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extreme weather conditions
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Extreme weather significantly challenges the effective and timely monitoring of landslide disasters.
Distributed acoustic sensing (DAS) offers unique capabilities for monitoring slope failures during
extremeweather events such as typhoonsby transformingpre-deployedoptical fiber cables into high-
resolution vibration-acoustic sensor arrays. This study documents sudden shifts in landslide
disturbance signals during a super typhoon’s passage using DASwith 1 Hz downsampledmodulated
signals. By leveraging multi-domain analysis (time-frequency-space), we identify landslide
disturbance micro-deformation signatures, revealing interconnected spatial responses and dynamic
patterns. We introduce a spatiotemporal indicator evaluation framework to monitor landslide
occurrence and evolution under extreme weather conditions. The monitoring of landslide occurrence
correlates well with post-disaster incident records and meteorological data. These results
demonstrate that DAS systems can enhance early detection and high-resolution monitoring of
landslide disasters under extreme weather conditions, highlighting the potential for comprehensive
natural disaster management.

Landslides triggered by extreme weather events, particularly typhoon-
induced rainfall, represent a formidable challenge worldwide, causing
extensive human casualties and economic losses of over $20 billion
annually1–3. For instance, TyphoonMangkhut (2018) struck Southeast Asia
and triggered catastrophic landslides in the Philippines, which led to over
100 deaths and displaced thousands of individuals. Similarly, Typhoon Rai
(2021) induced severe landslides in the Philippines, exacerbating socio-
economic burdens on affected communities4,5. These extreme events
increase the likelihood of sudden, large-scale slope failures, complicating the
monitoring andearlywarningof landslides6–8. The inherent unpredictability
and rapid development of such disasters present a formidable challenge for
effective monitoring and disaster mitigation.

Despite advancements in monitoring technologies, existing methods
continue to face significant limitations during extreme weather conditions.
Satellite remote sensing, while providing large-scale spatial coverage, often
suffers from compromised accuracy and reduced real-time performance
due to intense rainfall anddense cloud cover, rendering it less effectivewhen
monitoring is most critical9–13. Traditional geological hazard monitoring
systems, such as radar and optical technologies, have been extensively
deployed to track surface deformation and landslide activity. Ground-based

instrumentation, such as inclinometers and piezometers, although highly
accurate at specific locations, presents deployment challenges in remote or
typhoon-prone terrains and is typically limited to monitoring deep, slow-
moving landslides14–16. Geophysical methods (e.g., using seismic networks)
have demonstrated utility for monitoring sub-surface activity, but their
deployment is constrained by high deployment costs and continuity chal-
lenges in maintaining dense sensor network17–20. Distributed acoustic sen-
sing (DAS) presents distinct advantages in the domain of landslide
monitoring compared to traditional monitoring technologies21–23. DAS
leverages existing optical fiber cables to function as continuous, extensive
seismo-acoustic arrays capable of detecting minute subsurface movements
with high spatial resolution up to 100 km24,25. For example, Lindsey et al.
applied DAS to convert a submarine cable into a 20-km-long seismic array
for ocean observation, successfully identifying multiple submarine fault
zones and tracking sea state dynamics during the North Pacific storm
cycle26. Zhu et al. developed a deep learningmodel for DAS data processing
to enhance earthquake detection and phase picking, achieving better
accuracy and efficiency than conventional approaches by detecting more
subtle seismic events27–29. This capability allows DAS to provide near-real-
time strainmeasurements, essential for identifying subtle pre-failure signsof
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landslides and tracking progressive deformation patterns induced by
extreme weather events. Lin et al.4 demonstrated the innovative application
of DAS with submarine optical-fiber cables for real-time ocean monitoring
during typhoons, observing microseismic noise induced by ocean surface
gravity waves (OSGWs) and successfully mapping OSGW propagation
along a submarine optical-fiber cable using frequency-wavenumber ana-
lysis. Their approach confirmed the effectiveness of DAS for continuous,
high-resolution monitoring of ocean conditions under typhoon scenarios.
Moreover, DAS delivers rich, continuous data streams that capture both
transient and progressive deformation, enabling comprehensive risk pro-
filing and supporting proactive disaster response. Ouellet et al.30 demon-
strated the use of DAS for high-resolution landslide monitoring, capturing
sub-millimeter displacements and strain-rate changes that conventional
methods could not detect. This high-resolution data not only tracks the
subtle evolution of landslide activity but also provides crucial information
for earlywarning systems anddisastermitigation.Michlmayr et al.21 utilized
fiber-optic cables for high-resolution acoustic emission (AE) monitoring of
slope failure mechanisms. Extensive and long-term deformation monitor-
ing can help identify deformation anomalies preceding failure, thereby
enhancing prediction and warning capabilities31. However, despite the
advancements in DAS technology, current research has not yet effectively
leveraged DAS for monitoring landslide disturbances under extreme
weather conditions. There remains a gap in the comprehensive analysis of
monitoring data, limiting the full potential of DAS in such scenarios32,33.
Further exploration of how DAS systems can be optimized for monitoring
slope failures during extremeweather events is crucial, and assessing the role
of DAS in these contexts remains a critical area for future research.

This study investigates the application of pre-deployedDAS systems to
detect and characterize sudden changes in landslide disturbance signals
during the passage of a super typhoon across complexmountainous terrain.
Our findings demonstrate that buriedDAS cables effectively capturemicro-
deformation noise induced by the typhoon, revealing interconnected and
expansive spatial responses. Furthermore, we introduce a novel approach
for monitoring landslide hazards during extreme weather events based on
key indicator analysis derived from DAS measurements. This method,
supported by three critical indicators, successfully reveals the relationship
between environmental disturbances and landslide occurrences, offering
high-resolution insights into the dynamic effects of extreme weather on
landslide stability processes.

Results
DAS system and geographical environment overview
The deployed DAS system utilized in this study is an emerging sensing
technology based on phase-sensitive optical time-domain reflectometry (ϕ-
OTDR) technology, which exploits the high sensitivity of coherent Rayleigh
backscattering in optical fibers to detect environmental vibrations and
acoustic fields with remarkable spatiotemporal resolution (Supplementary
Fig. S1)34–36. The system was independently developed and deployed by our
research team, with comprehensive system specifications detailed in Sup-
plementary Table 1. The DAS system typically operates with dual channels,
connecting the fiber optic cable bidirectionally as Channel 1 andChannel 2.
Channel 1 and Channel 2 each include 1 to 960 channels, denoted as
channel i − j, where i is 1 or 2, and j is 1 to 960. Initially developed for
monitoring the safety of oil and gas pipelines within the smart pipeline
infrastructure networks of Zhejiang Province, theDAS systemoversees over
2000 km of critical infrastructure. The optical fiber cable network installed
in 2019 spans diverse terrains, including complexmountainous regions and
densely populated urban areas. Deployment in such varied environments
presented significant engineering challenges, particularly in the mountai-
nous zones where cable burial had to balance depth for protection against
shallow landslides and rockfalls with the need to maintain adequate cou-
pling with the surrounding soil to detect strain effectively. To achieve
effective ground coupling necessary for geophysical sensing, the cable was
typically trenched to a depth of approximately 1m and backfilled with
native soil, ensuring intimate contactwith the surrounding earth. This direct

burial method enhances the cable’s sensitivity to soil strain, as opposed to
being loosely laid in a conduit, which can decouple the fiber from small
ground deformations. These considerations directly impact long-term
maintenance, as a well-coupled and protected cable reduces the risk of
damage and signal degradation, extending the system’s operational lifespan
with minimal intervention. For security reasons, the precise layout of the
network is not disclosed; however, a specific 50-km segment relevant to this
study is depicted in Fig. 1. This segment represents a portion of the system’s
full monitoring capability, which extends up to 100 km per interrogator
unit. The systemoperates continuouslywith a spatial resolution of 50mand
a sampling frequency of 2 kHz. Rawphase data recordedby theDAS system
are processed into strain ratemeasurements at a temporal resolution of 1 Hz
for subsequent analyses (see “Methods” for details on raw data processing).
This downsampling to 1Hz for analysis is a key factor in enabling practical
system operation. It focuses on the low-frequency components most rele-
vant to landslide-scale ground deformation, dramatically reduces the
computational burden and data volume for real-time processing and
transfer, and aligns with the typical minute-to-hour temporal evolution of
landslide precursors, making it suitable for operational monitoring and
early warning. In terms of cost and power, the system’s reliance on a single
device per 100 km segment, coupled with efficient data reduction, results in
a favorable profile compared to dense networks of traditional sensors, with
power consumption primarily driven by the device unit itself, often com-
patible with the power supply equipment in the pipeline station or valve
chamber.

The geographical environment along the monitored optical fiber
cable segment (Fig. 1a, blue circular line) is characterized by significant
topographical variability. As shown in Fig. 1c, this region includes both
mountainous terrains with landslide-prone zones reaching high eleva-
tions and flat urban plains spanning approximately 10 km. The fiber
segment intersects both urban and rural areas, providing a unique
opportunity to investigate environmental responses across diverse
landscapes. Super Typhoon Muifa, one of the most intense typhoons to
impact the region in recent decades, made landfall in Zhejiang Province,
China, at 12:30 UTC on September 14, 2022. Figure 1a illustrates the
typhoon’s trajectory and the extent of its associated extreme weather
conditions, based on satellite imagery provided by the China Meteor-
ological Administration. Two landslide events confirmed by local
authorities during the Typhoon Muifa are indicated in Fig. 1b by orange
inverted triangles, located near the initiation points of DAS Channel 1
and Channel 2. These catastrophic failures caused the collapse of nearby
road sections and exposed underground pipelines, as shown in Supple-
mentary Fig. S2. The DAS system’s capacity to capture micro-
deformations associated with slope failures provides a unique advan-
tage for landslides early warning and disaster assessment. This capability
underscores its potential for rapid response in scenarios where conven-
tional monitoring methods face limitations. Supplementary Fig. S3 shows
the raw signal acquisition waveforms from the DAS system, illustrating
the environmental vibrations and acoustic fields detected. The wave-
forms are characterized by high-frequency oscillations corresponding to
the rapid changes in environmental conditions during the monitoring
period. The DAS system has demonstrated unique capabilities in
detecting and localizing landslide disturbances with fine temporal and
spatial resolution during the extreme conditions brought about by
Typhoon Muifa.

The data monitored by the DAS system play a crucial role in this
study by providing high-resolution, continuous monitoring of landslide
disturbances under challenging weather conditions. The system’s ability
to capture both transient and gradual ground movement allows for a
comprehensive understanding of landslide behavior during extreme
weather events. This high-resolution data is essential for developing early
warning systems and improving disaster response strategies, as it facil-
itates the identification of critical warning signs and real-time tracking of
landslide evolution. The DAS system’s data also support the development
of forecasting models for landslide events, potentially enhancing our
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ability to mitigate the impacts of landslides on human life and
infrastructure.

Spatiotemporal representation of landslide disturbance
propagation
To elucidate the propagation of landslide disturbance micro-deformation
signatures during Typhoon Muifa, we generate distance-frequency spec-
trograms spanning September 14–16, 2022 (Fig. 2a). These micro-
deformation signatures, captured by DAS systems in mountainous envir-
onments, encompass various vibration sources such as landslides, water
flow, human activities, and other environmental vibrations. Micro-
deformation noise specifically describes the deformation signals generated
during the precursory phase of slope failures, containing unique vibration
characteristics preceding slope instability. The micro-deformation sig-
natures distinguish critical landslide precursors fromgeneric environmental
noise, enabling targeted analysis of geomechanical instability signals inDAS
monitoring. These spectrograms capture the spatiotemporal dynamics of
micro-deformationnoise recorded by theDAS systemacross themonitored
50-km cable segment, revealing frequency energy intensity (0–0.5 Hz) dis-
tributions. The DAS system detects strain disturbances through optical
phase changes (DASphase)

37, which exhibit a linear relationship with strain
rate (DASε) and can be expressed as expressed as Eq. (1):

DASε ¼
λDASphase
4πnlgξ

ð1Þ

where λ denotes the wavelength of the narrow-linewidth pulse, set to
1.55 × 10−6 m; n is the refractive index of the optical fiber, specified as 1.467;
and lg represents the gauge length, which determines the sensitivity of strain
measurements.The strain-optical proportionality factor, ξ, is standardized at
0.78, as its temperature dependence is negligible under the studied

conditions. Fourier transformation (FT) is employed to extract frequency-
domain data for each monitoring channel across the observation window
(September 14, 00:00UTC, to September 16, 00:00UTC). TheDAS signal in
the time domain is transformed into the frequency domain through FT to
obtain the frequency-domain representation X(f) of the signal. Then, the
energy spectrum is calculated as X(f)2, which indicates the energy
distribution of the signal at different frequency components. Finally, the
energy spectrum will be logarithmically transformed into decibels (dB), can
be calculated as P(f) = 10lg∣X(f)∣2. This transformation helps in comparing
and analyzing the relative energy of different frequency components more
conveniently and provides a more intuitive representation of energy
variations. While baseline energy spectrum remained low (< 0 dB) for most
channels, two pronounced intensity surges (20–80 dB) have been detected,
corresponding to confirmed landslide events. These disturbances predomi-
nantly occur in regions at elevations between 200–300m, with the highest
impact observed at locations of high topographical variability (Fig. 1c).

Figure 2b, c provide high-resolution time-frequency plots for two
distinct landslide sites, revealing their temporal evolution and spatial
characteristics. In Fig. 2b, channels 1-25-27 exhibit sustained high-
frequency fluctuations over time, characterized by dense clusters of high-
energy signals (indicated by yellow intensity). These patterns suggest
repeated micro-deformations likely triggered by cascading impacts from
unstable slopes at higher elevations. By contrast, Fig. 2c reveals abrupt and
intense energy bursts (>50 dB) spanning three adjacent zones in Channel 2,
peaking at approximately 11:00 UTC on September 14. This activity coin-
cides with the passage of TyphoonMuifa, suggesting the storm’s direct role
in triggering slope failures between 10:00 and 15:00 on September 14th. The
two sites displaydistinct temporal and spectral characteristics that alignwith
the rapid deformation and sliding stage of landslides. The persistent
deformations in Fig. 2b correspond to retrogressive failure within scarp
zones,while the rapid, high-energy bursts in Fig. 2c indicate triggering zones

Fig. 1 | The deployment of distributed acoustic sensing system (DAS) during the
impact of TyphoonMuifa. a Satellite images showing the impact range of Typhoon
Muifa in Zhejiang, China from September 14th to 16th, 2022 (UTC). The concentric
circle represents the range of wind impact intensity (drawn around the time of
Typhoon landfall at 12:30 on September 14th). The red star indicates the location of
the DAS interrogator location. Blue dots represent the monitored optical fiber cable
segment (50 km), while gray dots represents unmonitored sections. bTopographical

map of the monitoring area showing the optical fiber (OF) cables through the Yuyao
City. The purple box represents the location of the weather station. The blue circular
line represents OF cables, with a distance of 50 km, separated by gray dashed lines
every 10km. The orange triangles mark the locations of two confirmed landslide
locations corresponding to the channel positions in Fig. 2b, c. c Elevation profile
along the optical fiber cable route revealing the transition frommountainous terrain
in landslide-prone areas to urban plains.
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associatedwith slope instability. These observed spatiotemporal features are
consistent with the retrogressive scarp failure zone and the rapidly propa-
gating triggering zone described in previous studies by Ouellet et al.30 and
Hu et al.11. Unlike conventional methods, the DAS system directly captures
these signals from in situ deformation processes, demonstrating its ability to
monitor disturbances in real time and with high granularity. Moreover, we
observe that the micro-deformation signatures are influenced by meteor-
ological factors such as rainfall, consistent with mechanisms underlying
landslide initiation. The characteristics of this noise suggest complex
interactions among multiple factors contributing to landslide dynamics
under extreme weather conditions. By leveraging the DAS system’s high
temporal and spatial resolution, we provide new insights into the propa-
gation of landslide disturbances, offering advancements for landslide
monitoring, risk assessment, and early warning systems.

Multivariate analysis of landslide disturbance during Typhoon
passage
To comprehensively characterize the impact of Typhoon Muifa on
landslide-related disturbances, the S-transform analysis (detailed in

“Methods”) is applied to enhance signal characteristics, enabling an in-
depth analysis of multivariate correlations with meteorological variables,
including wind speed, relative humidity, and rainfall. Compared to remote
sensing observations, the DAS observation after S-transform provides
improved sensitivity to micro-terrain disturbances, capturing key signals in
the 0.01–0.6 Hz frequency range within an intensity range of −120 to
−100 dB. The time-frequency spectrograms derived from the
S-transformation (Fig. 3a–f) illustrate the energy distribution of the signals.
The red traces on the spectrograms indicate regions of heightened energy
corresponding to the micro-deformation signatures.

The characterization of landslide features captured by DAS requires a
combination of intensity changes, temporal persistence, and spatial pro-
pagation. Sudden anomalies alone are insufficient to distinguish landslide
signals from other micro-deformation phenomena. For example, micro-
deformation signatures are captured at the position in Fig. 3a–c, but no
landslide is confirmed. Channel 1-009 exhibits localized and transient
deformation without spatial continuity, indicating unrelated disturbances.
Channel 1–131 displays weak and short-lived disturbances, while channel
1–259 shows low energy intensity, likely caused by minor soil loosening or

Fig. 2 | The spatial-temporal characteristics of micro-deformation signitures
recorded by the DAS system during the passage of Typhoon Muifa. a The
distance-frequency spectrogram showing energy distribution along fiber optical
cable against elevation profile (gray line). The red asterisk represents the position of
the DAS interrogator position at the monitoring area center with two channels in
both directions. The orange and greeen inverted triangles represent the locations of

two confirmed landslide locations, corresponding to the areas of channels 1–20 to
1–30 and channels 2–130 to 2–140, respectively. b, c show time-frequency spec-
trograms of the specific channels at the two landslide locations, covering September
14–16, 2022. The color of the time-frequency spectrogram represents the change in
intensity levels.
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water erosion. Vibrations induced by surface runoff or debris impact.
Additionally, there are other environmental or anthropogenic noises
unrelated to slope instability. In Supplementary Fig. S4,we present the time-
frequency characteristics of typical channels after S-transformation,
demonstrating that with appropriate processing, the DAS system can
effectively highlight the features of vibration under extreme weather con-
ditions. In contrast, Fig. 3d–f illustrate channels associated with confirmed
landslide events, characterized by distinct signal features: sharp energy
surges, sustained high-energy activity, and spatially coherent propagation.
These characteristics align with landslide-specific strain dynamics38, as
captured by the DAS system detecting the interplay of geophysical forces
and environmental conditions. By leveraging theDAS system’s sensitivity to
geophysical perturbations transmitted through optical fibers, we have
identified significant strain anomalies across various channels over time.
These anomalies evolve during the typhoon’s passage and are correlated
with changes in rainfall,wind speed, andhumidity.TheDASsystem’s ability
to capture strain energy with sub-second resolution and meter-scale spatial
resolution enables real-time monitoring of landslide disturbance processes.
However, extremeweather conditions often amplify the frequency and scale
of landslides while simultaneously hindering signal transmission and
reception. These systems face operational challenges in complex terrain and
incur high deployment and maintenance costs. Furthermore, their spatial
and temporal resolutions are typically limited to kilometer-scale and hour-
level granularity, respectively. In contrast, the DAS system’s exceptional

sensitivity to environmental changes enables the detection of subtle geolo-
gical movements and acoustic variations, even under extreme weather
conditions. In the following section, we propose a framework utilizing cri-
tical indicators to evaluate and characterize landslidehazards under extreme
weather conditions. This approach holds promise for enhancing geological
hazard early warning systems, particularly in the context of increasing
extremeweather events driven by climate change. The framework offers the
potential for more accurate regional landslide estimation and predictive
modeling of their progression.

Indicators for landslide occurrence
To accurately identify landslide disturbances from DAS system signals, we
develop a robust evaluation framework based on three critical indicators,
including spectrum intensity gradient (SIG), duration (DUR), and radiation
range (RAR). These indicators are designed to capture the signal’s intensity
variation, temporal persistence, and spatial propagation characteristics,
respectively. By employing dual sliding windows in both time and space
dimensions, the framework detects the potential signal evolution and uti-
lizes a Gaussian decay model39 to assess the relative importance of each
indicator. Figure 4a, b illustrate spatiotemporal heatmaps of SIG across the
first 200 channels in two monitored Channel 1 and Channel 2, revealing
episodic clustered bursts of energy (marked with black boxes) during
monitoring periods, which are strongly indicative of micro-deformation
occurrence. In contrast, “quiet zones” exhibit stable signal patterns without

Fig. 3 | The time-frequency energy spectrum of DAS signals at confirmed land-
slide locations after S-transformation and relevant meteorological data during
the extreme weather Typhoon Muifa. a–c Representative channels exhibiting
micro-deformation noise without confirmed landslides. The black box represents
the captured abrupt signals of disturbances. d–f Channels capturing confirmed
landslide events with correlated meteorological data. Meteorological data of wind
speed, relative humidity, rainfall records are represented by dashed lines with cor-
responding scales on the right axes of (d–f), respectively. textbf (a) represents the
S-transform energy spectrum of channel 1-009, and the black box represents the

captured abrupt signal of micro-deformation noise associated with slope failures in
terrain (b) represents the S-transform energy spectrum of channel 1-131.
c represents the S-transform energy spectrum of channel 1-259. The red cyan lines
represent stronger energy fluctuations. Micro-deformation noises are captured at
the position in (a–c), but no landslide is confirmed. d–f denotes the S-transform
energy spectrum of channels 2-131 to 2-133, where the landslide location has been
confirmed. The wind speed records in this area are marked in (d). The relative
humidity of the area is marked in (e). Rainfall records are marked in (f).
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steep gradients, clearly distinguishing them from burst zones. Window-
based statistical analyses of SIG (Fig. 4g, h) further highlight its significant
magnitude variations, which emerge as the most prominent hallmark of
sudden disturbances. However, such abrupt changes may also originate
from sporadic impacts or other external factors unrelated to landslide dis-
turbance. To further refine disturbance assessments, we introduce sliding
windows inboth time and space dimensions to extract additional indicators.
Figure 4c, d presents DUR heatmaps that quantify the temporal persistence
of high-intensity signals. TheGaussian decaymodel effectively characterizes
signal intensity over time, identifying regions of prolonged high-energy
fluctuations (marked in black boxes), which underscore the persistence of
energetic disturbances during extreme weather events. Similarly, the spatial
propagation of disturbances is quantified by RAR (Fig. 4e, f), which mea-
sures the extent of signal diffusion from high-energy epicenters to adjacent
zones. By analyzing the impact of high-energy regions on adjacent areas
within the same time window, we identify two different, distinct patterns of
strip-shaped and clustered distributions. The occurrence of landslide dis-
turbance induces a cascading effect, where neighboring zones exhibit sig-
nificant signal strength increases, as indicated by the aggregated heatmap
clusters (black boxes). Figure 4i–l compares the statistical distribution of
DUR and RAR across windows, revealing the differences between the two

landslide events. In Channel 1, the landslide phase is characterized by sus-
tained and widespread disturbances, with DUR and RAR exhibiting higher
amplitudes and stronger persistence and propagation. Supplementary Fig.
S5 shows that the statistical distribution of the two indicators for Channel 1
is also concentrated in the larger interval. In contrast, the event captured by
Channel 2 is less pronounced, with only a few windows reaching higher
levels, potentially reflecting a rapid landslide event. Fig. 5 provides a com-
prehensive assessment of the performance and fluctuation ranges of critical
indicators for both Channel 1 and Channel 2. Figure 5a, b depict SIG
variations over time, with the green solid lines representing the mean and
the shaded areas indicating fluctuation ranges. These ranges are deviations,
the deviation range of each channel from the mean at the same time. SIG
exhibits significant oscillations at critical landslide time points (corre-
sponding to around 10:00 on September 14th and 12:00 on September
15th), suggesting its sensitivity to sudden disturbances. DUR and RAR
trends, as shown in Fig. 5c–f, display relatively smoother variations but still
demonstrate notable deviations at key moments.

These visualized results demonstrate that the evaluation framework
successfully identifies landslide disturbances under extreme weather con-
ditions, with observed events localized within a 5–10 km range. These
findings showcase the potential of DAS for real-time landslide monitoring
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Fig. 4 | Critical indicators for landslide detection derived from DAS recording
during Typhoon Muifa. Spatiotemporal heatmaps of three key indicators of
spectrum intensity gradient (SIG) (a, b), duration (DUR) (c, d), and radiation range
(RAR) (e, f). Color gradients from blue to red indicate increasing intensity. Black
boxes highlight areas of significant micro-deformation signals corresponding to
confirmed landslide locations in Fig. 2a. g–l Statistical distributions of indicator

amplitudes across monitoring windows. The window is set based on the extraction
range of indicators, with the two dimensions of time and space. g, h represent SIG
amplitude variations directly correlating with disturbance magnitude. i, j represent
DRU distributions showing sustained activity patterns with an interval range of
0–3600. k, l represent RAR distributions related to the spatial window with an
interval range of 0–20.
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and early warning during extreme weather events. The DAS-based mon-
itoring systems could evolve into large-scale, terrestrial sensing networks to
enable multi-dimensional and large-scale monitoring40–43. For example,
leveraging a provincial network of 30 units could enable coordinated
observations over extended regions, enhancing spatial coverage and mon-
itoring accuracy. It is important to recognize the multi-factorial nature of
natural disaster monitoring, as landslide disturbances are influenced by
meteorological conditions (e.g., rainfall, wind speed), system configurations
(e.g., cable installation, external interference), and other variables. Thus,
effective real-timedisturbancemonitoring and timely anomaly alerts during
extreme weather conditions necessitate a robust framework incorporating
multidimensional signals characterization of spatiotemporal features and
multivariate analysis.

Discussion
This study demonstrates the significant potential of DAS for high-resolu-
tion, real-timemonitoring of landslide disturbances under extremeweather
conditions. By analyzing DAS data captured during Super TyphoonMuifa,
we successfully identified and characterized micro-deformation signatures
associated with slope instability. The proposed spatiotemporal indicator
framework based on SIG, DUR, and RAR proved effective in distinguishing
landslide signals fromambient noise, offering a novel approach for dynamic
hazard assessment. These contributions advance the capability for early

detection and risk monitoring of rainfall-induced landslides in complex
terrains. However, this study has not fully utilized large-scale data and has
only verified feasibility. In terms of intelligent recognition, it is necessary to
further introduce deep learning algorithms to achieve intelligent warning
and identify symptomatic signals as early as possible. Future work could
extend the application of DAS-based monitoring technology beyond
observation, encompassing disaster assessment and forecasting for phe-
nomena such as debris flows, earthquakes, and volcanic eruptions. The
development of a unified, intelligent DAS-based monitoring system for
natural disaster management holds promises for addressing pressing chal-
lenges in disaster risk reduction and environmental sustainability.

Methods
Raw data processing
The rawphase signals collected by theDAS systemare inherently affectedby
various external noise sources, such as environmental vibrations, electro-
magnetic interference, and mechanical noise44–46. To effectively extract
relevant information about landslide-induced disturbances under extreme
weather conditions, it is essential to process these raw signals to minimize
noise and enhance relevant signal features. In this study, we use down-
sampling to reduce the original high-frequency signal (2 kHz) to a lower
frequency of 1 Hz. This downsampling allows for better alignment with the
slower, large-scale movements associated with landslides and extreme

Fig. 5 | Temporal evolution and variability of critical indicators during
Typhoon Muifa. The time series analysis of the three indicators is drawn at 1-s
intervals. a–f shows temporal variations in spectrum intensity gradient (SIG),
duration (DUR), and radiation range (RAR), respectively. Solid lines representmean
values while shaded areas indicate fluctuation ranges. a, b denote the level of change
in the spectrum intensity gradient (SIG) indicator. The green solid line represents

the mean value of SIG over time, and the green area represents the wave band
(fluctuation range). c, d denote the level of change in the duration (DUR) indicator,
the red solid line represents the mean value of DUR over time, and the red area
represents the wave band. e, f denote the level of change in the radiation range (RAR)
indicator, the blue solid line represents the mean value of RAR over time, and the
blue area represents the wave band.
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weather events while improving computational efficiency. We employ a
low-pass filter to eliminate frequency components higher than half of the
new sampling rate (0.5 Hz) and preserve the relevant low-frequency com-
ponents of the signal. To further enhance the signal quality, we apply a
variational mode decomposition (VMD) technique based on Pearson cor-
relation coefficients47. VMD is a robust signal decomposition method that
separates a complex signal into multiple intrinsic mode functions (IMFs),
each representing different frequency components of the signal. This helps
to reduce high-frequency noise, such as ambient vibrations and electro-
magnetic interference, that may remain after low-pass filtering. The
resulting denoised signal exhibits an improved signal-to-noise ratio (SNR),
increasing sensitivity to subtle changes in the disturbance signals induced by
the Typhoon.

S-transform spectrum energy analysis
The S-transform, a hybrid time-frequency analysis method, is employed to
analyze DAS signals associated with landslide disturbances48,49. This tech-
nique integrates the benefits of wavelet and short-time Fourier transforms,
enabling localized spectrum decomposition with high temporal and fre-
quency resolution. Its adaptability to non-stationary signals makes it par-
ticularly suitable for capturing the transient features inherent in landslide-
induced vibrations. The transform preserves phase information and pro-
vides a continuous representation of signal energy across time and fre-
quency domains. The S-transform is expressed as Eq. (2):

XDASðt; f Þ ¼
Z 1

�1
DASεðτÞ � g�ðτ � tÞ � e�j2πf ðτ�tÞdτ ð2Þ

whereDAS(τ) is the input signal, f is the frequency, τ is the time, and g*(τ− t)
is aGaussianwindow function scaledby f. For appropriatewindow function
types and parameters to match the signal characteristics and analysis
requirements, we set the time window to 3600, the space window to 10, the
overlap to half the window size, and the frequency range of 0–0.5 Hz.

To enhance temporal resolution, a sliding time window is employed,
enabling the continuousmonitoring of energy changes. This process allows
the identification of abrupt energy progressive deformation in the time-
frequency domain, corresponding to the initiation and evolution of land-
slide disturbances. The S-transform spectrum energy analysis provides a
robust framework for detecting and characterizing landslide signals. By
capturing localized, transient features, this method effectively leverages the
high-resolution capabilities of DAS systems, offering critical insights into
landslide dynamics under extreme environmental conditions.

Critical indicators for landslide monitoring
To effectively evaluate and quantify landslide hazard signals captured by the
DAS system, we propose three key signal evaluation indicators to char-
acterize the intensity of such events. These indicators are designed to
leverage the unique capabilities of DAS in capturing high-resolution, con-
tinuous data across time and space dimensions.

Spectrum Intensity Gradient: The spectrum intensity gradient (SIG)
measures the rate of change in signal power within the time-frequency
domain and is pivotal for detecting sudden, transient events. By applying the
S-transform over a sliding time window, we generate detailed spectrograms
and compute the gradient of signal intensity over time, as shown in Eq. (3).
This indicator effectively captures abrupt shifts in the time-frequency
characteristics of the signal, such as sudden ground movements or pre-
cursors to slope failure. The SIG is particularly useful for real-time mon-
itoring, as it highlights rapid, localized changes in subsurface activity. This
capability underscores the feasibility of using DAS for early detection of
landslides, as even subtle variations in micro-deformation noise can be
systematically tracked to identify critical warning signs.

SIGiðt; f Þ ¼
dXDASi

ðt; f Þ
dt

����
���� ð3Þ

where SIGi(t, f) represents the SIG at time t and frequency f.XDASi
ðt; f Þ is the

energy at time t and frequency f. According to the time-frequencymapby S-
transform, the gradient of energy spectrum intensity is calculated by
difference, and the threshold is set to retain the effective gradient.

Duration: The duration (DUR) indicator quantifies the period over
which the DAS signal maintains intensity above a defined threshold,
representing sustained seismic or acoustic activity. This measure uses a
Gaussian decay model to illustrate temporal attenuation of signal strength,
capturing the duration of high-intensity phases50. The analysis of duration is
significant for understanding the energy release and stability of the mon-
itored terrain. During extreme weather conditions, where direct field
observations and traditional sensorsmay become impractical or unsafe, the
duration indicator derived from DAS data can continue to provide reliable
information. By isolating these extended periods of activity, this indicator
offers insights into the resilience of the landscape under prolonged stress,
supporting rapid decision-making in risk-prone areas. We capture the
effective range of high-intensity signals in the time dimension using sliding
windowswith a primarywindow size of 3600 s and a secondarywindow size
of 600 s.TheGaussiandecaymodel is establishedaccording to themeanand
variance of the signal intensity in the window. The DUR of high-intensity
signals is expressed as Eq. (4):

DURi ¼ Tw �P
t
exp � ðt�t0Þ2

2σ2t

� �
� f ði; tÞ;

f ði; tÞ ¼ 1; if XDAS;tðiÞ≥ α � XDASmax
ði; tÞ

0; otherwise

� ð4Þ

where DURi denotes the duration for channel i, which quantifies the time
length during which the energy of the signal remains above a certain
threshold.Twdenotes the step size of the time secondarywindow.XDAS,t and
XDASmax

represent the power at time t for channel i and themaximumpower
observed for channel i. These are the energy of the signal at a particular time
point for the channel i and the baseline considered as a high-energy event. α
is the threshold constant used to define what constitutes a “high energy”
event. For example, setting α= 0.5means that the signalmust exceed 50%of
the maximum power at that channel to be considered significant. f(i, t)
represents the discriminant function that equals 1 when the power at time t
for channel i exceeds the threshold, and 0 otherwise. This function
effectively counts how many time steps the power remains above the
threshold, contributing to the total duration.

Radiation range: The radiation range (RAR) describes disturbance
propagation acrossmonitoring zones, centered aroundhigh-gradient nodes
identified by the spectrum intensity gradient. By applying a Gaussian decay
model to these central nodes, we assess how the signal strength dissipates
spatially across neighboring segments. This indicator allows for mapping
the affected area, revealing energy radiation from the epicenter of activity
and highlighting regions at greatest risk. The spatial analysis provided by
this indicator demonstrates the ability of DAS to extend monitoring cov-
erage over vast, continuous stretches of land, which is critical when extreme
weatherhampers access to remote or rugged terrains. This capability ofDAS
offers significant operational advantages compared to traditional point-
based sensors, which may be vulnerable or difficult to maintain during
severe weather. For the sliding window configuration of space dimension,
we set the primary window to 1 km and the secondary window to 0.5 km
according to the observation results. The spatial evolution of RAR in the
energy spectrum is expressed as Eq. (5):

RARi ¼ Sw �P
s
exp � ðs�s0Þ2

2σ2s

� �
� f ði; sÞ;

f ði; sÞ ¼ 1; if XDAS;sðiÞ≥ β � XDASmax
ði; sÞ

0; otherwise

� ð5Þ

where RARi denotes the number of affected channels for channel i. Sw
denotes the step size of the space secondary window. XDAS,s(i) and
XDASmax

ði; sÞ represent the power at space window s for channel i and the
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maximum intensity observed at channel i, used to normalize the energy
levels. This represents the energy at a specific spatial point (channel s). The
threshold constant β defines high energy in the space dimension (set to 0.5).
The indicator function f(i, s) equals 1 if the energy at channel s exceeds the
threshold and 0 otherwise, indicating that channel s is affected by the high-
energy event.

A sensitivity analysis confirms that the framework’s output is robust
within a practical threshold range. Loweringα andβ increases the calculated
DUR and RAR for confirmed events by classifying more marginal signal
energy, thereby broadening the detected spatiotemporal area. Conversely,
raising the thresholds confines the detection to only the most intense signal
core, reducing DUR and RAR values. While these variations adjust the
absolute magnitude of the indicators, the distinct spatiotemporal clusters
corresponding to true landslides remain prominently identifiable against
the background across thresholds, with non-landslide disturbances being
effectively filtered out at higher values. This demonstrates a controllable
trade-off between detection sensitivity and specificity and validates the
selected threshold of 0.5 as a balanced baseline for our dataset.We therefore
emphasize that these thresholds are best utilized as calibration parameters
for operational deployment.

Data availability
Thewhole datasets of DAS, elevation and station generated in this study are
available from the corresponding author on request. The 1Hz DAS signals
andmeteorological data used for analysis and generation in this study canbe
obtained from public data repositories at https://github.com/
zhuchengyuan517/DAS-for-monitoring-landslides.git.

Code availability
The code and scripts used for signal processing in this study can be obtained
from public data repositories at https://github.com/zhuchengyuan517/
DAS-for-monitoring-landslides.git. The other codes used to generate the
plots in this paper are available from the corresponding author on request.
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