam et al.’s ANN achieved a 

better balance but still underperformed compared to the 

precision achievable from XGBoost. 

 
Fig. 13. Total confusion matrices for Zang et al.’s LS-SVM, 

Zang et al.’s Naïve Bayes, Islam et al.’s ANN, and Yang et 

al.’s CNN Bi LSTM. 

V. CONCLUSION 

This study undertaken has enabled a comparison of Random 

Forest, XGBoost, LSTM, and LSTM Autoencoder for pipeline 

leak detection using real-world FBG-based pressure data, 

under serial and parallel configurations, with varying window 

lengths. XGBoost achieved the best performance, reaching 

77% precision in the parallel 45 window length, demonstrating 

that supervised tree-based models are more effective than 

unsupervised deep learning for small, imbalanced real-world 

datasets. Multi-sensor (parallel) training consistently 

outperformed single-sensor (serial) configurations, although 

serial deployment remains practical when underground access 

limits sensor availability. 

Thus, the main contributions of this work can be 

summarized as: 

1. A systematic comparison of supervised and unsupervised 

ML models trained on real-world, imbalanced FBG 

pressure sensor data for leak detection. 

2. Successful evaluation of serial versus parallel sensor 

configurations and the effect of window length on model 

performance. 

3. Benchmarking against three state-of-the-art approaches 

on the same dataset, confirming XGBoost as a robust 

choice for noisy, limited FBG pressure sensor data. 

Future deployment of the approach can follow IoT-enabled 

architectures, such as our pervious implementation in [49], 

where FBG sourced data were transmitted from the 

interrogator to an edge device and then to the cloud via MQTT 

with lossless compression, enabling scalable real-time 

monitoring and alerting without changing the sensing 

methodology. 

While the framework was seen to perform reliably for 

moderate and large leaks, the effective detection of very small 

leaks (<7 mm) remains more limited due to weak signal 

signatures and class imbalance, reflecting operation near the 

sensitivity limits of the sensing system. Future work will focus 

on larger, more balanced datasets across wider operating 

conditions and on multi-modal sensor fusion (e.g., combining 

FBG-based pressure with acoustic or temperature sensing) to 

improve robustness, particularly for early-stage and small-leak 

detection. Future work will integrate the models into the cloud 

platform for real-time anomaly detection and thus providing 

important alerts to the user, enabling a scalable FBG-based 

monitoring system that reduces environmental, financial, and 

public safety risks. 
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