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ABSTRACT 

Permafrost plays a critical role in the Arctic’s climate system, and its degradation poses major 

challenges to environmental stability as the Arctic experiences particularly strong responses to climate 

change. Permafrost is often highly heterogeneous, yet its fine-scale degradation processes remain poorly 

understood. Given the limitations of individual site characterization methods, a combination of 

geophysical and geotechnical techniques is needed to constrain the thermal, hydrological, and mechanical 

properties of permafrost. 

This dissertation develops a scalable framework for characterization of permafrost heterogeneity by 

integrating active multichannel geophysical techniques with passive distributed fiber-optic sensing and 

unsupervised machine learning. The first part of this work focuses on field investigations conducted near 

Utqiaġvik, Alaska, where active-source multichannel analysis of surface waves (MASW), electrical 

resistivity tomography (ERT), borehole temperature sensing, and validating core samples are combined to 

constrain the lateral and vertical variability of permafrost. While inversion non-uniqueness remains a 

challenge, joint interpretation of seismic and electrical results improves model reliability by resolving key 

permafrost features such as ice-rich and cryopeg layers. It also quantifies the long-term impacts of civil 

infrastructure on active-layer thickening and subsurface heterogeneity. However, repeating these surveys 

in remote Arctic regions is logistically challenging and risks disturbing the cryosphere, highlighting the 

need for non-invasive passive monitoring approaches that can provide repeatable permafrost degradation 

assessments. 

The second part of this research addresses data management challenges in large-scale distributed 

acoustic sensing (DAS) for passive monitoring by introducing a convolutional autoencoder framework for 

unsupervised anomaly detection. The algorithm filters and retains segments containing meaningful 

geophysical signals, enabling significant data storage reduction and continuous event detection without 

labeled training data. Initially developed for mining-induced seismicity monitoring, the approach is 

extended to passive permafrost characterization in Utqiaġvik, where naturally occurring cryoseismic 

events are identified and utilized as a new source of energy for permafrost imaging. Inverted shear-wave 

velocities demonstrate the feasibility of non-invasive permafrost imaging by revealing ice-rich permafrost 

layers. Collectively, the results establish a field-deployable, data-driven sensing framework for tracking 

permafrost degradation. The methods developed here may broadly be transferable to other domains, 

including environmental fiber-optic sensing, geohazard assessment, and energy infrastructure, where 

scalable, high-resolution seismic monitoring is essential. 
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CHAPTER 1  INTRODUCTION 

Site characterization forms the foundation of geotechnical, geophysical, and environmental 

investigations. It underpins the design, construction, performance assessment, and long-term monitoring 

of engineered systems built on the ground. Understanding subsurface conditions, including stratigraphy, 

stiffness, and thermal or hydrological states, is crucial for predicting ground behavior under both static 

and dynamic loading. Traditional geotechnical site investigations relied on point-based in-situ tests and 

discrete sampling, which, while providing direct measurements of material properties, often fail to capture 

spatial variability across complex geological settings (Elkateb et al., 2011; Pfaffhuber et al., 2020). In 

contrast, geophysical methods often offer distributed, continuous profiling of subsurface properties but 

yield indirect measurements that require inversion and further validation due to their inherent non-

uniqueness. Consequently, it is crucial to recognize and acknowledge the assumptions and limitations of 

each method and interpret their results within an integrated framework to achieve a more comprehensive 

understanding of subsurface conditions. 

Characterizing and understanding the subsurface in cold regions presents additional scientific and 

engineering challenges due to the inherent spatial and temporal complexity of the subsurface. Permafrost, 

which refers to any ground material that remains below 0 °C for at least two consecutive years, is a 

coupled thermo-hydro-mechanical medium in which variations in ice content, temperature, salinity, and 

moisture can generate highly heterogeneous and dynamic ground conditions. Accurate monitoring of 

these processes is vital for assessing the stability of Arctic infrastructure and understanding feedback 

mechanisms between the cryosphere and the climate system (Hjort et al., 2022). However, no single 

sensing or sampling method can fully resolve the multifaceted characteristics of permafrost due to the 

inherent limitations of each technique. For example, seismic methods are effective for delineating frozen 

and unfrozen zones but are relatively insensitive to salinity variations that can influence ice–water phase 

boundaries (Dou, 2015; Wu et al., 2017). In contrast, electrical and electromagnetic techniques provide 

valuable information about saline and unfrozen features such as cryopegs and taliks, complementing 

seismic observations (Ekimova et al., 2025; Oldenborger & LeBlanc, 2018).  

Moreover, conventional site characterization approaches are constrained by limited spatial coverage 

and temporal continuity, making it difficult to capture the evolving nature of frozen ground across scales–

from centimeter-scale ice lenses to kilometer-scale landscape features and to fully understand long-term 

processes. For instance, the interaction between permafrost and civil infrastructure is an inherently time-

dependent problem that unfolds over a broad range of temporal scales–from diurnal freeze–thaw cycles to 

multi-decadal and even glacial–interglacial climate oscillations. For the timescales most relevant to 

typical civil engineering design and asset management (approximately 30–50 years), understanding both 

short-term variability and long-term trends is critical for assessing infrastructure resilience (Grussing, 
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2013). Therefore, continuous and spatially extensive monitoring techniques are required to capture the 

evolution of permafrost and its coupling with built systems (Chen et al., 2020; Liu et al., 2010). Remote 

sensing technologies such as Interferometric Synthetic Aperture Radar (InSAR) (Liu et al., 2010; 

Zwieback et al., 2024), radar altimetry (Zakharova et al., 2014), and laser altimetry (Bryant et al., 2025; 

Michaelides et al., 2021) have shown strong potential for detecting surface deformation associated with 

permafrost thaw and subsidence over regional scales. These satellite-based techniques provide invaluable 

large-scale observations but are limited in their ability to resolve subsurface processes. InSAR, for 

example, primarily measures surface displacement in the line-of-sight direction and cannot directly 

distinguish the underlying thermo-hydrological or mechanical mechanisms driving the deformation (Yang 

et al., 2020). Its sensitivity to environmental factors such as snow cover, vegetation, and temporal 

decorrelation also may restrict its applicability in Arctic tundra regions, where rapid seasonal changes can 

degrade signal coherence (Zhang et al., 2022).  

Recent advances in geophysical sensing technologies, such as distributed fiber-optic systems, now 

enable continuous, high-resolution observations of seismic, strain, and temperature conditions in 

permafrost (Wagner et al., 2018). While these developments have revolutionized passive monitoring 

capabilities, they also generate massive data volumes that challenge traditional processing and 

interpretation workflows. Therefore, leveraging data-driven and artificial intelligence (AI)-based 

approaches provides solutions for efficiently extracting meaningful patterns, detecting anomalies, and 

translating large-scale sensing data into actionable insights about permafrost dynamics. 

1.1 Integrated Monitoring Approach 

Accurate site characterization in challenging environments often requires combining multiple 

monitoring techniques. Traditional geotechnical in-situ tests (e.g., Standard Penetration Test and Cone 

Penetration Test) provide direct information on soil properties but only at discrete borehole locations. 

Boreholes are typically spaced far apart (often tens to hundreds of meters), which risks missing important 

spatial variability in subsurface conditions (USGS, 2023). By contrast, as noted earlier, geophysical 

surveys (such as seismic-, electrical-, or radar-based methods) offer continuous or distributed profiling of 

subsurface properties between boreholes, but they yield indirect measurements that must be inferred 

through inversion. Such geophysical inversions are inherently nonunique–for example, multiple different 

shear-wave velocity (Vs) profiles can fit the same surface-wave dispersion data equally well (Foti et al., 

2009). This ambiguity means that geophysical results alone, while spatially extensive, can suffer from 

uncertainty in interpretation. 

To overcome these limitations, an integrated monitoring approach leverages the complementary 

strengths of geotechnical and geophysical data. Point measurements from boreholes serve as ground truth 

constraints to guide and calibrate geophysical inversions, thereby reducing non-uniqueness, while the 
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geophysical measurements fill in the continuous spatial detail between sparse boreholes (USGS, 2023) 

Several studies have demonstrated that combining multiple characterization techniques yields a more 

robust understanding of the subsurface than any single method alone (Braga & Gama, 2024; Chen et al., 

2021; Olayanju et al., 2017). Integrating multichannel geophysical and geoelectrical methods with 

selective geotechnical sampling may yield improved interpretation accuracy, which is particularly 

valuable in heterogeneous ground conditions where neither boreholes nor geophysics alone can capture 

the full complexity. 

1.2 Multichannel Analysis of Surface Waves and Electrical Resistivity Tomography   

The Multichannel Analysis of Surface Waves (MASW) method is a seismic technique that utilizes the 

dispersive properties of surface waves–primarily Rayleigh and, in certain configurations, Love waves–to 

infer the near-surface Vs structure (Park et al., 1999a). Surface waves represent the most energetic 

components of seismic signals generated by near-surface sources and recorded at the ground surface, with 

Rayleigh waves involving both radial and vertical particle motion, and Love waves exhibiting a horizontal 

shear motion confined to the near-surface layers. Because their propagation velocities are frequency-

dependent and governed by the elastic moduli and density distribution with depth, analysis of surface-

wave dispersion provides a robust means of estimating Vs profiles. In MASW, the phase velocity of each 

frequency component is extracted from multichannel seismic records and inverted through a nonlinear 

least-squares or global optimization algorithm to derive the shear-wave velocity–depth function (Park et 

al., 1999a).  

For permafrost characterization, MASW is particularly valuable because it provides information on 

the mechanical stiffness of the subsurface derived from Vs measurements. Higher shear-wave velocities 

can indicate either mechanically stronger lithologic units or frozen, ice-rich soils where ice bonding 

increases stiffness and wave propagation speed. Conversely, lower velocities may signify thawed, 

unconsolidated, or water-saturated zones with reduced shear strength (Ji et al., 2024; Liew et al., 2022). 

Compared to geotechnical methods, MASW can offer a non-destructive, rapid, and spatially continuous 

means of subsurface characterization, making it especially advantageous for permafrost studies in remote 

and environmentally sensitive Arctic regions (Evangelista & Santucci de Magistris, 2015). 

Electrical Resistivity Tomography (ERT) is a geoelectrical imaging technique that characterizes the 

subsurface by measuring the spatial distribution of electrical resistivity (Daily et al., 2005). It operates by 

injecting a known electric current into the ground through a pair of electrodes and recording the resulting 

potential differences at other electrodes along the profile. The apparent resistivity derived from these 

measurements reflects the integrated response of the subsurface materials, which is then inverted to 

produce a two- or three-dimensional resistivity model.  
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Because electrical resistivity is strongly influenced by factors such as pore-water salinity, 

temperature, and soil texture, ERT is particularly sensitive to the hydrothermal state of frozen ground 

(Piolat et al., 2024). In permafrost environments, high resistivity values typically correspond to frozen, 

ice-rich materials, whereas low resistivity zones indicate thawed or saline layers such as cryopegs or taliks 

(Yoshikawa et al., 2004). The inversion of ERT data involves solving a nonlinear optimization problem 

constrained by regularization terms that balance data misfit and model smoothness, allowing the recovery 

of resistivity contrasts with depth. Advances in multi-electrode arrays, high-precision instrumentation, and 

time-lapse ERT techniques enable detailed monitoring of freeze–thaw dynamics, active-layer thickness, 

and permafrost degradation over seasonal to decadal timescales (Herring et al., 2023). When combined 

with complementary datasets such as seismic velocity profiles or temperature logs, ERT provides a 

powerful means to constrain the thermal and hydrological structure of permafrost and to evaluate coupled 

processes affecting ground stability and infrastructure performance in cold-region settings. However, both 

MASW and ERT results are inherently non-unique due to the ill-posed nature of the inversion process, 

where multiple subsurface resistivity distributions can explain the same measured data within acceptable 

error limits. Therefore, the interpretation of these geophysical and geoelectrical models must be guided by 

independent geological information, borehole data, or complementary geophysical measurements to 

ensure physically realistic and geologically consistent results. 

1.3 Global Warming and Permafrost Degradation  

Permafrost is distributed across approximately 25% of the land surface in the northern hemisphere 

and is highly sensitive to atmospheric temperature variation primarily caused by global warming 

(Biskaborn et al., 2019; Lantuit et al., 2012). The Arctic average annual surface temperature has increased 

by 3.1 °C from 1971 to 2019, which is three times faster than the global rate (AMAP, 2021; IPCC, 2021; 

Rantanen et al., 2022). In Utqiaġvik (the study area of this dissertation, formerly known as Barrow), 

Alaska, the average annual air temperature has risen over 4 °C since 1980, and recent decades have seen 

Arctic Alaska's permafrost warm by 1-3 °C (Nicolsky et al., 2017; Thoman & Walsh, 2019). As illustrated 

in Figure 1.1, the effects of global warming are particularly pronounced in the Arctic due to Arctic 

amplification–a feedback process in which the loss of reflective sea ice increases the absorption of solar 

radiation by darker ocean waters, thereby accelerating regional warming (Yao et al., 2021). Rising air 

temperatures lead to the thawing of permafrost, thickening of the active layer, and the release of 

previously trapped greenhouse gases, including carbon dioxide and methane (Koven et al., 2011). This 

release reinforces global warming, creating a positive feedback loop that further destabilizes permafrost 

and amplifies the impacts of climate change on Arctic landscapes. 
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Figure 1.1 Time series of temperatures at the 20 m depth in northern Alaska. Modified from Osterkamp 
(2003) based on Romanovsky et al. (2020).  

Permafrost often exhibits a highly heterogeneous structure resulting from variations in thermal, 

hydrological, and cryogenic processes. This complexity arises from fine-scale spatial variations in 

properties such as temperature, ice content, and moisture distribution. As illustrated in Figure 1.2, 

permafrost may contain diverse features such as ice lenses, ice wedges, ice-rich zones, and unfrozen 

saline layers known as cryopeg. Understanding the spatial heterogeneity of permafrost in Arctic tundra is 

important for studying geomorphological and ecosystem variations under climate change, as well as 

potential engineering impacts (Schneider von Deimling et al., 2021).  
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Figure 1.2 Schematic profile of permafrost. 

Increasing temperature in the high-latitude permafrost regions leads to permafrost degradation, which 

includes permafrost warming, active layer thickening, and thaw-related hazards such as the development 

of taliks, land subsidence, and thermokarst in low-lying areas, mass wasting on slopes, and thermal 

erosion and abrasion along riverbanks and coasts (Hjort et al., 2022). Global warming causes 

contaminated and industrial sites in regions of stable permafrost to thaw, posing a significant 

environmental threat (Langer et al., 2023). Permafrost degradation drives serious changes in local 

geomorphology, hydrology, vegetation, wildlife dynamics, and greenhouse gas emissions (Hjort et al., 

2022; Streletskiy et al., 2015). Permafrost exhibits vastly variable properties between thawed and frozen 

states due to the phase change of water, impacting its strength and bearing capacity, which can lead to 

infrastructure failure (Hjort et al., 2022). The interaction between permafrost and civil infrastructure 

contributes to permafrost degradation and increases construction and maintenance costs (Streletskiy et al., 

2012, 2015). Indeed, climate-driven permafrost degradation has caused costly damage in Arctic 

communities – for example, maintenance and repair costs for public infrastructure in Alaska are projected 

to increase by an estimated $3.6–6.1 billion by 2030 (and $5.6–7.6 billion by 2080) as permafrost 

continues to warm (Liew et al., 2022).  

While existing research primarily focuses on the influence of degrading permafrost on infrastructure, 

it is crucial to consider the impact of civil infrastructure on permafrost. As shown in Figure 1.3, various 

forms of infrastructure, such as pile foundations, pipelines, and landfills, are constructed on permafrost 

that is gradually warming and degrading. Different foundations and architecture introduce thermal and 

physical impacts that can disturb the natural environment and alter adjacent tundra ecosystems (Walker et 

al., 2022). As climate change continues, the vulnerability of both civil infrastructure and permafrost 



 

7 

systems grows, necessitating detailed knowledge of risk exposure in current and future infrastructure 

areas (Hjort et al., 2022; Melvin et al., 2017). Understanding the influence of civil infrastructure on 

degrading permafrost allows for a realistic risk assessment. 

 
Figure 1.3 Conceptual illustration of permafrost degradation processes and their impacts on civil 
infrastructure and landscapes in cold regions. Adopted from Hjort et al. (2022). 

1.4 Distributed Fiber-Optic Sensing  

Distributed Fiber Optic Sensing (DFOS) encompasses a suite of technologies that utilize intrinsic 

light scattering within optical fibers to detect and quantify physical changes along the fiber length. When 

a laser pulse propagates through an optical fiber, a small portion of the light is scattered back toward the 

source due to microscopic inhomogeneities in the glass core (Hartog, 2017). Most of this backscattered 
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light maintains the same wavelength as the incident pulse (Rayleigh scattering), while a smaller fraction 

exhibits wavelength shifts caused by inelastic scattering phenomena (Raman and Brillouin scattering), as 

shown in Figure 1.4. The frequency shift associated with Brillouin scattering is directly related to strain in 

the fiber, resulting from either mechanical deformation or thermal expansion, whereas the intensity ratio 

between Stokes and anti-Stokes components in Raman scattering is primarily sensitive to temperature 

variations (Ferdinand, 2014). 

 
Figure 1.4 Different optical scattering for DFOS based on temperature and strain sensitivity. Adapted 
from Ferdinand (2014). 

DFOS technologies are broadly categorized into three primary types: Distributed Strain Sensing 

(DSS), Distributed Temperature Sensing (DTS), and Distributed Acoustic Sensing (DAS). Each system 

employs an interrogator unit (IU) to emit laser pulses and measure the returning backscattered signal, 

allowing spatially continuous measurements along the entire fiber length. DSS systems, typically based on 

Brillouin or Rayleigh scattering, are used for low-frequency or quasi-static strain measurements and are 

sensitive to both mechanical and thermally induced strain. DTS systems, relying on Raman scattering, are 

designed to measure temperature distributions with high spatial resolution. DAS systems, in contrast, 

often utilize coherent Rayleigh backscatter to record dynamic strain or vibration over a broad frequency 

range (e.g., 0.01 to 50,000 Hz, but lower frequencies are possible), making them particularly suitable for 

seismic, acoustic, and structural monitoring applications. 

For permafrost monitoring, DFOS technologies offer unique advantages for observing the coupled 

thermal–mechanical processes that govern frozen-ground dynamics. DTS provides continuous thermal 

profiling to detect active-layer thickening, freeze–thaw transitions, and localized talik development, while 
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DAS enables the detection of seismic velocity variations and small-scale cryoseismic events associated 

with freezing, thawing, and ground movement. These systems enable passive, long-term, high-resolution 

monitoring of permafrost temperature and seismic behavior over kilometer-scale distances, providing 

insights into the stability of Arctic infrastructure and the progression of climate-driven permafrost 

degradation. 

1.5 Deep Learning-Based Methods for Scalable Seismic Monitoring   

DAS technology has enabled the acquisition of spatially and temporally dense seismic data, 

enhancing monitoring applications such as hydrofracturing (Binder & Chakraborty, 2019; Saw et al., 

2025), offshore seismicity (Shi et al., 2025), permafrost dynamics (Cheng et al., 2022), and mining-

induced seismicity (Chambers et al., 2025; Chambers & Shragge, 2023), among others. Unlike traditional 

seismic networks, which rely on sparse arrays of seismic stations, DAS leverages photonics technology to 

transform fiber-optic cables into high-resolution seismic sensors (Lindsey et al., 2021). The spatially and 

temporally dense DAS data enable the detection of subtle seismic events that might otherwise go 

unnoticed with conventional monitoring systems.  

However, this data richness comes at a cost: kilometer-scale arrays can generate several terabytes of 

data per day, creating substantial challenges for storage, processing, and real-time analysis. These 

challenges are further compounded in passive monitoring studies, where the lack of labeled training data 

limits the applicability of supervised machine learning approaches. Moreover, DAS deployments often 

occur in environments where broadband seismic arrays were previously infeasible, and where the full 

spectrum of event types–ranging from seismicity and cryoseismic activity to anthropogenic noise and 

instrument artifacts–is not known a priori. In such cases, manual exploratory analysis of DAS data quickly 

becomes impractical, both in terms of time and computational resources. Therefore, the development of 

automated tools capable of detecting various anomalies such as seismic events, traffic noise, and 

instrument noise, is essential for the efficient storage, processing, and interpretation of DAS data. 

Unsupervised autoencoder (AE) techniques can play a crucial role in identifying anomalies in DAS 

data. Convolutional AE is a class of neural networks designed to learn outliers within the compressed 

representations of high-dimensional data. They have gained prominence in anomaly detection tasks due to 

their capability to effectively capture essential waveform characteristics (Mousavi et al., 2019; Neloy & 

Turgeon, 2024). AE has also demonstrated strong performance in denoising seismic data, enhancing the 

detection and characterization of seismic events (Jiang et al., 2022; Shi et al., 2025). Chien et al. (2023) 

demonstrated the potential of autoencoder-based approaches for unsupervised classification of DAS 

seismic signals by combining a convolutional autoencoder with a Gaussian mixture model clustering to 

categorize injection-related seismicity in a geothermal setting. However, their framework was designed 

primarily for signal classification rather than anomaly detection, relied on an additional clustering step, 
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and was tailored to a specific geothermal application. In contrast, our approach enables direct anomaly 

detection without clustering and is designed to be more generalizable across diverse DAS monitoring 

environments. 

1.6 Research Objectives and Dissertation Outline 

The primary objective of this study is to integrate multiple monitoring techniques to improve the 

interpretation and characterization of permafrost heterogeneity. A particular emphasis is placed on 

MASW and assessing how this monitoring approach can be made scalable through the application of the 

DAS technology. To support this objective, this study also develops and applies lightweight, 

computationally efficient anomaly detection algorithms for DAS data, enabling effective data reduction 

and facilitating the identification of signals that can be used for permafrost monitoring. 

This dissertation presents the development and application of scalable site characterization techniques 

for permafrost monitoring. Chapter 2 investigates how the active MASW technique can be applied for 

permafrost characterization and presents an integrated framework that combines MASW (seismic) with 

ERT (geoelectrical), borehole core sampling (geotechnical), and borehole temperature logging (thermal 

sensing) to evaluate their combined interpretive value for permafrost heterogeneity characterization. 

Chapter 3 introduces a computationally efficient autoencoder-based deep learning framework for anomaly 

detection in large-scale DAS data to enhance mining-induced seismicity monitoring, with its 

generalizability demonstrated using a three-year continuous permafrost dataset collected in Utqiaġvik, 

Alaska. Building on this framework, Chapter 4 applies the autoencoder model to improve DAS data 

management and to detect cryoseismic events in the Utqiaġvik dataset as new sources of energy for 

imaging, which are subsequently leveraged for permafrost characterization. The dissertation concludes 

with Chapter 5, which synthesizes the findings, discusses broader implications for Arctic infrastructure 

and environmental monitoring, and outlines directions for future research in scalable site characterization. 
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CHAPTER 2  CHARACTERIZING PERMAFROST HETEROGENEITY AND DEGRADATION 

THROUGH INTEGRATED ACTIVE GEOPHYSICAL, GEOELECTRICAL, GEOTECHNICAL, 

AND TEMPERATURE SENSING 

Reproduced from a paper published with open access in the Journal of Geophysical Research–Earth 

Surface1. 

Ahmad Tourei2, Xiaohang Ji3, Gabriel Fernando Rocha dos Santos4, Rafal Czarny4, Sergei Rybakov5,   

Ziyi Wang3, Matthew Hallissey3, Eileen Martin2, Ming Xiao3, Tieyuan Zhu4, Dmitry Nicolsky5,            

Anne Jensen6 

2.1 Abstract 

Subsurface processes significantly influence surface dynamics in permafrost regions, necessitating the 

utilization of diverse geophysical methods to reliably constrain permafrost characteristics. This research 

uses multiple geophysical techniques to explore the spatial variability of permafrost in undisturbed tundra 

and its degradation in disturbed tundra in Utqiaġvik (formerly known as Barrow), Alaska. Here, we 

integrate multiple quantitative techniques, including multichannel analysis of surface waves (MASW), 

electrical resistivity tomography (ERT), and ground temperature sensing to qualitatively study 

heterogeneity in permafrost's geophysical characteristics. MASW results reveal active layer shear wave 

velocities (Vs) between 240 and 370 m/s, and permafrost Vs between 450 and 1700 m/s, typically 

showing a low-high-low velocity pattern. Additionally, we find an inverse relationship between in-situ Vs 

and ground temperature measurements. The Vs profiles, along with electrical resistivity profiles, reveal 

cryostructures such as cryopeg and ice-rich zones in the permafrost layer. The integrated results of 

MASW and ERT provide valuable information for characterizing permafrost heterogeneity and 

cryostructure. Corroboration of these geophysical observations with permafrost core samples' stratigraphy 

and salinity measurements further validates these findings. This combination of geophysical and 

temperature sensing methods, along with permafrost core sampling, confirms a robust approach to 

assessing permafrost's spatial variability in coastal environments. Our results also indicate that civil 

 
 
1 Reproduced with permission of JGR: Earth Surface. Tourei, A., Ji, X., Rocha dos Santos, G., Czarny, R., Rybakov, 
S., Wang, Z., ... & Jensen, A. (2024). Mapping permafrost variability and degradation using seismic surface waves, 
electrical resistivity, and temperature sensing: A case study in Arctic Alaska. Journal of Geophysical Research: 
Earth Surface, 129(3), e2023JF007352.  
2 Hydrologic Science and Engineering Program, Colorado School of Mines, Golden, CO, USA 
3 Department of Civil and Environmental Engineering, The Pennsylvania State University, State College, PA, USA 
4 Department of Geosciences, The Pennsylvania State University, State College, PA, USA 
5 Geophysical Institute, University of Alaska Fairbanks, Fairbanks, AK, USA 
6 Department of Anthropology, University of Alaska Fairbanks, Fairbanks, AK, USA 
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infrastructure systems such as gravel roads and pile foundations affect permafrost by thickening the active 

layer, lowering the Vs, and reducing heterogeneity. We show how the resulting Vs profiles can be used to 

estimate key parameters for designing buildings in permafrost regions and maintaining existing 

infrastructure in polar regions. 

2.2 Introduction  

2.2.1 Global Warming Impacts on Permafrost Degradation and Ground Thermal Regime 

 Permafrost research often focuses primarily on ground temperature due to its direct effect on physical 

and biogeochemical soil processes, but permafrost is also affected by air temperature, snow cover, soil 

moisture, vegetation cover, and soil properties (Lantuit et al., 2012; Smith et al., 2022). In-situ monitoring 

using thermistors and thermocouples has shown that permafrost temperatures are increasing, leading to 

thawing and degradation (Biskaborn et al., 2019; Nicolsky et al., 2009, 2017; Romanovsky et al., 2010; 

Shiklomanov et al., 2010). Understanding the ground's thermal state in permafrost regions is crucial to 

model and mitigate climate change impacts.  

Permafrost structure is often complex due to fine-scale spatial heterogeneity of properties such as 

temperature and ice content. Temperature, water saturation, and ice content influence seismic wave 

velocities, including shear wave velocity (Vs) and compressional wave velocity (Vp) (Coduto, 1999; 

Hjort et al., 2022; Ji et al., 2024; Liew et al., 2022). Salinity is a key factor in coastal permafrost 

environments such as Utqiaġvik, Alaska. Studies by Brown (1969) and O’Sullivan et al. (1966) reveal 

how salinity affects permafrost's geochemistry and physical properties, such as its freezing point and 

stability. Dafflonet et al.'s research (2016, 2017) further demonstrates the impact of salinity on the 

distribution and characteristics of shallow permafrost, highlighting its connection with vegetation patterns 

and soil properties. Meyer et al. (2010) provide historical context, showing how historical salinity 

variations have influenced the permafrost landscape over time. Salinity plays a crucial role in key 

permafrost structures. Here we provide a brief overview of the active layer and some of the key 

permafrost structures investigated in this paper, including cryopegs, ice-rich zones, and thermokarst lakes. 

Jafarov et al. (2018) showed that the active layer thickness (ALT) of undisturbed tundra (without 

infrastructure development and low to medium water content) near Elson Lagoon in Utqiaġvik, Alaska, is 

approximately 0.2 to 0.6 m, measured in August 2013. A thermokarst is formed when the thermal 

equilibrium shifts, allowing the ground ice to thaw. Talik is a layer or body of year-round unfrozen 

ground (usually above 0 °C) occurring in a permafrost zone due to a local anomaly in thermal, 

hydrological, or hydrochemical conditions (e.g., underneath thermokarst lakes and rivers). Cryopegs can 

have temperatures below 0 °C, but freezing is prevented by freezing-point depression due to the 

dissolved-solids content of the pore water (van Everdingen et al., 1988). As the climate warms, the annual 
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ground temperature increases, and annual thawing deepens until a certain threshold is met, after which a 

talik develops. Ice wedges form when water seeps into cracks in the ground during summer and then 

freezes during winter. The distribution of ice formations and ice content within the permafrost layer is 

highly variable (Liu et al., 2021). Previous studies confirm that the ice content in the permafrost around 

Barrow is very high in the upper part and decreases with depth (Brown et al., 1981). For the coastal plain 

along the Beaufort Sea from Point Barrow to the Canadian border, Kanevskiy et al. (2013) reported an 

average total ice content (i.e., ice wedge, segregated, and pore ice) of 83% and 82% for the primary 

surface and the drained-lakes basins, respectively. This results in a landscape vulnerable to widespread 

subsidence and thermokarst development, the magnitude of which may vary widely depending on 

surficial geology, ground ice volume, and the extent of past thermokarst activity (Farquharson et al., 

2019). The warming and thawing of ice-rich permafrost pose changes in its interactions within the built 

environment (Hjort et al., 2022). 

2.2.2 Seismic and Geoelectrical Methods in Permafrost Regions 

 Seismic imaging is a commonly used technique for characterizing the subsurface in permafrost 

regions (Justice & Zuba, 1986; Miller et al., 2000; Ramachandran et al., 2011) because seismic wave 

velocities, including shear wave velocity and compressional wave velocity, are sensitive to temperature, 

water saturation, and ice content (Coduto, 1999; Hjort et al., 2022; Ji et al., 2024; Liew et al., 2022; Liew 

et al., 2022). One of the main advantages of seismic imaging in permafrost regions is its ability to provide 

detailed information about the distribution and continuity of permafrost and the nature of the underlying 

soils, even 3D profiles with high resolution (e.g., Ramachandran et al., (2011) and Schwamborn et al., 

(2002)). This information is important for various applications, such as infrastructure planning and design, 

resource exploration, and environmental monitoring. Seismic refraction is a surface geophysics method 

that utilizes the refraction of body waves through layered media (Scott & Markiewicz, 1990). Seismic 

refraction has been used in several case studies of permafrost conditions and periglacial environments 

(Harris & Cook, 1986; Ikeda, 2006; Schrott & Hoffmann, 2008). Joint inversion of refraction seismic 

tomography (RST) and electrical resistivity tomography (ERT) has been used to characterize Alpine rock 

glaciers and permafrost (Wagner et al., 2019). Brothers et al. (2016) previously used seismic reflection 

data to delineate continuous subsea ice-bearing permafrost.  

Surface wave methods are powerful tools for near-surface characterization of sites and mapping 

irregular Vs profiles in permafrost through acquisition, processing, and inversion of surface waves, 

typically Rayleigh waves (Alam & Jaiswal, 2017; Carr et al., 1998; Essien et al., 2014; Fortin et al., 2007; 

Letson et al., 2019; Socco & Strobbia, 2004; Taylor et al., 2022). Compared with seismic refraction and 

reflection, surface wave methods are advantageous for mapping permafrost structures with low-velocity 

layers embedded in high-velocity permafrost zones (Dou & Ajo-Franklin, 2014). Spectral Analysis of 
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Surface Waves (SASW) has been used to obtain S-wave velocity profiles of unfrozen and frozen soils in 

Fairbanks, Alaska (Cox et al., 2012; Hazirbaba et al., 2011). Multichannel Analysis of Surface Waves 

(MASW) has been applied in several glacial environments, including permafrost zones (Ajo-Franklin et 

al., 2017; Dou et al., 2012; Dou & Ajo-Franklin, 2014; Glazer et al., 2020; Majdański et al., 2022; Picotti 

et al., 2015; Rossi et al., 2018). Similar to surface wave methods, ERT technique excels in near-surface 

permafrost characterization by modeling subsurface resistivity to match observed apparent resistivity data, 

typically yielding a two-dimensional resistivity profile (Daily et al., 2000). ERT has been used in several 

permafrost studies to characterize permafrost thaw (Etzelmüller et al., 2020), distinguish ice content 

variations (Herring et al., 2023), and examine interactions between permafrost and infrastructure(You et 

al., 2017). MASW has often been combined with other technologies in permafrost research, such as 

seismic tomography and ERT (Dou & Ajo-Franklin, 2014; Glazer et al., 2020; Marciniak et al., 2018, 

2019). In this study, we investigate the spatial variability of permafrost in Utqiaġvik, Alaska, using 

MASW and ERT techniques to characterize permafrost, identify cryostructure, and analyze the influence 

of temperature on tundra permafrost systems. The MASW results provide useful information to verify 

ERT results for subsurface features. We compare in-situ temperature profiles with seismic velocity 

profiles to better understand the ground condition of the permafrost. This study is carried out across sites 

in undisturbed tundra and near infrastructure. Our findings underscore the impact of civil infrastructure on 

permafrost degradation, particularly in designing and maintaining buildings in permafrost regions. 

2.3 Study Area 

Permafrost zones underlie 80% of Alaska, including 29% continuous permafrost (Jorgenson et al., 

2008). The North Slope Borough is entirely within the continuous permafrost zone (Ferrians, 1965; 

Kerkering, 2008), shown in Figure 2.1a. The permafrost in Utqiaġvik, Alaska, is continuous and has a 

thickness of approximately 200–400 m (Jorgenson et al., 2008). Elson Lagoon forms the eastern land 

boundary of the study area, shown in Figure 2.1b. The ALT of undisturbed tundra near Elson Lagoon is 

approximately 0.2 to 0.6 m, and the soil volumetric water content varies from 17% to 88%, measured in 

August 2013 (Jafarov et al., 2018). The average ALT of the study area on the tundra in Utqiaġvik, Alaska, 

is also shallow (roughly less than 1.0 m), consisting of three distinct layers: the acrotelm (top), the 

catotelm (middle), and the mineral soil (bottom) (Chen et al., 2020). The ground conditions vary from dry 

to marshy, with surface vegetation. The seismic surveys (MASW) were performed on August 6 – 12, 

2022. The plan view showing the layout of seismic survey lines and the temperature measurement 

locations is presented in Figure 2.1.   
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Figure 2.1 Geophysical survey and temperature measurement map: (a) Utqiaġvik, North Slope Borough, 
Alaska. (b) Study region. (c) Seismic survey, electrical resistivity survey, and temperature measurement 
locations. 

2.4 Analytical Methods 

2.4.1 The MASW Technique 

Surface waves can be generated by an active source, such as a hammer, weight drop, vibroseis, or by 

a passively recorded source, such as anthropogenic, traffic, or several other environmental sources (e.g., 

ocean waves, wind), and these waves are recorded by an array of geophones. Because surface waves can 

provide information on the subsurface velocities over a wide range of frequencies and wavelengths, the 

MASW technique can generate high-quality velocity models. MASW is often used to produce 1D velocity 

profiles; it can also be used to assess the lateral variability of the subsurface shear wave velocities, which 

is essential for characterizing subsurface heterogeneity and identifying areas of potential geotechnical 

concern. The MASW method can be applied in a wide range of geological environments and has the 

advantages of being non-invasive, cost-effective, and capable of providing high-resolution Vs profiles to 

depths of up to several tens of meters. 
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In active-source surface seismic surveys, over two-thirds of the total seismic energy generated by 

compressional waves is transmitted to Rayleigh waves, sometimes referred to as "ground roll" (Park et al., 

1999a). An example of surface waves in our collected data is shown in Figure 2.2a. Surface wave energy 

decays exponentially with depth beneath the surface. Longer wavelength (i.e., longer-period and lower-

frequency) surface waves travel deeper, thus containing more information about deeper parts of the study 

area. Shorter wavelength (i.e., shorter-period and higher-frequency) surface waves travel shallower, thus 

containing more information about shallower parts of the study area. Surface waves are dispersive, 

meaning each wavelength propagates at a different phase velocity in a layered medium. Thus, we can 

analyze phase velocities of different frequency bands (corresponding to different wavelengths) and 

estimate the velocity profile of the subsurface.  

Rayleigh wave dispersion curves describe the velocity at which each wavelength travels. To 

determine Rayleigh wave dispersion curves, we use the phase shift method, which provides accurate 

fundamental-mode phase velocities even when only four geophones are used (Dal Moro et al., 2003; Park 

et al., 1999b). Our detailed procedure is provided in Appendix A. 

Figure 2.2 represents an example of the inversion procedure for estimating a 1D velocity profile. First, 

we applied a 7.50 - 327.68 Hz bandpass filter to all traces in a shot gather to remove high-frequency 

noise, and we muted noisy traces (Figure 2.2a). Then, we calculated dispersion images, determined phase 

velocities by picking the velocity with the maximum amplitude at each frequency (Figure 2.2b), and 

extracted the fundamental mode velocity profile of the Rayleigh surface wave from the dispersion image 

(Figure 2.2c). After wavelength-depth conversion, we generated an initial model based on the phase 

velocity picks. Finally, a non-linear least squares inversion method (Xia et al., 1999) was applied to the 

dispersion curve to reconstruct the Vs model (Figure 2.2d) using the SeisImagerSW software. The 

minimal depth at which shear wave velocity can be reliably inferred through inversion is contingent upon 

a confluence of site-specific variables. This interpretable depth is not a fixed measure but is instead 

modulated by an array of factors, including the fidelity of seismic data, particularly its high-frequency 

components, and the proximal spacing relative to the seismic source. Acceptable final 1D models should 

have a root mean square (RMS) error of the difference between the theoretical dispersion and measured 

dispersion curves (Figure 2.2c) below 5% (SeisImagerSW Manual v. 3.0, 2009). With this procedure, we 

obtain an average 1D Vs vertical profile along the seismic line.  

For 2D Vs estimation, we carry out the same pre-processing, then we perform dispersion analysis 

using the common mid-point (CMP) cross-correlation gathers. The CMP cross-correlation method can 

increase the signal-to-noise ratio of the dispersion spectrum. A comprehensive explanation of this method 

is provided by Hayashi & Suzuki (2004). Here, we briefly discuss the following steps for CMP cross-

correlation analysis: First, we calculate cross-correlations between every pair of traces in each shot gather. 

Second, we collect correlation traces with a common mid-point and stack those with the same spacing. 
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The resultant cross-correlation gathers resemble shot gathers and are known as CMP cross-correlation 

gathers. Third, we calculate the dispersion image of surface waves using the MASW technique (Park et 

al., 1999a) from the CMP cross-correlation gathers. Finally, for each CMP, we invert dispersion curves 

for Vs models. As a general guideline, acceptable 2D models should result in an RMS below 15% 

(SeisImagerSW Manual v. 3.0, 2009). 

MASW is limited to shallow depth investigations, typically up to 30 m. Beyond this depth, the 

resolution and accuracy of the method decrease significantly. Moreover, MASW is more suitable for 

homogeneous soil conditions and struggles to characterize laterally varying structures or complex 

geological settings accurately (Boiero & Socco, 2011; Evangelista & Magistris, 2015). To overcome these 

limitations in the future, seismic refraction or reflection could be employed over a larger region as a 

complementary technique, although reliable picking of the unaliased arrivals in this complex near-surface 

zone will likely require more than 24 geophones and a high-frequency seismic source. The depth and 

compression velocity information of different subsurface layers can be determined by analyzing the travel 

time data. Seismic refraction has the advantage of investigating deeper depths, making it useful for 

studying subsurface structures beyond the reach of MASW. The material in section A.2 of the Appendix 

A can serve as a basis for a future permafrost study combining MASW and seismic refraction. Advances 

in data acquisition and processing should be taken into account to ensure the best possible outcomes in 

future investigations. By integrating the strengths of these two techniques, it may be possible to enhance 

the accuracy and depth range of permafrost characterization.  
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Figure 2.2 The procedure of building Vs models from extracted dispersion curve using MASW method: 
(a) The pre-processed shot-gather (Red star represents the shot location), (b) The calculated dispersion 
image representing Rayleigh wave phase velocity for each frequency (Red dots represent picks at high 
amplitudes), (c) The extracted dispersion curve from the dispersion image, and (d) Vs model inverted 
from the dispersion data. 

2.4.2 Electrical Resistivity Tomography Method 

Surface electrical resistivity surveying is based on the principle that the distribution of electrical 

potential in the ground around a current-carrying electrode depends on the electrical resistivities and 

distribution of the surrounding soils and rocks. The usual practice in the field is to apply an electrical 

direct current (DC) or alternating current (AC) of low frequency. The voltage between two potential 

electrodes and the current between two other electrodes are measured during the ERT survey. 

Measurements were provided using various pairs of electrodes along the transect. An increase in spacing 

between electrodes allows for deeper investigation depth. Therefore, apparent resistivity values can be 

obtained through the voltage, current, and geometry of array electrodes for each point laterally and with 

depth. The measured apparent resistivity values are used in the inversion to obtain resistivity models for 

subsurface material. 
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After data acquisition, the data was checked for large measurement errors (>2%) using Prosys II 

software (IRIS Instruments), which was provided with the Syscal equipment. During the data acquisition 

process, a roll-along technique was implemented, involving the relocation of the array's center to a 

distance of 18 m (approximately half of the initial length equal to 35.5 m). To assess the quality of the 

data, we computed the errors between measurements taken after this center movement. Approximately 

20% of the total measurements were repeated, and the average error was found to be less than 1%. These 

metrics provide valuable insights into the overall data quality, indicating a relatively low average error 

and the redundancy of about 20% in the measurements. For the purpose of joint inversion, we combined 

Wenner-Schlumberger (WS) and Dipole-Dipole (DD) data into one dataset. 

Res2Dinv software (Res2Dinv Manual, 2006) was used to generate a resistivity model from apparent 

resistivity values. The inversion software uses a smoothness-constrained least squares method with L2-

norm (Loke & Barker, 1996). For the model mesh, we used half-electrode spacing (0.25 m) in the 

horizontal direction. In the vertical direction, the thickness for the first layer was set to 0.125 m with a 1.1 

factor to increase the thickness with depth. 

The inverted resistivity model can also be influenced by topographic changes along a transect, 

particularly in the top cells. Minor variations in topography may have negligible effects on the inversion 

process, but substantial changes can introduce distortions. Elevation changes along the transect are 

generally insignificant and less than 0.5 m on the edges of ice wedge polygons for our study site (at 

MASW 3 location). As a result, topography has not been integrated into the inversion process. In some 

cases, degraded polygons have large elevation changes, and it is crucial to carefully evaluate the 

significance of topographic changes for these areas when dealing with geophysical inversion models. 

We used robust constraints and defined an initial half-space resistivity value of 10 Ωm to trace the 

spatial distribution of cryopeg layers based on low resistivities observed in previous studies (Hubbard et 

al., 2013; Overduin et al., 2012; Yoshikawa et al., 2004). A 2D ERT model was generated to invert WS 

and DD arrays jointly, and the result achieved an RMS error of 1.8%. Across different iterations, 

specifically the 3rd, 4th, and 5th, the percentage changes were 5.8%, 2.8%, and 1.86%, respectively. 

When comparing the results of inverted resistivity with varying RMS errors, notable variations were 

observed primarily in the lower cells of the model. The overall changes between the 4th and 5th iterations 

were evident in both resistivity and the bottom boundary for the deepest contrast layer. Nonetheless, these 

changes remained generally stable and did not substantially affect our interpretation results. 

ERT and many other geophysical methods give us inherently non-unique solutions for mapped 

reconstructions of subsurface electrical properties. This non-uniqueness means that the measured data can 

be explained equally well by multiple models. To improve the reliability of subsurface interpretations, we 

use soil core sampling and comparison with other geophysical methods, such as the MASW technique. 
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2.4.3 Correlation of Soil Mechanical Properties with Shear Wave Velocity 

Soil's mechanical properties can be determined using Vs, which is a commonly used geotechnical and 

geophysical parameter. There are empirical or analytical correlations between Vs and several other soil 

properties. For instance, there is a positive correlation between Vs and soil stiffness parameters such as 

shear modulus (G) and elastic modulus (Young’s modulus, E). Stiffer soils generally exhibit higher shear 

wave velocities and are correlated with higher soil strength parameters such as undrained shear strength 

(Su) and peak shear strength. In addition, Vs is inversely correlated with soil porosity, where lower Vs 

values are often observed in soils with higher porosity. For a given soil type, with constant parameters like 

temperature and ice content, Vs is directly proportional to soil density, indicating that denser soils 

generally exhibit higher Vs values. Furthermore, soil classification, which determines the foundation 

design, directly correlates with VS30 and Su30, which are the averages of Vs and Su in the top 30 m 

(ASCE/SEI 7-16, 2017). Therefore, understanding the soil classification and Vs is crucial for assessing 

the seismic performance and stability of foundations and for designing appropriate foundation systems. 

For soil that is elastic, isotropic, and homogeneous, the elastic theory can be used to establish the 

following relationship between elastic modulus and seismic wave velocity: 
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𝐸 = 2𝐺(1 + 𝜇) (2.3) 

where, 𝜇 is the Poisson's ratio, 𝛾 is the unit weight of the media, and 𝑔 is the gravitational 

acceleration, which can affect the foundation design in various ways such as foundation type, foundation 

settlement, and allowable vertical and lateral loads (Coduto, 1999). The relationship between elastic 

modulus and bearing capacity of soils could depend on several factors such as soil classification, stress 

history, foundation type, etc. The elastic settlement beneath a flexible footing placed on the ground 

surface can be calculated as follows (Terzaghi et al., 1996): 

𝑆$ =
𝑞𝐵(1 − 𝜇#)	𝐼%

𝐸
 

(2.4) 

where 𝑞  is the surcharge load, 𝐵  is the width of the footing, and 𝐼% is the influence factor, which is a 

function of the ratio of length to width (&
'

) and the thickness of the compressible layer. We will highlight 

the importance of Vs monitoring on the change in elastic modulus and elastic settlement in subsection 

2.6.6. 
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2.5 Data Acquisition 

There are eight seismic survey locations using MASW, six temperature measurement locations using 

thermistors, one ERT survey location (at MASW 3 location), and five core sampling locations (at 

Roadside and MASW 1-4 locations), as shown in Figure 2.1. The coordinates of these locations are 

provided in Table A.1 in Appendix A. The seismic surveys cover various soil conditions, including 

disturbed and undisturbed areas. Four seismic surveys (MASW 1-4) were performed on undisturbed 

tundra permafrost and four (Roadside and NOAA 1-3) on disturbed permafrost, shown in Figure 2.1c. The 

seismic surveys performed on disturbed permafrost include one survey along the gravel road near the 

National Oceanic and Atmospheric Administration (NOAA) facility (Roadside), one survey under the 

NOAA building (NOAA 1), one survey on the pre-existing building foundation next to the NOAA 

building (NOAA 2), and one survey on the tundra near the pile foundations (NOAA 3). At the NOAA 2 

location, a building was demolished and removed one year prior to the seismic survey, but the pile 

foundations remain in the ground. The core sampling was performed at approximately 1 m from the 

seismic survey locations using a hand-held sampling drill (boring auger). The sampling depth is up to 103 

cm.  

2.5.1 Surface Wave Data Acquisition  

Each seismic line consists of 24 vertical 4.5 Hz geophones (a 24-channel Geometrics Geode 

seismograph) positioned on the ground surface. Straight-line seismic profiles have a geophone spacing 

equal to 1 m, which gives us a 23 m spread in total. We generated seismic signals using a sledgehammer 

adjacent to the geophones as well as an extra shot at 5 m offset from the beginning of the lines. The 

seismic record length was 128 ms with a sample interval of 0.25 ms, and each recording was initiated by a 

trigger attached to the sledgehammer. No pre-acquisition filter was used on the seismic data. Note that 

with the vertical source and the vertical receivers, the type of surface waves we acquired are Rayleigh 

waves. An example of the collected seismic traces is shown in Figure 2.2a. 

2.5.2 Temperature Data Acquisition  

Small holes with 0.02 m diameter were punched in the ground to a depth of 1.5 m in August 2021. 

Four HOBO TMC6-HD temperature sensors were then lowered into the ground using wooden rods to the 

depths of 0.02, 0.2, 0.5, and 1.5 m below the surface. At each location, temperature sensors were 

connected to two 2-channel HOBO U23-003 loggers in September 2022 (Soil temperature measurement 

information is presented in Figure A.3 and Table A.2, Appendix A). The operating temperature range for 

loggers is -40 to 100 ℃ with an accuracy of 0.4 ℃ and 0.2 ℃ below and above 0 ℃, respectively. The 

resolution is 0.02 ℃.  Data records were collected during the field trip in August 2022. Because most of 

the commonly used construction materials are prohibited in this study area, reducing the vulnerability of 
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the sensor installation to damages by wildlife animals is a challenging task and several temperature sensor 

cables were severed by Arctic foxes. Nevertheless, temperature records were collected at the six following 

sites. Site conditions were described during installation as follows. The Temp 1 profiler was placed into a 

shallow pond with 10 cm of standing water; The Temp 2 profiler is located near a rim of the flat-center 

ice-wedge polygon; the site conditions could be described as moist. The Temp 3 station is placed at the 

center of a high-center polygon with a dry ground surface. The Temp 4 site is almost saturated, with a thin 

layer of standing water in the middle of the low-center polygon. The Temp 5 profiler is at the rim of the 

low-center polygon, with the dry ground around it. Finally, the Temp 6 profiler is approximately 9 m from 

shore, where the ground is rather moist. 

2.5.3 Electrical Resistivity Tomography Data Acquisition 

An Electrical Resistivity Tomography (ERT) survey was conducted to provide in-situ resistivity 

measurements (Ωm) along the MASW 3 transect from September 13, 2022. The ERT station Syscal-Pro 

72 (IRIS instruments) and steel electrodes were used to acquire data. Electrodes were placed along the 

transect using measuring tape with a 0.5 m spacing. Inverse WS and DD arrays were applied for 

measurements. The minimum/maximum half electrode spacing was 0.75m/17.25m for WS and 0.5m/13.5 

m for the DD array. A 50 V output voltage and 250 ms pulse duration were applied during the survey. 

Contact resistances for most of the electrodes were no more than 1 kΩ. Measurements with errors 

exceeding 2% were removed during processing. 

2.5.4 Borehole Core Sample Acquisition 

Permafrost core samples were collected using a hand-held boring auger at MASW1-4 and Roadside 

locations. The Auger boring technique is particularly effective in permafrost areas due to its ability to 

efficiently penetrate the frozen ground with limited disturbance to the surrounding soil. Core samples with 

diameters of 3.8 cm and depths of up to 103 cm were collected to determine active layer depth, identify 

soil type and density within the active layer and permafrost, evaluate salinity levels, and construct 

stratigraphy plots. Core samples were kept frozen during transportation to the University of Alaska 

Fairbanks for identification and density measurements. The thawed samples were then sent to the 

Pennsylvania State University for salinity measurements. 

2.6 Results and Discussion  

The following subsections provide an overview of the Vs, electrical resistivity, and temperature 

results. We highlight key findings related to permafrost, including site characterization (2.6.1), shear wave 

velocity interpretation (2.6.2-2.6.4), civil infrastructure's influence on permafrost (2.6.5), and applications 

to engineering properties and infrastructure design (2.6.6). 
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2.6.1 Site Characterization of Disturbed and Undisturbed Permafrost  

We calculated 1D and 2D Vs models for 8 survey lines after performing inversion on the calculated 

dispersion curves using the MASW method (Park et al., 1999a, 1999b). This included both disturbed and 

undisturbed permafrost regions. Figure 2.3 shows the 1D Vs profiles for the survey locations on the 

tundra, which are categorized as undisturbed permafrost locations. Figure 2.3a shows the Vs profile for 

the first location of MASW survey in the tundra (MASW 1), approximately 500 m from the road and 

NOAA facility. A similar Vs profile is observed in Figures 2.3b-d (MASW 2-4), except that the relative 

high-velocity zone is located relatively at a higher depth than MASW 1. Also, MASW 1 has a more 

consistent velocity profile at deeper depths than MASW 2-4. These could be an effect of the different 

geology, vegetation, or the effect of anthropogenic activities over the years, as we observed many marked 

points for previous studies and tracks from vehicles in the field. Figure 2.3b represents the Vs for the 

second location in the tundra (MASW 2), approximately 1 km from the infrastructure. We observe a very 

high-velocity zone at a depth of 2-8 m below the surface, representing either a stiff lithology layer or an 

ice-rich zone. The highest Vs layers are located at a depth of 5 m and are as high as 1700 m/s. This 

location clearly shows the undisturbed permafrost area with higher Vs and higher ice content. Figure 2.3c 

illustrates the velocity model for the third location in the tundra (MASW 3), roughly 1.5 km from the road 

and NOAA building. While the low-high-low Vs pattern is obvious, the highest velocity is 1575 m/s, 

which is lower than that at the MASW 2 at 1 km. In the field, we observed that as we get further to the 

tundra, the ground gets wetter as indicated by many ponds in the area. This can also be seen on the 

satellite map in Figure 2.8c-d (presented later in this paper), where the last two lines (MASW 3 and 4) are 

located in darker areas that represent higher surface water content.  Figure 2.3d illustrates the velocity 

model for the last location in the tundra (MASW 4) at roughly 2 km from the road and NOAA building. 

Like all other locations in the tundra, we observed the low-high-low velocity profile, but the highest 

velocity zone is located at deeper depths of 7 m. In addition, the highest Vs is 1150 m/s at MASW 4, 

which is lower than those at the two previous locations in undisturbed permafrost zones (MASW 2 and 3). 

These last two locations (MASW 3 and 4) represent the effect of vegetation and high surface water 

content. The previously observed low-high-low velocity profile below the surface by Dou & Ajo-Franklin 

(2014) is captured at all tundra locations (i.e., MASW 1-4 and NOAA 3). 

Figures 2.3e-g show the 1D Vs profiles for the survey locations near the NOAA building, including 

the roadside, within 1.0 m of the NOAA building (NOAA 1), and ~80 m away from the NOAA building 

(NOAA 3), where we expect high disturbance in permafrost. These locations are categorized as disturbed 

permafrost locations. The Vs at disturbed permafrost locations is lower than that at undisturbed 

permafrost locations, as the vegetation and thus albedo are affected by human activities, and the ice 

content is lower than that in the undisturbed permafrost region. Figure 2.3e represents the Vs for the 

location within 1.0 m of the gravel road leading to the NOAA facility, where we expect high disturbance 
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in permafrost. The 1D velocity profile represents a low-high-low velocity pattern with the highest Vs of 

850 m/s. It is noted that the data at the pre-existing demolished building foundation next to the NOAA 

building (NOAA 2) are of low quality, which resulted in a higher RMS error than the acceptable error. As 

we performed sledgehammer shots on top of a pre-existing building foundation, the contrast in soil and 

pile material properties and the resulting scattered energy likely generated relatively larger errors than in 

other locations. 

Figure 2.4 shows the 2D Vs models in the undisturbed (Figure 2.4a-d) and disturbed (Figure 2.4e-g) 

permafrost regions, similar to Figure 2.3. A low-high-low velocity pattern is evident in all models, 

indicating the active layer and transitional zone (with low velocity), ice-rich permafrost (with high 

velocity), and partially frozen permafrost with scattered ice (low velocity). Previous studies have shown a 

strong correlation between permafrost temperature and Vs (Ji et al., 2024; Kurfurst, 1976; Nakano et al., 

1972). The low-high-low velocity pattern is consistent with the general trend of permafrost temperature 

variation with depth, as in a previous study (Smith et al., 2022). Although the velocity and depth vary 

spatially, the low-high-low pattern is consistent among all locations. The 2D models capture the spatial 

variability of permafrost, demonstrating the importance of multichannel seismic surveys and 2D 

modeling. We will discuss these models in detail in sections 2.6.2 and 2.6.3. 

Meanwhile, we invert the electrical resistivity model (Figure 2.5a) from the ERT data, which can 

delineate several zones compared to the Vs model from the MASW 3 transect (Figure 2.5b). Each zone is 

characterized by different thicknesses, electrical resistivity, and velocity values. Zone A is characterized 

by relatively low resistivity up to 200-300 Ωm from the surface down to approximately 0.4 m. This layer 

represents the active layer and is characterized by low Vs of 240 m/s. Zone B is characterized by high 

resistivity values of 400-2000 Ωm. The thickness of this layer varies from 1 m at distances of 6-24 m to 4 

m at distances 2-6 m. According to drilling data, the zone between 1.4 m and 1.7 m is a transition zone 

(black box marked in the borehole in Figure 2.5) between a frozen and unfrozen state and represents a 

boundary between zone B and C. Zone C is characterized by soils with low resistivity of 10-20 Ωm 

associated with cryopeg development in the study area. The thickness of the layer is about 2.5 m along the 

profile and decreases toward the beginning of the transect. At a depth of 0.5-0.6 m, the salinity measured 

approximately 0.84 ppt (parts per thousand, roughly equivalent to grams per liter). In contrast, at a deeper 

level, specifically 1.5-1.6 m, the salinity was significantly higher, measuring 8.03 ppt. Consequently, one 

can infer that salinity gradually increases from Zone B to Zone C, contributing to the low resistivity 

observed for cryopegs in Zone C. The characteristics of Zone C, exhibiting low resistivity and relatively 

high velocity, may be attributed to two potential factors. Firstly, it is plausible that this zone remains 

frozen, with its temperature lingering below the freezing point of cryopegs. Alternatively, the distinct 

lithology and soil mineral composition within this zone could be significantly influencing the resistivity 

and seismic velocity properties of unfrozen sediments in the near-surface, as highlighted in studies by 
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Rossi et al. (2022) and Accaino et al. (2023), respectively. These findings are aligned with previous 

studies demonstrating the complex and heterogeneous nature of permafrost in the study site (Brown, 

1969; Dafflon et al., 2016). Zone D is characterized by relatively high resistivity values of 100–600 Ωm 

and a thickness of approximately 2 m and is located between two zones of low resistivity (both zones 

denoted as Zone C). The zone is also characterized by high Vs up to 1600 m/s, typical for frozen material 

and increased ice content. Due to the relatively high-velocity values, the high-resistivity layer D, and the 

presence of salt pockets even in ice-rich conditions in Utqiaġvik (Iwahana et al., 2021), we interpret this 

layer as an ice-rich layer. High-velocity values for zone D are also supported by the intra-ice brine 

pockets, where cryopeg brine is bounded by ice, and are generally in solidified form (Iwahana et al., 

2021).  

 
Figure 2.3 1D Vs profiles for undisturbed (a-d) and disturbed (e-g) permafrost locations: (a) MASW 1, (b) 
MASW 2, (c) MASW 3, (d) MASW 4, (e) Roadside, (f) NOAA 1, and (g) NOAA 3. 
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Figure 2.4 2D Vs profiles for undisturbed (a-d) and disturbed (e-g) permafrost locations:  (a) MASW 1, 
(b) MASW 2, (c) MASW 3, (d) MASW 4, (e) Roadside, (f) NOAA 1, and (g) NOAA 3.  

Due to the high contrast of the resistivity of different units, the ERT method helps to identify multiple 

layers in the upper part of the cross-section that cannot be clearly distinguished using the MASW method 

due to the lack of high-frequency signals. The MASW results provide useful information to verify ERT 

results at greater depths. The MASW method reveals a high degree of heterogeneity in the permafrost, 

possibly due to increased salinity at greater depths, resulting in unfrozen zones. Additionally, integrating 

ERT and MASW provides a more comprehensive assessment, offering insights into critical aspects, such 

as the salinity and ice content within the permafrost, which are crucial for understanding its physical 

properties and behavior. This methodological framework, effective in our specific study area, has 

potential applicability in diverse permafrost environments, indicating its potential for wider application 

and enhancing the knowledge of near-surface permafrost dynamics. 
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Figure 2.5 2-D ERT (a) and MASW (b) comparison results at the MASW 3 location. Black lines represent 
interpreted ERT boundaries based on resistivity values. Zones A to D specify different ranges of electrical 
resistivity and shear wave velocity values corresponding to various permafrost structures. The white box 
indicates the borehole sample, and the black box inside the white box shows the transition zone. 

2.6.2 Identification of Active Layer Thickness 

Significant variations in ALT exist between different landscape types, reflecting the influence of 

vegetation, substrate, microtopography, and especially soil moisture (Shiklomanov et al., 2010). From Vs 

profiles shown in Figure 2.4, we can identify the ALT range (roughly 0.3 m) and the shear wave velocities 

of the active layer (240 – 370 m/s) in most locations. However, in some undisturbed permafrost regions, 

ALT was found to be highly spatially heterogeneous due to differences in subsurface characteristics based 

on 2D Vs profiles shown in Figure 2.4. Therefore, ALT at some locations may be 0.5 – 0.6 m, which is 

consistent with the ALT range estimated from nearby temperature measurements (described in Section 

2.5.2) and the earlier estimation by Jafarov et al. (2018). In contrast, ALT in disturbed permafrost regions 

presents higher values (0.5 – 1.0 m) and less spatial heterogeneity. The higher ALT indicates that the 
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ground temperature is slightly higher for the permafrost with human activities than in the undisturbed 

permafrost. For NOAA 1 (Figure 2.3f), the high consistency in ALT is because the ground surface is 

under the NOAA facility, and the topsoil is gravel, which is different from all other locations. The 

coverage of the building, which produces continuous heat, and the high thermal conductivity of gravel 

compared to fine-grained soil like peat or silt are likely contributing factors to the temperature consistency 

of the tested line. The MASW results did not reveal the top shallow active layer of MASW 3 due to the 

small ALT (0.24 m based on soil sampling) and lack of high-frequency source signal required to image 

shallow depths. Figure 2.6 illustrates the stratigraphy of deposits up to 1.0 m at the five sampling 

locations. The permafrost mainly consists of silty soil with organics with an average unit weight of 19.62 

kN/m3. Ice layers are evident in the boreholes of MASW 1 and 2. Based on the boring samples collected 

at the same sites of the seismic surveys, ALT in the study regions were 0.14 – 0.28 m during sampling. 

The ALT range identified by MASW in most locations is within a reasonable range compared with the 

stratigraphy of deposits. 

 
Figure 2.6 Stratigraphy of borehole core samples at five locations. 
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2.6.3 Identification of Spatial Heterogeneity of Permafrost 

Spatial heterogeneity within the permafrost layer can be observed and quantified by analyzing Vs 

profiles, including ice-rich permafrost, low-velocity zones, and cryopeg. Shear wave velocities within the 

permafrost layer range from 450 to 1700 m/s. The shear wave velocities of ice-rich permafrost zones 

(MASW 2-4) are in the range of 700 – 1700 m/s, which is higher than the range of 500 – 900 m/s from 

other permafrost locations. Ice-rich permafrost can be identified in 2D Vs profiles, such as in Figure 2.4b 

(MASW 2), with a high-velocity zone (from 9 m to 22 m) with a Vs range of 1300 – 1700 m/s. The 

theoretical Vs of pure ice is approximately 1900 m/s at a temperature near -10 ℃ (Kohnen, 1974). Given 

that the effective Vs of a medium is a weighted average of the components of that material, the regions of 

the subsurface with velocities near 1700 m/s are expected to be ice-rich materials. This indicates that the 

center area of the ice-rich zone is likely composed primarily of ice layers. However, the gradual increase 

of the velocity near the ice-rich zone at MASW 2 indicates suspended soil around the ice layers.  

Figure 2.1c shows that MASW 3 is located in a wetter area (darker image color is related to higher 

surface water content), which may lead to open talik regions around the large water body. A potential 

reason for the talik or cryopeg layer at MASW 3 is salinity, as higher salinity layers exist at MASW 3 due 

to proximity of the nearby saline thermokarst lake. This is consistent with our observation of core 

sample's salinity at MASW 3 (discussed in subsection 2.6.1). 

2.6.4 Impacts of Ground Temperature and Ice Structure on Shear Wave Velocities 

In subsections 2.6.4 and 2.6.5, we focus on the impacts of multiple factors on shear wave velocity in 

undisturbed permafrost to better understand permafrost behavior and stability. Figure 2.7 shows the 

composed profiles of Vs in undisturbed permafrost, temperature variation, and cryostratigraphy versus 

depth. Generally, the rate of temperature decrease lessens with increasing depth. The temperature 

measurements are derived from several locations in the North Slope Borough, Alaska, mainly near the 

study site. The detailed location and record date of the temperature measurement are presented in Figure 

A.2 and Table A.2 in Appendix A. The temperature reveals that the ALT is around 0.5 m, which agrees 

with the ALT determined from the MASW surveys. 
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Figure 2.7 Composed velocity, temperature, and stratigraphy profiles in North Slope Borough, Alaska. 

We observed that the depth variation of Vs (Figure 2.7) exhibits a consistent trend across different 

testing locations near Utqiaġvik. The Vs is low (~ 250 – 510 m/s) in the active layer and increases in the 

permafrost layer to around 1200 – 1700 m/s as depth increases to 5 – 8 m. Beyond this depth, the shear 

wave velocities decrease, forming a low-velocity permafrost zone (~500-700 m/s) beneath the high-

velocity permafrost layer. Dou & Ajo-Franklin’s (2014) study also reported the existence of a low-

velocity permafrost zone at a location approximately 5 km south of the study area. This suggests that low-

velocity permafrost zones may exist under the tundra near Elson Lagoon and east of Utqiaġvik. As shown 

in Figure 2.7, the Vs profiles are correlated with temperature profiles, with higher ground temperature 

corresponding to lower shear wave velocities of permafrost. We also observe that Vs below 8 m 

decreases, possibly due to discontinuous ice in deeper zones. Based on the 1D and 2D velocity profiles, 

we conclude that generally, the 2-8 m zone contains higher ice connectivity (and therefore less scattered 

or discontinuous ice), which causes high-velocity zones. This can clearly be seen in 2D plots where a 

high-velocity zone (and not a continuous layer) exists on two undisturbed permafrost velocity profiles 

(Figures 2.4b and 2.4c). Therefore, although the temperature can be consistent in higher depths (as shown 

in Figure 2.7 using the literature datasets collected near Utqiaġvik), the velocity could be different due to 

changes in ice content and the spatial distribution of ice. While the temperature profiles closely align with 

each other, there are clear disparities in the Vs profiles. Such differences might be indicative of 

pronounced lateral variations in ice content or could reflect changes in the lithology or texture of the 

underlying sediments. 
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Ice-wedge polygons occur on nearly all nearshore land surfaces (Kanevskiy et al., 2013) and can be 

outlined using 2D Vs profiles. The formation and degradation of these polygons are linked to climate 

change, resulting in severe landscape alteration. There are mainly three types of ice-wedge polygons in 

the tundra between Utqiaġvik and Elson Lagoon: high-centered polygons, flat-centered polygons 

(incipient polygons), and low-centered polygons. High-centered polygons are shown in Figure 2.8b, flat-

centered polygons in Figure 2.8c, and low-centered polygons in Figure 2.8d, surrounded by thermokarst 

lakes. An early stage of high-centered polygon formation can be seen in Figure 2.8a. MASW 4 (Figure 

8d) is surrounded by coalescent low-center polygons (Lara et al., 2015) and thermokarst lakes based on 

the satellite view nearby, presenting lower Vs compared with high-centered polygon regions (Figure 

2.8b). The landscapes near MASW 4 develop and degrade from flat-centered and high-centered polygons 

(Nitzbon et al., 2019), showing severe landscape alteration due to climate change. This transformation is 

referred to as ice-wedge polygon degradation. A water body in the center of the low-centered polygons 

can change the hydrological regime of polygon nets and lead to the onset of thermokarst activity 

(Kartoziia, 2019). As shown in Figure 2.8b, some of the high-centered polygons are developing and 

connecting, presenting ice-rich permafrost zones with high Vs, which have the potential to form 

thermokarst lakes during permafrost degradation. MASW 2 and 3 cover the polygon centers and troughs 

of high-centered polygons, while MASW 4 is on the rim between thermokarst lakes. For locations with 

surface water, Vs presents lower values on the top of the permafrost layer than adjacent permafrost. 
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Figure 2.8 Satellite view of MASW testing locations in undisturbed permafrost tundra and disturbed 
permafrost roadside: (a) MASW 1 in the developing polygon trough area, (b) MASW 2 in the flat-
centered polygon area, (c) MASW 3 in the low-centered polygon area, (d) MASW 4 surrounded by 
thermokarst lakes, and (e) Roadside. 

2.6.5 Influence of Civil Infrastructure on Permafrost  

In this section, we discuss the influence of civil infrastructures, including gravel roads and pile 

foundations, two of the most common civil infrastructures in Northern Alaska, based on seven MASW 

surveys. Comparison of Vs profiles of disturbed permafrost locations (Roadside and NOAA 1) and 
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relatively undisturbed permafrost locations nearby (NOAA 3 and MASW 1) in Figure 2.4 demonstrates 

that the ALT is larger in disturbed permafrost due to higher surface temperature. For NOAA 3 and 

MASW 1, the maximum Vs is similar (~900 m/s), but the high-velocity zone is deeper (~4 m) in 

permafrost near civil infrastructure (NOAA 3) compared with MASW 1 (~1 m). This discrepancy may be 

due to the disturbed gravel topsoil and also higher air temperatures near civil infrastructure, causing 

diffusive heat transfer from a more absorptive material and resulting in temperature profiles that differ 

from undisturbed permafrost locations.  

The MASW testing location beside a gravel road is shown in Figure 2.8e (Roadside). In cold regions, 

dry coarse-grained soil is often used to replace the foundation soil of roadbeds or airport runways to 

prevent frost heave (Vinson et al., 1996). The gravel fill reduces the road's frost heave and thaw 

settlement by providing better drainage capability but affects the moisture regime near the gravel road. As 

shown in Figure 2.8, high-centered polygons developed near the gravel road, with surface water 

accumulation next to the road embankment. 

Ice-rich permafrost zones can be identified beneath the polygon landscape in the Vs profiles shown in 

Figures 2.4 and 2.8. The depth of the ice-rich permafrost zone along the roadside (Figure 2.4e) is 

shallower than the nearby tundra location at NOAA 3 (Figure 2.4g), suggesting the influence of the gravel 

road. Along the roadside, the ice-rich permafrost zone (~3 m thickness) is thicker than MASW 1. 

Different moisture migrations beside the gravel road may cause these differences. In addition to unfrozen 

water migration as the dominant mode of moisture movement, vapor flux also contributes to frost heaving 

(Currie, 1983; Farouki, 1981; Smith & Burn, 1987; Teng et al., 2020). Gaseous water (vapor) migrates 

from the warm and humid side of the soil layer to the cold and dry layer below the closed and 

impermeable ground surface in coarse-grained soil and then condenses into ice, causing frost heaving 

(Guthrie et al., 2006; Niu et al., 2017; Zhang et al., 2020). This phenomenon is known as the "pot effect" 

or "canopy effect". Generally, soil with an initial moisture content of less than 30% is more prone to 

showing the "pot effect" (Bai et al., 2018). 

Pile foundations are the most common building foundation type in Arctic Alaska to overcome 

differential settlement. Figures 2.4f and 2.4g display the 2D Vs profiles for MASW surveys under the 

NOAA building (NOAA 1), and ~80 m from the building in the tundra (NOAA 3), respectively. As 

shown in Figure 2.3, NOAA 1 shows a similar low-high-low Vs trend to NOAA 3 (and also MASW 1-4). 

At depths of 0-2 m, shear wave velocities are slightly different for NOAA 1 and NOAA 3 due to the 

topsoil of NOAA 1 being gravel, while NOAA 3 is tundra permafrost. At 2-8 m depths, NOAA 3 presents 

an ice-rich permafrost zone, while NOAA 1 has much smaller Vs in this depth range, indicating softer 

soil. In addition, in NOAA 1, we observed a ~150 m/s decrease in Vs for the ice-rich zone compared to 

the ice-rich zone at NOAA 3 (farther into the tundra). This lower Vs in the ice-rich zone near the building 

suggests that the pile foundation impacts the soil properties in the surrounding area. Although there is 
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lower Vs in the ice-rich zone near the building, the ice-rich zone near the building is more laterally 

uniform than the ice-rich zone further in the tundra. Because the building had been present in the area for 

many years, it could have contributed to the thawing and freezing of the surrounding ground, leading to a 

more uniform distribution of ice-rich soil after years of thermal diffusion of heat from the building. The 

substantial differences observed at these sites highlight the need to consider the long-term effects of 

anthropogenic activities on the geological and geotechnical properties of the ground. 

 
2.6.6 Applications in Quantifying Engineering Properties and Infrastructure Design on 

Permafrost 

Investigating the long-term effect of civil infrastructure on permafrost's stiffness could help improve 

the engineering design of structures' foundations on permafrost. Permafrost's parameters, such as VS30 and 

E, are affected by soil types (Coduto, 1999), soil temperature (Ji et al., 2024), and soil's ice content (Fisher 

et al., 2020). Changes in these soil properties show possible changes in soil types, thermal conditions, and 

cryostructure. For instance, the stability of the subgrade in permafrost regions, as noted by Anhua, (2014), 

is closely linked to the ice content in the permafrost beneath roadways. Here, we quantitatively analyze 

Vs profiles at NOAA 1 and NOAA 3 locations. Based on the MASW results, VS30 for locations NOAA 1 

and NOAA 3 are equal to 744.2 m/s and 799.5 m/s, respectively. This reduction can affect the soil's 

ability to carry loads (as the soil at NOAA 1 is less stiff than the NOAA 3), leading to greater settlement 

or deformation under structural loads. Assuming a Vp/Vs = 1.6 for the site's permafrost layer based on (Ji 

et al., 2024), and 𝛾 and 𝑔 equal to 19.62 kN/m3 and 9.81 m/s2, respectively, Equations 2.1-2.3 result in an 

elastic modulus of 261.07 MPa at NOAA 1 location and 301.31 MPa at NOAA 3 location. This indicates 

a 13.35% reduction in elastic modulus accompanied by an equivalent increase in settlement values, as 

delineated by Equation 2.4. While our findings offer useful insights for designing and maintaining 

infrastructure in polar regions, extending these findings to other permafrost settings should be approached 

with caution, considering local variations in soil composition, temperature trends, and permafrost 

degradation. 

2.7 Conclusions  

This study uses 1D and 2D Vs profiles from MASW along with temperature measurement, ERT, and 

permafrost sampling to reveal various permafrost features in Utqiaġvik, Alaska. Vs profiles, combined 

with electrical resistivity models and temperature measurements, can qualitatively characterize active 

layer, ice-rich permafrost, and cryopeg in the permafrost layer, but cannot identify small-scale 

cryostructures such as ice lenses. Vs in the active layer ranges from 240 to 370 m/s (silty peat to silt), 

while Vs in the permafrost layer ranged from 450 to 1700 m/s (silt to slightly sandy silt) in August 2022. 

Vs profiles demonstrate a consistent vertical low-high-low velocity trend in permafrost. Ice content, ice 
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layers, and ice-wedge influence shear wave velocities, with higher Vs indicating higher ice content. Low 

Vs permafrost zones may exist across the tundra near Elson Lagoon and east of Utqiaġvik. The Vs 

variation in ice-rich permafrost correlates with ground temperature variation at 0-15 m depths at the study 

region. This correlation indicates that ice-rich permafrost with higher Vs values demonstrates lower 

temperatures than the active layer and ice-poor permafrost. By using ERT, multiple layers can be 

identified at shallow depths: active layer (200-300 Ωm), cryopeg (10-20 Ωm), and ice-rich permafrost 

(100-600 Ωm). The presence of ice becomes evident through the analysis of Vs and ERT profiles. To 

strengthen our conclusions, we validate geophysical results with stratigraphy and salinity analyses from 

permafrost cores. Integrating geophysical, temperature, and core sampling methods offers a reliable 

approach to evaluating and understanding permafrost spatial variability. 

Civil infrastructure can impact permafrost, resulting in a higher active layer thickness and lower Vs. 

The influence of gravel road and pile foundation on permafrost degradation varies. Thicker ice-rich 

permafrost layers at shallower depths, surface water accumulation, and ice polygon development are 

identified near the gravel road on permafrost. At the sites with building and pile foundations, lower shear 

wave velocities are observed at depths shallower than 7 m when compared to nearby undisturbed tundra. 

The active layer and permafrost are more laterally homogeneous closer to the building compared to 

nearby undisturbed tundra, and a thinner high-velocity zone exists closer to the building. The resulting Vs 

profile indicates the presence of weaker ground near infrastructure, which should be accounted for in the 

design and construction of engineering structures by civil engineers.  
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2.9 Open Research 

The seismic and ERT data used for geophysical data processing are available through the Arctic Data 

Center (Tourei et al., 2023) at https://doi.org/10.18739/A2V40K14Q. The seismic data were processed 

using the SeisImagerSW software (GeometricsTM, Version 3.0.), with parameters described in Section 

2.5.1. The ERT data were processed using Prosys II software (IRIS Instruments) and the Res2Dinv 

software (Geotomo SoftwareTM, Version 3.59.), with parameters described in Section 2.5.3. The 

temperature data are available through the Arctic Data Center Nicolsky and Wright (2023) at 

https://doi.org/10.18739/A2C53F305. The physical permafrost core samples in Figure 2.6 are registered 

and available through SESAR with the International Geo Sample Number (IGSN) of IENNA0001 

(https://doi.org/10.58052/IENNA0001), IENNA0002, IENNA0003, IENNA0007, IENNA0008, 

IENNA0009, IENNA000A, IENNA000E, IENNA000F, IENNA000G, IENNA000K, IENNA000L, 

IENNA000M, and IENNA000N. 
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CHAPTER 3  ENHANCING DAS DATA MANAGEMENT WITH UNSUPERVISED ANOMALY 

DETECTION FOR SCALABLE MONITORING    

An extended manuscript based on the conference paper that is included in Appendix B. 

Ahmad Tourei1, Alexander Ankamah2, John Hole3, Gabriel Rocha dos Santos4,                                        

Ming Xiao5, Eileen Martin1 

3.1 Abstract 

Distributed acoustic sensing (DAS) often generates massive datasets due to its high spatial and 

temporal density, posing significant challenges for data management and interpretation. As DAS 

continues to be deployed in increasingly diverse environments–ranging from underground mines to 

permafrost regions and urban infrastructure–where traditional seismic arrays cannot easily be installed for 

long-term monitoring, it encounters complex signal types and noise conditions that have not been 

previously characterized. This diversity, coupled with the lack of labeled data, motivates the use of 

unsupervised methods for autonomous anomaly detection. To address this challenge, we present a 

convolutional autoencoder-based deep learning framework for unsupervised classification of DAS signals 

into noise and anomalous signals that deviate from typical environmental background noise. The 

autoencoder first compresses the spatial power spectral density (PSD) of DAS data into a low-

dimensional latent space, where kernel density estimation is applied to compute density scores as a 

probabilistic metric for thresholding of anomaly detection. Reconstruction of the input data from the latent 

space provides a second metric, reconstruction error, enabling a dual-thresholding approach for robust 

anomaly detection. When applied to DAS data acquired in an underground mine, the proposed technique 

identifies (micro)seismic events. In comparison to a traditional seismometer network on the surface, 

underground DAS analyzed with the autoencoder enhances automated detection of induced seismic 

events, offering valuable insights for improving safety. A second application to passive permafrost 

monitoring demonstrates the model’s generalizability, where a range of anomalies, including cryoseismic 

events, anthropogenic noise sources, and instrument noise, were detected. By filtering and retaining only 

anomalous segments, the framework significantly reduces data storage requirements and streamlines the 

development of labeled training data for supervised learning models focused on various types of events. 

These results highlight the framework’s scalability and versatility, with applications extending from 
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mining and permafrost monitoring to potential future applications in energy sectors and natural hazard 

assessment. 

3.2 Introduction 

DAS technology has enabled the acquisition of spatially and temporally dense seismic data, 

enhancing monitoring applications such as hydrofracturing (Binder & Chakraborty, 2019; Saw et al., 

2025), offshore seismicity (Shi et al., 2025), permafrost dynamics (Cheng et al., 2022), and mining-

induced seismicity (Chambers et al., 2025; Chambers & Shragge, 2023; Tourei et al., 2024), among 

others. Unlike traditional seismic networks, which rely on sparse arrays of seismic stations, DAS 

leverages photonics technology to transform fiber-optic cables into high-resolution seismic sensors 

(Lindsey & Martin, 2021). The spatially and temporally dense DAS data enable the detection of subtle 

seismic events that might otherwise go unnoticed with conventional monitoring systems (Agostinetti et 

al., 2022).  

However, this data richness comes at a cost: kilometer-scale arrays can generate several terabytes of 

data per day, creating substantial challenges for storage, processing, and real-time analysis (Spica et al., 

2023). These challenges are further compounded in passive monitoring studies, in which the lack of 

labeled training data limits the applicability of supervised machine learning approaches (Bergen et al., 

2019). Moreover, DAS deployments often occur in environments where broadband seismic arrays were 

previously infeasible, and where the full spectrum of event types is not known a priori. In such cases, 

manual exploratory analysis of DAS data quickly becomes impractical, both in terms of time and 

computational resources. Therefore, the development of automated tools capable of detecting various 

anomalies such as seismic events, traffic noise, and instrument noise, is essential for the efficient storage, 

processing, and interpretation of DAS data. 

3.2.1 Motivation in Passive Monitoring Contexts 

We initially investigate this challenge in a mining-induced seismicity monitoring study in a longwall 

coal mine. Longwall mining is an efficient underground mining method for extracting a variety of 

stratified resources including coal, potash, and soda ash and represents a considerable advancement over 

conventional methods (Peng et al., 2020). A modern longwall consists of hydraulic shields that support 

the roof and floor, a cutting device (e.g., a shearer or plow) that travels along the face extracting slices of 

coal, and an armored conveyor belt, which transports the resource to a larger mine haulage system (Peng, 

2019). Normally, longwall mining is safe and efficient, but a variety of ground control-related hazards are 

possible, especially in deep mines. One of the most significant of these hazards is a class of dynamic 

failures associated with induced seismicity, generally referred to as coal bursts or mine bumps. Much like 

tectonic earthquakes, mining-induced seismicity is difficult to predict and can have devastating 
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consequences. Over the past several decades, coal bursts have killed hundreds of miners (Zhang et al., 

2017). Although significant advancements have been made in the past 100 years of research, many 

aspects of coal bursts remain “enigmatic” (Mark, 2016). There are a variety of options to manage coal 

burst risks (Wei et al., 2018) but selecting and applying appropriate measures for dealing with coal bursts 

depends on an adequate understanding of the source, geology, and geomechanics associated with the 

bursts. Seismic monitoring is one of the tools often used to plan risk mitigation strategies. For 

underground coal mines, seismic monitoring is conducted using surface or in-mine sensors. Surface 

networks are usually less expensive and easier to maintain and install, but in-mine networks provide 

higher quality data in terms of event detection and location accuracy, especially event depth constraints 

(Swanson et al., 2016). However, in-mine seismometer networks are significantly more expensive than 

surface networks, and regulations aimed at reducing combustion risks in coal mines often prevent the use 

of many seismic sensors and digitizers in these environments. Deploying fire-safe DAS sensors 

underground can enable the characterization of various machinery-induced vibrations and also allow 

detection of smaller events since the sensors are closer to where these events occur (Tourei et al., 2024; 

Chambers et al., 2025).   

3.2.2 Widely Used Event Detection Methods 

One conventional approach for detecting seismic events is the short-term average/long-term average 

(STA/LTA) method, which calculates the energy ratio between a signal’s short-duration window and its 

preceding longer-duration window (Allen, 1978; Trnkoczy, 2012). However, the performance of 

STA/LTA is significantly influenced by variations in background noise, often resulting in false positives 

or missed detections, particularly for low-amplitude events with a small signal-to-noise (SNR) ratio (Zhu 

& Beroza, 2019). This limitation arises because thresholding is based on a single, simple ratio averaged 

over a fixed period, which is often insufficient in complex or variable noise environments. The method is 

robust for high-SNR events and sparse station networks but performs poorly in noisy underground 

settings like mines, where frequent non-seismic noise bursts lead to numerous false triggers and missed 

small events. Template matching has also proven highly effective in detecting small, repeating events by 

cross-correlating continuous waveforms with previously recorded templates (Gibbons & Ringdal, 2006; 

Li & Zhan, 2018). However, similar to supervised learning techniques, this method requires a set of 

known labeled events to construct templates and can only detect events that occur near the template 

locations with similar focal mechanisms, limiting its applicability in evolving settings such as longwall 

mines, where new or variable sources emerge. 
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3.2.3 AI-Based Anomaly Detection Methods 

Anomaly detection techniques provide an alternative approach for event detection by identifying 

events that statistically deviate from the dominant background noise. In seismic analysis, this approach is 

particularly valuable as the occurrence of seismic events is relatively rare compared to continuous 

background signals. Leveraging this disparity, unsupervised deep learning methods have demonstrated 

superior performance in detecting seismic events compared to traditional signal processing techniques 

(Seo et al., 2024). A key advantage of these unsupervised methods is their ability to operate without 

labeled data, which are often unavailable for new scenarios or difficult to obtain in monitoring projects 

such as early warning systems and seismic hazard assessment studies (Jordan et al., 2011). Unlike 

conventional phase-picking techniques, AI-based methods operate much faster and can automatically 

extract relevant features, thereby improving data quality for subsequent analyses. 

Principal component analysis (PCA) has also been used to reduce the dimensionality of multichannel 

data (Pedersen et al., 2025) and for leak detection applications (Gemeinhardt & Sharma, 2024), where 

events are identified as departures from the dominant low-rank subspace. While PCA provides a simple 

and computationally efficient approach, it assumes linear feature relationships and is sensitive to noise, 

making it less effective in the presence of complex or non-stationary seismic signals. Therefore, PCA-

based methods may struggle to capture nonlinear features in high-dimensional DAS datasets, limiting 

their utility for generalizable event detection. 

Unsupervised autoencoder (AE) techniques can play a crucial role in identifying anomalies in 

multichannel data. Convolutional AEs are a class of neural networks designed to learn common trends 

within the compressed representations of high-dimensional data, enabling them to detect unusual 

anomalies that differ from these trends. They have gained prominence in anomaly detection tasks due to 

their capability to effectively capture essential waveform characteristics (Mousavi et al., 2019; Neloy & 

Turgeon, 2024). AEs have demonstrated strong performance in denoising passive DAS data, enhancing 

the detection and characterization of seismic events (Shi et al., 2025). Chien et al. (2023) demonstrated 

the potential of autoencoder-based approaches for unsupervised classification of DAS seismic signals by 

combining a convolutional autoencoder with a Gaussian mixture model clustering to categorize injection-

related seismicity in a geothermal setting. However, their framework was designed primarily for signal 

classification rather than anomaly detection, relied on an additional clustering step, and was tailored to a 

specific geothermal application. Xie et al. (2023) developed a shallow convolutional autoencoder with K-

means clustering for label-free anomaly detection in a single application domain (railway intrusion 

monitoring). These prior studies highlight the growing use of autoencoder-based frameworks for DAS 

data interpretation but also underscore the need for a clustering-free approach capable of direct, 

quantitative anomaly detection. Thus, there remains a need for a technique that enables anomaly detection 
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without clustering, and such a technique should be analyzed for generalizability across diverse DAS 

monitoring environments.  

The present study addresses this gap by introducing a probabilistic–based thresholding method that 

enables unsupervised anomaly detection and evaluates its generalizability across diverse geophysical 

monitoring environments. It aims to develop a scalable and efficient anomaly detection algorithm for 

DAS data with applications to two monitoring projects. By integrating AE techniques with DAS data, our 

approach seeks to enhance DAS data management and improve seismic event detection. Identifying 

anomalous data as a preprocessing step can enhance data processing pipelines such as ambient wavefield 

interferometry, or in the identification of events to use for back-projection or imaging. It can effectively 

reduce computation and data management costs and speed up teams’ understanding of their data in long-

term monitoring projects. 

3.3 Data Acquisition  

To evaluate the feasibility of DAS for event detection in underground mines and automation of the 

process using machine learning techniques, we conducted a study in an approximately 550 m deep 

longwall coal mine in the USA, which has a history of seismicity concerns (Van Dyke et al., 2023). 

Following several relatively large magnitude seismic events, the mine installed a surface seismic 

monitoring network in January 2009, consisting of five stations. After conducting a pilot test on fiber-

optic installation techniques around a single pillar, we deployed fiber-optic cables around an actively 

mined panel. The majority of fiber was pushed against the wall horizontally and covered with mud or rock 

dust (i.e., non-combustible dust that mines apply to suppress potential explosions), where possible, to 

increase the coupling to the ground. The optical interrogator, housed in a building on the surface near a 

ventilation shaft, was connected via a fiber patch panel to a cable in a borehole descending into the mine 

(Chambers et al., 2025; Tourei et al., 2024).   

Data were collected using the Treble interrogator unit from Terra15 along 7.1 km during 47 days. 

With a channel spacing of 5.7 m, pulse length of 5.7 m, and sampling rate of 2,000 Hz, approximately 33 

TB of DAS data were recorded. Based on the chosen pulse width, the shortest unaliased wavelength that 

can be sensed is 11.4 m.  

3.4 Methodology and Workflow 

The workflow of the label-free anomaly detection algorithm is presented in Figure 3.1. It begins with 

preparing training and validation datasets by reading the DAS data and applying preprocessing and 

transformation routines as described in subsection 3.1. Then, we train the autoencoder model on the data 

with no anomalies (the data with only typical background noise) in the frequency domain. By training, the 

model attempts to reconstruct the input based on its low-dimensional (latent space) representation by 
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learning from common features of the data. During the training phase, the model assesses its performance 

using the validation dataset, which also does not include any anomalies. After training and validation, we 

evaluate the model's performance by setting up two simultaneous thresholds based on the evaluation 

dataset that includes example anomalies to define the boundary between noise and detectable anomalies. 

Finally, we apply the trained model with the defined thresholds to scan the DAS data and identify non-

noise signals, i.e., anomalies, by comparing the input and output of the model using the mean squared 

error, MSE (first threshold), and the probability of a data feature in latent space, which is referred to as the 

density score (second threshold).  

 
Figure 3.1 The general workflow for anomaly detection with the autoencoder model. Blue arrows indicate 
progression to the next sub-step within each major stage, while orange arrows denote intermediate 
reporting of statistics. 

3.4.1 Data Preprocessing and Spectral Analysis 

DAS data is often recorded by interrogator units as strain rate or its proportional optical phase rate. If 

the data is in other units such as (cumulative) velocity or optical interference phase, we first use a 

transform function so that it is proportional to strain rate (Chambers et al., 2025). After trimming the data 

into specific time and distance windows of interest with overlaps, we detrend the data by applying a linear 

detrend that removes the mean value of each channel from its time series and applying a cosine taper to 

smooth the edges of each data chunk. We then apply a short-time discrete Fourier transform to average 

the energy over the time window and create spatial power spectral density (PSD) plots. The primary 
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motivation for this transformation is that the main anomaly of interest for this study is seismic events, 

which, if recorded using dense sensors, typically manifest more distinctly in the frequency domain than in 

the time domain. Figure 3.2 illustrates how an example seismic event appears in time and frequency 

domains. Comparing the event within a 2-second time window (Figure 3.2a) and a 10-second time 

window (Figure 3.2b) against a representative background noise segment (Figure 3.2c), we observe that 

increasing the time window reduces the visibility of the short-duration anomaly in the time domain, 

whereas the anomaly remains clearly distinguishable in the frequency domain (Figure 3.2b). These 

observations suggest that performing anomaly detection on PSD images is more effective, as larger time 

windows can be used. While a longer STFT is more expensive, we would be scanning fewer windows for 

anomaly detection with a longer window, which enables lower overall computational cost with a suitable 

window length. Furthermore, if the frequency characteristics of the primary anomaly of interest are 

known, applying a bandpass filter can optimize the algorithm by enhancing the visibility of the anomaly 

within the PSD, particularly in the lower-frequency range where such events are most pronounced. In this 

framework, the seismic data—representing strain rate as a function of frequency and channel number—

are converted into pixel-based PSD images, where each pixel encodes amplitude through an RGB color 

scale; thus, the autoencoder operates on color intensity values rather than raw strain rate measurements. 

 
Figure 3.2 Comparison of event detection in the time domain (top figures) vs. the frequency domain (PSD 
plots, bottom figures in RGB); an example seismic event on a 2-second time window (a), the same 
seismic event on a 10-second time window (b), an example of background noise (with no expected 
anomaly) on a 2-second time window (c). 
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We selected a two-second sliding time window with a one-second overlap to capture anomalies. The 

overlap handles anomalies split between two windows and ensures that the anomaly is captured in at least 

one time window. A shorter time window enhances anomaly identification by averaging over a narrower 

temporal range around seismic events, improving the detection of transient signals. However, it also 

attenuates low-frequency components, amplifies the influence of changes in background noise variation, 

and increases computational costs, as a greater number of representations must be analyzed for anomaly 

detection. In contrast, longer time windows preserve low-frequency signals but may compromise the 

detection of impulsive seismic events. Thus, the choice of time window represents a trade-off between 

capturing high-frequency anomalies, maintaining sensitivity to low-frequency signals, and managing 

computational costs. 

DAS averages the strain rate along the fiber over a distance, which is called the gauge length. 

Increasing the gauge length is required to effectively detect small anomalies such as weak seismic 

activities by increasing the SNR. However, this comes at the cost of reduced spatial resolution. Therefore, 

for the purpose of event detection, a larger gauge length needs to be used, and then a relatively smaller 

gauge length may be preferred for geophysical data processing, such as back-projection (Beskardes et al., 

2018) or surface-wave dispersion calculation (Park et al., 1998), to preserve spatial resolution and prevent 

aliasing of longer wavelength signals. After preliminary data exploration and applying multiple gauge 

length values to a few seismic events from the surface network catalog, a gauge length of 22.9 m, which is 

four times the channel spacing, was chosen for the data preprocessing. 

Before feeding the autoencoder, we apply a low-pass filter with a cutoff frequency of 500 Hz to 

capture high-frequency, nearby microseismic events while avoiding an excessively high frequency bound 

that could hinder the detection of distant events with dominant low-frequency and attenuated high-

frequency signals. Conversely, maintaining the upper frequency bound sufficiently high prevents 

overemphasizing low-frequency anthropogenic (2–20 Hz) or instrument noise variations, thereby 

potentially enhancing the model’s microseismic detection capability. 

3.4.2 Convolutional Autoencoder Model  

We use a simple encoder-decoder architecture with fully connected convolutional layers. The 

autoencoder model reconstructs the input data using the low-dimensional version of the high-dimensional 

input in the latent space, as described by:  

𝐿𝑆 = 𝐸(𝐼)
𝑂 = 𝐷(𝐿𝑆) (3.1) 

where 𝐼 is input data, 𝑂 is output data, 𝐸 is encoder, 𝐷 is decoder, and 𝐿𝑆 is the low-dimensional data 

in the latent space. When the model is trained on data with no anticipated anomalies, it learns to 

reconstruct the data with relatively lower error than anomalous data. Also, the low-dimensional 
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representation of the anomaly-free data has common features that help identify data lacking the same 

feature patterns. The training procedure forces the model to find the most effective expression for the low-

dimensional version of the high-dimensional data. 

Figure 3.3 shows the generalized structure of the autoencoder model. The autoencoder consists of an 

encoder and a symmetric decoder. The encoder reduces the dimension of the input data (PSD image as 

described in Figure 3.2) into a lower-dimensional representation in the latent space, and the decoder 

reconstructs the original data using the latent space representation. The encoding and decoding branches 

are symmetric and both can be composed of several layers. Each encoding layer consists of a combination 

of filters for feature extraction, a ReLU activation to prevent linear collapse, and a 2×2 maxpool 

operation that reduces the height and width of the input image by half. Thus, 𝑛 layers reduce the spatial 

dimensions to 1 2(⁄  of the original resolution, while distilling the information into the latent space 

representation. This progressive reduction balances reconstruction fidelity against computational 

efficiency. Deeper encoders offer greater representational capacity but at the cost of heavier compression, 

which can hurt reconstruction fidelity if taken too far. The decoder reconstructs the image in reverse 

order. Each decoding layer is a combination of filters for feature refining, a ReLU activation, and a 2×2 

upsampling layer that doubles the spatial dimensions. A final layer with three filters and a sigmoid 

activation maps the feature stack back to pixel space, producing values in [0, 1] that match the input 

normalization in RGB. The model is compiled with an Adam optimizer to update the network parameters. 

The two vertical bars in the input and output PSDs are due to vibrations of two buildings that touch the 

fiber. 

 
Figure 3.3 The architecture of the developed convolutional autoencoder with PSD input and outputs, with 
fiber distance on the X-axis and frequency on the Y-axis. 
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A straightforward metric for thresholding the anomaly detection task is the reconstruction MSE. 

However, relying solely on reconstruction error has inherent limitations: convolutional neural networks 

often over-generalize, leading to deceptively low reconstruction errors for some anomalous samples. To 

address this, we incorporated a probabilistic perspective by modeling the probability density function 

(PDF)—hereafter referred to as the density score—of PSD in the latent space using kernel density 

estimation (KDE). A KDE with a Gaussian kernel was first fitted to the encoded training dataset in the 

latent space. Then, using this KDE, the PDF value computed for each vectorized spatial PSD was used as 

its density score. This metric captures the local data density in latent space, with higher density values 

indicating sparser regions that are more likely to correspond to background noise (training dataset). 

3.4.3 Hyperparameter Tuning and Training Strategy  

The autoencoder model’s key hyperparameters include the input image size, number of convolutional 

layers, number of filters, and the size of the training dataset. Input images were tested at square 

resolutions of 128, 256, 512, and 1,024 pixels. Increasing the input size generally improves the model’s 

capacity to capture fine-scale features, but it also increases computational cost and memory requirements. 

The depth of the network, controlled by the number of convolutional layers, determines both the model’s 

expressive power and the degree of spatial compression applied to the input. Configurations with 2, 3, and 

4 layers were evaluated. The number of filters per layer was varied across 32, 64, 128, and 256. While 

larger filter banks allow the model to extract more complex features, they also result in slower training 

and higher resource demands. Finally, the effect of combined training and validation dataset size was 

investigated using subsets of 100, 400, 1,600, and 6,400 images. Although larger training and validation 

sets typically improve generalization, excessive data relative to model complexity can sometimes increase 

the risk of overfitting.  

In total, 168 model configurations were evaluated. Configurations with an input size of 1024 

combined with more than 128 or 256 filters were excluded, as their memory requirements exceeded the 

available GPU capacity. The first phase of tuning focused on minimizing the objective loss function while 

mitigating overfitting. The progressive decrease and convergence of the training and validation loss 

curves indicated that the model effectively learned the underlying patterns in the data. The consistent 

downward trend, without divergence between the two curves, further suggested successful convergence 

without signs of overfitting. From this stage, models achieving a loss value below 0.06 were selected for 

the second phase of hyperparameter tuning, which aimed to maximize the relative difference in 

reconstruction MSE and latent-space density scores between datasets with and without anomalies. 

To maximize the relative difference in latent-space density scores between datasets with and without 

anomalies and choose the configuration that results in the most separation between two classes, we 
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applied Fisher’s discriminant criterion (Bishop, 2006), which maximizes the separation between class 

medians relative to within-class variance (Equation 3.2).  

𝐽 = 	
(𝑚𝑒𝑑𝑖𝑎𝑛!" −𝑚𝑒𝑑𝑖𝑎𝑛#"$)%

𝑆!"% + 	𝑆#"$%
 (3.2) 

where 𝑆 is the variance and BN and ANM subscript denote the background noise and anomaly 

classes, respectively. The final model, configured with an input size of 512, 256 3×3 filters, 4 

convolutional layers, and a full (training and validation) dataset of 1,600 samples, achieved the highest 

discriminant score 𝐽 of 26.57 with a loss function of 0.057 and therefore, was selected for thresholding 

and anomaly detection. The latent tensor is sufficiently compact—reduced to 1 16⁄  of the original spatial 

scale with a size of 32 and passed through a total of 480 filters—for efficient memory usage, while still 

retaining enough information for accurate reconstructions when the mirrored decoder restores the original 

resolution.  

Figure 3.4 shows the histogram of normalized density scores for 20 previously identified seismic 

events (an example is illustrated in Figure 3.2a) and for the validation (testing) dataset, comprising 320 

PSD images. The validation set represents a training-to-testing ratio of 4:1 and includes data that were 

unseen during training. As observed, although the selected configuration achieved the highest 

discriminant score 𝐽, some overlap between the two distributions remains. This can be attributed to two 

main factors: (i) certain anomalies were very weak and therefore difficult to distinguish from background 

activity, and (ii) the training and validation datasets were prepared manually, which may have introduced 

weak or ambiguous anomalies caused by changes in background noise (e.g., slight variations in machinery 

noise within the mining environment). 

The model is trained on 1,280 randomly selected two-second spatial PSD images of 5122 pixels and a 

training-to-validation ratio of 4. We first start with an exploratory data analysis, where we randomly select 

the training and validation datasets from the collected passive DAS data and ensure they do not include 

any seismic events or distinct noises such as those by interrogator units, by visually analyzing the data in 

time and frequency domains. 
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Figure 3.4 Histogram of the normalized density scores for a set of previously known anomalies and the 
validation dataset. 

The objective function is the MSE, and it is defined as follows: 

𝑙𝑜𝑠𝑠(𝐼, 𝑂) = 	
8 ‖𝐼 − 𝑂‖%%

&
'
𝑛  (3.3) 

where 𝑛 is the batch size. The model was trained for 200 epochs on a single NVIDIA H200-141G 

GPU within a shared high-performance computing (HPC) environment, with the full training process 

completing in less than ten hours. Data preprocessing of two weeks of continuous DAS recordings, 

followed by anomaly detection, required less than sixty hours using an MPI-parallelized workflow across 

24 cores of a Zen2 AMD EPYC 7702 CPU. Since training and detection were executed on shared HPC 

resources, the computational time reported here represents an upper bound; faster performance could be 

expected on dedicated devices without shared resource constraints (Bhatele et al., 2013). 

3.4.4 Threshold Setting and Evaluation 

After training the autoencoder, we established thresholds on both the reconstruction MSE and the 

density score to guide anomaly detection. A sample is flagged as anomalous only if it simultaneously 

exceeds the reconstruction MSE threshold and falls below the density score threshold. This joint criterion 

strengthens reliability by requiring anomalies to be consistently identified in both the reconstruction and 

latent-space domains 
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For reconstruction MSE, the threshold was defined as the MSE loss value observed during validation 

(i.e., 0.057) on the validation dataset. This non-conservative choice ensures that any sample with a 

reconstruction error greater than what was seen during validation is automatically classified as anomalous. 

In contrast, thresholding based on density scores is more nuanced and exerts a stronger influence on 

detection accuracy. Because density scores are derived from the PDF of the latent space, setting the 

threshold too strictly (i.e., too high) risks missing weak anomalies, whereas setting it too loosely may 

increase false positives. Practically, this means that if the density score for a given spatial PSD window 

deviates significantly from the average density score of the anomaly-free training dataset (as estimated by 

the fitted KDE) and exceeds the threshold, that window is classified as anomalous. This dual-threshold 

strategy provides a more comprehensive and reliable approach to anomaly detection. 

We evaluate the model’s performance using standard classification metrics, including precision, 

recall, and the 𝐹) score: 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (3.4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (3.5) 

𝐹( = 	
(1 + 𝛽%)	 ∗ 	𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
(𝛽%	 ∗ 	𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 + 	𝑅𝑒𝑐𝑎𝑙𝑙)  (3.6) 

where, 𝑇𝑃 denotes true positives (correctly detected anomalies), 𝑇𝑁 true negatives (correctly detected 

background noise), 𝐹𝑃 false positives (i.e., false alarms), and 𝐹𝑁 false negatives (i.e., missed anomalies). 

While recall measures the ability of the model to detect all anomalies, precision quantifies how many of 

the detected anomalies are correct. The 𝐹) score provides a single metric representing the model’s 

performance, and it balances these two quantities, where the parameter 𝛽 allows weighting recall relative 

to precision.  

Because the model is unsupervised, an evaluation dataset with known labels is required to compute 𝐹) 

scores. To construct this set, we randomly selected 500 PSDs from the collected dataset and an additional 

300 PSDs from time windows containing seismic events identified by a surface seismic network of 

seismometers (some of which were also detected by the fiber-optic array). The 800-evaluation dataset was 

then labeled as background noise or anomaly based on visual inspection of their time- and frequency-

domain representations, and 93 seismic events were observed. The optimal density score threshold was 

determined through a sensitivity analysis of model performance on the evaluation dataset, with a focus on 

two primary applications: (i) anomaly detection for reducing storage requirements and (ii) seismic event 

detection, as discussed in detail in the Results section. For seismic event detection purposes, we use two 

metrics, defined as follows: seismic event precision is defined as the ratio of the number of detected 
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seismic events to the number of triggers, and seismic event coverage is defined as the ratio of the number 

of detected seismic events to the number of total seismic events in the evaluation dataset. 

3.5 Results and Discussion 

Figure 3.5 illustrates the precision–recall trade-off resulting from density score thresholding on the 

evaluation labeled dataset. As the threshold becomes more permissive, recall increases because fewer 

weak anomalies are missed; however, this comes at the expense of reduced precision and a higher false 

alarm rate. Conversely, stricter thresholds maximize precision but exclude many weak events. This trade-

off is inherent to the unsupervised nature of the model: without labeled training data, the autoencoder 

learns general data representations rather than explicit class boundaries, which limits its ability to 

perfectly separate anomalies from background noise. Therefore, thresholds must be selected with respect 

to the primary application of anomaly detection and whether minimizing false alarms or reducing missed 

anomalies is of greater importance. 

 
Figure 3.5 Precision–recall trade-off for density score thresholding, illustrating the balance between 
minimizing false alarms and capturing weak anomalies in the mine data. 

The irregular and non-monotonic trend observed in the precision–recall curve (Figure 3.5) can be 

attributed to several factors. First, the evaluation dataset is imbalanced, containing only 139 anomalies 

among 800 samples, which causes discrete changes in precision and recall as the threshold varies. Second, 

the normalized density score thresholds were not uniformly sampled but selected through exploratory 

analysis around regions of high model sensitivity, leading to uneven spacing in performance metrics. 
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Finally, the autoencoder exhibits a highly nonlinear response to small changes in the density score, 

resulting in sharp local variations in detection behavior that manifest as the observed jagged pattern. 

For anomaly detection tasks aimed at reducing storage requirements, recall is often prioritized, since 

missing an anomaly (false negative) can be more critical than raising a false alarm (false positive). To this 

end, an appropriate threshold can be selected by maximizing the 𝐹# score, which emphasizes recall, as 

defined in Equation 3.6. The estimated reduction factor is then calculated as the ratio of the number of 

triggered anomalies 𝑁*+,- to the total volume of recorded raw data. Prioritizing 𝐹# ensures that fewer 

anomalies are missed, which is essential when the goal is storage reduction and the potential removal of 

raw data. Conversely, if storage reduction is less critical but minimizing false alarms is more important, 

one can instead select a threshold that maximizes the 𝐹..0 score, which emphasizes precision. 

 
Figure 3.6 Relationship between F2 score and estimated storage reduction factor across different density 
score thresholds. 

Within two weeks of data, the system analyzed 1,209,600 two-second PSD plots (with one-second 

overlap). A normalized density score threshold of 0.475 maximized the 𝐹# score to 0.91 (Figure 3.6). 

Under this threshold, 24,092 anomalies were detected over a two-week continuous DAS recording period. 

In contrast to the model’s rapid training and processing time, manually visualizing and classifying each 

PSD image—requiring roughly 10 seconds per image—would have required 84 work weeks at 40 hours 

of analysis per week, infeasible given the project's timeline and budget constraints. This result 
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underscores the model’s computational efficiency, enabling rapid, automated detection of anomalies while 

significantly reducing the workload associated with manual processing. 

 For seismic event detection, a clear trade-off arises between maximizing seismic event coverage, 

which prioritizes detecting weak events, and minimizing false triggers by prioritizing seismic event 

precision. Figure 3.7 shows this balance across varying density score thresholds. In the context of edge 

applications, particularly within mining environments, the cost of false alarms can be significant, as 

spurious triggers may undermine the reliability of real-time monitoring systems and complicate 

operational decision-making. Consequently, for this application, precision is prioritized over coverage 

when selecting an appropriate threshold. In contrast, if the purpose of event detection is subsequent 

analysis for characterizing microseismicity and assessing stress evolution due to mining, coverage may be 

prioritized to ensure that weak anomalies are not overlooked. 

 
Figure 3.7 Precision–coverage trade-off for seismic event detection across different density score 
thresholds. 

With precision prioritization, a normalized density score threshold of 0.459 was selected, which 

achieved an event precision of 0.8 and a coverage of 0.68, as shown in Figure 3.7. Using this threshold, 

13,223 anomalies were detected, of which 10,586 can be considered potential seismic events based on the 

0.8 event-precision ratio, while only 320 were already reported in the local seismic catalog. These results 

demonstrate that density score–based thresholding not only recovers cataloged seismic events but also 

identifies additional candidates that may enhance seismicity characterization. Overall, these findings 
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underscore the practical feasibility of applying density score–based thresholding for seismic event 

detection in large-scale DAS deployments. 

The density score–based thresholding approach successfully identified seismic events not previously 

cataloged by the surface seismic network, demonstrating the model’s capability to detect new signals of 

interest. Figure 3.8 provides an example of such an event, where the raster plot (Figure 3.8a) shows 

coherent P- and S-wave arrivals propagating across the underground DAS with a zero-offset point around 

3,050 m along the fiber, and the corresponding PSD plot (Figure 3.8b) highlights the characteristic 

frequency content of the signal. The high-frequency nature of this event and distance from the surface 

network likely contributed to its absence in the surface seismometer catalog, as geometric spreading and 

attenuation over distance reduce the detectability of higher frequencies. These newly detected events 

extend beyond the existing seismic catalog, thereby improving catalog completeness and offering valuable 

opportunities for advancing the characterization of subsurface processes. Although not pursued in this 

study, such events could be further analyzed using simple hyperbolic curve-fitting methods to estimate 

seismic velocity in the underground mine and to refine event location (Aki & Richards, 1980; Ankamah et 

al., 2024). However, it is important to note that because our DAS cable is predominantly straight, absolute 

event positioning in three dimensions is limited; only the distance along the fiber and the fiber location 

closest to the event can be constrained. 

 
Figure 3.8 Raster plot in the time domain (a) and the spatial PSD in the frequency domain (b) of a new 
seismic event detected by the autoencoder. 

3.5.1 Generalizability Study 

To evaluate the generalizability of the model, the hyperparameter-tuned autoencoder originally 

developed for mining-induced seismicity was applied to a passive permafrost monitoring dataset. The 

objective was to assess how the previously established architecture performs when transferred to a 
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different geophysical setting and to extend the scope of earlier active studies conducted near Utqiaġvik, 

Alaska (Tourei et al., 2024). The dataset was acquired from a 2 km DAS array deployed in August 2021 

(Ji, 2025; Rocha dos Santos & Zhu, 2025). With a channel spacing of 2.45 m and a sampling rate of 500 

Hz, the system produces roughly 150 GB of data per day. More details on the installation, fiber geometry, 

and DAS data acquisition are provided in Chapter 4. 

Initial assessments indicated that longer gauge lengths improve the SNR for weak earthquakes and 

cryoseismic events, although this comes at the cost of reduced spatial resolution. Moreover, because a 

relatively short two-second time window was used to compute each PSD, some anthropogenic signals 

(e.g., vehicles passing slowly near the cable) are not fully captured. Increasing the gauge length helps to 

improve SNR and enhances the detection of such events as well. To balance these trade-offs, a gauge 

length of 49 m—equivalent to 20 times the native channel spacing—was selected. 

In addition, a 50 Hz low-pass filter was applied, as the example of recorded earthquakes and 

cryoseismic events are dominated by low-frequency energy (typically 5-20 Hz) and the power spectra of 

their dominant wavefield rarely extend beyond 50 Hz. This filtering also ensures that the analyzed 

frequency band remains consistent with the typical 20–30 Hz maximum frequency range associated with 

traffic noise. Together, these preprocessing steps enhance the adaptability of the anomaly detection model 

and improve its capacity to distinguish between seismic and non-seismic signals in permafrost 

environments.   

A similar procedure to that described in the thresholding section was applied here, but with an 

emphasis on anomaly detection where precision was prioritized over recall in order to minimize false 

alarms. A threshold of normalized density score equal to 0.97 was selected, yielding an 𝐹..0 score of 

91.1% and a precision of 99.0% for the evaluation dataset containing known anomalous and normal data. 

This strategy reflects the study's focus on detecting high-amplitude anomalies, such as cryoseismic events, 

which can be leveraged for surface-wave analysis in near-surface imaging of permafrost, rather than 

capturing weaker, less relevant anomalies. 

After training and thresholding, we applied it to the data to systematically isolate and analyze specific 

categories of anomalous data and filter out anomalies before further geophysical data processing. (e.g., 

ambient wavefield interferometry). The detected anomalies included natural events (e.g., earthquakes and 

cryoseismic events), anthropogenic noise (e.g., traffic-induced vibrations), instrument noise, and 

corrupted data arising from interrogator malfunctions. 

Within one week of recorded DAS data (approximately 1 TB), the model flagged 9,008 anomalous 

time windows (equivalent to approximately 1.5 percent of the data), of which 1,204 were 

transient/impulsive events potentially associated with seismic activities such as cryoseismic events and 

traffic noise. The remaining 7,804 anomalies were characterized as persistent anomalies likely attributed 

to instrument noise, which, after collapsing consecutive detections, condensed into 1,434 unique 
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persistent events. Figure 3.9 presents PSD examples of detected anomalies. The two vertical bars around 0 

m and 250 m in each image are due to vibrations of two buildings where the fiber is exposed and installed 

on piles rather than buried. Figure 3.9a presents a PSD example of a regional M 2.8 earthquake that 

occurred 108 km NNW of Wainwright, Alaska, and was detected by the AE model. Given the source's 

proximity—with the epicenter located approximately 180 km from the cable—the high-frequency signals 

in the 5–15 Hz range are clearly observable. Figure 3.9b illustrates an impulsive cryoseismic event 

detected near the cable. The close arrival times of body and surface waves, along with high SNR in the 

time series analysis, confirm the event's impulsive nature. Figure 3.9c showcases an example of vehicle 

noise from a commuter traveling between two buildings. As previously discussed, the model struggles to 

detect some of the traffic activities due to the short two-second time window and their predominantly low-

frequency signatures. To improve detection, a separate training model may be required with an extended 

time window and a lower cutoff in the low-pass filter to enhance sensitivity to these events. Figure 3.9d 

presents an instance of instrument noise, likely caused by phase unwrapping issues, which resulted in data 

corruption beyond the second building. For comparison, an example of a typical background noise PSD is 

also provided in Figure 3.9e. 

 
Figure 3.9 PSD images of example detected events in the AK dataset: earthquake (a), cryoseismic event 
(b), traffic noise that is annotated by an ellipse (c), and instrument noise beyond the second building (d), 
compared with an example PSD of a typical background noise with no events (e). 
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The impulsive cryoseismic events (an example shown in Figure 3.9b) detected near the cable are 

characterized by closely spaced body- and surface-wave arrivals and high SNR and are potentially 

associated with ice-wedge cracking and tensile failure within the permafrost. These events are of 

particular interest in passive permafrost monitoring because they generate strong surface-wave energy that 

can be exploited for dispersion analysis. Chapter 4 presents the data processing workflow for utilizing the 

energy of these events in MASW-based permafrost characterization. By systematically isolating high-

SNR cryoseismic events, the proposed approach enables long-term monitoring of permafrost degradation 

and near-surface heterogeneity with improved temporal and spatial resolution.  

Beyond direct event detection, the anomaly filtering framework has strong potential for improving 

seismic interferometry workflows. High-energy, non-seismic transients such as instrument noise and 

interrogator artifacts (e.g., Figure 3.9d) can dominate the wavefield and bias cross-correlation functions, 

leading to spurious arrivals and unstable Green’s function estimates. Previous studies have emphasized 

the importance of excluding high-energy noise sources, or applying preprocessing steps such as temporal 

normalization techniques, to enhance the stability and accuracy of interferometric measurements (e.g., 

Bensen et al. (2007) and Xu et al. (2021)). By systematically identifying and removing these anomalous 

windows prior to interferometric processing, the proposed approach provides an automated means of data 

curation. This reduces computational costs by limiting correlation calculations to high-quality segments 

and improves the reliability of time-lapse monitoring applications, such as detecting subtle velocity 

changes in permafrost environments. 

3.5.2 Limitations 

Despite the demonstrated success of the proposed autoencoder framework for anomaly detection and 

seismic event characterization, several limitations must be acknowledged. First, the partial overlap 

between density score distributions for anomalies and background noise introduces uncertainty in 

threshold selection (Figure 3.4). This overlap is partly due to weak anomalies that share similar latent-

space statistics with a slight change in background signals, highlighting the challenge of fully separating 

classes in an unsupervised setting. 

Second, although the approach is unsupervised, some degree of labeled data remains necessary for 

training dataset preparation, evaluation, and thresholding. This labeling effort requires expert judgment 

and introduces subjectivity into the preparation of an event-free dataset for the training step and an 

anomalous dataset for the evaluation and thresholding steps. 

Third, the model’s performance is sensitive to the choice of time window size. As shown in the 

generalizability analysis, a two-second window is well-suited for high-frequency, impulsive events such 

as cryoseismic activity but is less effective for low-frequency, long-duration signals such as 

anthropogenic signals. In particular, traffic-induced anomalies often yield higher density scores because 
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the short window fails to average energy across the fiber array (see Figure 3.9c). This suggests that 

multiple models with different temporal resolutions may be necessary–one optimized for high-frequency 

impulsive events and another for long-duration, low-frequency signals. 

Fourth, the autoencoder must be retrained if the background noise environment changes significantly 

(e.g., due to changes in mining activity, changes in anthropogenic activity or construction, or instrument 

upgrades). This retraining requirement may limit the framework’s long-term stability in continuously 

evolving noise conditions. 

Finally, model performance has thus far been assessed only on two field datasets. While this provides 

valuable real-world validation, additional testing on synthetic datasets–with an oracle that has full 

knowledge of anomaly states (i.e., whether an anomaly is present and its relative significance)–would 

enable a more rigorous evaluation of threshold selection, as well as the model’s precision and robustness 

under controlled conditions. 

3.6 Conclusions  

The developed model enhances DAS data management and seismic event detection by enabling 

efficient anomaly detection, thereby reducing computational effort and storage requirements across 

various applications. By leveraging reconstruction error and latent-space density scores as complementary 

thresholding metrics, the model provides a robust mechanism for distinguishing anomalous events from 

background noise across diverse monitoring environments. Such a tool can also enable experts to focus 

their attention on potential events more quickly than traditional manual review of continuous data. 

Applied to mining-induced seismicity, the framework successfully identified both cataloged and 

previously uncatalogued seismic events, thereby enhancing event catalogs and supporting improved 

hazard characterization. Importantly, the framework also addresses the critical challenge of data volume: 

by retaining only anomalous segments, it achieves substantial reductions in storage requirements while 

maintaining events of interest. This capability makes the approach particularly valuable for large-scale 

DAS deployments, where data storage and processing constraints often limit analysis. 

When applied to permafrost monitoring, the model detected a wide range of anomalies and further 

highlighted the potential for using cryoseismic events in surface-wave dispersion analysis for time-lapse 

imaging of permafrost structure. Beyond direct event detection, the anomaly filtering strategy also may 

improve the stability of seismic interferometry workflows by systematically removing high-energy 

transients that can bias cross-correlations, reducing computational costs and enhancing the reliability of 

long-term monitoring. 

The proposed framework provides a scalable and generalizable solution for DAS-based anomaly 

detection, with demonstrated applications to induced seismicity, permafrost monitoring, and ambient 

noise interferometry. Although developed for DAS, the model architecture and training strategy may 
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broadly be applicable to other linear array datasets, potentially including active seismic surveys. These 

advances highlight its potential to improve the efficiency, reliability, and interpretability of DAS data 

analysis across a broad range of geophysical monitoring and hazard assessment contexts. 
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CHAPTER 4  PERMAFROST CHARACTERIZATION WITH PASSIVE CRYOSEISMIC DAS 

EVENTS  

Ahmad Tourei1, Nikhil Punithan2, Gabriel Rocha dos Santos3, Ming Xiao4, Eileen Martin1 

4.1 Abstract 

Permafrost is often characterized by a complex and heterogeneous structure, and although it strongly 

influences Arctic hydrology, ecosystems, and infrastructure stability, its degradation processes under 

ongoing climate warming remain poorly understood. Distributed acoustic sensing (DAS) offers a 

practical, non-invasive method for high-resolution permafrost monitoring in remote regions without the 

need for active sources. We deployed an approximately 2 km fiber-optic DAS array across disturbed and 

undisturbed tundra near Utqiaġvik, Alaska, and used naturally occurring impulsive cryoseismic events 

generated by thermal contraction cracking to image permafrost. We examined the influence of gauge 

length and wave propagation directionality on the dispersion results and applied horizontal-to-vertical 

spectral ratio (HVSR) analysis from a nearby three-component seismometer to assess Rayleigh-wave 

mode content. Surface-wave dispersion was extracted using the phase-shift method and inverted for shear-

wave velocity (Vs) using both nonlinear least-squares (NLLS) and Monte Carlo (MC) algorithms to 

evaluate inversion stability and uncertainty. The inverted Vs models for two cryoseismic events recorded 

on separate segments of the fiber reveal high-velocity (2-3 km/s) deep ice-rich layers, interpreted as 

massive, segregated ground ice formed under high overburden stress and low temperatures. These 

findings demonstrate the feasibility of using passive DAS for time-lapse, high-resolution permafrost 

imaging and emphasize its potential for long-term monitoring of thaw dynamics in Arctic environments. 

4.2 Introduction 

Permafrost is a key component of the cryosphere, playing a crucial role in maintaining the stability of 

Arctic and sub-Arctic ecosystems and ensuring the integrity of infrastructure (Hjort et al., 2022). 

Permafrost composition might be highly heterogeneous due to variations in ice content, grain size, 

salinity, and moisture distribution, all of which exert strong controls on its thermal and mechanical 

behavior (Tourei et al., 2024; Wu et al., 2017). With ongoing climate warming, thawing permafrost leads 

to rapid changes in subsurface structure, including ice thaw, pore pressure buildup, and subsidence. Shear-

wave velocity (Vs) profiling is a key component of near-surface characterization, providing critical 
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insights into the mechanical properties and stability of subsurface materials (Socco & Strobbia, 2004). 

High-resolution imaging and time-lapse monitoring are crucial to capture the spatial and temporal 

evolution of these changes, thereby enabling the quantification of degradation rates and enhancing 

predictive models of permafrost stability under future warming scenarios. However, the logistics and cost 

of conducting repeated active-source surveys in remote Arctic regions limit repeat studies, whereas 

passive seismic monitoring often lacks sufficient high-frequency energy to resolve shallow permafrost 

layers. 

Distributed Acoustic Sensing (DAS) offers a transformative approach for large-scale and continuous 

permafrost monitoring, enabling dense spatial sampling over kilometers of fiber-optic cable (Cheng et al., 

2022; Wagner et al., 2018). Furthermore, DAS can be coupled with ambient noise interferometry 

techniques to image the subsurface and its changes over time (Dou et al., 2017; Rodríguez Tribaldos & 

Ajo-Franklin, 2021). Despite its potential, ambient noise levels during winter in remote locations may be 

insufficient to produce stable Green’s functions through ambient noise interferometry, limiting time-lapse 

imaging sensitivity. Passive DAS applications in the Arctic environments face significant challenges due 

to low ambient seismic energy and highly anisotropic noise fields (Cheng et al., 2022; Sun et al., 2025). 

Additionally, the coupling between the fiber and frozen ground and signal attenuation through ice-rich 

sediments may complicate waveform coherence and amplitude interpretation (Castongia et al., 2017; 

Harmon et al., 2022).  

DAS strain-rate measurements are inherently directional, being most sensitive to axial strain induced 

by particle motion along the fiber axis. As shown by Martin et al. (2021), this makes DAS particularly 

responsive to Rayleigh waves propagating longitudinally along the cable, but it also introduces mode-

dependent biases when compared to traditional vertical-component geophones (Luo et al., 2021; Yuan & 

Martin, 2025). Moreover, higher-order Rayleigh modes may exhibit stronger horizontal particle motion 

compared to the fundamental mode, which can enhance their visibility in DAS recordings (Gribler et al., 

2016; Shapiro et al., 2001; Viens et al., 2022). Fiber orientation and wave propagation characteristics, 

therefore, play a crucial role in interpreting DAS surface-wavefields.  

Cryoseisms, or frost quakes, can occur when rapid surface cooling causes frozen, water-saturated 

ground to contract and crack, releasing accumulated stress explosively (Barosh, 2000). These shallow 

events generate strong surface waves and may be accompanied by audible cracking or booming sounds, 

but their seismic energy decays quickly with distance (Leung et al., 2017; Nikonov, 2010). A recent study 

in Svalbard has demonstrated the potential of cryoseismic and surface-wave analyses to characterize near-

surface permafrost structure and dynamics. Passive seismic recordings of cryoseisms in Adventdalen 

reveal that frost-quake events generate strong surface-wave energy, enabling multichannel analysis of 

surface waves (MASW), a non-invasive monitoring technique, to delineate ice-rich layers within the 

active layer and upper permafrost (Romeyn et al., 2021). Similarly, long-term cryoseismic catalogs 
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derived from their small-aperture Spitsbergen seismic array highlight the sensitivity of ground thermal 

stress and frost cracking to environmental forcing (Romeyn et al., 2022). 

Since ice content strongly influences the mechanical strength of permafrost, seismic velocity 

measurements provide a highly sensitive means for investigating the subsurface distribution of ground ice 

(Akhtarshenas et al., 2024; Wu et al., 2017). However, the inversion of surface-wave dispersion data from 

permafrost terrains remains challenging. Strong velocity contrasts between layers and lateral 

heterogeneity associated with ice wedges may yield non-unique or unstable solutions. Inverting surface-

wave dispersion curves to derive subsurface elastic properties is a classic nonlinear problem in near-

surface seismic characterization. Linearized approaches are widely used due to their computational 

efficiency and rapid convergence; however, their solutions are often sensitive to the initial model (Wang 

et al., 2022). However, non-linear inversion methods are better suited for capturing the strong parameter 

trade-offs and complex velocity gradients typically present in permafrost, as they do not rely on model 

linearization and can handle broader ranges of parameter variability. Yet, these methods may still 

converge toward local minima and provide limited uncertainty quantification, making it difficult to assess 

the reliability of the retrieved models (Xia et al., 1999). To address these limitations, stochastic global 

search algorithms, such as grid search (Macquet et al., 2014), Monte Carlo (Maraschini & Foti, 2010; 

Socco & Boiero, 2008), genetic algorithms (Lomax & Snieder, 1994), and neighborhood algorithms 

(Mordret et al., 2014), are commonly employed, as they explore broader model spaces and can estimate 

model uncertainty (Lehujeur et al., 2021). 

In this study, we use the energy from impulsive cryoseismic events recorded with DAS to image 

permafrost heterogeneity. We extract surface-wave dispersion curves from these passive events and apply 

a suite of MASW techniques with two inversion strategies to build Vs profiles. Furthermore, we analyze 

the effects of gauge length and wave propagation directionality on the resulting dispersion characteristics. 

By integrating field DAS cryoseismic observations, inversion analyses, and insights from elastic-wave 

forward modeling, we aim to evaluate the feasibility, sensitivity, and limitations of this approach for time-

lapse permafrost characterization and to propose recommendations for optimal data acquisition and 

processing strategies. 

4.3 Study Site and Data Acquisition   

The DAS dataset was collected from a continuous passive field experiment conducted near Utqiaġvik, 

Alaska, on the Arctic Coastal Plain, approximately 2 km inland from the coastline (Figure 4.1). The 

region is underlain by continuous permafrost extending 200–400 m deep (Jorgenson et al., 2008), with an 

active layer ranging from 0.2 m to 0.3 m (Tourei et al., 2024). A 2 km-long DAS array was installed in 

August 2021, originating at the Department of Energy (DOE) Atmospheric Radiation Measurement 

(ARM) facility, running alongside a gravel road near the National Oceanic and Atmospheric 



 

62 

Administration (NOAA) facility, and extending northeast toward Elson Lagoon. The route crossed both 

undisturbed tundra and disturbed permafrost zones associated with roads and infrastructure. The fiber was 

installed manually using shallow trenches to minimize surface disturbance with air temperatures ranging 

from −1 °C to 10 °C during the cable installation. The DAS data are collocated with a collection of 

borehole core samples, an electrical resistivity tomography (ERT) survey, and five active-source MASW 

surveys acquired by geophones in August 2022 (Tourei et al., 2024). 

 
Figure 4.1 Map of the North Slope Borough, Alaska (a) and the study site on the northeast side of 
Utqiaġvik (b), showing fiber-optic cable route (in orange) and the A21K seismometer (yellow triangle). 

The system employed a Treble interrogator unit from Terra15 interrogator housed at the DOE facility, 

operating at a 500 Hz sampling rate and 2.45 m spatial channel spacing. The fiber-optic cable acts as a 

distributed vibration sensor, capturing axial strain variations from the ambient wavefield, including traffic 

signal (mainly from the road between the DOE and NOAA buildings as shown in Figure 4.1), 

earthquakes, seismic tremors from sea ice (Rocha dos Santos & Zhu, 2025), and cryoseismic events 

potentially due to ice-wedge cracking. This dataset forms the basis for passive permafrost imaging using 

surface-wave dispersion analysis and inversion techniques, as discussed in subsequent sections. 
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4.4 Data Processing Scheme  

The first step of data processing is to transform the recorded data from cumulative velocity into the 

strain rate. Assuming a homogeneous isotropic medium and seismic wavelengths at least twice the 

interrogator gauge length (𝑙), the DAS-measured strain rate (𝜀̇) can be expressed as the finite difference of 

fiber-aligned particle velocities (𝑢̇) recorded by two hypothetical horizontal geophones separated by 𝑙. 

Equation 4.1 was applied to convert the signals into strain rate, allowing for flexibility in selecting the 

effective gauge length for data processing. 

𝜀̇(𝑥, 𝑡) =
𝑢̇(𝑥 + 𝑙 2⁄ , 𝑡) − 𝑢̇(𝑥 − 𝑙 2⁄ , 𝑡)

𝑙
 

(4.1) 

Surface-wave energy attenuates exponentially with depth, and its penetration is frequency dependent: 

longer wavelengths (lower frequencies) sample deeper layers. Shorter wavelengths (higher frequencies) 

are sensitive to near-surface structures, leading to frequency-dependent phase velocities in layered media 

(Park et al., 1998). By analyzing this frequency–velocity relationship, the MASW method enables 

estimation of the Vs structure of the subsurface.  

The initial processing step involved applying seismic ambient noise interferometry to the passive data 

to generate virtual shot gathers for dispersion analysis (Wapenaar et al., 2010). However, the tundra 

environment near Utqiaġvik lacks continuous anthropogenic or natural noise sources, resulting in 

insufficient ambient energy for stable cross-correlation. Even after stacking three weeks of continuous 

recordings, no coherent surface-wave arrivals were observed. This limitation motivated the use of 

alternative energy sources for imaging. To discover new sources, we employed an autoencoder-based 

anomaly detection model (Tourei et al., 2024) to automatically identify anomalies, which were then 

investigated to find impulsive cryoseismic events that exhibit strong surface-wave energy.  

To extract Rayleigh-wave dispersion curves, we applied the phase-shift method, which provides 

robust estimates of phase velocity as a function of frequency. As discussed earlier, increasing the gauge 

length improves the signal-to-noise ratio (SNR) of DAS measurements but reduces spatial resolution. 

While applying a longer gauge length enhances the detectability of cryoseismic events by increasing the 

SNR, it limits the shortest measurable wavelength (highest resolvable frequency) for a given wave speed. 

Figure 4.2 illustrates the effect of gauge length selection on surface-wave characterization, showing that 

increasing the gauge length influences the fidelity of the retrieved dispersion curves at higher frequencies 

and increases the uncertainty in phase velocities. This occurs because a longer gauge length averages 

strain rate over a greater fiber distance, effectively smoothing out high-frequency, short-wavelength 

signals. The dashed lines on the dispersion images indicate the minimum and maximum wavelengths that 

can be reliably sampled based on the gauge length and total array aperture. 
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Figure 4.2 The time-domain raster plots (a and c) and the gauge length’s effect on the dispersion results (b 
and d) for Cryoseismic Event 1. 

Prior to inversion analysis, we examined the recorded wavefield to determine the dominant surface-

wave mode. Cryoseismic events are primarily tensile cracking phenomena, involving volumetric 

expansion and opening of frozen ground rather than shear displacement, generating strong P- and SV-

wave energy but minimal SH-wave radiation slip (Afonin et al., 2024; Okkonen et al., 2020). 

Consequently, Love waves’ transverse shear motion is expected to be weak or absent. Similar vertical S-

wave polarization has been reported in Finnish frost-quake studies (Afonin et al., 2024). To confirm the 

dominant surface wavefield in our dataset, we analyzed waveforms from the regional AK-A21K 

broadband station near Utqiaġvik (shown as a yellow triangle in Figure 4.1). We investigate two 

cryoseismic events in detail, which we refer to as Events 1 and 2. For Cryoseismic Event 1 (Figure 4.2a), 

the root-mean-square (RMS) ratios between the horizontal and vertical components of surface-wave 

arrivals were 0.32 for N/Z and 0.27 for E/Z components, respectively. These low horizontal-to-vertical 

amplitude ratios indicate that the recorded energy is primarily associated with Rayleigh-type motion, 

consistent with the SV-polarized wavefields generated by tensile cracking sources. The subsequent 
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dispersion analysis and inversion were therefore performed under the assumption of Rayleigh-wave–

dominated energy, using dispersion images extracted from the DAS recordings.  

Horizontal DAS arrays are inherently more sensitive to Rayleigh wave components with strong 

horizontal motion (i.e., high ellipticity), which can enhance the detection of higher-order modes that 

exhibit greater ellipticity than the fundamental mode (Fang et al., 2023; Shapiro et al., 2001; Viens et al., 

2022). For a few cryoseismic events, the presence of higher-order modes was evident. For example, 

Figure 4.3 illustrates an example cryoseismic event, where both the fundamental and first higher-order 

Rayleigh modes are clearly identified. In contrast, higher-order modes were not initially observed for 

Cryoseismic Event 1 (Figure 4.2a-b) or Event 2 (Figure 4.5).  

 
Figure 4.3 The time-domain raster plot (a) and the dispersion image with fundamental and first-order 
mode Rayleigh wave (b) for an example cryoseismic event. 

As a complementary assessment of Rayleigh-wave modal content for Event 1, we performed 

horizontal-to-vertical spectral ratio (HVSR) analysis on the 3C seismometer data using a statistical 

approach to account for azimuthal variability (Cheng et al., 2020; Vantassel, 2025). As illustrated in 

Figure 4.4, results showed HVSR values exceeding unity above 11 Hz (observed as a separate moveout in 

Figure 4.2b), suggesting increased ellipticity at higher frequencies. Consequently, frequencies above 11 

Hz were excluded from the inversion to ensure that only fundamental-mode Rayleigh-wave energy was 

considered. The absence of a prominent HVSR peak below 10 Hz suggests that the ellipticity for this 

event is relatively small, and thereby, the fundamental-mode Rayleigh response should be considered for 

DAS-based analysis and inversion. The HVSR results for Event 2 were noisier and exhibited greater 

fluctuation but remained mostly below 1, also supporting a fundamental-mode Rayleigh-wave 

interpretation. Additionally, the preliminary numerical modeling results provided in Appendix C suggest 

that the discontinuity of dispersion around 10 Hz (Figure 4.2b) is potentially due to strong scattering and 

mode conversion caused by the ice-wedge or ice-rich layer heterogeneity, where impedance contrasts 
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between frozen and unfrozen layers disrupt the continuity of the Rayleigh-wave fundamental mode and 

lead to partial energy redistribution into higher modes. 

 
Figure 4.4 The HVSR curves from the 3-C seismometer for Cryoseismic Event 1. 

Inversion of Rayleigh-wave dispersion curves to estimate Vs profiles is inherently non-unique, as 

several subsurface models can reproduce the same dispersion curve within the data uncertainty. To better 

understand the reliability of the inverted Vs profiles, we applied two complementary inversion 

approaches: a deterministic non-linear least-squares (NLLS) method and a stochastic Monte Carlo (MC) 

global search. The NLLS inversion iteratively adjusts model parameters to minimize the difference 

between the measured and calculated dispersion curves using the Levenberg–Marquardt algorithm (Xia et 

al., 1999). The MC inversion, on the other hand, randomly samples possible combinations of layer 

thicknesses and velocities within predefined bounds, producing a range of models that fit the observed 

data and help quantify uncertainty and trade-offs, such as the correlation between Vs and layer thickness 

(Olafsdottir et al., 2020; Shapiro & Ritzwoller, 2002). Combining the NLLS results with the MC 

ensemble enables a more comprehensive assessment of the uncertainty and non-uniqueness inherent in the 

derived Vs structures. 

4.5 Results and Discussion 

The dispersion results for Cryoseismic Event 2 (Figure 4.5c), whose source was located at 

approximately the same distance along the fiber as Event 1 (Figure 4.2a), show that phase velocity 

increases with frequency, indicating inverse dispersion behavior common in permafrost. In typical 

subsurface conditions, where soil stiffness increases with depth as a result of higher effective stress, the 

phase velocity generally decreases with frequency (normal dispersion). A similar behavior was observed 
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in Figure 4.2b, where phase velocity increased between 3-6 Hz, decreased near 10 Hz, and then increased 

again up to 18 Hz. These alternating dispersion trends likely reflect layered permafrost structure, in which 

contrasting ice content and stiffness produce alternating low–high–low Vs patterns observed in the 

previous permafrost studies in Utqiaġvik (e.g., Dou & Ajo-Franklin (2014); Tourei et al. (2024)). This 

complex velocity distribution suggests that ice-rich layers or frozen interbeds may be embedded within 

softer frozen soils, producing localized impedance contrasts that influence surface-wave propagation. 

 
Figure 4.5 The time-domain raster plot (a) for Cryoseismic Event 2 and the wave propagation effect on 
the dispersion results for the southwest (b) and northeast (c) segments of the fiber. 

By inverting the dispersion curves derived from the phase-velocity–frequency images, we generated 

1D Vs profiles from individual cryoseismic events. Figure 4.6b presents two representative Vs profiles 

inverted from Cryoseismic Events 1 and 2 on two different array segments (Figure 4.6a), using the NLLS 

method with an L2-norm misfit between the theoretical and observed dispersion curves of 69 m/s and 61 

m/s, respectively. We observe the low-high-low velocity structure in both Vs profiles. Thanks to the large 

spatial coverage provided by the DAS array and the low-frequency content of the recorded surface waves 

from these naturally occurring cryoseismic events, resulting in relatively longer wavelengths that 
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penetrate deeper, it was possible to invert for Vs down to depths of approximately 110 m and 82 m for 

Events 1 and 2, respectively. Such depth penetration would not be achievable using a conventional 24 m 

active-source survey line as discussed by Tourei et al. (2024). This extended depth sensitivity provides 

valuable subsurface information for geotechnical engineering applications, such as pile foundation design 

for high-rise infrastructure that requires characterization of deeper, load-bearing strata. It should be noted 

that although the array length for Event 2 (420 m) is greater than that of Event 1 (190 m), the maximum 

investigation depth for Event 1 is deeper. This is because the dispersion picks for Event 1 include lower-

frequency components (starting around 3 Hz, as shown in Figure 4.2b) associated with higher phase 

velocities, which correspond to longer wavelengths and, consequently, greater penetration depth. 

 
Figure 4.6 Enlarged view of the fiber segments used for MASW analysis (a) and the corresponding 

inverted Vs profiles (b). 

As shown in Figure 4.6a, the dispersion analyses were performed on array segments of approximately 

320 m for Event 1 (Figure 4.3a) and 420 m for Event 2 (Figure 4.5a), both during winter 2023. 

Consequently, the resulting Vs models represent spatially averaged properties over those intervals. 

Despite this spatial averaging, the results reveal pronounced vertical and lateral heterogeneity and distinct 

high-velocity zones within the upper permafrost. As shown in Figure 4.6, elevated Vs values occur 

between 47-88 m depth for Event 1 on the southwest segment of the fiber (noted in Figure 4.6a and blue 

Vs profile in Figure 4.6b), while for Event 2 on the northeast segment of the fiber (green Vs profile in 
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Figure 4.6b), a similar high-velocity interval is observed between 13-42 m. These high-velocity layers 

likely correspond to ice-rich zones, where increased ice bonding substantially enhances the stiffness and 

shear rigidity of the frozen soil matrix. The presence of a stiff layer is consistent with the occurrence of 

ice-cemented permafrost, overlying softer, partially frozen sediments (Lachenbruch, 1962; Loktev et al., 

2012; Munroe et al., 2007; Tourei et al., 2024). In contrast, low-velocity zones are observed below 13 m 

and between 42–82 m on the northeast segment, and between 20-40 m on the southwest segment. These 

zones potentially reflect discontinuous ice or saline layers, such as cryopeg, that inhibit complete freezing.  

Similar low-velocity anomalies attributed to saline cryopeg layers have been reported previously in 

Utqiaġvik (Brown, 1969; Meyer et al., 2010a; O’Sullivan et al., 1966; Overduin et al., 2012; Tourei et al., 

2024). 

Furthermore, the observation that the high-Vs layer on the southwest segment appears deeper than 

that on the northeast segment suggests a dipping geometry of the ice-rich permafrost horizon, possibly 

due to variability of surface water drainage direction towards the coastline and localized ground-ice 

accumulation or differential freezing along the cable path. These findings demonstrate the capability of 

fiber-based, multichannel near-surface techniques to capture distributed variations in permafrost structure 

over large spatial regions. Unlike conventional borehole or point-based geotechnical observations, DAS 

enables continuous, distributed measurements, offering a powerful framework for improving the 

resolution and spatial coverage of in-situ permafrost characterization. 

It should also be noted that the obtained phase velocities represent apparent velocities, as the exact 

source-to-array orientation is approximate; therefore, deviations from an ideal in-line configuration can 

lead to a slight overestimation of phase velocity (Foti et al., 2018; Park et al., 1999a). In this study, 

sources were selected with features suggesting an approximately in-line source orientation, supported by 

the close temporal alignment of body- and surface-wave arrivals (Figure 4.2a). Nonetheless, although the 

depth-wise trend of the Vs profile is expected to remain consistent, potential azimuthal variations or 

lateral source offsets may have slightly increased the inverted Vs values, introducing uncertainties into the 

Vs profiles and highlighting the importance of precise event localization and azimuthal corrections in 

future analyses. 

Figure 4.7 presents the ensemble of accepted Vs models from the MC inversion with misfit below 

5%, colored by misfit percentile (10th–90th; darkest near the median) to convey posterior dispersion, 

together with the MC median profile and the NLLS solution for Cryoseismic Event 1. The concentration 

of the model’s percentile delineates depth intervals that are well constrained by the data (narrow, dark 

bands) versus poorly resolved sections (broad, pale spreads), reflecting the principal trade-offs between 

Vs and layer thickness in Rayleigh-wave inversion. The light green bar marks the depth range 

corresponding to approximately half a wavelength of the analyzed dispersion picks, whereas the light-red 

sections represent the fitted Vs profiles derived from the inversion, signifying regions of lower confidence 
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and interpretational uncertainty. The NLLS model closely tracks the MC median, particularly at depths 

greater than 50 m, indicating that the deterministic optimum lies near the center of the posterior. 

Departures occur where the percentile spread widens, with the NLLS solution preferentially selecting one 

end of the admissible Vs-thickness manifold. These differences underscore the non-uniqueness of the 

inverse problem: the NLLS profile provides a single best-fit realization, whereas the MC percentile 

analysis quantifies the range of models that fit the data within tolerance, thereby offering a more complete 

characterization of parameter uncertainty and resolution. 

 
Figure 4.7 Ensemble of accepted MC Vs models for Cryoseismic Event 1, shaded by misfit percentile 
(10–90; darkest at the median), overlaid with the median Vs (blue) and the NLLS solution (orange). 
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Comparing the characterized high-Vs zone with the active-source MASW study in Utqiaġvik (Tourei 

et al., 2024), the high-Vs zone in the present study appears at greater depths, primarily due to the lower 

source depth of the cryoseismic events and the use of longer array apertures. Furthermore, the limited 

high-frequency content in this dataset reduces our ability to resolve the upper 20–40 m with confidence. 

In contrast, the active-source survey achieved higher resolution in the shallow subsurface down to 

approximately 10 m, benefiting from a shorter array geometry and a richer high-frequency wavefield. 

Joint interpretation of both surveys enables multiscale characterization of permafrost structure. The 

shallow ice-rich zones are associated with ice-wedge polygons and near-surface ice variability patterns, 

while the deeper high-velocity zones may reflect long-term climatic influences that facilitated the 

formation of persistent ice-rich layers, potentially accounting for the elevated Vs at depth. 

Laboratory and field studies have reported Vs values up to about 3,000 m/s in ice-cemented or ice-

rich sandy permafrost (Ji et al., 2024; Young et al., 2022). Additionally, Shaw (1986) demonstrated that 

the elastic properties of ice vary substantially among crystalline phases depending on their formation 

temperature and pressure. These findings support our interpretation that the deeper, high-velocity layers 

identified in the inversions likely represent dense, ice-rich permafrost formed under low-temperature and 

high-confining-pressure conditions. Such conditions are consistent with long-term cold climate regimes 

and prolonged freezing periods, which may promote the accumulation and preservation of massive ground 

ice at depth. Figure 4.5 also compares dispersion images computed for the propagating wavefields 

recorded during Cryoseismic Event 2 on two segments of the fiber: 290 to 460 m (southwest), and 460 to 

880 m (northeast). The dispersion image for the southwest part of the fiber shows no coherent surface-

wave energy (Figure 4.5b), whereas the recorded wavefield on the northeast part of the fiber exhibits clear 

and continuous energy between 5 Hz and 20 Hz (Figure 4.5c), which was used for Vs inversion. A similar 

wave directionality effect was observed for Event 1 (Figure 4.2), but in the opposite sense: the 

propagating wave recorded on the southwest portion of the fiber (blue double-headed arrow in Figure 

4.6a) displays clear moveout, whereas the northeast portion does not. These observations suggest that 

asymmetry in the source radiation pattern for these two events may have influenced the coherence of the 

wavefield on each side of the recorded hyperbola (Roy & Jakka, 2017; Taipodia et al., 2019). In addition, 

these variations may result from anisotropic ice distribution or localized scattering effects near the source 

region (Steinel et al., 2014). Simple 2D elastic modeling of a source originating at the boundary of an ice 

wedge embedded in a layered permafrost medium suggests that we should expect to see some differences 

on either side of the data array, as shown in Appendix C. Future 3D elastic-wave forward modeling and 

cryoseismic simulations, accounting for source mechanism and wave-azimuthal dependence, will help to 

better quantify these propagation effects and to constrain the true source geometry and wavefield 

characteristics within the permafrost environment.  
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4.6 Conclusions  

Because passive DAS monitoring is non-destructive to permafrost and provides large spatial coverage 

with fine spatial resolution, it improves understanding of permafrost structure over km-scale arrays and 

the degradation over time. Naturally occurring cryoseismic events supply the seismic energy needed for 

near-surface imaging, enabling time-lapse monitoring in remote areas where the lack of ambient energy 

makes ambient noise interferometry impractical. By detecting these events and analyzing their surface-

wave dispersion response and accounting for the effects of DAS-specific parameters such as gauge length, 

inversion of Vs profiles becomes possible. Depending on the frequency content and corresponding 

wavelength, characterization to depths of up to ~140 m can be achieved. Comparison between NLLS and 

MC inversions further demonstrates that integrating deterministic and stochastic approaches improves the 

robustness and uncertainty assessment of the derived Vs models. However, ground-truth validation 

through borehole or direct sampling is essential to improve confidence in the results.  

These findings highlight the importance of developing non-destructive, long-term monitoring 

techniques that avoid further disturbance to sensitive permafrost environments. Relying on passive 

seismic sources eliminates the need for frequent field mobilization and active energy generation, making 

this approach particularly suitable for remote Arctic regions. Such methods can provide valuable input for 

geotechnical engineers and infrastructure designers developing foundations and support systems on thaw-

affected permafrost, helping ensure safety and resilience under ongoing climate change. 
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CHAPTER 5  CONCLUSIONS  

The primary objectives of this research are: (1) to integrate multiple geophysical techniques to 

improve the characterization of permafrost and understanding its heterogeneity and degradation; (2) to 

apply AI–based methods to effectively enhance large-scale DAS data management through unsupervised 

anomaly detection; and (3) to detect and utilize naturally occurring cryoseismic events and develop non-

destructive seismic monitoring techniques for scalable permafrost characterization using fiber-optic 

sensing technology. This final chapter summarizes the progress achieved toward these objectives, 

elaborates on the potential of scalable passive monitoring approaches, discusses the implications for large-

scale DAS data management, and outlines future research directions. 

5.1 Summary and Key Findings 

The overarching objective of this research was to enhance the interpretation of permafrost 

heterogeneity by integrating multiple monitoring techniques and to establish a scalable framework for 

DAS-based permafrost characterization and data management. This work developed and demonstrated 

integrated, high-resolution, and scalable active and passive site characterization techniques for permafrost 

monitoring, combining seismic and electrical methods with temperature sensing and borehole core 

sampling observations. 

Field investigations in Utqiaġvik, Alaska, integrated active MASW, ERT, borehole temperature 

logging, and permafrost core sampling to characterize the thermo-mechanical and cryogenic variability of 

tundra permafrost. The MASW data revealed systematic low–high–low Vs trends with depth, reflecting 

the active layer, ice-rich permafrost, and underlying low-velocity zones. Combined MASW–ERT 

inversions resolved distinct cryostructures, including cryopeg layers, and showed strong correspondence 

with borehole stratigraphy and salinity profiles. The analyses also demonstrate that engineered structures, 

such as gravel roads and pile foundations, alter the subsurface thermal regime, causing active-layer 

thickening and stiffness reduction, with implications for long-term infrastructure stability. Additionally, 

the active-source MASW results revealed meter-scale horizontal variability in permafrost stiffness, 

emphasizing the need for high-resolution techniques in site characterization. 

Beyond field characterization, the study developed a computationally efficient deep-learning 

framework for anomaly detection in large-scale DAS datasets. The convolutional autoencoder architecture 

enabled unsupervised classification of background noise and anomalous events by leveraging a latent-

space representation of power spectral density features in addition to reconstruction error thresholding. 

This dual-metric approach, using reconstruction error and density-based thresholds, effectively isolated 

anomalous signals such as microseismic, cryoseismic, instrument noise, and anthropogenic events while 

discarding non-informative background data. The workflow achieved significant data reduction with 
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limited loss of important anomalous data in two distinct DAS monitoring projects, demonstrating its 

generalizability for continuous monitoring and its adaptability to different geologic and operational 

settings. 

Furthermore, the research demonstrated that naturally occurring cryoseismic events can be detected 

with autoencoders, and they serve as passive seismic sources for permafrost characterization and 

degradation monitoring. Analysis of these events using DAS provided surface-wave dispersion data 

suitable for Vs inversion, yielding Vs structures that delineate frozen and thawed zones and identify 

massive ice-rich layers with velocities exceeding 2 km/s. Sensitivity tests highlighted the effects of gauge 

length, event directionality, and mode content on dispersion stability, indicating the effectiveness of 

passive DAS for non-invasive and time-lapse permafrost monitoring in remote regions with limited 

passive noise sources. This work provides a foundation for continuous Arctic subsurface monitoring and 

offers transferable methodologies for other geotechnical and environmental sensing domains. 

5.2 Implications for Permafrost Characterization with Integrated Active Techniques 

The combined use of MASW and ERT provides complementary sensitivity to the thermo-mechanical 

and hydrogeophysical properties of frozen ground: Vs profiling constrains stiffness and ice bonding, 

whereas resistivity reflects temperature, salinity, and unfrozen layers. Joint interpretation of these 

parameters substantially reduces the non-uniqueness of individual inversions and yields a more complete 

picture of permafrost heterogeneity that cannot be resolved from isolated geotechnical boreholes or 

temperature profiles. Field results from Utqiaġvik revealed low–high–low Vs patterns corresponding to 

the active layer, frozen permafrost, and underlying thawed zones, as well as distinct ice-rich and cryopeg 

features corroborated by borehole stratigraphy and salinity data. These results show that combining 

seismic and electrical imaging reduces inversion non-uniqueness and yields more physically consistent 

models. Borehole core data and temperature logs remain essential for validating geophysical 

interpretations and constraining inversion uncertainties. 

The broader landscape of permafrost monitoring is evolving toward high-resolution, continuous 

observation enabled by in-situ technologies such as seismic node arrays (Colombero et al., 2025; Liu et 

al., 2021a), fiber-optic DAS and DTS systems (Cheng et al., 2022; Fichtner et al., 2025; Quinn et al., 

2024), autonomous long-term ERT (Farzamian et al., 2024), 3D GPR (Koyan et al., 2025), and unmanned 

electromagnetic systems (Hallissey, 2025). These approaches address critical limitations of remote 

sensing tools like InSAR, which despite their utility for regional-scale deformation mapping, struggle to 

resolve subsurface heterogeneity or ice content directly. The shift toward autonomous, long-duration 

geophysical deployments reflects growing recognition that permafrost change is often spatially localized 

and temporally episodic. The implications of this shift are twofold: first, that scalable field-based 

techniques are essential for bridging surface observations with subsurface processes; and second, that 



 

75 

integrated geophysical monitoring can serve as a foundation for coupled environmental–infrastructure 

models. This study contributes to that foundation by validating a reproducible, field-deployable active and 

passive monitoring framework for permafrost characterization with multiple techniques. It supports future 

efforts to better understand Arctic ground stability and the long-term impacts of civil infrastructure on 

permafrost under accelerating climate change. 

5.3 Practical Insights on Non-destructive and Scalable Passive Permafrost Monitoring  

Building on the integrated active methods discussed previously, this study also highlights the potential 

of passive, non-destructive seismic monitoring for long-term permafrost characterization. DAS, when 

paired with naturally occurring seismic sources such as cryoseisms and the ambient wavefield generated 

by human activity, offers a viable pathway toward scalable time-lapse subsurface imaging without the 

need for active sources or invasive deployments that may accelerate permafrost degradation. In remote 

Arctic settings, where logistical and environmental constraints limit repeated active surveys, the ability to 

continuously exploit ambient seismic energy along buried fiber-optic cables provides a low-maintenance, 

high-resolution alternative. This passive approach enables repeated shear-wave velocity imaging to track 

changes in ground stiffness, ice content, and thaw progression over time.  

Although DAS provides high-resolution measurements over long distances, it mainly records a single 

component of ground motion, which must be considered during installation design. However, given the 

availability of seismometers at many Arctic locations, integrated processing of seismometer and DAS data 

can be leveraged to improve cryoseismic event detection and to estimate source azimuth prior to MASW 

analysis. Additionally, incorporating orthogonal DAS installations–at least along a small portion of the 

fiber–would enable two-component measurements, offering enhanced constraints on wavefield 

directionality and source characterization. When deployed in permafrost environments, such systems may 

reveal spatial patterns of degradation influenced by surface infrastructure. The findings of this work 

demonstrate that cryoseismic events can produce sufficient surface-wave energy to resolve Vs structure at 

a tens-of-meters scale, allowing meaningful interpretation of frozen and thawed zones. By enabling 

continuous, non-invasive monitoring of evolving subsurface conditions, passive DAS offers a practical 

tool for quantifying the long-term impacts of permafrost warming on Arctic ground stability and the 

coupled response of built environments. 

5.4 Broader Impacts on Large-Scale DAS Data Management 

DAS is revolutionizing subsurface monitoring by transforming standard fiber-optic cables into dense 

seismic arrays capable of capturing high-resolution seismic data over tens of kilometers. Its broad 

applicability across geotechnical, environmental, and energy sectors has made DAS a suitable tool for 

long-term, scalable monitoring of dynamic ground processes and geohazard characterization. However, 
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one of the primary challenges in operationalizing DAS for large-scale deployment lies in the 

overwhelming data volume it produces–often terabytes per day for a single km-scale arrays–making real-

time processing, storage, and interpretation increasingly difficult. Furthermore, extracting actionable 

information from such data typically requires specialized expertise in signal processing and geophysical 

analysis, limiting the accessibility and utility of DAS outside research contexts. This study addresses that 

barrier by demonstrating an unsupervised deep learning framework based on convolutional autoencoders 

to automate anomaly detection and isolate segments of interest from continuous DAS records. By 

compressing and filtering the data stream to highlight informative events such as seismic and traffic 

signals, this approach enables efficient data reduction while preserving critical subsurface signals. The 

insights gained from two passive seismic monitoring studies in Utqiaġvik, AK (permafrost 

characterization application), and in a longwall coal mine (seismicity monitoring applications) underscore 

the need for intelligent, unsupervised workflows to fully leverage DAS as a continuous, high-density 

monitoring platform in Arctic and other data-intensive environments. The developed anomaly detection 

framework may be broadly applicable to other monitoring scenarios–such as energy infrastructure 

surveillance, security applications, and the detection of cable-proximal hazards–where rapid identification 

of abnormal signals is critical for mitigating risk and ensuring system integrity. 

5.5 Future Research Directions 

Conducting active-source seismic and electrical surveys across different seasons to assess temporal 

variations in near-surface velocity and resistivity, and to correlate them with DTS and borehole 

temperature data, can provide direct constraints on thermal and mechanical changes in permafrost. 

Additionally, performing active-source hammer shots adjacent to the DAS array and collecting both DAS 

and vertical and horizontal geophone data would help better characterize the DAS response and its 

sensitivity to surface-wave modal variability compared to traditional geophone measurements.  

In remote coastal environments where high-frequency anthropogenic sources are scarce and the 

ambient field is dominated by low-frequency oceanic noise, using DAS interrogator units with a low noise 

floor optimized for low-frequency response can more effectively harness the available environmental 

energy, thereby improving near-surface characterization. Such systems may also facilitate monitoring of 

low-frequency strain variations along the fiber, providing insights into permafrost subsidence and long-

term ground deformation. Furthermore, given that DAS is inherently a single-component sensing 

technique, future deployments should incorporate orthogonal or multi-directional fiber layouts to capture 

multi-azimuthal wavefields and enhance the ability to capture between different body wave and surface 

wavefields. 

The autoencoder-based detection framework developed in this study will be compared with physics-

based back-projection methods to evaluate relative performance for earthquake and cryoseismic event 
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detection in terms of accuracy, sensitivity, and computational efficiency. The open-source das-anomaly 

software introduced in Chapter 3 requires a diverse user community to thrive. To that end, future efforts 

will emphasize DAS research community engagement, including the development of tutorials and detailed 

application examples. A major feature the software currently lacks is automated density-score threshold 

selection based on example anomalous datasets, although preliminary implementations exist. 

Developing multimodal inversion schemes that incorporate higher-order Rayleigh modes from 

cryoseismic events recorded on horizontal DAS arrays can improve shear-wave velocity imaging in 

heterogeneous permafrost environments. Complementary three-dimensional numerical modeling can be 

used to investigate how array geometry, source location, and source azimuth influence MASW dispersion 

and Vs inversion results in complex media. Such modeling efforts will also enhance understanding of how 

wavefield characteristics and source directionality affect surface-wave propagation and dispersion across 

different segments of the fiber. In addition, a quantitative assessment of the vertical and lateral resolution 

limits of MASW and DAS-based methods will help guide future survey design and the interpretation of 

both cryoseismic and active-source data. Reducing inversion uncertainty and mitigating non-uniqueness 

remain essential for improving the robustness of shear-wave velocity estimates, thereby enabling more 

reliable interpretation of two-dimensional MASW results in spatially variable permafrost settings. 
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APPENDIX A   SUPPORTING INFORMATION FOR CHAPTER 2 

The supporting information includes five main parts: 

- Surface wave dispersion/inversion analysis procedure (A.1) 

- Discussion on the adopted bandpass filter (A.2) 

- Compressional wave velocities using seismic refraction (Text 3 and Figure A.2) 

- Surface wave survey information (Table A.1) 

- Soil temperature measurement information (Figure A.3 and Table A.2) 

A.1 Surface wave dispersion/inversion analysis procedure   

The first step in the MASW process is to select an appropriate impulse source and geophone array 

configuration based on the size and complexity of the study area. Surface wave records are described in 

the form of 𝑢I𝑥1 , 𝑡J, where 𝑥1 = 𝑥2 + (𝑗 − 1)𝑑𝑥 is the distance from the impact load point to the 𝑗 th 

receiver (𝑗 = 1,… ,𝑁) and 𝑡 is time. After applying a Fourier transform to each trace of the multichannel 

record, its frequency-domain representation 𝑢˜I𝑥1 , 𝜔J will be provided (Park, 2011; Park et al., 1998): 

𝑢˜I𝑥1 , 𝜔J = 𝐹𝐹𝑇	P𝑢I𝑥1 , 𝑡JQ	 (A.1) 

where 𝜔 = 2𝜋𝑓 is the angular frequency. It is possible to express the transformed record as an 

amplitude 𝐴1(𝜔) and phase 𝛷1(𝜔) function. The phase term is determined by the characteristic phase 

velocity of each frequency component 𝑐(𝜔) and the offset 𝑥1. Additionally, the amplitude term provides 

information about the attenuation and geometric spread of the signal (Park, 2011; Park et al., 1998): 

𝑢˜I𝑥1 , 𝜔J = 𝐴1(𝜔)𝑒3,4!(6) (A.2) 

𝛷1(𝜔) =
𝜔𝑥1
𝑐(𝜔)

=
𝜔[𝑥2 + (𝑗 − 1)𝑑𝑥]

𝑐(𝜔)
 

(A.3) 

                                                  
and 𝑖# = −1. 

In order to remove the effects of geometrical spreading and attenuation, the amplitude of the 

transformed record is normalized in both the offset and frequency dimensions (Park, 2011; Park et al., 

1998). Hence, the analysis is focused on the dispersive properties of the signal. 

𝑢˜(8+9I𝑥1 , 𝜔J =
𝑢˜I𝑥1 , 𝜔J
[𝑢˜I𝑥1 , 𝜔J[

= 𝑒3,4!(6) 
(A.4) 

The time domain representation of each frequency component of 𝑢˜(8+9	I𝑥1 , 𝜔J is an array of 

normalized sinusoidal curves that have the same phase along the slope determined by their actual phase 

velocity 𝑐(𝜔). The phase of the curves varies along slopes corresponding to other phase velocities. In a 

perfectly constructive superposition, the normalized sinusoidal curves that have been added up along the 

slope corresponding to 𝑐(𝜔) will produce another sinusoidal curve with amplitude 𝑁.  However, if the 
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normalized curves are added up along any other slope, the amplitude of the resulting summed curve will 

be less than 𝑁 due to destructive superposition (Park, 2011; Ryden et al., 2004). This process is known as 

slant-stacking, and it involves summarizing amplitudes along slanted paths (Yilmaz, 1987). 

For a given testing phase velocity, 𝑐;, and a given frequency, 𝜔, the amount of phase shifts required 

to counterbalance the time delay corresponding to specific offsets 𝑥1 are determined. To obtain the slant-

stacked amplitude 𝐴"(𝜔, 𝑐;) corresponding to each pair of 𝜔 and 𝑐;, the phase shifts are applied to 

distinct traces of the normalized, transformed record 𝑢˜(8+9	I𝑥1 , 𝜔J that are thereafter added (Park, 2011; 

Park et al., 1998). Normalizing slant-stacked amplitudes ensures that the peak value will not be dependent 

on the number of receivers: 

𝐴"(𝜔, 𝑐;) =
1
𝑁
\𝑒3,4",=𝑢˜(8+9I𝑥1 , 𝜔J
>

1?2

  
(A.5) 

where 

𝛷;,1 =
𝜔𝑥1
𝑐;

 (A.6) 

The summation operation defined by Equations A6 and A7 is repeated for all the different frequency 

components of the transformed record in a scanning manner, changing the testing phase velocity in small 

increments within a previously specified testing range I𝑐;,9,( ≤ 𝑐; ≤ 𝑐;,9@AJ. The dispersion image is 

thereafter obtained by plotting the slant-stacked amplitude in the frequency-phase velocity domain, in 

either two or three dimensions. To construct the fundamental-mode and higher-mode dispersion curves 

for the site, high-amplitude bands show the dispersion properties of all types of waves in the recorded data 

(Park, 2011; Park et al., 1998). Upper and lower boundaries for the modal dispersion curves 

((𝑝B/100)𝐴",9@A𝐴" ≤ 𝐴",9@A) can be obtained by identifying the testing phase velocity values that 

provide 𝑝B% of the corresponding spectral peak value I𝐴",9@AJ at each frequency. 

The I𝑐$,C , 𝜆$,CJ(𝑞 = 1,… , 𝑄) equation represents the experimental fundamental-mode dispersion 

curve. In this equation, 𝑄 is the number of data points, 𝑐$,C is the Rayleigh wave phase velocity of the 

𝑞*D	data point, and 𝜆$,C is the corresponding wavelength. 

After extracting dispersion curves from shot gathers, we generate an initial model by a simple 

wavelength-depth conversion. Then, we use an adaptive non-linear least squares method proposed by Xia 

et al. (1999) to invert dispersion curves and reconstruct the shear wave velocity models. The method 

involves minimizing the difference between the measured and calculated dispersion curves using an 

iterative process that updates the shear wave velocity profile until a good match is achieved. The method 

is based on a layered model with variable shear wave velocities and thicknesses, and the calculation of the 

dispersion curve is performed using a numerical solution of the wave equation. The inversion process 
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involves iteratively updating the model parameters until a good match between the measured and 

calculated dispersion curves is achieved. 

The forward problem is based on the solution of the wave equation for a layered medium with N 

layers, where the shear wave velocity and thickness of the 𝑖*D layer are denoted by 𝑣, and ℎ,, respectively. 

The wave number 𝑘 is defined as 𝑘 = 	h6
E
i, where 𝜔 is the angular frequency and 𝑣 is the phase velocity. 

The dispersion curve of the 𝑖*D	layer can be calculated using the following equation: 

𝑘,# =	j
𝜔#

𝑣,#
k − #

𝑛𝜋
ℎ,
%
#
 

(A.7) 

where 𝑛 is an integer that represents the mode number. The total dispersion curve for the N-layer 

model is obtained by combining the individual dispersion curves for each layer. The 𝑖*D point on the total 

dispersion curve is given by: 

𝐷,(ω) = 	 h
𝜔
𝑘
i (A.8) 

where 𝑘 is the solution of the wave equation for the current model parameters. 

∅(𝑚) = 	
o𝐷8F" − 𝐷(𝑚)*Do

#

2
 

(A.9) 

where 𝐷8F" is the observed dispersion curve, 𝐷(𝑚)*D	is the theoretical dispersion curve calculated for 

the current model m, and ‖ ‖# denotes the Euclidean norm. The inversion algorithm updates the model 

parameters by solving the following linear system at each iteration: 

(𝐽𝑇𝐽 + 𝜆𝐼)∆𝑚 = 𝐽𝑇∆𝐷 (A.10) 

where ∆𝑚 is the update to the model parameters, 𝐽 is the Jacobian matrix, 𝜆 is a regularization 

parameter, 𝐼 is the identity matrix, and ∆𝐷 is the difference between the observed and theoretical 

dispersion curves. The regularization parameter is introduced to stabilize the inversion and prevent 

overfitting. The updated model parameters are obtained by 𝑚 = 𝑚 + ∆𝑚. 

A.2 Discussion on the adopted bandpass filter 

Using 4.5 Hz geophones, energy below 4.5 Hz may have been recorded, though dampened according 

to the sensitivity of the geophone. Please note that SeisImager allows low-pass and high-pass filtering 

using a 0.8 and a 1.5 multiplier, respectively. Therefore, for low-pass filters, the corner frequency of 

[1000 Hz, 800 Hz, 640 Hz, 512 Hz, 409.6 Hz, 415 Hz, 327.68 Hz, 272.144 Hz, and so on] is allowed. For 

high-pass filters, a corner frequency of [5 Hz, 7.5 Hz, 11.25 Hz, 16.875 Hz, and so on] is allowed. We 

select 7.5 Hz as the lower band limit because 7.5 Hz is the first allowed corner frequency greater than 5 

Hz in the software. Based on the amplitude spectrum for Figure A.1a shot-gather (below), we tried to 

keep the limit as wide as possible to allow the processing of any high-frequency signals that were 
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recorded and can help with characterizing very shallow depths (in our case, the active layer). For the 

upper limit, we could use the 272.144 Hz limit, but it cuts high-frequency signals recorded by channels 4-

8, 11, 15, and 18 below 327.68 Hz (indicated by the purple box). Therefore, we select the 327.68 Hz 

upper band limit to reduce very high-frequency noise effects, smoothen the signal, and keep the high-

frequency signal recorded at some channels.  

 
Figure A.1 Amplitude spectrum plot illustrating the frequency band (green lines) and high-frequency 
recordings by some channels (purple box). 

A.3 Compressional wave velocities using seismic refraction 

Seismic refraction tomography is a geophysical method used to measure the compressional wave 

velocity of layered subsurface materials. Seismic refraction involves the geophysical principle governed 

by Snell's Law, which describes the relationship between the angle of incidence and refraction of the 

wave that passes through two layers (Bery & Bery, 2013). The refracted wave travels along the interface 

of the upper and lower media and is recorded by the receivers as head waves when it is critically refracted 

(Kneisel et al., 2008). In this study, critical refraction occurs because the high seismic velocity permafrost 

layer is underlying the low seismic velocity active layer.  
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Due to velocity inversion below the permafrost layer in the research area, refracted seismic waves for 

short geophone spread (24 m) can only be observed between the active layer and permafrost. However, 

the seismic source should contain a relatively high frequency to track P-wave velocity using refraction 

tomography for the first 50 cm of the subsurface. Soft and wet soil ground surface limit seismic waves 

frequency band up to 150 Hz with a dominant frequency of around 50 Hz (Figure A.2a). Based on our 

numerical simulation of wave propagation (Bohlen, 2002) for the velocity model obtained from MASW 

and prior seismic velocity results by Dou and Ajo-Franklin (2014), the refracted seismic wave for the top 

permafrost boundary would be visible for a seismic source around 300 Hz (Figure A.2d). Therefore, 

refraction tomography is neglected in this study due to low seismic source resolution. However, this 

provides a useful guideline for future survey design. 

 
Figure A.2 (a) Normalized power spectrum density for all 8 lines (24x8 seismic traces). (b-d) Synthetic 
waveforms of vertical particle motions for the Ricker wavelet 50 Hz, 100 Hz, and 300 Hz, respectively. 
The dashed white line indicates the P-wave velocity of the permafrost layer (2500 m/s). The solid red line 
is the velocity 1200 m/s that corresponds with the Rayleigh surface wave. (e) Velocity models for 
numerical simulation. 

 

 

 

 

 

 

 

 

 



 

102 

 

 

 

 

 

 

 
Figure A.3 Soil temperature measurement locations (Temp 1-6 are measurements reported by this study.) 
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Table A.1 Location coordinates and recorded date for the collected surface-wave data. 

MASW Location Coordinates  Recording dates 

Roadside  Start: 156.613894°W, 71.323272°N 
End: 
156.614492°W, 71.323190°N 

August 8, 2022 

NOAA 1 Start: 156.611517°W, 71.323077°N 
End:  
156.611130°W, 71.323138°N 
 

August 11, 2022 

NOAA 2 Start:  
156.611393°W, 71.322915°N 
End:  
156.610812°W, 71.323008°N 
 

August 11, 2022 

NOAA 3 Start:  
156.610911°W, 71.322625°N 
End:  
156.610319°W, 71.322671°N 
 

August 10, 2022 

MASW 1 Start:  
156.610527°W, 71.324739°N     
End:  
156.610231°W, 71.324891°N 
 

August 9, 2022 

MASW 2 Start:  
156.601901°W, 71.327483°N 
End:  
156.601572°W, 71.327644°N 
 

August 12, 2022 

MASW 3 Start:  
156.593297°W, 71.329459°N 
End:  
156.592982°W, 71.329636°N 
 

August 12, 2021 

MASW 4 Start:  
156.584669°W, 71.332016°N 
End:  
156.584355°W, 71.332203°N 
 

August 12, 2022 
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Table A.2 Soil temperature measurement locations (Temp 1-6 are measurements reported by this study.) 

Temperature Location Coordinates  Recording dates 

Temp 1 156.59478946°W,  
71.32695537°N 

August 8, 2022 

Temp 2 156.584913°W,  
71.32962323°N  

August 8, 2022 

Temp 3 156.58209051°W,  
71.33082065°N  

August 8, 2022 

Temp 4 156.57963073°W,  
71.33167261°N  

August 8, 2022 

Temp 5 156.57196933°W, 
71.33247695°N  

August 8, 2022 

Temp 6 156.56971257°W, 
71.33186914°N  

August 6, 2022 

Romanovsky et al. (2019) NML-2 156.661517°W, 
71.309033°N  

August 5, 2021 

Romanovsky et al. (2019) B 156.603472°W,  
71.279765°N 

August 9, 2022 

Romanovsky et al. (2019) C 156.60123°W,  
71.279737°N 

August 8, 2021 

Romanovsky et al. (2019) D 156.600651°W,  
71.28205°N  

August 8, 2022 

Shiklomanov et al. (2010) 156.6°W,  
71.29°N 

October 9, 2006 

Nicolsky et al. (2009) West Doc site 148.55°W,  
70.366667°N 

June 18, 2001 

Nicolsky et al. (2009) Franklin Bluffs site 148.716667°W,  
69.65°N 

June 18, 2001 

Smith et al. (2010) 156.7°W, 71.3°N  Mean annual ground 
temperature in 2008 
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APPENDIX B   AN AUTOENCODER-BASED DEEP LEARNING MODEL FOR ENHANCING 

NOISE CHARACTERIZATION AND MICROSEISMIC EVENT DETECTION IN 

UNDERGROUND LONGWALL COAL MINES USING DAS MONITORING 

Reproduced from a conference paper published in the American Rock Mechanics Association 

proceedings1. 

Ahmad Tourei2, Eileen Martin2, Alexander Ankamah3, John Hole3, Derrick Chambers4 

B.1 Abstract 

The longwall mining method is designed to optimize coal extraction through controlled roof caving, 

which inevitably induces seismicity. This research employs a Distributed Acoustic Sensing (DAS) system 

incorporating a fire-safe fiber-optic cable strategically installed underground within an operational 

longwall coal mine. Despite lower sensitivity than traditional seismometers, DAS sensing technology 

benefits from dense sensor spacing and close proximity to the active face, where many microseismic 

events occur. To automatically detect and cluster seismic events within the voluminous DAS data records, 

we employ convolutional autoencoder deep learning models that can be used for anomaly (potential 

seismic event) detection in DAS spectral density images. The Kernel Density Estimation (KDE) technique 

is used to calculate the Probability Density Function (PDF) for the density scores of the latent space 

(representation of compressed data) in our model. We then use this calculated parameter as a threshold to 

distinguish between the Power Spectral Density (PSD) associated with background noise and with 

potential seismic events. The DAS monitoring system in conjunction with the developed deep learning 

model could enhance longwall coal mining safety and efficiency by offering valuable data from its 

densely deployed multichannel sensors near mining operations. 

B.2 Introduction 

Longwall mining is an efficient underground mining method for extracting a variety of stratified 

resources including coal, potash, and soda ash and represents a considerable advancement over 

conventional methods (Peng, 2019). A modern longwall primarily consists of hydraulic shields that 

 
 
1 Reproduced with the permission from the American Rock Mechanics Association. Tourei, A., Martin, E.R., 
Ankamah, A.T., Hole, J.A., & Chambers, D.J.A. (2024, June). An autoencoder-based deep learning model for 
enhancing noise characterization and microseismic event detection in underground longwall coal mines using 
distributed acoustic sensing monitoring. In ARMA US Rock Mechanics/Geomechanics Symposium (p. 
D041S052R005). ARMA. 
2 Hydrologic Science and Engineering Program, Colorado School of Mines, Golden, CO, USA 
3 Department of Geosciences, The Virginia Polytechnic Institute and State University, Blacksburg, VA, USA 
4 Department of Geophysics, Colorado School of Mines, Golden, CO, USA 
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support the roof and floor, a cutting device (e.g., a shearer or plow) that travels along the face extracting 

slices of coal, and an armored conveyor belt, which transports the resource to a larger mine haulage 

system. Normally longwall mining is safe and efficient, but a variety of ground control-related hazards are 

possible, especially in deep mines. One of the most significant of these hazards is a class of dynamic 

failures associated with induced seismicity and damage to mine workings, generally referred to as coal 

bursts or mine bumps. Much like tectonic earthquakes, mining-induced seismicity is difficult to predict 

and can have devastating consequences. For example, over the past several decades, coal bursts have 

killed hundreds of miners (Zhang et al., 2017).  

The mechanisms and severity of coal bursts and mine bumps can vary widely, including localized 

failures occurring in the coal or near-seam strata, failure of competent strata in the overburden, and 

catastrophic chain failure of pillars, which can span large areas (Mark, 2016). Although significant 

advancements have been made in the past 100 years of research, many aspects of coal bursts remain 

“enigmatic” (Mark, 2018). There are a variety of options for managing coal bursts risk (Wei et al., 2018), 

but selecting and applying appropriate measures for dealing with coal bursts depends on an adequate 

understanding of the source, geology, and geomechanics associated with the bursts. For this, a variety of 

information sources are useful, including seismic monitoring. Apart from helping to address coal bursts, 

seismic monitoring can be useful for a variety of other safety applications in underground coal mining. 

For underground coal mines, seismic monitoring is conducted using surface or in-mine sensors. 

Surface networks are usually less expensive and easier to maintain and install, but in-mine networks 

provide higher quality data in terms of event detection and location accuracy, especially event depth 

constraints (Swanson et al., 2016). In addition to much greater costs, regulations designed to help avoid 

fires and explosions in coal mines restrict the use and placement of electronics, including many seismic 

sensors and most digitizers. Deploying seismic sensors underground enables the characterization of 

various noises and also allows detection of smaller events since the sensors are closer to where these 

events occur (i.e., where the signal is strongest). The characterization of machinery noise is important for 

both operational efficiency and worker safety (P. Peng et al., 2020). Machinery noise cannot only be a 

significant occupational hazard but also a critical indicator of equipment condition and operational 

anomalies. Accurate noise characterization helps identify impending machinery failures, enabling 

preventative maintenance and a reduction in downtime. Furthermore, it is crucial to differentiate between 

mechanical noise and seismic events to get a proper understanding of the rockmass response to mining.  

One promising technology to improve in-mine seismic monitoring of underground coal mines is 

distributed acoustic sensing (DAS) (Ankamah et al., 2023; Chambers & Shragge, 2023; H. Wang et al., 

2018; C. Zhang et al., 2017). A DAS system is composed of an interrogator unit with optical and 

electronic components plugged into a fiber-optic cable. The interrogator probes the cable with light to 

measure a vibration time series at each position along the cable. Unlike most traditional seismic systems, 
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MSHA-approved optical fibers pose no risk of causing a fire and so can be placed anywhere in coal 

mines.  Another challenge encountered by underground networks of traditional seismic sensors or nodes is 

the need to maintain precise time synchronization underground, but the channels (i.e. sensing locations) 

along a DAS fiber are all automatically synchronized throughout data collection. As mining progresses, 

old cables can be cut and new cables surrounding the current region of interest can be connected to the 

system, which can measure tens of kilometers of fiber. 

The spatially and temporally dense DAS data enables the detection of subtle seismic events that might 

otherwise go unnoticed with conventional monitoring systems. This enhanced detection capability is 

particularly advantageous in the context of underground coal mines, where early identification of minor 

seismic activities can be useful for delineating weak zones and identifying progressive failures quickly. 

DAS cables installed in boreholes have been previously tested for detecting microseismicity (X. Luo & 

Duan, 2021), as well as deployed on a longwall for monitoring face bursts (Chambers & Shragge, 2023). 

This study differs by focusing on deploying fiber throughout the more easily accessible entries of the 

mine, which could yield a more cost-effective strategy that is less intrusive to operations.   

One conventional approach to seismic event detection involves using the short-term average/long-

term average (STA/LTA) technique, which calculates the ratio of energy in a signal’s short and preceding 

longer time windows (Trnkoczy, 2012). However, this method often leads to false or missed seismic event 

identification due to its dependency on background noise levels. Hence, there has been growing interest in 

using deep learning techniques for seismic event detection, which have proven effective even for small-

magnitude events (Huang et al., 2018; Shaheen et al., 2021; Zhu & Beroza, 2019). The two primary 

methods used for implementing deep learning in this context are supervised (Birnie & Hansteen, 2022; 

Mahmoudian et al., 2023) and unsupervised learning (Zipfel et al., 2023). In supervised learning, data are 

labeled as either seismic event or background noise (Mousavi, Zhu, Sheng, et al., 2019), whereas in 

unsupervised learning, such labels are not required for training (Seo et al., 2024). Each of these 

approaches has its advantages, but supervised approaches require numerous labeled seismic events, which 

can be difficult to acquire.  Despite the potential of unsupervised learning, there are limited examples of 

its application in distinguishing seismic events. Leveraging artificial intelligence to improve seismic event 

detection, this study employs an unsupervised approach to train a deep learning model for identifying 

seismic activities over continuous DAS recordings. 

Anomaly detection is one of the leading applications in unsupervised learning (Seo et al., 2024). 

Anomaly detection aims to identify statistical outliers and is useful in seismic analysis because data 

containing seismic events are much rarer than data containing only background noise. Unsupervised 

learning-based anomaly detection methods leverage this fact to train deep neural network models, often 

leading to superior performance compared to traditional methods in event detection. In this study, we 

aimed to develop a seismic event detection system that uses DAS multichannel measurements and 
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improves existing seismic catalogs generated from surface seismic data.  DAS can easily generate 

terabytes of data per day, and therefore, the use of an automated tool for anomaly (i.e., seismic event) 

detection is necessary. Hence, this research provides an unsupervised deep learning model that helps with 

the detection of seismic events on multichannel DAS recordings. After verifying the trained deep learning 

model on a sample of event-free background noise and achieving a satisfactory performance using seismic 

events from the surface seismometer network, we ran the model on DAS recordings to find seismic events 

that were not previously recorded. This anomaly-detection algorithm for seismic event detection could 

function as a warning system, potentially enhancing safety in coal mines by providing advanced notices of 

seismic activity. 

B.3 Field Study Design and DAS Data Acquisition 

To determine if DAS could be a practical tool to improve event detection in underground coal mines, 

we carried out a study in a longwall mine in Virginia, USA, which has a history of seismicity concerns 

(Van Dyke et al., 2023). Based on our experience in a small pilot test around one pillar, we decided to 

focus on surrounding the active panel with fiber optic cables. The optical interrogator unit was stored in a 

building on the surface with power and climate control adjacent to an elevator and ventilation shaft. The 

interrogator unit was connected to a fiber optic patch panel, which led to a fiber cable in a borehole that 

descended into the mine. At the bottom of the shaft, a new fiber was spliced to a cable deployed in the 

mains leading to the active panel (~1490 m of fiber from the shaft). From the mains on the west side of 

the panel, the fiber was spliced to another cable that extended ~1790 m along the headgate (Figure B.1). 

That headgate fiber was spliced to another fiber in the same cable at the east end of the segment to double 

the density, and then that fiber’s west end was connected near the mains to another fiber that extended to 

the east along the tailgate ~1580 m. Unfortunately, the splice to the tailgate did not receive enough 

backscattered light, either due to a splice stored with too tight a bend in its protective case, or simply too 

poor quality of a splice. Alternatively, the signal in the tailgate was reduced too much by traveling 

through multiple splices. Therefore, only the mains and headgate (forward and reverse) sections of the 

fiber were used for data processing, as shown using a blue line in Figure B.1. 

The fiber in the headgate and tailgate was installed in entries that were least likely to collapse early, 

and which had less machinery activity to reduce the likelihood of fiber breaks. In the headgate and 

tailgate, the majority of fiber was pushed against the rib (wall) and covered with mud or rock dust (non-

combustible dust that mines apply to suppress potential explosions) where possible to increase the 

coupling to the ground. In the mains, most fiber was strung up on hooks along with other cables, and 

along the entry to the headgate and tailgate it was connected to rib and roof bolts using zip ties. The cable 

was not coupled well to the rock in these regions because mine traffic would likely break cable on the 

floor. The data were acquired for 46 days from May 11 – June 27, 2022, during which time the orange 
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region in Figure B.1 was mined. The data were acquired at a channel spacing of 5.7 m (i.e., distance 

between new measurements), a gauge length of 11.4 m (i.e., distance over which average strain rate is 

measured), and a sampling rate of 2000 Hz, resulting in 33 T.B. of data. 

Figure B.2a illustrates the full fiber route (i.e., main, headgate, and tailgate) and a couple of the 

seismic events detected by both surface seismometers (noted as yellow triangles in Figure B.1) and DAS 

cable. The DAS recording of the 1.2 magnitude event shown in Figure B.2a is presented in Figure B.2b. 

Clear P- and S-wave arrivals appear in the headgate forward and reverse DAS channels. 

 
Figure B.1 Mine map showing the locations of seismic events (red dots) detected by surface network and 
mined panel (orange rectangle) during the experiment, surface seismic stations (yellow triangles), and 
DAS fiber in headgate (blue line). 
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Figure B.2 DAS array channel locations with three seismic events (a) and the 1.2 magnitude event’s P- 
and S-wave arrivals detected by DAS (b). 

B.4 Methodology and DAS Data Analysis Workflow 

The DAS technique enables us to record seismicity with a dense channel spacing, yielding higher 

resolution measurements compared to traditional seismic arrays. Although the signal-to-noise ratio of 

DAS measurements is lower than traditional seismometers, the spatially dense sampling and continuous 

recording enables characterization of various machinery noises and detection of subtle seismic events that 

might otherwise go unnoticed with conventional seismic monitoring systems.   We use spectral methods 

to detect and classify both machinery noise and seismicity, which offer significant advantages over the 

time-domain alternative for several reasons. Primarily, the spectral approach allows for improved 

identification and analysis of different frequency components which often shed light on the nature of the 

sources.  The frequency content of seismic signals can help differentiate between various types of seismic 

events, such as those caused by natural tectonic processes versus those induced by machinery or human 

activities. Furthermore, spectral analysis enhances the detection of low-amplitude signals that may be 

obscured by noise in the time domain, potentially improving the sensitivity and reliability of seismic 

monitoring systems. This capability is particularly beneficial in environments such as coal mines where 

the background noise level is high. 

To monitor seismic activities using spectral analysis, we apply the Fast Fourier Transform to each 

trace recorded by a DAS channel, but a selection of a time window length to compute the power spectral 

density (PSD) is crucial. A long time window may not clearly represent the seismic event, especially for 

small-magnitude events far from the cable. On the other hand, if a time window is too short, the low-

frequency content of the event signal may not be captured. A time window that includes the P- and S-
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wave arrivals, but not much more, is ideal. Figure B.3 demonstrates the capability of spectral analysis in 

identifying a seismic event that was not previously detected by the surface network. Figure B.3a shows 

the seismic event recorded by DAS in the time domain along with the PSD results in the frequency 

domain over different time windows in Figure B.3b-d.  

 
Figure B.3 A detected seismic event's P-wave arrival using DAS (a) and its power spectrum density 
(PSD) plots across 275 channels during (b) 250, (c) 50, and (d) 0.5 seconds. 

Autoencoders are a type of convolutional neural network that are often used for unsupervised learning 

and are particularly useful for anomaly detection (Jiang et al., 2022; Mousavi et al., 2019). An anomaly is 

any portion of a dataset that has attributes that are different from the rest of the dataset. An autoencoder is 

designed to compress (encode) the input data into a lower-dimensional representation (latent space) and 

then reconstruct (decode) the compressed data back to its original form using only the reduced 

representation. In the context of anomaly detection in images, such as those of Figure B.3b-d, the 

autoencoder is trained exclusively on data representing the "normal", anomaly-free state of the data. 

During this training phase, we train the autoencoder to capture the essential characteristics of the normal 

images in the compressed representation. When the trained autoencoder is exposed to new images, it 

attempts to reconstruct them based on the model weights that best fit the training data. Images similar to 

the training data are reconstructed with relatively minor errors. Anomalous images, which contain patterns 
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or features, such as seismic events that are not present in the training data, result in significantly higher 

reconstruction errors. By quantifying this error, anomalies can be detected.  

Quantifying reconstruction error solely with simple metrics like root mean squared error often works 

well; however, it does come with certain limitations. One primary challenge is the autoencoder's potential 

to over-generalize from the training data, which can lead to lower-than-expected reconstruction errors for 

anomalous images. An alternative approach is to use kernel density estimation (KDE) as a non-parametric 

estimator to model the probability density function (PDF) of the encoded latent space’s density score 

(Chen, 2000; Chen, 2017). A density score, attributed to a specific point within the data space, is the 

computed value of the estimated PDF at that point. This quantification can serve as a direct measure of the 

local density or crowding of the data space in the vicinity of the point in question. Elevated density scores 

are indicative of the point's location within a region characterized by a significant concentration of data 

points, denoting a high probability density region. In contrast, reduced density scores signal the point's 

placement in a region of a sparse data point distribution, suggesting its association with low probability 

density or outlier regions. Such a distinction offers a granular perspective on the spatial distribution of 

data points, enabling the identification of anomalies based on deviations from established density norms 

within the multidimensional data space. 

Figure B.4 presents a schematic illustration of the autoencoder model. The autoencoder comprises an 

input layer designed to accommodate batches of 64 images of size 512x512 pixels. The encoder segment 

of the model consists of a series of convolutional layers with 64, 32, and 16 filters, respectively, to 

progressively reduce the spatial dimensions while retaining essential information about the original 

images. These layers utilize the ReLU activation function for non-linearity (Agarap, 2018)  and are 

arranged to ensure minimal information loss up to the bottleneck layer, which serves as the latent space 

representation of the input data. The decoder mirrors this with upsampling and convolutional layers, 

culminating in an output that is a reconstructed version of the input. An Adam optimizer and mean 

squared error loss were used during training to ensure the model emphasizes the precision of 

reconstruction discrepancy for anomaly identification. 
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Figure B.4 Schematic representation of the autoencoder model, highlighting its multilayer architecture 
that consists of fully connected layers. 

To train the unsupervised deep learning model, we randomly selected 1000 two-second time windows 

of the multichannel DAS recordings which do not contain any events according to the surface seismic 

catalog. Then, we plotted their normalized PSD in RGB format and visually excluded any spectrum plot 

with anomaly. Finally, we trained the model on 960 spectrum plots of background DAS noise (normal 

data), using 768 (80%) for training and 192 (20%) for testing, over 250 training cycles (epochs). Figure 

B.5 shows the deep learning model performance on training and testing datasets based on the loss value, 

calculated as the mean squared error of the difference between the predicted output and the actual output 

across both training and testing datasets. As the epochs progress, the convergence of loss values suggests 

that the model is effectively capturing the underlying patterns within the training data. 
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Figure B.5 Training and validation loss over 250 epochs. The training and validation loss strictly 
decreasing suggests convergence without overfitting. 

After analyzing records with known seismic events and noting that the duration of all seismic events 

is between 0.5 and 1 second, we selected two-second time windows (chunks) with a one-second overlap 

between chunks. The overlap ensures every event is fully captured by at least one window. We 

implemented the proposed workflow on 26 hours of continuous DAS recording, generating 2,140,710 

two-second chunks with 1 second of overlap and calculating their PSD plots. Subsequently, we employed 

the trained autoencoder on the PSD plots to detect seismic events. 

B.5 Results and Discussion 

Noise characterization of mining operations offers the potential for insights into equipment conditions 

and operations monitoring. Figure B.6 showcases the PSD of different noises averaged across a group of 

10 adjacent DAS channels. Figure B.6a highlights a discernible daily variation in operational noise levels, 

with a pronounced increase during day shifts—a time of heightened activity—compared to the quieter 

night shifts. Figure B.6b reveals distinct on-and-off noise patterns associated with machinery over a 9-

hour timeframe. The longwall shearer is a probable noise source based on the power distribution of the 

channels near the longwall. The noise is broadband and the oscillation at the high frequency is apparent. 

Monitoring this noise could inform predictive equipment maintenance, potentially reducing downtime and 

resulting in cost savings on equipment maintenance.     
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Figure B.6 PSD of DAS recording showing mine’s working shifts daily pattern (a) and machinery on-off 
pattern 245 m from the active face (b). 

We employed the trained autoencoder on the training dataset containing PSD images that only include 

background noise and on the PSD images from known seismic events.  This approach enabled us to 

analyze the distribution of the KDE for the latent space’s density score. A higher density score indicates a 

higher likelihood that the PSD data corresponds to the normal dataset, facilitating the detection of seismic 

activity. This unsupervised strategy, augmented with the incorporation of some labeled anomalous data, 

enhances the model's reliability, particularly in reducing false detections. 

During the autoencoder model's development, a parametric study revealed the significant influence of 

input image size on the model's performance. The size parameter mandates resizing all input images to 

square dimensions defined by this parameter before either training or processing. This uniformity in 

image size is a restriction of the model's architecture. The selected image size directly affects the model’s 

computational demands, its precision in capturing details, and its overall efficacy in differentiating 

between normal and anomalous seismic activities based on visual data. Although enlarging the size 

parameter enhances the model’s anomaly detection capabilities, it substantially escalates computation 

time and memory usage. Figure B.7 illustrates the density score for both normal (PSD data containing 

background noise) and anomalous (PSD data containing seismic events) datasets across varying image 

input sizes. The histograms, based on different size parameters, represent the distribution of the density 

scores for anomalous PSD data (left Y-axis). In contrast, the lines indicate the mean density score of the 

normal PSDs. The results highlight that increasing the size spreads out the density scores for PSDs with 

anomalies and also amplifies the disparity between the density scores for anomalous and normal PSD 

data. This amplification boosts the model's discriminative capability. For a size parameter of 512, the 

density score for the normal PSD is shown as a solid line at ~45,000, which contrasts distinctly with the 
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distribution and histogram for the anomalous PSD data. Therefore, a size parameter of 512 was selected 

for the autoencoder model. Leveraging the outcomes from this primarily unsupervised approach, we set 

the 95th percentile of the anomalous PSDs’ density scores at ~16,000 as the threshold for event detection. 

Thus, any PSD data with a density score below this threshold is classified as an anomaly, indicating a 

seismic event. However, although adopting the 95th percentile rather than the maximum density score 

from known events may overlook a couple of very weak events with high density scores (around 40,000 

and potentially events that are far from the DAS cable), it effectively reduces false positives. This 

methodology may ensure that the model is appropriately calibrated to avoid excessive sensitivity to minor 

anomalies in the PSD data, such as those caused by nearby vehicles.  

Figure B.8 illustrates the application of the developed autoencoder model for the detection and 

labeling of seismic events. In this figure, two PSD images are fed into the model as inputs: one 

representing background noise (Figure B.8a) and the other depicting a seismic event (Figure B.8b). The 

model processes these inputs to generate outputs that are reconstructions of their encoded latent space 

representations. The noise image produced a density score of 45,246, which is not anomalous. The 

reconstructed image of the noise image is a faithful but smoothed reproduction of the actual image. In 

contrast, the seismic event is identified as anomalous based on its density score of –12,373. The 

reconstructed image of the seismic event exhibits noticeable discrepancies from the original PSD image, 

as highlighted by the ovals in Figure B.8b.  

 
Figure B.7 Histogram of density score for normal (containing only background noise) and anomalous 
(containing a seismic event) data based on different input image sizes along with the mean density score 
of the normal PSDs. 
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Figure B.8 Comparison of a background noise (a) and a seismic event (b) using the developed 
autoencoder deep learning method (X-axis: Sensors [275 channels (headgate forward) = 1570 m]; Y-axis: 
Frequency [0-1000 Hz. (Gradually increasing from top to bottom)]; Color: PSD amplitude in RGB).  

We ran the developed model on 15.6 TB of DAS data collected over 26 days, utilizing 275 channels 

(spanning 1570 m) of the headgate forward cable for the purpose of event detection. After processing all 

the two-second PSD images with a one-second overlap, the model identified 56,558 anomalies as 

potential seismic events, compared to the sparse surface network’s seismic catalog of 528 events during 

the same time period. Note that the surface array covers a much larger area than the DAS array, but is 

located farther from the active longwall face, complicating the comparison. We reviewed time series and 

PSD plots of 500 instances randomly selected from data labeled as background noise and 500 selected 

from data labeled as anomalies, comparing them with seismic events recorded by the surface seismic 

network. 496 of the 500 (99.2%) visually inspected data detected as background noise did not include 
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seismic events. Of the data labeled as anomalies, at least 85 of the 500 (17.0%) are potentially seismic 

events. None of the 85 events existed in the surface network catalog. The absence of the surface network 

catalog events in the reviewed time series and PSDs is attributed to the mere small random sampling of 

anomalous data, 500 out of 56,558 (0.9%). These newly detected events are likely of small magnitude and 

close to the DAS cable. The relatively low prediction accuracy is due to the high threshold for the density 

score, which led to many false positives. Based on analyzing known seismic events detected by both the 

surface seismic network and DAS, we have observed that for events occurring relatively far from the 

cable, especially those of smaller magnitude, the anomalies are not clearly apparent in the DAS data. 

Therefore, by lowering the threshold of the density score, we can more effectively detect apparent 

anomalies, potentially those of higher magnitude or occurring closer to the fiber. However, this approach 

introduces a trade-off in that while we can achieve a more robust outcome for seismic event detection, we 

may overlook labeling other weak potential seismic activities. For future studies, a more robust outcome 

may be achieved by employing additional metrics, such as the reconstruction root mean squared error, 

alongside the density score to detect seismic events more effectively.  

Results show that the model successfully identified new seismic events that are likely small but close 

to the DAS cable and had not been previously recorded by the surface seismic network. This showcases 

the enhanced sensitivity and effectiveness provided by DAS technology deployed underground in 

detecting seismic events that are otherwise elusive to traditional surface monitoring systems. The 

integration of underground DAS and surface seismometers represents a useful advance in applied 

seismology, suggesting the potential for improved predictive models and safety measures in mines with 

seismic events. 

B.6 Conclusions  

This research provides an unsupervised deep learning model that helps with the detection of 

anomalies on multichannel DAS recordings. We applied the Kernel Density Estimation (KDE) method to 

estimate the Probability Density Function (PDF) of the density scores of the model's latent space. This 

parameter was then utilized as a threshold to differentiate between the Power Spectral Density (PSD) of 

background noise and that of seismic events. We selected this threshold based on the density score’s 

distribution across various input image sizes. After verification of the trained deep learning model on the 

normal data (background noise) and achieving satisfactory performance on known seismic events 

recorded by the surface seismometer network, we ran the model on 15.6 T.B. of DAS recordings collected 

over 26 days while the longwall mining was occurring in the adjacent panel. 56,558 potential seismic 

events were detected, compared to the surface network’s seismic catalog of 528 events, more than a 100x 

increase. We analyzed time series and PSD plots of 1,000 instances—500 labeled as background noise 

and 500 as anomalies—against seismic events recorded by the surface network. The findings indicate a 
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99.2% accuracy in identifying non-seismic background noise, thanks to model training on such data. 

Additionally, preliminary analysis suggests that at least 17.0% of the anomalies could be seismic events, 

none of which were detected by the surface network. The modest success in detecting anomalies stems 

from a high density score threshold, which limits clear anomaly detection in DAS data, particularly for 

distant or low-magnitude events. The developed anomaly detection algorithm for seismic event 

identification could serve as a warning system, potentially enhancing safety in coal mines by offering 

advanced notice of seismic activities. Furthermore, this algorithm could reduce data storage requirements 

by a factor of 50 by recording data when the algorithm detects an anomaly, thereby facilitating a mine's 

ability to manage voluminous DAS data more effectively. 
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APPENDIX C   NUMERICAL MODELING AND DISPERSION ANALYSIS 

C.1 Numerical Array Geometry and Elastic Model 

A 2-D PSV elastic plane-strain domain with Lx=Lz=500 m and Δx=Δz=1 m (501×501 nodes) was 

modeled. The PSV supports P- (compressional) and SV-waves (vertically polarized shear waves), but not 

SH-waves (horizontally polarized shear waves). The Devito finite-difference framework was employed 

and customized for elastic wave modeling. 

Stratigraphy of 5 layers as shown in Figure C.1 (Vp in km/s; Vs is assumed to be Vp/1.6): 

- 0–2 m: 0.5 

- 2–22 m: 1.5 

- 22–142 m: 4.5 

- 142–192 m: 2.5  

-192-500 m: 1.5

 

Figure C.1 Geometry of the elastic model. 
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The model parameters and boundary conditions are as follows: 

- Mass density: 2,000 kg/m³ everywhere except for the top 2 m with 1500 kg/m³  

- Ice wedge: A triangular inclusion centered at x=300 m, top at z=1 m, 10 m base width and 50 

m height; ice properties assigned inside the triangle. 

- Source: Ricker wavelet, f0=10 Hz, implemented as an explosive (isotropic) stress source by 

injecting into τxx and τzz. The source is placed just beneath the free surface at xs=296 m, zs=2 

m (at the left side of the ice-wedge) 

- Receivers: A horizontal line at z=1 m with 2.5 m spacing. With the sponge margin, the active 

aperture is ~10–490 m. We record the horizontal particle velocity vx(t,x). 

- Boundary conditions: Traction-free at the top; quadratic sponge on the left, right, and bottom 

boundaries (thickness nbl=10 grid points, strength factor α=3) added to both velocity and 

stress updates to suppress side/bottom reflections. 

- Time stepping: CFL-limited Δt (0.45 Courant factor for 2-D), total record length up to 2 s 

C.2 Strain-Rate Preprocessing  

Figure C.2 shows the shot gather horizontal particle velocity response in the time domain.  

 
Figure C.2 Raster plot of the horizontal particle velocity response of the array. 
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To emphasize the DAS response for a horizontal array, we use Equation 4.1 to convert particle 

velocity to strain rate by a finite difference along the array with a gauge length of 5 m. That is a central 

difference over the gauge length using every other receiver (receiver spacing = 2.5 m, therefore step of 

two channels). Edges are discarded after differencing.  

As illustrated in Figure C.3, the strain-rate raster plot in the time domain shows a strong Rayleigh 

wavefield propagating away from the source on both sides (dominant energy just beneath the surface); 

later arrivals with higher apparent velocities correspond to deeper reverberations and converted modes. A 

local amplitude notch near x=300 m corresponds to scattering and mode conversion at the ice wedge. 

 
Figure C.3 Raster plot of the horizontal strain rate response of the array. 

Because the explosive source is symmetric, any left–right differences in the recorded strain-rate field 

arise primarily from geometric asymmetry and lateral velocity contrasts introduced by the ice wedge. The 

wedge, centered 50 m right of the array mid-point, acts as a localized scatterer and impedance contrast, 

generating secondary reflected and mode-converted waves. These scattered wavefronts propagate laterally 

and upward, producing enhanced amplitudes and interference patterns. Consequently, the left sub-array 

(0-250 m) exhibits slightly delayed but higher-amplitude scattered coda following the main Rayleigh 

train, while the right array (250-500 m, directly above the wedge) shows more complex near-field 

interactions and partial shadowing immediately beneath the source. This asymmetric energy distribution 
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emphasizes the strong sensitivity of near-surface wavefields to even modest lateral heterogeneity in 

permafrost or frozen-soil conditions. 

C.3 MASW Dispersion Images on Sub-Arrays  

To probe directionality and lateral heterogeneity, we compute frequency-apparent velocity dispersion 

images separately over two sub-apertures: 

- Left sub-array (Figure C.4): 0–250 m (operationally 10–250 m due to the applied boundary 

condition) 

- Right sub-array (Figure C.5): 250–500 m (operationally 250–490 m due to the applied 

boundary condition) 

 
Figure C.4 Dispersion image of the left sub-array. The colorbar indicates the normalized amplitude of 
energy stacked at each frequency–velocity pair.  
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Figure C.5 Dispersion image of the right sub-array. The colorbar indicates the normalized amplitude of 
energy stacked at each frequency–velocity pair. 

Even considering one relatively small ice wedge, both halves show a clear, continuous fundamental 

Rayleigh mode, but the right sub-array (with ice wedge) exhibits broader energy lobes and slightly higher 

low-frequency phase velocity. The left sub-array represents a narrower and cleaner dispersion moveout. 

However, the right sub-array shows enhanced higher-mode energy (10–30 Hz), indicative of local 

impedance contrast and surface-wave multipathing. 

The right sub-array exhibits concentration of the lowest frequencies at slightly higher apparent 

velocities than the left side, indicating local stiffening of the near-surface materials. The overall 

bandwidth remains comparable between the two sides, although coherence is marginally reduced on the 

right. In contrast, the left sub-array shows mild distortion in the lower-frequency range around 10 Hz, 

likely caused by scattering of long-wavelength energy from the ice wedge as it propagates toward the 

more distant receivers. These observations demonstrate that lateral heterogeneity can induce measurable 

left–right asymmetry in dispersion characteristics, expressed through phase-velocity bias, increased modal 

complexity, and dispersion branch broadening. 
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Furthermore, to accentuate the scattering effects of the ice wedge, the wedge base was increased to 

100 m, and the source was relocated inside the wedge at 300 m along the x axis and a depth of 5 m. Under 

these conditions, the resulting dispersion image (Figure C.6) exhibits a discontinuous moveout around 25 

Hz and a complete loss of coherence above 30 Hz. This disruption of modal continuity reflects the strong 

scattering and mode conversion induced by the highly heterogeneous velocity field within and beneath the 

ice wedge. The internal impedance contrasts between frozen and unfrozen zones promote energy 

partitioning into scattered body waves and guided modes, reducing the coherence of the Rayleigh-wave 

fundamental branch. Additionally, frequency-dependent attenuation and phase interference from multiply 

reflected and mode-converted SV and P components further degrade the dispersion energy concentration 

at higher frequencies. The influence of higher-order Rayleigh modes also becomes more pronounced in 

this case, consistent with enhanced ellipticity and strong vertical gradients near the ice–soil interface. 

These results underscore that large-scale frozen inclusions can substantially distort the surface-wave field, 

producing apparent dispersion discontinuities and frequency-dependent mode scattering that may mimic 

strong lateral heterogeneity in permafrost terrains. 

 
Figure C.6 The extreme effect of the ice-wedge on the dispersion image. The colorbar indicates the 
normalized amplitude of energy stacked at each frequency–velocity pair. 
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APPENDIX D   ATTRIBUTIONS AND COPYRIGHT PERMISSIONS 

This appendix provides publication details of the contents of each chapter as well as defined author 

roles according to the Contributor Roles Taxonomy– CRediT, available at credit.niso.org and in the 

References section. The standard defines the following roles, and for brevity, only their numbers will be 

listed: 

1. Conceptualization – Ideas; formulation or evolution of overarching research goals and aims. 

2. Data curation – Management activities to annotate (produce metadata), scrub data and maintain 

research data (including software code, where it is necessary for interpreting the data itself) for 

initial use and later re-use. 

3. Formal analysis – Application of statistical, mathematical, computational, or other formal 

techniques to analyze or synthesize study data. 

4. Funding acquisition - Acquisition of the financial support for the project leading to this 

publication. 

5. Investigation – Conducting a research and investigation process, specifically performing the 

experiments, or data/evidence collection. 

6. Methodology – Development or design of methodology; creation of models. 

7. Project administration – Management and coordination responsibility for the research activity 

planning and execution. 

8. Resources – Provision of study materials, reagents, materials, patients, laboratory samples, 

animals, instrumentation, computing resources, or other analysis tools. 

9. Software – Programming, software development; designing computer programs; implementation 

of the computer code and supporting algorithms; testing of existing code components. 

10. Supervision – Oversight and leadership responsibility for the research activity planning and 

execution, including mentorship external to the core team. 

11. Validation – Verification, whether as a part of the activity or separate, of the overall 

replication/reproducibility of results/experiments and other research outputs. 

12. Visualization – Preparation, creation and/or presentation of the published work, specifically 

visualization/data presentation. 

13. Writing – original draft – Preparation, creation and/or presentation of the published work, 

specifically writing the initial draft (including substantive translation). 

14. Writing – review and editing – Preparation, creation and/or presentation of the published work by 

those from the original research group, specifically critical review, commentary or revision – 

including pre- or post-publication stages. 

Each chapter in this work is based on the referenced published or submitted work, with minor editing 

and the consolidation of introductory material into Chapter 1. 
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Figure D.2 Author approval for Chapter 2. 
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