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 Distributed Acoustic Sensing (DAS) data are vast, reaching terabytes, 

and can generate about 650 GB to 20 TB of data daily. To manage these 

large data volumes efficiently and ensure rapid network transfer and 

long-term storage, robust and reliable data processing techniques are 

essential. DAS enables real-time or near-real-time monitoring. Existing 

techniques are time-consuming, ineffective, and inefficient. In this 

study, we propose an enhanced version of the Gradient Quantization 

(GQ) model, focusing on improving the quantization steps during 

compression while preserving the real signals of DAS events. 

Additionally, we compared the results with six widely used data 

compression techniques. According to the results, our proposed method 

achieved higher compression and a higher space-saving ratio, 

outperforming other models while preserving the key features of DAS 

signals recorded by the Interrogator Unit (IU). In contrast, existing 

techniques often result in the loss of important event signals when higher 

compression is applied, thereby reducing data quality and usability, and 

limiting the precision of DAS in seismic data exploration. The proposed 

framework demonstrated superior performance, particularly in terms of 

data compression. Our approach reduced DAS data by a factor of 3.92 

with a 74.46% space-saving ratio and achieved a Peak Signal-to-Noise 

Ratio (PSNR) of 65.81 dB, indicating high-quality signal preservation 

after compression. 
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1. INTRODUCTION 

In recent years, DAS technology has become popular in many fields. It is based on phase-sensitive optical 

time-domain reflectometry (Φ-OTDR) technology. DAS utilizes optical fiber cables as sensing sources and 

records strain rates, also known as fingerprints (Otchere et al., 2024). It introduces a highly sensitive 

recording mechanism using a device called an IU. It records vibrational signal frequencies from various 

sources due to internal or external disturbances. For instance, these disturbances may occur when devices 

become faulty, because of anthropogenic activities, or because of poor installation, such as weak coupling 

conditions. Several studies reveal that DAS routinely reaches terabytes of data and generates ~650 GB to 

20 TB of data per day (Arief et al., 2021; Shao et al., 2025). Optical fiber cables used in DAS technology 

act as continuous sensors along their entire length. These cables can be installed on the surface and in the 

subsurface. The reflected waves are measured using an IU. Any imperfection that occurs during 

transmission causes the waves to return to the device, regardless of the distance at which the imperfection 

occurred. This phenomenon is known as Rayleigh backscatter. Our investigation highlights the need for 

attention to the rapid generation of massive data for long-term monitoring. If DAS data are not handled 

appropriately, they later become costly and require more storage, efficiency, and computational power for 

analysis. 

Thus, in this research, we propose a robust model for data compression (DC) of DAS. This technique 

can also be used for multiple purposes without losing actual data. Our model performed well and gave the 

highest confidence in the DC ratio.  

 

Fig. 1. DAS working model (EarthScope Consortium. 2025) 

Fig. 1 illustrates the working principle of DAS based on the use of a fiber optic cable. DC is a primary 

problem in the continuous increase of data, in which our primary goal is to shrink the size of data for better 

storage and transmission. Massive data generation by DAS creates a major problem. To address this, it is 

critical to efficiently handle DAS data by introducing efficient storage techniques (Al-okaily & Tbakhi, 

2024). The goal of DC is not only to facilitate data exploration but also to save storage space and time (Gao 

& Jiang, 2025). This requires a robust method to encode the information, often deleting redundant data. 

Algorithms always make trade-offs among DC ratio, speed, and efficiency (Chen & Sun, 2025). Efficiency 

often involves constraints on processing time (Carpentieri, 2025).  DAS is considered big data primarily 

due to the enormous volume, high velocity, and diverse variety of the data it generates. These characteristics 

contribute to its complexity and highlight the need for robust processing and analysis techniques. To deal 

with massive data, advanced techniques, particularly Machine Learning (ML) and Deep Learning (DL), are 

increasingly integrated with DAS systems to handle the data. DAS fiber cables are typically laid over tens 

of kilometers, transforming them into an array of sensors. DAS provides continuous, real-time monitoring 

with high temporal resolution. 
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The DAS interrogator generates massive amounts of data over long distances, and the entire fiber 

optic cable is utilized as a sensing source. For instance, one experiment produced 128 TB of data by 

sampling 12,000 channels at 500 Hz over three months. (Arief et al., 2021). The enormous data size and 

complexity are due to diverse types of noise. The sheer volume of data creates challenges in transferring 

and storing data over long periods. When such voluminous data are collected, traditional methods such as 

Short-Term Average/Long-Term Average (STA/LTA) become less effective. Additionally, variable SNR 

and low-magnitude events often pose a problem due to the data’s unprecedented size and velocity, coupled 

with challenges in data quality and SNR (Dong et al., 2020; Luo et al., 2023; Yu, F.-H., et al., 2024). 

Computational processing requires advanced data-management and analytical tools to extract meaningful 

information from the complex and noisy signals (Ashry et al., 2022). Thus, the above metrics are important 

to maintain and preserve key features of DAS signals.  

This research aims to propose a technique for DAS data compression using machine learning 

techniques. However, since this technology generates several terabytes of data over long periods, robust 

and efficient compression algorithms are essential. In this research, we introduce an extended version of 

GQ, incorporating our proposed technique for compression and decompression of big data, such as DAS. 

The proposed technique is compared with six existing DC techniques including wavelet, down-sampling, 

autoencoder, Huffman, Lempel-Ziv-Welch (LZW), and Lempel-Ziv-Storer-Szymanski (LZSS). In the 

results and discussion section, the comparison outcomes are presented. As shown in Figure 7, two 

evaluation metrics, compression ratio and space-saving (%), were used. Our proposed GQ technique 

outperformed all six existing methods. Furthermore, Table 1 presents the performance of GQ across various 

quality metrics. 

2. RELATED WORK 

Researchers’ investigations have revealed that data storage is a problem, as data routinely reaches terabytes. 

Additionally, it is costly to handle and store data for long periods. To address this problem, many 

researchers have tried to solve it and have proposed frameworks for data compression. A recent study by 

Isaenkov et al. (2021) implemented a model that reduces the ~1.5 TB of data to ~500- MB. Fig. 2 illustrates 

the compression technique followed by the authors in the study.  

 

 

Fig. 2. Data reduction of DAS. Given volume reduced from 216 TB to 67 MB  (Isaenkov et al., 2021) 
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They acquired Vertical Seismic Profile (VSP) data from the Carbon Capture and Storage (CCS) 

project, where a DAS monitoring system was installed at the CO₂CRC Otway site in Australia in early 

2020. In another study, Yu, P.-L., et al. (2024) proposed a DC solution for DAS data. The method not only 

outperformed existing techniques but also offered two key advantages: demodulation of compressed data 

and phase information, enabling concurrent acquisition of amplitudes while preserving a high density of 

channels (sensors). This provides an affordable way to store acoustic signals efficiently. The model in the 

study outperformed existing approaches and achieved a 19.53 compression ratio and a 94.88% space-saving 

ratio. However, in DAS data, higher degradation of signals is considered a failure of the compression 

methodology. 

Yu et al. (2022) proposed a DC framework to resolve the data storage problem. They achieved a 98.75 

percent space-saving ratio by converting 128 MB of data to 1.6 MB. Their results also revealed that 

vibrational signal frequencies could be accurately reconstructed from under-sampled 1-bit data, but the 

SNR was not satisfactory. These parameters are critical quality metrics for DAS data. However, our 

proposed GQ outperformed the existing approaches in terms of compression rate and space saving while 

preserving signal quality. Our proposed model yielded better performance in the results and discussion 

section.  

 

Fig. 3. Compression strategy followed by Dong et al. (2022) 

Another study by Dong et al. (2022) on DAS data was conducted to compress the data in real-time or 

near-real-time for monitoring applications as shown in Fig. 3. They used two techniques, DASSA and 

H5TurboPF for DC, and managed to reduce 40% of the data. Wang et al. (2025) proposed a scheme for DC 

and reduced the data size from 9.31 GB to 238.42 MB, achieving a ≈ 39.95 compression ratio. They 

acquired data from a 6-km-long sensing optical cable and achieved a 40-fold reduction. Further analysis 

proved that the strategy could successfully reconstruct the data. Shen et al. (2022) proposed a novel 

classification technique and compressed DAS data. Their novel scheme compressed raw data and classified 

different acoustic signals. In the experiment, their model achieved 90% accuracy. It also handled four-class 

classification using 30% of the actual data. The authors also observed that the data compressed using their 

scheme demonstrated better performance, achieving a higher SNR and measurement ratio. 

The literature related to DC shows that robust strategies and frameworks are essential, particularly for 

large-scale DAS monitoring projects. In such systems, optical fiber cables serve as sensing sources, 

generating enormous volumes of data that can reach terabytes per day. This study attempts to address this 

problem in DAS. In recent years related work has focused mainly on other types of data rather than DAS 

data. Additionally, this study offers a better understanding of DAS compression and enhances compression 

at a higher rate thereby standing out among prior frameworks. 
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3. DAS DATA COMPRESSION 

In the literature review, numerous studies have been conducted on DAS data compression. Our 

investigation found that only a few studies have not only proposed efficient frameworks but also provided 

solutions that offered additional advantages for DAS data after compression. They reduced the size and 

outperformed existing methods. Related studies have shown how important it is to use effective DC 

techniques when managing the enormous amounts of DAS data. Many applications, such as pipeline 

leakage detection, road and marine traffic, enhanced oil and gas exploration, structural monitoring, and 

seismic detection, require efficient DAS data handling. Classification features have even been incorporated 

into the compression pipelines of some methods. Despite these developments, most current solutions have 

primarily addressed data reduction and compression, with little direct relevance to long-term DAS 

monitoring systems. As a result, this study closes a significant gap by addressing compression issues unique 

to DAS, suggesting a more efficient solution suited to the special characteristics of DAS data, and making 

a significant contribution to scalable and affordable DAS data management. 

4. PROPOSED MODEL 

In this study, the proposed data compression model utilized Gradient Quantization (GQ) for DAS data. 

However, the compression techniques followed in this study are extended and given a high compression 

rate. In this study, we achieved 92.56% data compression with different quantization steps. The model 

achieved high compression and successfully reconstructed DAS files in their original form with no loss of 

data during decompression actions. Fig. 4 shows the GQ-based compression and decompression 

framework. The framework begins with loading SEGY file data, followed by three main compression steps: 

gradient compression, quantization, and entropy coding. For decompression, the reverse operations are 

entropy decoding, dequantization, and gradient decompression. In the last steps, the original DAS signal is 

reconstructed. This model enables better storage while preserving essential signal characteristics without 

losing desired signals.  

 

 

Fig. 4. Gradient Quantization for DAS 

In this study, we proposed an efficient, lossy compression framework tailored for high-dimensional 

DAS data stored in SEGY file format, followed by industry applications. Based on Fig. 4, the proposed 
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framework integrates signal transformation, a quantization technique, and entropy coding to achieve 

significant space savings while preserving essential waveform characteristics for downstream 

interpretation. The complete framework flow is based on the following steps: 

(i) DAS Data: The frameworks begin by loading DAS files containing traces directly from SEGY files 

using ObsPy, a Python library for seismological data. It is a publicly available library and is widely 

used. Each trace is extracted and converted into a 2D NumPy array. Fig. 6 shows the single DAS trace, 

which contains the strain-rate recorded by the Interrogator Unit (IU). 

(ii) Gradient-Based Compression: To exploit temporal redundancy inherent in DAS signals, we apply 

first-order differencing along the time axis. This operation emphasizes dynamic changes in the signal, 

making it more amenable to compression by reducing low-frequency redundancy. The initial column 

of the original signal is stored separately to enable full reconstruction. 

(iii) Scalar Quantization: The difference signals are then quantized using a uniform scalar quantizer with 

a fixed step size (q_step). This reduces the numerical precision of the data while enabling effective 

bitstream compression. The choice of q_step allows for a tunable trade-off between fidelity and 

compression rate. 

(iv) Entropy Coding: In this step of the compression framework, we serialized the data and subjected the 

quantized gradient data to entropy coding using zlib, which is a lossless compression technique and a 

dictionary-based compression scheme. This step further reduces the data volumes. This reduction is 

beneficial because DAS systems generate enormous data volumes by eliminating statistical 

redundancies in the byte representation of the quantized array. 

(v) Decompressed File: Three components are stored during compression: (i) the entropy-encoded data 

stream, (ii) the shape of the quantized data, and (iii) the initial signal column required for 

reconstruction. These files are used to recreate the original signal during decompression. 

(vi) Decompression: The decompression pipeline reverses each step in sequence. First, the compressed 

binary is decoded using zlib. The resulting quantized gradients are then dequantized to approximate 

the original gradient values. Using the stored initial column, the original signal is reconstructed by 

cumulative summation. 

Fig. 5 illustrates the workflow of the proposed GQ technique along with other reconstructible data 

compression methods. The process begins with data input and preprocessing, followed by the application 

of different compression techniques, including gradient quantization, wavelet transform, autoencoder, and 

downsampling. Each of these methods aims to efficiently reduce data size while maintaining the integrity 

of DAS signals. However, during implementation, we observed that increasing the quantization steps 

significantly improves the compression rate compared to other techniques but simultaneously reduces 

signal clarity. 

The compressed data are then subjected to evaluation and analysis using various compression metrics 

to assess performance in terms of compression efficiency, signal preservation, and reconstruction quality. 

This workflow provides a clear overview of the proposed approach and its comparative assessment against 

other conventional compression methods. 
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Fig. 5. Gradient Quantization model flow with reconstructible methods 

5. RESULTS AND DISCUSSION 

The experimental results illustrated in Fig. 6 show the comparative file sizes before and after applying GQ 

to a DAS SEGY dataset. The left bar represents the size of the original uncompressed data, which is 

approximately 15.41 MB. The right bar represents the total size of the compressed output, including the 

entropy-coded file, shape metadata, and the initial signal column required for reconstruction. The 

compressed size is approximately 3.94 MB, yielding a substantial space reduction. This corresponds to a 

compression ratio of approximately 3.92× and an overall space saving of approximately 74.46% (as shown 

in Fig. 7), demonstrating the effectiveness of the gradient-based quantization and entropy encoding 

approach in minimizing storage without retaining the entire uncompressed dataset. Such a reduction is 

particularly valuable in large-scale DAS deployments where data volume can quickly become a limiting 

factor for storage and transmission. During the data compression experiments, we compared and evaluated 

six techniques: wavelet, downsampling, autoencoder, Huffman, LZW, and LZSS and autoencoder, against 

the proposed GQ method. The experimental results showed that GQ achieved a higher compression rate of 

over 90%, demonstrating significant improvement over previous work.  
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Fig. 6. Compression result comparison with original DAS data file 

 

Fig. 7. Comparison of GQ with six compression techniques based on two metrics: compression ratio, space saving 

Table 1. Data Quality Metrics for DAS with Existing DC Techniques and GQ Robustness 

Metric GQ Wavelet Down-sampling 

SNR (dB) 26.49 24.85 4.47 

PSNR (dB) 59.55 57.91 37.54 

Spectral Entropy 3.3449 3.3458 2.8608 

Kurtosis 384.98 398.82 371.74 

Skewness 0.0174 -0.0082 0.1262 

Zero-Crossing Rate 0.1813 0.1866 0.1030 

Table 1 highlights the robustness and effectiveness of the GQ method for DAS data, particularly in 

achieving superior compression and space-saving performance. While applying compression techniques, 

we ensured that the data quality remained consistent.  
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Table 2. Signal Quality Metrics for Original and Reconstructible Compression Methods 

Method SNR (dB) PSNR (dB) Spectral Entropy Kurtosis Skewness Zero-Crossing Rate 

Original (Uncompressed) ∞ ∞ 3.3447 386.7182 -0.0073 0.1889 

GradientQuant 26.4854 59.5477 3.3449 384.9844 0.0174 0.1813 

Wavelet 24.8501 57.9123 3.3458 398.8152 -0.0082 0.1866 

Downsampling 4.4749 37.5371 2.8608 371.7360 0.1262 0.1030 

Furthermore, Table 2 compares GQ with other reconstructible compression techniques, where GQ 

exhibited the most robust performance, achieving higher SNR (26.49 dB) and PSNR (59.55 dB) values—

indicating strong signal preservation and minimal quality loss, which is crucial for DAS data. The GQ 

method also maintained spectral entropy and zero-crossing rate values closely aligned with the original 

uncompressed data, confirming its ability to preserve both temporal and frequency characteristics without 

degradation. Additionally, when compared with the wavelet and downsampling techniques, GQ achieved 

superior compression and space-saving ratios while maintaining signal fidelity, making it highly suitable 

for DAS signal preservation.  

6. CONCLUSION AND FUTURE WORK 

DAS produces massive data volumes (TB/day). An efficient DAS DC framework can significantly reduce 

the cost of storage, management, and data transfer. Our proposed model outperforms others and shows a 

high compression ratio and fast compression. This framework compresses the raw DAS data acquired by 

the IU. The proposed framework can be more impactful for data compression if the quantization steps are 

carefully treated. Furthermore, the focus should not only be on compression and the space-saving ratio, but 

also on preserving key signal features of DAS data during compression. These steps play a greater role in 

the effectiveness of techniques such as GQ. In big data applications such as DAS, robust data compression 

techniques are needed to address problems such as data storage. For example, this technology produces a 

high volume of data, which requires more space for long-term storage. The evaluation report in the above 

results and discussion section shows the performance of various techniques. Here, we considered four 

metrics for reconstructible techniques: SNR, PSNR, spectral entropy, and zero-crossing rate, and confirmed 

the robustness and reconstructability of the GQ approach. 
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