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To enhance the early warning rate of pipeline leak events and reduce the false alarm rate in Φ-OTDR
-based DAS systems, this paper proposes a new method based on FMD. The introduced vibration
event types include not only pipeline leaks but also hammer strikes, steel pipe hits, and noise.
A 160-meter pipeline setup was constructed, and the sensing optical fiber wound around it was
monitored to collect 2 240 samples. The results after denoising demonstrate the effectiveness of
the proposed denoising method. Subsequently, features were extracted using overlapping frames,
dimensionality reduction was performed with t-SNE, and after training with NRBO-XGBoost, the
leak event recognition rate reached 99.74%, the average classification accuracy reached 98.71%,
and the false alarm rate was reduced to 0.19%.

Keywords: pipeline leak, DAS, FMD, overlapping frames, NRBO-XGBoost.

1. Introduction 

Pipeline leaks are an increasingly concerning issue, causing numerous severe inci-
dents. Not only do they result in significant economic losses, but they also cause serious
environmental damage and can even lead to explosions that threaten human lives.

Traditional manual supervision is inefficient and costly, while other commonly
used methods of automated pipeline safety inspection include machine patrols and
camera-assisted surveillance, but they often fail to achieve complete pipeline coverage
and real-time monitoring [1]. However, in recent years, sensor technology has been
advancing, and distributed fiber optic sensors have been widely used in the industrial
field, combining it with pattern recognition technology to classify and identify leakage
and other vibration events [2-6].

The traditional Φ-OTDR uses direct detection [7] to detect and localize signals by
monitoring the variation of Rayleigh backscattered light (RBS) intensity in the sensing
fiber. And the later coherent detection improves the signal-to-noise ratio and sensing
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range of Φ-OTDR. DAS is a new distributed fiber-optic sensing technology using co-
herent detection [8] developed on the basis of Φ-OTDR, which utilizes optical fiber
as a transmission medium, and senses external environmental changes, such as acoustic
and vibration signals, by detecting them and translating them into small changes in
the  sensing fiber. It has the characteristics of anti-electromagnetic interference, high
sensitivity, can be measured over long distances, can be monitored in real time, and
is resistant to harsh environments. It can be applied to pipeline leakage [9], oil de-
tection [10], seismic survey [11], traffic safety [12] and so on. However, in practical
engineering applications, the high sensitivity of the system makes it more likely to re-
ceive interference from interference sources, which results in it having a high inter-
ference alarm rate.

Therefore, signal denoising and feature extraction play a crucialrole in event rec-
ognition. In 1998, Dr. E. Huang proposed empirical mode decomposition (EMD) [13],
which eliminates the need for selecting a window function or wavelet basis function,
thus reducing recognition time. However, EMD is prone to mode mixing and residual
noise issues for discontinuous signals and those with abrupt characteristics. To achieve
better signal decomposition, variational mode decomposition (VMD) was introduced
in 2014 [14]. Unlike the recursive filtering pattern of EMD [15], VMD iteratively search-
es for the optimal solution of the variational model, determining the center frequency
and bandwidth of each modal component [16]. On the other hand, in 2023, feature mode
decomposition (FMD) was proposed [17], which leverages the advantages of correlat-
ed kurtosis (CK) to consider both the impulsive and periodic characteristics of the sig-
nal [18]. This method iteratively updates the filter coefficients to construct an adaptive
finite impulse response (FIR) filter, bringing the filtered signal closer to the inverse
convolution accumulation target function, and uses an adaptive FIR filter bank to de-
compose the signal into different modes while assessing the impulsiveness and perio-
dicity of the signal using the correlated kurtosis. Therefore, in order to further improve
the denoising effect of DAS signals, as well as the recognition rate of vibration events,
this paper selects FMD as the signal decomposition method and optimizes the selection
of the number of its decomposition modes to denoise the acquired signals, and then
extracts the feature vectors to classify and recognize them.

2. Principle

2.1. FMD

Feature mode decomposition (FMD) simultaneously considers the impulsive and pe-
riodic nature of signals, making it robust against noise and interference. It includes the
design of FIR filter banks, filter updates, period estimation, mode selection, and fea-
ture mode decomposition. Let the initial signal of length N  be denoted as x (n).
The FMD theory then becomes the problem of solving a constrained optimization prob-
lem, which is represented by the following equation: 
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(1a)

(1b)

where uk (n) denotes the k-th modal component, CKM (uk ) represents the associated kur-
tosis, fk denotes the k-th FIR filter with length L, Ts denotes the input period measured
using the number of samples, and M denotes the order of the shift.

For the constrained problem in Eq. (1), an iterative eigenvalue decomposition al-
gorithm is employed, and the decomposition is represented using the matrix in the fol-
lowing equation:

(2)

Where:

Therefore, the decomposition modes can be defined as: 
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The superscript H denotes the conjugate transpose operation, and WM  is used as an in-
termediate variable to control the weighted correlation matrix. Substituting Eq. (3) into
Eq. (2), and after calculation, we obtain:

(4)

where RXWX and RXX are the weighted correlation matrix and the correlation matrix,
respectively. Maximizing Eq. (4) with respect to the filter coefficients is equivalent to
finding the eigenvector associated with the maximum eigenvalue λ of the following
generalized eigenvalue problem:

(5)

Through repeated iterative calculations, the k-th filter coefficient is updated using the
solution of Eq. (5), bringing it closer to the target, which is the filter signal with the
maximum associated kurtosis (CK). 

The final determined modes will contain specific components of the original signal.
FMD only selects the mode with the maximum CK value. To eliminate mode mixing
or redundant modes, the mode with the highest correlation coefficient is locked, as
a higher correlation coefficient indicates that the two modes contain more similar com-
ponents [19].

2.2. NRBO

The Newton–Raphson-based optimizer (NRBO)[20] is a metaheuristic optimization
algorithm proposed by SOWMYA et al. in 2024. NRBO uses the Newton–Raphson
search rule (NRSR) and the trap avoidance operator (TAO), and employs several sets
of matrices to further explore the optimal results. The NRSR enhances the convergence
speed to achieve improved search space positions, while the TAO helps NRBO avoid
local optima traps. The algorithm steps are as follows. 

For example, for the n-th individual in the t-th iteration, the new individual expres-
sions are:

(6)

(7)

where  denotes the current position,  denotes the new position found using
the NRSR rule, n denotes the individual index, r denotes a random number between
0 and 1, δ denotes adaptive coefficient,  and  represent the newly derived vector
positions obtained through updates of the current position and current optimal position,
respectively. 
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3. Experiment 

3.1. Signal acquistition

The experimental system is shown in Fig. 1. The sensing system used in this experiment
is based on Φ-OTDR DAS. The system employs a narrow linewidth laser (NLL) with
a linewidth of 3 kHz and an output power of 10 mW. The laser light is split into two
beams by a 90:10 optical coupler (OC1), with 90% of the light serving as the probe light
and 10% as the local oscillator light. The probe light is modulated by an acousto-optic
modulator (AOM) with a bandwidth of 150 MHz to form pulse light. The modulated
pulse light is then amplified by an erbium-doped fiber amplifier (EDFA) with a gain
of  27 dB. The amplified pulse light is directed into the sensing fiber (SF) via an optical
circulator (Cir). The Rayleigh backscattered light (RBS) from SF interferes with the
local oscillator light at the second optical coupler (OC2), generating a beat frequency
signal. This beat frequency signal is detected by a balanced photodetector (BPD) with
a bandwidth of 200 MHz and collected using a data acquisition card (DAQ). The trigger
pulse is provided by a pulse generator (PG) with a pulse repetition frequency of 20 kHz.

The data used in this study were collected from an experimental setup established
in collaboration with Shanghai Ruiyi Environmental Technology Co., Ltd. The exper-
imental system consists of a 160-meter-long water pipe that is vertically folded and
contains four internal pipes: two steel pipes and two wooden pipes. Each pipe is
wrapped with optical fibers, and small holes are randomly drilled at various positions
along the pipes to simulate leaking pipes. When water flows through the pipes, leakage
occurs at these holes, and the resulting abnormal vibrations are captured by the optical
fibers, allowing for leak detection and the issuance of an alert.

The core objective of this project is to improve the detection rate of leakage events
and reduce the false alarm rate. However, focusing solely on leakage events and noise
does not provide a comprehensive solution, as real-world applications may be affected

Fig. 1. Experimental structure diagram.
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by other abnormal vibrations and human interference. Therefore, two additional events
(steel tube tapping and wooden hammer tapping) have been included. The tapping po-
sitions coincide with the pipe leakage holes, located approximately 78 meters along
the pipe. The data acquisition system divides the 160-meter-long pipe into 40 channels,
with each channel covering a 4-meter segment. Consequently, the signal of interest can
be extracted from the 20th channel. The four types of vibration signals, each consisting
of 3840 sampling points (with a duration of 0.48 seconds), are shown in Fig. 2.

The analysis reveals that the noise signal exhibits a sinusoidal waveform and has
a certain periodicity. The signal from the steel tube tapping is more concentrated at the
tapping points, while the signal from the wooden hammer tapping is more dispersed
at the tapping points. The reason for this difference is likely that the deformation of
the pipe caused by the steel tube results in higher-frequency vibrations compared to
the wooden hammer. The leakage signal, on the other hand, does not have a fixed shape
and is relatively chaotic, making it difficult to identify any regular pattern.

3.2. Signal denoising 

In the process of modal decomposition and denoising of the collected signals, the se-
lection of modal components is a crucial step. If the selection is inappropriate, modal
aliasing can occur regardless of the modal decomposition method used. Relying on
manual experience for this process is also inefficient. Therefore, this paper combines
PSO with FMD. PSO evaluates the signal based on seven criteria: envelope entropy,
envelope spectrum kurtosis, amplitude spectrum entropy, fuzzy entropy, sample en-
tropy, permutation entropy and information entropy. It then determines the optimal

Fig. 2. Four vibration signals. 
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number of decomposed modes k, allowing for an adaptive selection of the number of
decomposed modal components, thus processing the signals more efficiently.

For example, Fig. 3(a) shows a type of wooden hammer signal. First, the signal is
analyzed using PSO with a particle count of 3, which determines k = 4. This means
that the signal is decomposed into 4 modal components, which will have the least modal
aliasing, making it more conducive to subsequent signal reconstruction. Therefore, the

Fig. 3. Comparison of three denoising methods for mallet tapping signal. (a) The original signal; (b) FMD
denoising; (c) VMD denoising; (d) EMD denoising.

Fig. 4. The time-domain graphs of the four modal components obtained through FMD decomposition. 
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FMD algorithm is used to decompose the signal into 4 IMF components. The time-do-
main plots of the IMF components are shown in Fig. 4. Generally, the effective signal is
primarily present in the low-frequency components, and the content of the figure con-
firms this. To evaluate the similarity of signals, we typically use the Pearson correlation
coefficient (PCC), IMF1 contains the clearest mallet strike signal. After calculation,
the PCC between IMF1 and the original signal is 0.7867, while the PCC values for the
other four components are 0.0024, 0.0043 and 0.0035, respectively. By performing
a fast Fourier transform (FFT) on each time-domain component, the frequency-domain
plots shown in Fig. 5 are obtained. It is evident that the modal components increase
gradually from frequency bands 1 to 4, with no modal aliasing, and the separation is
very distinct. As for distinguishing effective components, relying solely on manual dif-
ferentiation is highly inefficient. Therefore, the average of the maximum and minimum
PCC between IMFs is calculated and used as a threshold. Components with PCC values
greater than this threshold are considered effective. By synthesizing all the effective
components, a denoised reconstructed signal is obtained, as shown in Fig. 3(b). In the
dashed box, it is clearly visible that the impact of the mallet strike on the phase has
significantly decreased. The denoising effects of the currently popular VMD and
EMD methods are shown in Fig. 3(c) and (d), respectively. Compared to FMD, the de-
noising effects within the dashed box are less effective. In addition to the mallet signal,
the denoising effects of the steel tube tapping signal and the leakage signal after
FMD decomposition are also shown in Fig. 6. From the perspective of feature extrac-
tion, the more distinct and prominent components in the signal are emphasized, making

Fig. 5. The frequency-domain graphs of the four modal components obtained through FMD decompo-
sition.
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the extracted feature vectors more valuable. Therefore, FMD is chosen as the decom-
position method in this study. 

3.3. Feature selection and extraction

Next, we proceed with feature extraction. The traditional method involves cutting the
signal into equal segments. Taking the steel tube tapping signal as an example, we set
the frame length to 480 sampling points, which results in 8 frames for each signal, as
shown in Fig. 7. Although the second steel tube tapping waveform is well captured in
frame f5, the transition between frames f1 and f2 cuts the first steel tube vibration wave-
form, making it easy to mistakenly interpret it as a noise-like feature during the feature
extraction process, thereby affecting recognition accuracy.

Therefore, we use an overlapping frame method for feature extraction. The frame
length is set to 960 sampling points, and each frame is shifted forward by 480 sampling

Fig. 6. Comparison of three denoising methods for mallet tapping signal. (a) The original steel tube signal;
(b) FMD denoised steel tube signal; (c) the original leakage signal; (d) FMD denoised leakage signal.

Fig. 7. Cutting frame feature extraction method. 
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points to form the next frame, as shown in Fig. 8. This way, both f1 and f5 can effec-
tively capture the key vibration information. 

Next, we calculate the short-time energy, short-time zero-crossing rate, kurtosis
and skewness for each frame as features.

Short-time energy reflects the signal’s strength or power but is easily affected by
noise. The short-time zero-crossing rate indicates the number of times the signal
crosses zero in a short period, which reflects the frequency characteristics of the signal.
Kurtosis is a measure of the sharpness of the signal’s distribution, representing the
shape of the data distribution. Since one signal is divided into 7 frames, after the calcu-
lation, each signal will have 21 features extracted, which are then combined into a fea-
ture vector. The visualization results of each feature vector are presented in Fig. 8. 

3.4. Feature dimension reduction

In classification and recognition, if there are too many features, it often increases the
model's complexity and training time. Furthermore, as shown in the previous feature
extraction steps, different signal events often share “redundant frames”, meaning that
some frames only contain noise. To reduce their impact on the model's recognition ac-
curacy, it is necessary to perform dimensionality reduction. We use the t-SNE dimen-
sionality reduction method to reduce the original 7 features of each feature vector to
2 features. Thus, each event is described by 6 features in total. 

The visualization of the dimensionality reduction process is presented in Fig. 9. As
observed: (a) the short-time energy effectively discriminates between noise and leak-
age signals, though the mallet and steel tube impact signals exhibit partial overlap; (b)
the short-time zero-crossing rate distinctly separates mallet impacts, whereas (c) the
kurtosis feature demonstrates poor separability between noise and leakage signals with
complete overlap, while maintaining limited discriminative capability for mallet ver-
sus steel tube signals. Furthermore, several other features were ultimately excluded af-
ter experimental evaluation, such as the skewness shown in (d). Although skewness
effectively characterizes the asymmetry of data distributions, it exhibited insufficient
discriminative power for our pipeline vibration dataset. Forcible inclusion of such fea-

Fig. 8. Overlapping frame feature extraction method. 
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tures would not only introduce unnecessary computational complexity but also fail to
enhance classification performance.

3.5. Pattern recognition

This study selected a total of 2 240 samples, which were categorized and documented
in Table 1. To enhance the robustness and reliability of the results, we implemented
a 5-fold cross-validation scheme during the training process. The dataset was randomly
partitioned into five mutually exclusive subsets. For each validation round, four folds

Fig. 9. The t -SNE dimensionality reduction results of the four feature vectors. (a) Short-time energy;
(b) short-time zero crossing rate; (c) kurtosis; (d) skewness.

T a b l e 1. The number of datasets.

Data Leakage Steel tube Mallet Noise Totality

Amount 380 415 400 1045 2240
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(80% of the data) served as the training set, while the remaining fold (20%) functioned
as the validation set. This procedure was repeated five times to ensure each subset was
used exactly once for validation, with the final performance metrics calculated as the
average across all five validation results. The partitioned data was subsequently fed into
the NRBO algorithm to determine the optimal parameter configuration for XGBoost.
The NRBO was configured with 100 iterations, where the lower bound (lb) of the op-
timized parameters was set to [10, 001, 0.01] (maximum iterations, tree depth, and
learning rate), and the upper bound (ub) was defined as [50, 012, 0.30]. This parameter
range ensured sufficient convergence time during optimization while allowing explo-
ration of a broader hyperparameter space. To balance computational efficiency and
convergence speed, the population size for parallel processing was set to pop = 6.

The corresponding fitness curve is illustrated in Fig. 10, which clearly demonstrates
the evolutionary trajectory of fitness values across iterations. The optimization process
achieved convergence at the 17th iteration, yielding the optimal XGBoost parameters
as follows: maximum iterations = 39, tree depth = 12, and learning rate = 0.2907.
Figure 11 presents the classification performance of the optimized XGBoost model
across all validation folds in the 5-fold cross-validation scheme, achieving a mean ac-
curacy of 97.81% with minimal variance, indicating robust classification stability. The
confusion matrix in Fig. 12 provides comprehensive classification results for in-depth
analysis. Experimental results reveal certain misclassification phenomena between
mallet strikes and steel pipe impacts, potentially attributable to controlled variations
in impact force and striking methodology during data collection. Notably, the model
demonstrates exceptional performance in leakage signal identification with 99.7% ac-

Fig. 10. NRBO fitness variation. 
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curacy. For noise signals, the model achieves 99.8% recognition accuracy with a cor-
responding false positive rate of 0.2%, exhibiting strong discriminative capability.

For comparison, Table 2 presents classification results of four conventional models
and XGBoost with default parameters (maximum iterations = 20, tree depth = 10, learn-
ing rate = 0.1) alongside three parameter-optimized XGBoost under identical experi-
mental conditions. The analysis demonstrates that NRBO-XGBoost achieves the
highest average recognition rate and lowest false alarm rate for pipeline signals.
Among other models, both random forest (RF) and long short-term memory (LSTM)
perform well with average recognition rates exceeding 95%, while support vector ma-
chine (SVM) shows poorer performance. Radial basis function neural network (RB-
FNN) shares SVM’s limitation in accurately identifying steel pipe signals. The default
XGBoost configuration already exhibits high recognition accuracy and fast computa-

Fig. 11. The accuracy results from 5-fold cross-validation.

Fig. 12. Aggregated confusion matrix from the validation sets of 5-fold cross-validation.
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tion speed, motivating parameter optimization for further improvement. Ultimately,
NRBO demonstrates superior performance, showing faster speed, lower false alarm
rate, and accuracy improvements of 1.70% and 0.94% compared to sparrow search al-
gorithm (SSA) and artificial bee colony (ABC) algorithm, respectively. 

4. Conclusion

In this study, we built and collected pipeline leakage signals, and proposed the PSO-FMD
method to denoise the signals collected by the DAS system, highlighting time-domain
features. After extracting short-time energy, short-time zero-crossing rate, and kurtosis
as feature vectors using the overlapping frame method, the data was input into NRBO
-XGBoost for classification training. The final result achieved an average recognition
rate of 98.71%, with a recognition rate of 99.7% for leakage events and a false alarm
rate of 0.19%. This indicates that the proposed method is effective for identifying dif-
ferent vibration events, with a relatively low false alarm rate. However, the number of
samples and types of interference in this experiment are still limited, and in the future,
the sample size should be expanded to improve the model’s robustness. 
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