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Abstract: This paper experimentally evaluates the effectiveness of Principal Component Analysis 
(PCA) for denoising distributed acoustic sensing (DAS) data. Experiments were conducted by 
applying different vibration strengths using a piezo-electric transducer (PZT) at various sensing 
locations along the sensing fiber. Unlike existing hybrid PCA-based DAS denoising approaches, this 
work explicitly investigates PCA as a standalone denoising framework, addressing the lack of 
systematic evaluation of its effectiveness and practical applicability. Results show that PCA 
improves the signal-to-noise ratio (SNR) by at least 4.7 dB across a range of strain levels. The SNR 
also shows improvements exceeding 5 dB for sensing fiber lengths up to ~5.2 km. For ~10.2 km 
vibration location, PCA still achieved around 2.45 dB of SNR improvement. The PCA algorithm 
was then compared with traditional denoising algorithms, i.e., Moving Average, Low-Pass 
Filtering, and Wavelet Denoising, at a fixed sensing fiber length of 3.2 km and 2 Vpp applied to the 
PZT. PCA outperformed these approaches in noise reduction while maintaining moderate 
computational cost. Overall, PCA effectively suppresses background noise while preserving the 
integrity of the vibration signal. These results indicate that standalone PCA is a practical denoising 
option for DAS applications that require improved SNR at a moderate processing cost. 
 

Keywords:  denoising algorithm; distributed acoustic sensing; PCA performance; principal 
component analysis 

 
1. Introduction 
 

Distributed acoustic sensing (DAS) based on phase-sensitive optical time domain reflectometry (ϕ-
OTDR) continuously monitors externally imposed vibrations on the optical fiber [1]. It provides 
unparalleled spatial resolution and temporal sampling rates for detecting and analyzing seismic and 
acoustic signals [2]. Currently, DAS has been applied in various fields, including seismic activity 
detection [3], [4], [5], [6], infrastructure health monitoring [7], pipeline leak detection [8], [9], [10], 
[11], [12], [13], [14], vehicle monitoring [15], and surveillance systems [16], [17], [18], [19], [20],  
etc. 
 
DAS signals may be negatively affected by various types of noise. The primary contributors include 
thermal noise in the optical fibers will vary based on temperature-dependent environmental changes 
[21], shot noise at lower optical power levels [22],  laser phase noise, or fluctuation of the phases 
of the source laser [23] and Rayleigh noise, which comes from random fluctuating backscattered 
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light that introduces uncertainty into the measurements, resulting in a reduction of the system's 
possible spatial resolution due to the uncertainty introduced into the measurements [24]. 
 
These noises significantly impact system performance by reducing the signal-to-noise ratio (SNR), 
masking weak signals, and creating spike-like artifacts in the raw data that can lead to false positives. 
They also distort essential signal features such as amplitude, phase, and frequency, degrading spatial 
resolution and making it difficult to localize vibrations accurately along the fiber. High noise levels 
reduce the system's sensitivity to low-level vibrations, impairing its ability to detect subtle 
environmental changes and causing errors in identifying vibration sources or types. This leads to 
unreliable measurements, increased false alarms, and diminished effectiveness in seismic 
monitoring, pipeline leak detection, and surveillance [25].  
 
Therefore, it is essential to reduce noise levels in acquired DAS signals. Researchers in recent 
studies have proposed hardware-based noise improvement techniques, such as low-noise laser 
sources [26], enhanced backscattering fiber [27], or high-quality optical components like multi-core 
fibers [28]. These hardware components may reduce the computational demand but increase the 
sensor's overall cost. Signal processing techniques have always been used to denoise signals, and 
there is no exception in DAS either. Typical denoising techniques like moving average (MA) and 
moving differential (MD) [29], normalized differential [30], and low pass filtering (LPF) [31] can 
be used in DAS signals. Advanced techniques like wavelet denoising (WD) [32], and a 2D edge 
detection method [33] have also been explored in DAS signals for denoising. A combination of 
techniques using two or more methods, like an adaptive frequency wavenumber filter [34], sub-
band phase shift transformation along with rotated vector sum, and optimal tracking method [32], 
have been used in DAS signals. Several articles also used machine learning-based approaches based 
on a convolutional neural network (CNN), such as the use of an iterative parallel-attention 
multibranch residual network (PA-MR-Net) [35], modified U-Net [36]-[37], and blind spot 
network (BSN) [38] in this regard. 
 
Principal Component Analysis (PCA) is widely used for dimensionality reduction in signal 
processing. In the context of DAS, existing studies have primarily incorporated PCA into multi-
stage or hybrid denoising frameworks rather than as a standalone solution. A. David et al. [39] 
demonstrated SNR improvement using PCA within a processing pipeline that includes 
magnitude/phase conversion and phase unwrapping; however, the study does not systematically 
investigate PCA component selection, parameter sensitivity, or computational complexity, which 
limits insight into its suitability for real-time DAS deployment. Ibrahim et al. [40] proposed an 
Integrated PCA (IPCA) that combines down-conversion, LMMSE filtering, and phase unwrapping 

to enhance ϕ-OTDR signals. Later, Wu et al. [41] introduced a wavelet decomposition method 
with Robust PCA (RPCA) to separate structured signals from transient noise. These techniques 
provide good denoising performance; however, they use numerous sequential processing stages and 
therefore typically require extensive parameter tuning and specific thresholding techniques tailored 
to the problem at hand. Additionally, the greater complexity of algorithms typically means more 
resources will be required to run the different processing stages, resulting in higher computational 
cost and greater resource requirements to implement the algorithms, and making them less 
attractive for real-time DAS systems. 
 
Although PCA is widely used in signal processing, there has not yet been a comprehensive 
examination of its application as a standalone denoising method for DAS data. This, in turn, raises 
the question of whether PCA can exploit the inherent spatio-temporal correlations in DAS data 
with low computational complexity and minimal parameter tuning. In this article, the efficacy of a 
standalone PCA-based denoising framework is first examined across various strain levels with the 
vibration location fixed at 3 km. Its efficacy is then evaluated across different vibration locations at 
a fixed strain level. Finally, PCA’s performance is compared with previously suggested algorithms, 
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namely MA, LPF, and WD. This research demonstrates that PCA alone is effective for denoising 
DAS signals and provides a clearer understanding of how effective and weak PCA can be across 
various real-world applications, enabling more informed choices about lower-complexity solutions 
for DAS denoising. 
 
2. Material and methods 
 
The research methodology adopted in this study is an experimental-analytical approach to evaluate 
the performance of signal denoising methods in DAS systems. Controlled laboratory experiments 
were undertaken to produce repeatable responses to vibration with specified sensing conditions in 
order to be able to systematically observe noise properties and signal behavior. The obtained data 
were then evaluated based on a standardized assessment system that determined the performance 
of denoising and makes conclusion about the appropriateness of the suggested method for the 
practical use of DAS. 
 
2.1 Experimental setup  
 
Figure 1 shows the experimental setup which includes a 100 Hz linewidth centered at 1550.12 nm, 
an optical modulator (MOD), two erbium-doped fiber amplifiers (EDFAs), two optical band-pass 
filters (BPFs), a 15 m fiber-wound piezoelectric transducer (PZT) placed between two single mode 
fiber (SMF) spools, a circulator, a photodetector (PD), and an oscilloscope. The continuous-wave 
laser output was converted into 100 ns pulses by the modulator, driven by a signal generator. These 
pulses were amplified by EDFA1, filtered by BPF1, and sent to the fiber under test (FUT) via a 
circulator. The Rayleigh backscattered light passed through EDFA2 and BPF2. It was then 
converted to an electrical signal by the PD and recorded by the oscilloscope at a 500 MS/s sampling 
rate. 
 

 
 
Figure 1. Experimental setup configuration 
 
The PZT was driven by a fixed 500 Hz sinusoidal signal. For the strain-level tests, a ~3.2 km fiber 
spool was used as SMF1, and the PZT was driven at different voltage levels. Based on the PZT 

specifications, 1 Vpp corresponds to 41.69 nϵ. For the sensing-location tests, the SMF1 length was 
varied depending on available fiber spools, with the PZT voltage fixed at 2 Vpp. The experimental 
measurements were conducted in a controlled laboratory environment to minimize external 
disturbances. Ambient acoustic and mechanical noise sources were limited to background 
laboratory conditions, with no deliberate external excitation applied outside the vibration source 
under test. The PZT actuator was used to generate controlled vibration signals at predefined 
locations along the fiber. The actuator was securely coupled to the sensing fiber using mechanical 
clamps to ensure consistent strain transfer. 
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2.2 Data processing 
 
The raw DAS data obtained from the oscilloscope can be represented as a two-dimensional array, 
R, as illustrated in Equation (1). 
 

𝑅𝑀×𝑇 = 

[
 
 
 
 

𝑅11 𝑅12 ……… 𝑅1𝑇

𝑅21 𝑅22 ……… 𝑅2𝑇

…
…

𝑅𝑀1 𝑅𝑀2 …… … 𝑅𝑀𝑇]
 
 
 
 

     (1) 

 
where M is the number of samples per trace, and T is the number of traces. The raw DAS data 
underwent several processes as shown in Figure 2. First, raw DAS signals collected through the 
DAS system and organized into the spatio-temporal data matrix, RM,T. Then, standalone PCA 
(described in Section 2.3) is applied directly to the data matrix to suppress noise while preserving 
vibration-induced signal components, resulting in a denoised matrix, DM,T. It is important to note 
that other denoising algorithms are applied to the same data for performance comparison, and 
MATLAB’s tic-toc functions are used to calculate computational time from the beginning of 
denoising to the end of moving differential steps. Next, a moving differential operation is performed 
on all denoised data, where each trace is subtracted from its immediately preceding trace according 
to ∆D = DM,T +1 − DM,T, which improves vibration feature visibility [42]. Finally, the differential 
signals are used for vibration localization and performance evaluation through SNR and 
computation time analysis. 
 

 
 
Figure 2. Overall workflow of the proposed standalone PCA DAS denoising performance 

evaluation study 
 
The SNR metric was calculated from the differential traces using equation (2). 
 

𝑆𝑁𝑅𝑑𝐵 = 10 log
𝑃𝑠𝑖𝑔𝑛𝑎𝑙

𝑃𝑛𝑜𝑖𝑠𝑒
      (2) 

 
where Psignal and Pnoise are estimated as the variance of samples in the vibration region and non-
vibration region, respectively  [43]. The vibration area was defined by the region of the FUT where 
the PZT was placed. The entire data processing was repeated for all algorithms and parameters 
studied and performed using MATLAB 2024a on a 12th Gen Intel(R) Core (TM) i5-1235U 1.30 
GHz CPU with 24 GB RAM. To measure computational time, MATLAB’s tic and toc commands 
were invoked at the beginning and end of the denoising process shown in Figure 2. During data 
acquisition, environmental conditions, such as temperature and humidity, remained stable, with no 
significant fluctuations observed over the measurement period. 
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2.3 Denoising algorithms  
 
This section discusses the mechanisms of PCA and briefly illustrates the other denoising techniques 
investigated in our experiment. The necessary equations describe their principles. 
 
2.3.1 Principal component analysis 
 
PCA is a dimensionality reduction technique commonly used to distinguish significant signal 
components from noise. Here, PCA identifies the directions (principal components) along which 
the signal has the highest variance, which typically aligns with the signal's actual characteristics, 
while the noise variance is more evenly distributed across all dimensions. In DAS, vibration-induced 
signals exhibit structured spatio-temporal correlation (low-rank behavior), whereas background 
noise is weakly correlated and spread across components. PCA leverages this contrast by 
concentrating signal energy into dominant components while suppressing noise-dominated 

components [40]. As mentioned earlier, DAS signals normally take a 2D form of 𝑋 𝜖 𝑅𝑀×𝑇, and X 
is the data Matrix, where M is the number of samples in one trace, and T is the number of traces. X 
can be represented as in equation (3). 
 

𝑋 = 𝑆 + 𝑁       (3) 
 

where S denotes the signal, and N denotes the noise. To apply PCA, X is first normalized to have 
zero means and transformed to X’, and then it is decomposed using singular value decomposition 
to find a new basis given in equation (4). 
 

𝑋′ = 𝑈Σ𝑉𝑇       (4) 
 

Here, U and V are orthogonal matrices of size M×M and T×T, respectively, and Σ is a diagonal 
matrix containing singular values of size M×T representing the variance captured by each principal 

component. The singular values in Σ are sorted in descending order. The variance explained by 
each principal component I is given by the following equation 5. 

 

𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑖 = 
𝜆𝑖

∑ 𝜆𝑗
𝑁
𝑗=1

     (5) 

 
Then, the cumulative variance was calculated by equation 6. 
 

𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑖 = 
𝜆𝑖

∑ 𝜆𝑗
𝑘
𝑗=1

     (6) 

 

λi corresponds to the eigenvalues of the covariance matrix. Large singular values correspond to 
components that capture most of the signal’s energy, while smaller singular values typically 
represent noise. From our simulations, we observed that the knee point in the cumulative variance 
vs. total number of components curve corresponds to more than 90% of the total variance in all 
cases. This graph is shown in Figure 3.  
 
The top components were then made equal to the knee point number. A knee point detection 
algorithm based on the slope change of the curve was used. The denoised signal was reconstructed 
using equation (7).  
 

𝑋𝑑𝑒𝑛𝑜𝑖𝑠𝑒𝑑
′ = 𝑈𝑘Σ𝑘𝑉𝑘

𝑇      (7) 
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Figure 3.  Cumulative variance captured by the number of components curve 
 

where, 𝑈𝑘 , Σ𝑘 𝑎𝑛𝑑 V𝑘 represents the matrices truncated to the top k components. The Mean of 
X was then added to the denoised matrix to construct the final product. In regions without external 

perturbation, ϕ-OTDR traces exhibit highly random fluctuations dominated by noise-like Rayleigh 
backscatter statistics; consequently, vibration-induced events appear as structured deviations from 
this background [44]. PCA transforms the data to the basis where the maximum variance in the data 
is found. The important components are expected to represent primary signal patterns across 
traces, which could correspond to significant and consistent patterns in vibration or strain along the 
fiber. The rest are more likely to capture random noise or small fluctuations inconsistent across 
traces. Because noises in DAS signals are typically uncorrelated, PCA can be beneficial for denoising 
them. 
 
2.3.2 Moving average (MA) 
 
The MA algorithm mitigates this noise by smoothing the data over a specified range, or "window 
size," a series of consecutive data points. Theoretically, if the sliding window length is Nw, the SNR 
is supposed to increase by √Nw times, although the maximum frequency response is decreased by 
Nw times [29]. It is computationally simple and effective for real-time applications. For a given time 
series xt and a defined window size Nw, the moving average at any point t is calculated as –  
 

𝑀𝐴𝑡 = 
1

𝑁
∑ 𝑥𝑡−𝑖

𝑁𝑤−1
𝑖=0       (8) 

 
Using equation (8), a moving average over a sliding window of N consecutive spatial samples is 
computed. 
 
2.3.3 Law pass filtering (LPF) 
 
Typically, in DAS, the perturbation signals of interest lie within a frequency range of 1 kHz but 
many noise components are of high frequency [45]. So, applying low-pass filtering (LPF) can 
enhance the signal quality of DAS by attenuating high-frequency components. However, it may 
introduce phase shifts and over-smoothen signals if the cutoff frequency is not chosen appropriately, 
potentially obscuring higher-frequency details of smaller, rapid events. Typically, an FIR filter of 
order n is defined by equation (9).  
 

𝑦(𝑛) =  ∑ ℎ(𝑘). 𝑥(𝑛 − 𝑘)𝑛
𝑘=0      (9) 

 
A Finite Impulse Response (FIR) filter with an order of 50 and a cut-off frequency at 2 kHz was 
used for Low Pass Filtering. 
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2.3.4 Wavelet denoising 
 
Wavelet Denoising (WD) decomposes signals into multiple frequency components. It aims to 
reduce noise across different scales (frequencies) of the DAS signal. This method is highly effective 
for identifying and preserving localized events. The wavelet transform decomposes the signal into 
wavelet coefficients at various scales and positions, representing both high- and low-frequency 
components. These coefficients are then analyzed to determine which represents the noise and the 
signal. Typically, the discrete wavelet transform (DWT) is used to split the data into 
approximations (low-frequency components) and details (high-frequency components). This is 
given by the following equation 10. 
 

{
𝐶𝐴(𝑘) = ∑ 𝑔(2𝑘 − 𝑛). 𝑥(𝑛)𝑛

𝐶𝐷(𝑘) = ∑ ℎ(2𝑘 − 𝑛). 𝑥(𝑛)𝑛
                (10) 

 

Here, x(n) is the signal, CA(k) and CD(k) are the approximation and detail coefficients, and g(n) and 
h(n) are the low-pass and high-pass filters, respectively. Noise reduction is achieved by applying a 
threshold to the wavelet coefficients, usually using soft or hard thresholding. Coefficients with 
magnitudes below a set threshold are suppressed (considered as noise), while those above the 
threshold are retained or modified slightly to maintain the true signal structure. The selection of 
the mother wavelet, decomposition level, and thresholding method will impact the denoising 
performance. It is found that the Daubechies 4 (db4) wavelet with 3-level decomposition and Stein's 
Unbiased Risk Estimate (SURE) thresholding will yield the highest value of SNR for a particular 
signal [46]. 
 

3. Results and discussion  
 
PCA’s denoising capability was validated using strain levels ranging from 1.2 to 10 Vpp vibration 
imposed at ~3 km from the circulator, where 1.2 Vpp is the minimum voltage level detectable by 
our DAS system. Table 1 illustrates the SNR of the DAS signal without any denoising, with PCA 
denoising, and the corresponding improvement. The results demonstrate that PCA improved SNR 
across all recorded strain levels. SNR values without denoising ranged from 4.572 dB at 1.2 Vpp to 
13.760 dB at 10 Vpp. With PCA-based denoising, the SNR increased significantly, reaching 10.821 
dB at the lowest strain level and 20.984 dB at the highest. The gains ranged from 4.774 dB at 8 Vpp 
to 7.223 dB at 10 Vpp. Improvements exceeding 6 dB at moderate strain levels of 2 to 4 Vpp highlight 
PCA’s strong effectiveness across the mid-range. Even though the relative improvement decreased 
slightly at higher strain levels, such as 8 Vpp, a substantial increase was still observed. PCA 
successfully preserves signal characteristics while reducing noise under high-strain conditions. It 
improved the SNR by approximately 5 to 7 dB across all strain levels. 
 

Table 1. SNR values without denoising and after PCA-based denoising at different strain levels, 
along with the corresponding SNR improvement 

 
 

Strain Level (Vpp) Without denoising PCA Improvement 

1.2 4.572 10.821 6.249 

2 7.268 13.549 6.281 

3 8.517 15.021 6.505 

4 10.977 16.984 6.007 

5 11.172 17.075 5.903 

6 11.819 17.394 5.575 

7 12.171 18.088 5.917 

8 13.375 18.149 4.774 

9 13.695 19.388 5.692 

10 13.760 20.984 7.223 
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Figure 4 shows the SNR improvement provided by PCA across different vibration locations, 
achieved by changing SMF1 as mentioned earlier. The results show that PCA significantly improved 
SNR at all vibration locations. The 3 km recorded the highest gain at 6.2806 dB, followed closely 
by the 5 km at 6.2430 dB and the 1 km at 5.4848 dB. The 10 km showed the lowest improvement 
at 2.4583 dB, indicating that PCA’s effectiveness decreases with increasing distance, likely due to 
greater noise levels and cumulative signal attenuation along longer transmission paths. 
 

 
 
Figure 4. SNR improvements by PCA at different vibration locations. The PZT is driven by 10 

Vpp sinusoidal wave 
 
Figure 5 compares PCA with other proposed denoising techniques for a vibration location of 3 km. 
Among the evaluated algorithms, PCA achieved the highest SNR improvement, with a gain of 6.281 
dB, slightly higher than LPF (6.032 dB) and well above WD (3.725 dB) and MA (1.093 dB). In 
terms of computational efficiency, PCA required 4.1 seconds, which, although slower than the 
lightweight MA approach at 0.2 seconds, was faster than LPF at 7.2 seconds and WD at 6.5 seconds. 
This balance of maximum noise reduction and reasonable processing time underscores PCA’s 
effectiveness and practicality, particularly in applications where both high SNR and manageable 
processing time are essential. 
 

 
 
Figure 5. SNR improvement and computational time comparison of PCA and benchmark 

denoising techniques (MA, LPF, WD) at a fixed vibration location of ~3 km with 2 
Vpp excitation 

 
Figure 6 shows plotted differential signal after normalization showing effects of the different 
denoising algorithms performance with the raw DAS signal. Without denoising, the differential 
traces show large random variations along the entire fiber, indicating heavy noise. With MA, the 
amplitude range is slightly reduced, but a large amount of noise remains. LPF and WD remove 
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more noise, giving narrower amplitude ranges and smoother profiles, though some high-frequency 
components are still present. PCA gives the strongest noise reduction. The differential amplitudes 
are centered close to zero, with very little spread. The improvement is most visible in the vibration 
region near 3 km, where PCA removes background noise while keeping the signal intact. These 
plots, therefore visually confirm the SNR gains and show that PCA can achieve excellent denoising 
without harming signal quality. 
 

 
 

(a) 
 

 
 

(b) 
 

 
 

(c) 
 

 
 

(d) 
 

 
 

(e) 
 
Figure 6. Differential amplitude traces of the DAS signal along the fibre length a) without 

denoising and after applying b) MA, c) LPF, d) WD, and e) PCA. Vibration imposed 
2 Vpp, 500 Hz sine wave 

 
The time–distance plots in Figure 7 give further proof of PCA’s stronger denoising ability compared 
to MA, LPF, and WD. Without denoising, high background noise along the entire fiber hides the 
vibration signal at about 3 km. LPF and WD reduce the noise more than MA, making the vibration 
area easier to see. MA only reduces the noise slightly, leaving strong interference. PCA gives the 
best results, with very little background noise and a clear, sharp vibration signal. The event at 3 km 
is shown with excellent clarity in both time and distance, and noise is reduced across the full fiber 
length. These plots, hence, corroborate the earlier numerical results. They show that PCA not only 
improves SNR but also makes vibration events easier to see in both time and space, which is very 
useful for DAS. 
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(a) 
 

(b) 
  

 
 

 
 

 

(c) 
 

(d) 
    

 

 
  

  

(e) 
 

 

Figure 7. Time-distance plots of the DAS signal zoomed between 2.95 to 3.3 km along the fibre 
length a) without denoising and after applying b) MA, c) LPF, d) WD, and e) PCA. 
Right Panel – Color bar. Vibration imposed 2 Vpp, 500 Hz sine wave 

 
The results presented in this article show that PCA is a very effective denoising method for DAS. It 
improved SNR across all strain levels tested (1.2-10 Vpp), with gains of 4.774-7.223 dB. The 
largest gains were in the moderate strain range of 2 to 4 Vpp, where the increase was above 6 dB. 
Therefore, PCA can reduce noise while preserving the signal. At higher strain levels, the gain was 
slightly lower, but still strong. This means PCA works well even with high input signals. Vibration 
location also affects performance. The highest gain was at 3 km with 6.281 dB. This was followed 
by 6.243 dB at 5 km and 5.485 dB at 1 km. At 10 km, the gain dropped to 2.458 dB. This drop is 
due to more noise and weaker signals at longer distances. The results suggest that PCA performs 
well at all distances but is most effective at short and medium distances.  PCA also showed better 
SNR improvement than other methods. It beat WD by 3.725 dB and MA by 1.093 dB, by a clear 
margin. It also slightly beat LPF with 6.032 dB. The PCA computation time was 4.1 seconds, faster 
than LPF (7.2 seconds) and WD (6.5 seconds). It was slower than MA at 0.2 seconds. This balance 
of high noise reduction and reasonable speed makes PCA suitable for real-time or near-real-time 
DAS applications. 
 
The results reported here are supported by the differential amplitude traces of the MA, LPF, WD, 
and PCA denoising techniques. With MA, background noise was present, but only with minimal 
amplitude reduction. LPF and WD produced smoother traces than the raw traces, but high-
frequency noise persisted. Although PCA generated a clear representation of the vibration signal 
while maintaining a more compressed and zero-centered distribution of amplitude, it increased the 
SNR of the signal. The time–distance plots for all denoised signals showed that PCA improved SNR 
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and distinguished vibration events in 3D (both in time and distance) compared to LPF and WD. 
Background noise was eliminated from the DAS traces over the end-to-end distance, clearly 
highlighting the vibration signal at around 3 km. Because of PCA's demonstrated ability to 
reconstruct a signal with high accuracy, we believe this method would be an excellent choice for 
improving the sensitivity and precision of DAS when applied to denoising. 
 

Table 2 provides a structured, side-by-side comparison of representative DAS denoising techniques 
reported in the literature. The comparison highlights key distinguishing factors, including 
algorithmic complexity, dependence on tunable parameters, and suitability for real-time 
implementation. This synthesis goes beyond a descriptive literature review by explicitly contrasting 
the proposed standalone PCA method with commonly adopted hybrid, time–frequency, and data-
driven denoising strategies. 
 

Table 2. Qualitative comparison of commonly used DAS denoising techniques based on 
experimentally observed behavior in this study and established characteristics reported 
in the literature 

 

Ref. 
Denoising 

method 
Processing 
complexity 

Parameter 
dependence 

Real-Time 
suitability 

SNR 
improvement 

(dB) 
Key remarks 

[37] CNN-based Very High High Moderate N/A 

Requires 
training data 
and significant 
computational 
resources 

[40] 

IPCA (Down-
conversion + 

LMMSE + 
PCA + phase 
unwrapping) 

High High Moderate 10.8 

PCA is effective 
but embedded 
within a 
complex 
workflow, 
increasing 
computational 
burden 

[41] 
RPCA + 
Wavelet 

Very High Very High Low 12-22 

Requires careful 
threshold and 
wavelet 
parameter 
tuning 

[46] WD Moderate High Moderate Up to 15.50 

Highly 
parameter-
dependent, 
trial-driven. 

[47] AFDA Moderate Moderate Moderate 

≈3.7 (AFDA 
alone) 

Up to 10.8 
(AFDA + MA-

MD) 

Highly 
parameter-
dependent, 
trial-driven 

[48] 

Sequential 
Simple 

Algorithms 
(MA + MD 

+ LPF) 

Low Low High ≈3–6 
Sequential 
simple filters, 
low-cost 

[49] 
2-D bilateral 
filtering 

Moderate Moderate High 8.4-14.4 

Good SNR 
improvement 
but requires 
window and 
parameter 
optimization 
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Ref. 
Denoising 

method 
Processing 
complexity 

Parameter 
dependence 

Real-Time 
suitability 

SNR 
improvement 

(dB) 
Key remarks 

[50] WSVD High Moderate Moderate 6-7 

Matrix 
decomposition 
improves SNR 
but involves 
weighting 
strategy and 
rank selection 

[51] CEEMDAN High High Low Up to 24.73 

Effective for 
non-stationary 
noise but 
computationally 
intensive 

[52] 
ICEEMDAN–
TLGMCC–
WT 

Very High Very High Low 
Up to 72.18 

(NRR) 
Very complex, 
heavy tuning 

This 
work 

Stand-alone 
PCA 

Low Low High 4.8–7.2 

Simple, 
parameter-light 
approach 
exploiting 
spatio-temporal 
correlation in 
DAS data 

 
Table 2 presents a comparative assessment based on both the experimental results of this work and 
established denoising methods. Low-pass and moving-average filtering schemes are computationally 
inexpensive but exhibit low adaptability and high signal distortion when applied to low-SNR DAS 
data, especially at high sensing distances. Wavelet denoising is more feature-preserving but is more 
sensitive to the choice of wavelet basis, level of decomposition and thresholding methodology which 
makes it difficult to apply in real-world DAS systems without significant tuning. More sophisticated, 
data-driven or weighted SVD-based algorithms may achieve high levels of noise suppression but 
come at a higher computational cost, may require extra training data, or may involve multiple steps 
in the process. Conversely, PCA offers a good trade-off between leveraging the natural low-rank 
structure of vibration responses of the DAS and moderate computational complexity and parameter 
insensitivity, rendering it applicable to real-time or long-range sensing operations. 
 
According to the results, PCA, when used as a single denoising algorithm, may be effective in 
improving DAS signal quality without using multi-stage or hybrid signal processing pipelines. 
Although PCA has already been used in more sophisticated DAS signal processing models, in many 
cases with down-conversion, adaptive filtering, or phase unwrapping operations [39]-[41], the 
extent to which PCA's denoising performance is inherent to PCA on raw DAS data has not been 
explicitly studied. Contrary to this, the current paper separates the idea of PCA in relation to 
auxiliary processing steps, and demonstrates that the DAS signals induced by vibration always lie in 
a low-rank spatio-temporal subspace, which is directly usable in noise suppression. 
 
At all strain levels tested, PCA produced SNR gains of about 4.8 dB to 7.2 dB, with the greatest 
gains occurring at intermediate levels of strain when spatio-temporal correlation between DAS 
traces is greatest. As argued by this trend, this observation aligns with the theoretical principle of 
PCA, which is based on coherent signal structure rather than on frequency-band specifications or 
threshold principles, and explains the better trade-off between noise reduction and signal retention, 
as illustrated in Table 2. Experiments over various FUT lengths also validate that PCA can still 
detect locations at up to about 10 km, although the performance decreases with distance as there is 
also attenuation of the fiber and increasing noise dominance. This effect is consistent with earlier 
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results from long-range DAS systems [44], [45]. Notably, despite these very adverse conditions, 
SNR gains can be kept, which means that PCA can still be used in a real-life situation where a long-
range monitoring is required. 
 
Table 2 summarises the results of PCA as compared to the traditional denoising methods which 
represent a good trade- off. Basic filtering methods like moving-average or low-pass filters have a 
low computational load but higher signal distortion and reduced flexibility to changing noise. 
Denoising algorithms using wavelets are more sensitive to feature retention but they need 
parameter adjustments and might not be resistant to various operating conditions [32], [41]. More 
complex weighted SVD or data-driven methods may provide high-quality denoising results, but 
tend to be more expensive to compute or rely on training data and processing pipelines [37], [50]. 
The suggested PCA methodology stands out as one with minimal parameter tuning, moderate 
computational complexity, and that works directly on raw DAS data. 

 
What is new in this work is the controlled and systematically varied experimental data, which 
directly assesses PCA as an independent denoising method of DAS signals- an aspect that has not 
been explicitly tested in previous hybrid DAS PCA-based studies [39], [40]. Scientifically, this paper 
provides experimental support for the low-rank structure of DAS vibration responses over a wide 
strain regime and sensing distances. Technologically, the findings indicate that PCA can be a viable, 
simple-complexity denoising method of real-time or long-range DAS systems. 
 
While this approach has many advantages, it is important to acknowledge its limitations. These 
limitations are reflected in the experimental results, particularly in the reduced SNR improvement 
observed at longer sensing distances and under lower signal-to-noise conditions. Lab experiments 
have been carried out under controlled conditions at a limited number of frequency and vibration 
types; however, the results indicate that real-world DAS applications may present additional 
challenges, where both the noise environment can be more complex and non-stationary (e.g., 
varying soil types), the temperature gradient can impact how DAS records data, and there may be 
other sources of vibration occurring at the same time. Also, PCA is a linear technique and may 
therefore not work well when the signal structure is highly nonlinear or when the noise distribution 
is strong and highly non-Gaussian. Additionally, for PCA to be effective, sufficient spatio-temporal 
correlation must be present, which is consistent with the stronger denoising gains observed at 
moderate strain levels in this study. If vibration events are distributed or have very low levels of 
correlation, they will likely be difficult to distinguish from noise. Finally, while PCA has relatively 
low computational complexity compared to some techniques, the amount of data collected through 
the DAS system and/or the rate of data acquisition may affect PCA's capability for ultra-long-range 
and ultra-high-speed DAS applications. 
 
Thus, building on the trends observed in the experimental results, the future directions of the 
current work will be to verify the suggested method using DAS field data collected under a range 
of operational conditions, development of adaptive techniques to select dynamic principal 
components and evaluation of efficient preprocessing techniques, as well as the implementation of 
hardware-assisted methods for large-scale real-time monitoring. Also, future research can be 
conducted on nonlinear versions of principal component analysis, such as Kernel PCA, as well as 
using a data-driven deep learning-based methodology when the assumptions of linear PCA do not 
hold. 
 
4. Conclusion  
 

This article evaluates PCA performance for denoising ∅-OTDR data and compared it to other 
common denoising algorithms. PCA provided SNR gains from 4.774 dB to 7.223 dB across strain 
levels ranging from 1.2 to 10 Vpp. The largest gain was at 10 Vpp, and in the mid-range of 2 to 4 Vpp, 
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the improvement was maintained above 6 dB. Hence, PCA is highly effective for improving DAS 
signal quality. Location-based tests showed similar results. The highest gain was at 3 km with 6.281 
dB, followed by 6.243 dB at 5 km and 5.485 dB at 1 km. At 10 km, the gain dropped to 2.458 dB 
because of higher attenuation and noise, but the improvement was still clear. Compared with MA, 
LPF, and WD, PCA gave the highest SNR gain of 6.281 dB while keeping a reasonable computation 
time of 4.1 seconds. It was slower than MA at 0.2 seconds but faster than LPF at 7.2 seconds and 
WD at 6.5 seconds. Visual representations using differential traces and time–distance plots 
confirmed these findings. PCA removed background noise more effectively than the other methods 
and kept the 3  km vibration signal clear in both space and time. These results highlight PCA as a 

reliable and data-efficient processing tool for ϕ-OTDR DAS applications. In terms of practical 
considerations, the proposed standalone PCA denoising framework has strong potential for 
supporting real-time DAS monitoring applications due to its low computational overhead and 
limited reliance on user-defined parameters. In addition to this low resource requirement, the 
linear nature of the approach may yield inferior performance in non-linear or strongly non-Gaussian 
noise conditions, or in situations where vibration signals are very weak or sparsely distributed. 
Delivering an adaptive or non-linear version of this technique could significantly expand the 
applicability of this approach in future advanced research efforts. 
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