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1. Climate change is increasing the frequency and inten‐

sity of extreme events like heat waves, droughts, and

storms, placing forests under growing physiological and

mechanical stress.

2. Common indicators of tree stress, such as sap flow, stom‐

atal conductance, water potential, or photosynthetic ac‐

tivity, provide valuable insights but are costly, maintenance‐

intensive, and difficult to scale for continuous, long‐term

observation. We propose a novel alternative approach:
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tracking tree sway through its seismic ground motion

signature, referred to as the tree’s seismic fingerprint.

These wind‐induced sway signals are intrinsically linked

to the mechanical properties of leaves, branches, and

trunks, which change under environmental stress. Seis‐

mometers offer key advantages: they are non‐invasive,

low‐maintenance, and easily scalable for tree monitor‐

ing across forest plots.

3. Using observations fromground‐based seismometers and

trunk‐mounted accelerometers at the ECOSENSE site

in the Black Forest, we isolated and analysed tree sway

signals based on spectral decomposition and vibrational

mode tracking. We identified consistent tree‐dependent

sway frequencies around 0.2 Hz and demonstrated that

ground‐based sensors can capture sway dynamics with‐

out direct attachment. Using machine learning, we fur‐

ther showed that wind speed can be reliably predicted

from seismic features, revealing that wind‐induced me‐

chanical input is encoded in ground motion.

4. These findings show that seismometers can passively

monitor both environmental forcing and tree biomechan‐

ical response. As such, seismic sensing offers a power‐
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ful, scalable tool for forest monitoring ‐ capable of cap‐

turing stress symptoms tied to both vitality and struc‐

tural stability in the face of climate extremes.
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Machine learning, Seismic sensing, Spectral analysis, Tree sway

NOTE: This manuscript is a non‐peer‐reviewed preprint currently under review at Methods in Ecology and Evo‐

lution (MEE).

1 | INTRODUCTION

Forests worldwide are increasingly affected by climate change, particularly through the rise of extremeweather events

such as prolonged droughts, heatwaves, and intense storms. These stressors may occur independently or in close

sequence, potentially forming compound events that can severely impact forest ecosystems. Droughts accompanied

by heatwaves, often referred to as “hotter droughts,” exert severe physiological stress by simultaneously reducing

water availability and increasing evaporative demand (Allen et al., 2015;Werner et al., 2025). In parallel, the frequency

and intensity of storms, involving high winds, heavy precipitation, and convective gust fronts, are rising in many

regions, increasing the risk of mechanical damage. Such disturbances can cause branch breakage, stem snapping, or

complete uprooting, especially in trees already weakened by drought‐induced loss of turgor or reduced root stability.

As a result, trees face both physiological and structural vulnerability, highlighting the need to monitor hydraulic as

well as biomechanical responses to external environmental stressors.

Addressing the need for scalable, low‐maintenance tree monitoring, we propose a novel, non‐invasive method

using seismometers — ground‐based instruments traditionally employed to record earthquakes (Shearer, 2009) and

near‐surface environmental processes (Larose et al., 2015). While earlier work has shown that trees can dampen
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incoming seismic waves (Colombi et al., 2016; Liu et al., 2019), the reverse is also true: trees driven by wind forces

can act as seismic sources, transmitting low‐frequency vibrations into the ground. Like wind turbines that generate

measurable seismic signals (Limberger et al., 2021; Gassner and Ritter, 2023), swaying trees can be detected by nearby

broadband or short‐period seismometers (Johnson et al., 2019).

This raises a central question: can ground‐based seismic sensors provide a contact‐free approach to monitoring

tree biomechanics across entire forest plots, capturing meaningful sway signals without attaching instruments to the

trees themselves?

Existing methods to assess tree stress often rely on physiological measurements, including sap flow sensors,

dendrometers, leaf water potential, and stomatal conductance. These indicators are closely tied to internal plant

processes but typically require invasive installation, regular maintenance, and are challenging to deploy at scale. In

addition to physiological signals, mechanical responses such as stem sway and branch oscillation offer valuable infor‐

mation about tree structure, water status, and exposure to environmental forces. Accelerometers have been widely

used for this purpose, providing direct measurements of sway dynamics, including natural frequencies, damping be‐

haviour, and canopy motion (Brüchert et al., 2003; Spatz and Theckes, 2013; Ciruzzi and Loheide II, 2019). While

accelerometers offer detailed insight into tree biomechanics, their installation is labor intensive and often limited to

individual trees, making them impractical for large‐scale forest monitoring.

Recent studies have used accelerometers to track drought‐induced changes in tree mechanical properties (Gia‐

chetti et al., 2022), to monitor canopy interception processes during and after storms (Ciruzzi and Loheide II, 2021),

and to measure tree sway and structural characteristics (van Emmerik et al., 2017). Moreover, Ghonimy et al. (2025)

investigated the damping behaviour of olive trees under trunk shaking by analysing transmitted acceleration and en‐

ergy components such as elastic and damping power. Grande et al. (2023) applied structural engineering methods

to dynamically identify vibration frequencies and damping ratios in cherry trees using accelerometers and finite ele‐

ment models, highlighting their potential in tree health monitoring. Wang et al. (2024) studied vibration transmission

in walnut trees by comparing theoretical and measured spatial vibration modes, revealing how vibration propagates

through the trunk and branches depending on frequency and damping characteristics. Raleigh et al. (2022) estimated

snowpack accumulation on conifer canopies.
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These studies underscore the potential of accelerometers in tree biomechanics, yet their deployment often in‐

volves climbing and securing sensors to individual trees, limiting their deployment at the landscape scale. This is where

seismometers offer a major advantage. Installed in the ground and requiring minimal maintenance, they can passively

record tree‐induced vibrations from multiple sources simultaneously. In this study, we assess whether such seismic

recordings can detect key biomechanical traits, especially the natural sway frequency (or eigenfrequency) of trees, a

fundamental vibration mode of the tree–soil system.

This frequency, typically between 0.1 and 5 Hz, reflects the mechanical resonance of the whole tree and depends

on tree height, trunk diameter (DBH), wood properties, and crown structure (Brüchert et al., 2003; Jackson et al.,

2021). For example, Douglas fir (Pseudotsuga menziesii) and Ponderosa pine (Pinus ponderosa) tend to sway at higher

frequencies (0.2–1.5 Hz) due to their vertical form and conical crowns, while European beech (Fagus sylvatica) often

shows lower sway frequencies and stronger damping, attributed to broader crownswith greater surface area andmass

damping from foliage (Moore andMaguire, 2004; Jackson et al., 2019). These species‐specific spectral signatures can

potentially be revealed through seismic recordings, offering a biomechanical lens into how different trees respond to

wind.

Our main ecological question is whether passive seismic sensing can reveal meaningful differences in tree struc‐

ture and sway dynamics across species and environmental conditions, and thus serve as a tool to assess vulnerability

to external environmental stressors, such as storms or drought.

To address this, we analyse co‐located seismic and accelerometer data from six trees under natural wind forc‐

ing. We identify dominant vibrational modes and evaluate their stability and variability over time, translating these

dynamics into seismic features used to predict wind speed. Wind speed serves as a proxy for mechanical forcing on

trees, and and estimating it from passive seismic signals offers a means to quantify tree exposure without relying

on direct wind measurements. Our results show that ground‐based seismic recordings retain rich information about

aboveground sway behaviour ‐ highlighting a new, non‐invasive pathway for scalable monitoring of tree mechanical

responses in forest ecosystems.
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2 | MATERIALS AND METHODS

2.1 | ECOSENSE Site and Dataset

ECOSENSE is an interdisciplinary research project and platform located near Ettenheim, Germany, designed to moni‐

tor forest ecosystem functioning across multiple spatial and temporal scales (https://www.ecosense.uni‐freiburg.de).

The ECOSENSE Forest is a structurally heterogeneous forest located at the foothills of the Black Forest, primarily

composed of European Beech (Fagus sylvatica) and Douglas fir (Pseudotsuga menziesii), with additional presence of

Norway spruce (Picea abies), pedunculate oak (Quercus robur), silver fir (Abies alba), and Scots pine (Pinus sylvestris),

consisting of trees of varying ages and arranged in both mixed and pure patches. The network integrates a diverse

suite of in situ and remote sensors that continuously collect comprehensive data from soils, trees, and the atmosphere,

spanning from ground level to the forest canopy (Werner et al., 2024). The instrumentation is rapidly expanding and

undergoing continuous development to improve measurement capabilities.

In July 2024, the ECOSENSE network was augmented with a set of seismic sensors, installed for long‐term quasi‐

continuous ground vibration monitoring across a mid‐sized forest plot of approximately 400 m². Data are recorded at

a sampling frequency of 100 Hz (Figure 1A,B). The seismic array comprises six 3‐component broadband seismometers

(Trillium Compact 120s, Nanometrics) connected to DATA‐CUBE³ recorders (Digos, Omnirecs). To optimize seismic

coupling and reduce environmental noise, the sensors were buried in 30 cm deep holes resting on concrete slabs (Fig‐

ure 1C). Complementing the long‐term seismometer array, accelerometers (Episensor, Kinemetrics) were temporarily

mounted on six trees within the plot. For one selected tree per measurement period, three 3‐component accelerome‐

ters were attached directly to the trunk using lashing straps, with a vertical spacing of 1meter between sensors (Figure

1B,D). Each accelerometer was connected to a DATA‐CUBE³ recorder. Three trees were equipped and monitored for

6 days in July 2024, and three additional trees for 9 days in August 2024, enabling comparison across species, stem

diameters and heights. The instrumented individuals include Douglas fir and beech trees, with diameters at breast

height (DBH) ranging from approximately 30 to 60 cm, and heights (H) between about 26 to 36 m (Table 1).
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TABLE 1 Overview of instrumented trees with acceleration measurement period, including species identity,
diameter at breast height (DBH), tree height (H) and DBH/H² (after Moore and Maguire (2004)). Also shown are
median values per tree for: primary peak amplitude (unitless), primary peak frequency (Hz), mean and total power
from the power spectral density (PSD) in decibels (dB), and the PSD peak frequency (Hz).

Tree ID ACC Period Species DBH H DBH/H² Primary Amp Primary Freq Mean PSD Total PSD PSD Peak Freq

4_62 07/2024 Douglas Fir 59.84 35.3 0.048 6,359 0.25 1,298 118,156 0.26

8_18 07/2024 Douglas Fir 30.24 28.0 0.039 2,964 0.23 1,272 115,726 0.24

4_67 07/2024 Beech 39.15 30.5 0.042 18,718 0.23 3,400 309,409 0.23

6_23 08/2024 Beech 40.11 26.4 0.058 38,063 0.20 6,105 555,527 0.19

5_28 08/2024 Beech 38.20 28.6 0.047 74,147 0.20 13,183 1,199,672 0.18

5_64 08/2024 Beech 34.06 27.9 0.044 18,091 0.20 2,960 269,397 0.19

2.2 | Spectral and Eigenvector Analysis

All seismic and acceleration time series were preprocessed by averaging the two horizontal components (north‐south

and east‐west), discarding the vertical component, applying a bandpass filter (0.1–1 Hz), downsampling to 5 Hz, and

masking known data gaps to avoid introducing artifacts in spectral estimates.

To captured the dynamic frequency content of tree sway, time‐resolved spectrogramswere computed using short‐

time Fourier transforms (STFT) via scipy.signal.spectrogram, with window lengths ranging from 10 to 30 minutes

depending on sensor type and dataset. Each window was tapered with a Hann function and 50 % overlap to balance

temporal and spectral resolution. From each window, we extracted up to three dominant frequency peaks, classified

as primary, secondary, and tertiary, using a prominence‐ and spacing‐based peak detection. These peaks were tracked

over time to evaluate their persistence and variability.

In parallel, unfiltered power spectral densities (PSDs) were computed from one‐minute segments using Welch’s

method (Welch, 1967) to characterize the long‐term frequency distribution of vibrational energy. PSDs were grouped

by wind speed bins and averaged to reveal wind‐dependent spectral behaviour. To reduce the influence of extreme

outliers, the top 25% of PSDs by amplitude were excluded. Together, the spectrogram‐based peak and PSD evolution

enabled systematic comparisons across tree species, biomechanical traits (H, DBH, DBH/H²), and sensor configura‐

tions. To analyse coherent motion patterns, we applied singular value decomposition (SVD) using numpy.linalg.svd

to the spectrograms of individual sensor time series. Each decomposition yielded spatial and temporal eigenvectors

that isolate dominant vibrational modes specific to a given sensor.
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F IGURE 1 A Seismic instrument set‐up at the ECOSENSE site within the Black Forest. The locations of the
belowground seismometers are indicated by white triangles, the locations of trees/trunks equipped with three
vertically aligned accelerometers are indicated by grey hexagons. B Picture of the field deployment of an
instrumented tree with three trunk‐mounted accelerometers (ACC) and one co‐located seismometer (SEISMO). C
The seismometer: A Trillium Compact 120 s sensor (Nanometrics) was buried at 30 cm depth, based on a concrete
slab and connected to a DATA‐CUBE³ (Digos, Omnirecs) recorder, a GPS antenna and batteries (9 V, 130 Ah, Patura),
all stored in a grey box. D Exemplary accelerometer: Three Episensors (Kinemetrics) were strapped to the trunk with
a vertical spacing of 1 m connected to a DATA‐CUBE³ (Digos, Omnirecs) recorder, a GPS antenna and batteries (9 V,
130 Ah, Patura) as well.

Althoughwe refer to this framework as SVD, it is mathematically equivalent to principal component analysis (PCA)

when applied to mean‐centered data, with the right singular vectors corresponding to principal components and the

singular values relating to explained variance. By comparing the resulting eigenvectors across co‐located instruments

(one ground‐based seismometer and three accelerometers mounted at different heights on the same tree), we charac‐
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terized differences in vibrational behaviour and sensitivity. This Fourier‐ and eigenvector‐based framework enables

robust identification of key sway dynamics across sensor types and tree structures under varying environmental con‐

ditions.

2.3 | Gradient‐boosted decision tree model

We trained gradient‐boosted decision treemodels using the XGBoost framework (Chen andGuestrin, 2016) to predict

wind speed from seismic features. The input features consisted of the median, across all seismometers, computed at

10‐minute time steps. Spectral features included the primary, secondary, and tertiary peak frequencies and their cor‐

responding amplitudes extracted from the spectrograms as well as the seismic power within the 0.1–1 Hz frequency

band. In addition, we incorporated summary statistics derived from power spectral density (PSD) vectors, including

total PSD power, mean PSD power, and peak PSD frequency between 0.1 and 1 Hz. These PSD‐based features pro‐

vided complementary descriptors of spectral energy distribution and enhanced the feature space beyond individual

peaks. Prior to modeling, all features were smoothed using a rolling mean filter to reduce high‐frequency noise and

improve signal stability.

To guide the choice of model validation strategy and ensure independence between training and test samples,

we assessed the temporal autocorrelation structure of all input features and the wind speed target. This step was

necessary to avoid data leakage from temporally correlated observations, which can otherwise lead to overestimated

model performance. We computed autocorrelation functions for each feature, using normalized time series derived

from themedian across all seismometers (see Supporting Figure S3). Features such as seismic power and spectral peak

amplitudes showed relatively slow autocorrelation decay, while higher‐order spectral peaks decayed more rapidly.

Most features reached minimal autocorrelation around a 7‐day lag, which informed our choice of block size for cross‐

validation. A block‐wise train‐test split with a 7‐day windowwas therefore implemented tominimize overlap between

temporally dependent samples.

Model training, preprocessing, and evaluation were performed using the Python libraries XGBoost, scikit‐learn,

and SHAP. Model performance was evaluated using stratified 5‐fold cross‐validation with preserved block structure.
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For model interpretability, SHapley Additive exPlanations (SHAP) analysis (Lundberg and Lee, 2017) quantified the

marginal contribution of each feature to the predictions. This combined approach of autocorrelation‐aware splitting,

cross‐validation, and SHAP interpretation provided robust and transparent insights into the seismic indicators of wind

speed.

3 | RESULTS

3.1 | Spectral responses to wind loading

To capture both the time‐varying and broadband aspects of wind‐driven sway and to reveal how structural and en‐

vironmental factors modulate tree vibrational behaviour, we used a combined approach of spectrogram‐based peak

and PSD evolution. The synchronized recordings from accelerometers and a co‐located seismometer revealed a con‐

sistent vibrational signature of tree sway dynamics. During the monitoring period from July 5–10, 2024, all sensors

‐ whether trunk‐mounted accelerometers or buried seismometer (see Figure 2A for instrument set up) ‐ captured

a persistent energy concentration around 0.25 Hz, as shown in the time‐frequency spectrograms (Figure 2B). This

dominant sway frequency was most evident during windier intervals and remained stable throughout the observation

window. Spectral peak tracking using 10‐minute moving windows showed that the primary frequency component

(highlighted in red) persisted near 0.25 Hz, while secondary and tertiary peaks (blue and grey, respectively) appeared

more intermittently (Figure 2C). When comparing amplitude spectra across all sensors, a vertical gradient in sway

intensity was observed, with higher‐amplitude responses recorded by accelerometers mounted higher on the trunk

and ground‐based seismometers exhibiting lower sensitivity at higher frequencies (Figure 2D).

Wind‐dependent PSDs derived from sensors at tree 4_62 (Douglas fir) exhibit a distinct frequency peak at 0.25Hz

that increases significantly with wind speed (Figure 3). The centre frequency of this peak is consistently observed

both in trunk acceleration and in seismic ground motion. A slight increase in seismic noise level between 0.16 and

0.6Hz, even during very lowwind speeds of <2m/s, corresponds to ocean‐generatedmicroseismic noise (Hasselmann

(1963), Figure 3A). Nevertheless, superimposed on this background noise is the tree’s fundamental vibration, which
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becomesmore pronounced during strongwind conditions. In contrast to PSDs derived from trunk accelerometers, the

seismic fundamental frequency is not discernible during wind speeds of 0‐1 m/s, even though the trunk sways slightly.

An additional distinct peak at 1.15 Hz, observed across all seismic sensors but not detected by the accelerometer,

correlates with wind speed and is attributed to nearby wind turbines located approximately 3 km from the study site.

This phenomenon will be explained in the discussion.

Time‐resolved analysis of spectral features revealed consistent patterns across time, sensors and tree species and

their individual biomechanical traits. In the frequency domain (see Supporting Figure S1), primary, secondary, and ter‐

tiary peaks displayed clear clustering by species, particularly for Douglas Fir and Beech individuals, with relatively

stable yet distinct spectral bands. Over time, minor shifts in frequency content appeared to co‐occur with windier

conditions, particularly for tertiary peaks, which were more variable in accelerometer data. The amplitude evolution

(see Supporting Figure S2) showed pronounced peaks aligned with increased wind speed, especially in primary com‐

ponents. Seismometers typically recorded sustained, low‐frequency, high‐amplitude motion, while accelerometers

captured more transient, high‐frequency bursts during periods of elevated wind activity. In the PSD‐based metrics

(Figure 4), total andmean power increased during wind events across most species. The PSD peak frequency followed

similar temporal dynamics to the frequency‐based peaks and showed higher variance in accelerometer recordings. To‐

gether, these observations confirm consistent feature evolution across all three spectral descriptors under changing

wind conditions.

Distributions of peak vibrational features, summarized across all time windows and grouped by species (Figure 5,

Table 1), revealed clear species‐specific patterns. Primary peaks tended to be the strongest and most tightly clustered,

while secondary and tertiary peaks showed greater spread and lower median amplitudes. Beech trees exhibited

substantially higher primary peak amplitudes (18,091–74,147) and total PSD power (269,397–1,199,672 dB) than

Douglas firs (amplitudes: 2,964–6,359; total PSD: 115,726–118,156 dB), whose signals were characterized by slightly

higher primary (0.23–0.25 Hz) and PSD peak frequencies (0.24–0.26 Hz) compared to beech (both 0.18–0.23 Hz).

These trends were consistent across trees with varying diameters at breast height (DBH) within each species. Median

values and violin plot shapes further showed that beech signals often had broader or more asymmetric distributions,

especially for secondary and tertiary peaks. The strongest amplitudes and power values were recorded in August
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2024, although the overlap with species identity (all August measurements were from beech trees) prevents clear

separation of seasonal and taxonomic effects.

Across all individuals, tree height (H) ranged from26.4 to 35.3m and showed aweak positive correspondencewith

primary and PSDpeak frequencies (Table 1): treeswith greater height (30.5–35.3m) exhibited higher peak frequencies

(0.23–0.26 Hz), while those with lower height (26.4–28.6 m) showed lower frequencies (0.18–0.20 Hz). Primary

amplitudes (2,964–74,147) and total PSD values did not follow a consistent pattern with height. DBH ranged from

30.24 to 59.84 cm and showed a similar pattern: higher DBH values (39.15–59.84 cm) were generally associated with

higher peak frequencies (0.23–0.25 Hz), but not with consistent changes in amplitude. The ratio DBH/H², calculated

as a geometric proxy after Moore and Maguire (2004), ranged from 0.039 to 0.058 cm/m² and reflected the same

frequency trend: lower ratios (0.039–0.044) corresponded to lower peak frequencies (0.20–0.23 Hz), while higher

ratios (0.047–0.058) were associated with frequencies of 0.23–0.25 Hz. No consistent relationship was observed

between DBH/H² and primary amplitudes or PSD power.

Singular value decomposition (SVD) applied to the spectrograms of individual sensor time series revealed con‐

sistent spatial and temporal patterns across co‐located seismic sensors (Figure 6). The first three singular vectors

accounted for approximately 40.8 % of the total variance in the spectrograms, with the leading mode alone explain‐

ing 23.9 %, indicating a strong low‐rank structure even at the level of individual sensors. The temporal eigenvector

amplitudes (panel A) show that dominant temporal modes (EV1–EV3) were expressed across all station types, with

particularly strong and consistent contributions from the trunk‐mounted accelerometers. In contrast, the spatial eigen‐

vectors (panel B) highlight systematic differences in sensor sensitivity to each mode. Higher‐mounted accelerometers

tended to contribute more strongly to higher‐order components, while the ground‐based seismometer loaded more

heavily on the first mode. These patterns suggest a vertical organization of sway dynamics, with spatial and temporal

components separating vibrational modes by sensor position and complexity.
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F IGURE 2 A The instrument set‐up with three tree‐attached accelerometers (ACC) and one co‐located buried
seismometer (SEISMO). B Spectrograms, C rolling spectral peaks using 10‐minute moving windows applied to the
Fourier‐transformed signals, and D global amplitude spectra for the time period 07‐05‐2024 to 07‐10‐2024 of the
pre‐processed seismometer signal (C67) and accelerometer signals around tree 4_62 (Douglas fir, see Figure 1 for
locations). All signals consistently exhibit a spectral peak near 0.25 Hz, with the amplitude increasing proportionally
with sensor height. The primary peaks are shown in red, secondary in blue, and tertiary in grey.
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F IGURE 3 Wind‐dependent Power Spectral Densities (PSDs) derived from A seismometer data and from B–D
accelerometers mounted along the trunk of tree 4_62 (Douglas fir). PSDs are grouped and averaged by wind speed.
n denotes the number of spectra averaged within each group, with fewer spectra available at higher wind speeds. To
enable relative comparison between accelerometers, PSD amplitudes are commonly scaled. PSDs from all sensors
exhibit a significant wind‐dependent spectral peak at 0.25 Hz. An additional seismic peak at 1.15 Hz (A), which
typically corresponds to the eigenfrequency of wind turbines, most likely originates from wind turbines located
approximately 3 km away.

3.2 | Prediction of wind speed from seismic features

TheXGBoostmodelwas evaluated across a continuous period from July 2024 toMarch 2025 using a 5‐fold block‐wise

cross‐validation approach. The predicted wind speed closely followed the observed measurements (Figure 7A‐B) and
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F IGURE 4 A Time‐resolved PSD features (peak frequency, mean power, and total power) of all sensors (SEISMO,
1st ACC, 2nd ACC, 3rd ACC), color‐coded by species. B Same peak data as in A, but color‐coded by sensor type.
Wind speed (in m/s) is shown as a filled grey area in the top subplot to indicate environmental forcing during the
shared measurement periods (early July and late August 2024). All y‐axes are log‐scaled. Each point represents a
PSD feature within a 10‐minute time window.

no systematic overestimation or underestimations was detected (Figure 7C). The model achieved an RMSE of 1.092

(CC=0.80, MAPE=0.47) for training data and 1.088 (CC=0.79, MAPE=0.44) for test data. The SHAP feature attribution

revealed varying importance of PSD frequencies, indicating that the total PSD power (22.20 %), peak PSD frequency
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F IGURE 5 A Distribution of spectral peak amplitudes grouped by tree species. Individual tree IDs are given in
brackets and link to Table 1. Peak types are color‐coded as primary (red), secondary (blue), and tertiary (grey). B
Corresponding violin plots of peak frequencies. C Distribution of PSD‐based features by species: peak frequency
(red), mean power (blue), and total power (gray). Red peak frequencies are plotted on a secondary y‐axis. Dotted
lines connect median values across species to illustrate relative shifts. All y‐axes use a logarithmic scale.

(19.50 %), and secondary peak amplitude (19.50 %) contributed most prominently to the model’s predictions (Figure

7D).
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spatial and {‐0.02, 0, 0.02} for temporal components, based on the global minimum and maximum values across the
entire dataset.
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4 | DISCUSSION

4.1 | Seismic monitoring as a scalable alternative to accelerometers

Our findings confirm that seismic measurements are a promising alternative to accelerometer‐based monitoring of

tree sway dynamics. By capturing the same dominant vibrational modes, particularly the fundamental sway frequency

around 0.2 Hz, seismic sensors provide signals that are functionally equivalent to those obtained from accelerometers,

but without requiring physical attachment to the tree. This fundamental frequency was consistently detected across

species, environmental conditions, and over extended periods, demonstrating the robustness of the seismic approach.

Importantly, seismic sway signals exhibited a clear and consistent dependence onwind forcing. The extracted spectral

features, such as power, peak frequency, and amplitude, formed the basis of a predictive model that successfully

inferred wind speed directly from groundmotion. This confirms that seismic signals inherently encode the mechanical

response of trees to wind, effectively capturing the input–output dynamics of tree sway. If wind forcing can be

robustly inferred from seismic sway signatures, then the inverse problem ‐ using changes in sway features as proxies

for structural or physiological stress — becomes tractable. Such an approach could enable the detection of altered

tree biomechanics under drought or other climate stressors, offering a scalable, non‐invasive tool for forest health

monitoring in a changing climate.

4.2 | Dominant sway frequency encodes tree structural properties

The stability and coherence of the dominant 0.25 Hz sway frequency across both trunk‐mounted and ground‐based

sensors reflect a robust sway mode that spans the tree‐stem–soil system. Its consistent presence across tree species,

diameters, and heights, as well as under varying wind conditions, suggests it represents a fundamental structural

property of the tree, rather than a transient or sensor‐specific artifact. The vertical amplitude gradient observed along

the trunk corresponds to a typical cantilever‐like mode shape, with motion increasing toward the top. The detection

of this resonance in seismometer recordings further confirms the strong coupling of aboveground tree sway into the
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surrounding substrate. Notably, our analysis also showed that trees with greater height or higher DBH tended to

sway at slightly higher fundamental frequencies, while the geometric ratio DBH/H², used as a proxy for mechanical

stability, similarly tracked with changes in spectral content. These relationships reinforce the interpretation that sway

frequency encodes structural information and that simple morphological metrics can meaningfully reflect a tree’s

dynamic response.

Our analysis of sway patterns using singular value decomposition (SVD) reveals that different parts of the tree

respond differently to wind, and that these responses can be captured by both seismic and accelerometer sensors.

Specifically, the strongest andmost consistent sway signals, what we call the dominant vibrationmode, were detected

by all sensors over time. However, the sensor’s location influenced what aspects of the sway it was most sensitive to.

Accelerometersmounted higher on the trunk capturedmore complex, higher‐ordermotion patterns, while the ground‐

based seismometer primarily detected the dominant, low‐frequency sway of the entire tree. This confirms that tree

sway is vertically structured (Kolbe et al., 2024), with distinct types of movement occurring at different heights. Here,

we demonstrated that combining seismic and accelerometer data is essential to disentangle these layered dynamics.

Ultimately, this spatial separation of vibrational modes offers a new way to study how trees sway from root to crown,

opening the door to ecologically relevant insights into tree structure, stability, and wind exposure.

While the frequency content of primary and secondary spectral peaks remained relatively stable over time, these

features consistently aligned with species‐specific frequency bands. This spectral stability is consistent with struc‐

tural resonances governed by tree architecture, such as height, diameter, and branching pattern. These resonance

bands appeared in both accelerometer and seismic recordings, supporting their potential to characterize biomechan‐

ical traits across different trees. In contrast, tertiary peaks and PSD‐derived peak frequencies exhibited greater tem‐

poral variability—especially in accelerometer data—suggesting they reflect more localized or flexible dynamics, such

as branch motion or canopy flutter.

The temporal variation in secondary and tertiary peak occurrence likely reflects more localized or transient vibra‐

tional modes, possibly triggered by wind gusts, turbulence, or movement in finer branches (Kolbe et al., 2024). This

interpretation is supported by the greater variability of these peaks in accelerometer data compared to seismic signals

(Figure 2C and Supporting Figure S2), especially during periods of increased wind activity.
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4.3 | Species‐specific variation in sway dynamics

Species‐specific clustering of peak frequencies and amplitudes (Figure 5) further suggests that differences in crown

architecture, wood stiffness, and damping behaviour modulate these responses. Notably, higher‐mounted accelerom‐

eters captured stronger andmore frequent high‐frequency components than lower‐mounted ones or the seismometer

(Figure 2D and Figure 6), indicating that sensor height plays a key role in resolving spectral detail. Additionally, broader

distributions and lower amplitudes of tertiary peaks in some species may indicate greater structural flexibility or more

complex modal behaviour. The drop‐off in magnitude from primary to tertiary modes appears more pronounced

in Douglas firs than in beeches, which may reflect interspecific differences in energy dissipation and biomechanical

strategies to cope with wind exposure.

The species‐specific differences in peak distributions, such as broader spreads and higher amplitudes in beech,

likely stem from underlying biomechanical contrasts, including variations in stiffness, damping, and crown dynamics.

That these differences persisted across trees of varying size suggests that structural architecture, rather than stem

diameter alone, shapes the vibrational response. We confirmed that geometric scaling via DBH/H² offers a simple yet

powerful way to compare trees of different sizes, revealing consistent trends with sway frequency. This supports long‐

standing theory that tree shape and structure influence how individuals respond to wind (Moore and Maguire, 2004).

Trees with lower DBH/H² values swayed more slowly, reflecting more flexible or top‐heavy forms, while those with

higher ratios showed faster, stiffer motion. These differences suggest ecological significance: species with inherently

higher DBH/H² ratios may be more wind‐resilient, offering a biomechanically grounded trait for comparing species’

vulnerability to storms and climate‐driven mechanical stress.

Beyond static spectral characteristics, our time‐resolved analysis revealed that wind acts as a dominant and dy‐

namic modulator of tree sway signals. Periods of elevated wind speed consistently aligned with increases in spectral

amplitude and total power, confirming that mechanical energy input fromwind is reliably encoded in both accelerome‐

ter and seismic data. The strong temporal coherence observed across spectral peak amplitudes, dominant frequencies,

and PSD power metrics indicates a robust physical coupling between environmental forcing and tree motion. These

results reinforce the core premise of our approach: that seismic and accelerometer‐based spectral features can serve
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as scalable, passive proxies for real‐time monitoring of wind‐driven tree dynamics.

4.4 | Model limitations and seismic noise interference

While we demonstrate that seismometers are capable of capturing characteristic vibrational components of a nearby

tree, other noise sources, such as wind turbines in the vicinity, may be mistakenly interpreted as tree‐induced ground

motion, as shown by the significant 1.15 Hz peak identified in Figure 3. Both trees and wind turbines exhibit similar

vibrational behaviour, with eigenfrequencies excited by wind forcing either the tree canopy or the turbine tower

due to the turbines rotation. Wind turbines typically emit signals predominantly above 1 Hz detectable kilometres

away (Zieger and Ritter, 2018; Neuffer and Kremers, 2017), with distinct frequency peaks consistently observable

at all seismometers in the vicinity. Hence, they share a common frequency range as trees (0.1–5 Hz), depending on

the dimensions and properties of the trees. Another notable parallel between trees and wind turbines are potential

interferences of wave fields emitted by multiple resonators of its kind (forest or wind farms) which, on the one hand,

complicates a robust detection and characterization of the wind‐dependent and dynamic wave fields. On the other

hand, this allows the detection of multiple seismic fingerprints simultaneously (Limberger et al., 2021). As shown with

our dataset, different types of trees in a forest contribute in distinct ways to the complex, superimposed wave field

recorded by one or more seismometers in a forest. This highlights the importance of identifying and constraining the

primary contributing features and spatial dependencies.

Additionally, ocean microseismic noise falls within a similar frequency range as the fundamental tree sway fre‐

quency (Hasselmann, 1963). In particular, during winter months when ocean conditions are rougher, this background

noise can mask tree vibrations. In contrast, such noise levels are significantly lower in the summer, improving the

chances of detecting tree‐induced signals as demonstrated in our study.

Nonetheless, model limitations were evident at the boundaries of the wind speed distribution. Under low wind

conditions (below2m/s), themodel tended to over‐predict, while short‐lived highwind peakswere occasionally under‐

estimated. These discrepancies likely stem from the temporal smoothing of features and the limited responsiveness of

some input variables to rapid changes. Also, the seismic sensors may not be sensitive to slight vibrational changes at



22 UMLAUFT ET AL.

low wind speeds (approximately between 0–2 m/s, Figure 3A), as dominant external seismic noise sources can reduce

their sensitivity. In contrast, accelerometers provide sensitivity during lowwind speeds (Figure 3B–D), when attached

to the stem allowing robust detection of small vibrational changes. Feature importance analysis using SHAP values re‐

vealed that total PSD power, peak PSD frequency, and secondary peak amplitude were the most influential predictors.

Notably, broadband PSD metrics outperformed many peak‐based features, suggesting that aggregate spectral energy

more robustly encodes wind forcing (Spatz and Theckes, 2013). Still, higher‐order peak amplitudes and frequencies

contributed additional predictive value, indicating that fine spectral structure plays a supporting role. These findings

underscore the utility of passive seismic features for estimating wind conditions but also point toward opportunities

to improve prediction accuracy, particularly under extreme or rapidly fluctuating environmental scenarios.

5 | CONCLUSIONS

This study demonstrates that seismic measurements can serve as a viable, scalable alternative to accelerometer‐based

methods to capturewind‐induced tree sway. By isolating species‐specific vibrational signatures in both seismic and ac‐

celeration data, we show that fundamental swaymodes, particularly around 0.2 Hz, are consistently detectable across

species, stem diameters, heights, and environmental conditions. These low‐frequency resonance patterns reflect a

robust mechanical response of trees and highlight the potential for seismometers to passively monitor biomechanical

behaviour without direct attachment to individual trees.

Our frequency‐based analyses reveal a structured and vertically differentiated sway response. Accelerometers

mounted higher on trunks captured more complex, high‐frequency motion patterns, while ground‐based seismome‐

ters were most sensitive to the dominant stem‐level sway. This vertical organisation of sway dynamics underscores

the value of combining both sensor types to resolve layered movement patterns from root to crown.

Importantly, we found that structural traits such as tree height, DBH, and the geometric ratio DBH/H² corre‐

lated with sway frequency. While mathematical theory already tells us that morphological metrics can predict how

trees respond to wind, our results demonstrate that these relationships can be observed passively through seismic
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measurements. Trees with greater height or higher DBH exhibited slightly elevated peak frequencies, while those

with lower DBH/H² ratios swayed more slowly, consistent with more top‐heavy or flexible forms. This novel insight

strengthens the interpretation of seismic sway signals as expressions of underlying biomechanics, offering a pathway

toward linking vibrational signatures to physical structure in a non‐invasive and scalable way.

Critically, spectral features extracted from seismic data enabled accurate prediction of wind speeds usingmachine

learning, confirming that wind‐induced sway is reliably encoded in ground motion. This supports the core premise

of our study: that seismic signals inherit meaningful biomechanical information and can serve as proxies for environ‐

mental forcing. Looking ahead, this approach offers a way to monitor tree condition over time ‐ where deviations in

sway behaviour could signal changes in structural integrity, water status, or vulnerability to storm damage.

As climate change increases the frequency and severity of both drought and mechanical disturbance, there is

growing need for low‐maintenance, scalable methods to assess tree health and stability. Our findings suggest that

the seismic fingerprint of tree sway is not merely a side effect of motion, but a valuable ecological signal. With

further development, this method could support long‐term forest monitoring and early warning systems grounded in

the principles of environmental seismology. Compared to accelerometers, seismometers offer a less invasive, more

scalable solution, which is well‐suited for continuous, multi‐tree monitoring across forest plots. By capturing both

vitality‐related changes (e.g., reduced damping under drought) and indicators of structural vulnerability (e.g., resonance

shifts before failure), seismic sway sensing offers a unified framework for tracking forest resilience under climate

extremes.
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F IGURE S1 A Time‐resolved spectral peaks (primary, secondary, and tertiary) of all sensors (SEISMO, 1st ACC,
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(in m/s) is shown as a filled grey area in the top subplot to indicate environmental forcing during the shared
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F IGURE S2 A Time‐resolved spectral peak amplitudes (primary, secondary, and tertiary) of all sensors (SEISMO,
1st ACC, 2nd ACC, 3rd ACC), color‐coded by species. B Same peak data as in A, but color‐coded by sensor type.
Wind speed (in m/s) is shown as a filled grey area in the top subplot to indicate environmental forcing during the
shared measurement periods (early July and late August 2024). All y‐axes are log‐scaled. Each point represents a
detected peak amplitude within a 10‐minute time window.
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F IGURE S3 A Normalized time series of all model input features and the target variable (wind velocity). B
Corresponding autocorrelation functions of the same features and target. Each time series represents the median
value across all seismometers, computed at 1‐minute intervals. Features include seismic power in the 0.1–1 Hz
band, as well as primary, secondary, and tertiary peak frequencies and their corresponding amplitudes, all extracted
from spectrograms. Further, summary features were derived from PSD analysis which include total PSD power,
mean PSD power, and peak PSD frequencies. Prior to modeling, the time series were smoothed using a rolling mean
to reduce high‐frequency noise.
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