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Abstract Characterizing the shallow subsurface seismic structure is essential for a broad spectrum of
geophysical analyses, including seismic event detection, ground motion monitoring, and the assessment of
anthropogenic activities. However, data collection in urban areas is often constrained by practical or logistical
challenges associatedwith the deployment of sources and receivers, particularly in scenarios requiring dense
seismic data acquisition. This study seeks to address the practical limitations of traditional seismic sources
in urban areas by utilizing footsteps as a novel data source recorded by distributed acoustic sensing (DAS).
We show that footstep-generated seismic waves can be effectively used to calculate shear wave velocities
and perform reflection imaging of the shallow subsurface. By inverting dispersion curves from footstep data,
we generated a 2-D shear wave velocity profile, which was compared to an existing 3-D model obtained from
conventional active sources. Our results indicate that footstep sources canprovidehigh-resolution subsurface
imaging to depths of ~25 m, enhancing seismic models in urban environments where traditional methods
may be less practical. This innovative approach offers a potential solution for improving our understanding
of subsurface structures in earthquake-prone regions.

Non-technical summary Understanding the structure of the Earth beneath urban areas is crucial
for assessing earthquake risks. Traditionalmethods of collecting seismic data often face challenges in densely
populated settings. In this study, we explored a newapproachby using footsteps as a source of seismicwaves,
recorded throughdistributedacoustic sensing (DAS).We found that these footsteps canhelpus createdetailed
calculations of the structure and properties of the shallow subsurface. Our findings suggest that using foot-
steps can provide valuable information about underground structures, which is essential for improving safety
measures in cities at risk of earthquakes. This method is not only innovative but also offers amore accessible
way to gather seismic data in urban environments.

1 Introduction
Characterizing shallow wave speeds in the upper 30 m
of the Earth (i.e., Vs30 calculations; McPhillips et al.,
2020) provides valuable data for various applications,
such as seismicmonitoring, modeling very-near source
wave propagation, or seismic hazard analysis, among
others. Vs30 is necessary for understanding ground
motions from waves generated by seismic sources, but
it can also improve hyper-local seismic wave propaga-
tion models. Models of very shallow seismic structure
can also complement larger Earth models, benefitting
analyses like source detection, discrimination, and lo-
cation. Efforts to collect data in urban areas for such
models can encounter practical or logistical limitations
in source and/or receiver placement. Distributed acous-
tic sensing (DAS), which utilizes fiber-optic cables as a
series of vibrational sensors, can collect seismic data
at high spatiotemporal resolutions (Lindsey and Mar-
tin, 2021). Fiber-optic cables are ubiquitous in urban
settings where researchers may have limited access to
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install sensors in urban environments. Thus, DAS pro-
vides a unique opportunity for in situ means of collect-
ing data. DAS has been used to characterize the shal-
low subsurface, demonstrating its potential for calcu-
lating subsurface wave speeds (Fukushima et al., 2022;
Liu et al., 2022; Zhou et al., 2022; Hong et al., 2024; Li
et al., 2025) and imaging reflectivity (Wu et al., 2017).

While dense instrumentation in urban areas can be
achieved using DAS, sources may be limited. Passive
sources (e.g., ambient noise or teleseisms)maynot have
the correct frequency content to resolve the upper 30m
of the subsurface. Active sources (e.g., weight drops or
vibroseis) in urban environmentsmaybe difficult or im-
possible to execute due to practical or logistical barri-
ers. Thus, to fully leverage urbanDAS to create high res-
olution images of the shallow subsurface, an alternative
and widely available opportunistic source is needed.
Footsteps are a suitable candidate source that can be
recordedbyDAS (e.g., Kang et al., 2025; Yuanet al., 2025;
Zhou et al., 2024; Jakkampudi et al., 2020) in urban set-
tings. They can be located using back-projection with
similar accuracies to GPS when occurring within ~24 m
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Figure1 Basemapsatellite imageof theFacility forAcceptance, Calibration, andTesting (FACT) site showingDAS fiber (black
line), footstep path (green line), AWD locations recorded by DAS (numbered stars), and reflection locations (red lines). The
footprint of the 3-D survey by Abbott et al. (2006) is shaded in gray with their geophones (circles) and AWD sources (stars)
marked. The A-A’ profile used in this study is shown as a dotted line. CDP – common depth point; NOS – near offset.

of a fiber (Luckie et al., 2025), allowing their use as a hy-
brid passive-active source in seismic analysis.
Here, we demonstrate the use of footstep sources to

perform shallow shear wave speed (Vs) calculations by
inverting dispersion curves. We also use the energy
generated by footsteps to perform reflection imaging
of the shallow subsurface. For ground-truth, we com-
pare our results to an existing 3-D Vs model, assembled
using accelerated weight drop (AWD) sources recorded
by a 2-D array of geophones (Abbott et al., 2006). We
compare a reflection profile calculated using footstep
arrivals to a synthetic reflection profile calculated from
our Vs model. Our results show that we can generate
high-resolution wave speedmodels of the subsurface in
urban environments using footsteps recorded by DAS,
providing ameans to improve seismic wave speedmod-
els in areas difficult to instrument.

2 Data collection

DAS data were collected at Sandia National Labora-
tories’ (SNL) Facility for Acceptance, Calibration, and
Testing (FACT) site (Figure 1). The DAS interrogator

was a Silixa iDAS-MG collecting data along a 142 m long
single-mode armored cable. The sampling frequency
was 1000Hzwith a gauge length of 3mand virtual chan-
nel spacing of 0.25 m. The fiber installation was, in or-
der from the interrogator unit: 10 m on the surface,
10 m buried in concrete, 10 m buried in grout, and 10 m
inside a buried rain gutter. The remaining fiber length
was directly buried ~0.25 m below ground surface. Pre-
vious studies using this data did not see an appreciable
effect of coupling or burial type on the recorded footstep
arrival amplitudes (e.g., Luckie et al., 2025).

A ~50m path of footsteps running parallel to the fiber
were used as sources for this analysis (Figure 1). Foot-
steps followed a normal walking gait and pace (Luckie
et al., 2025). The walking path and DAS fiber run paral-
lel to the northeast edge of the FACT site. The path fol-
lowed an unpaved, graded road. A total of 53 footsteps
were recorded along this segment (Figure 2). Individual
footstep data gathers containing 40 channels wereman-
ually cut from theDAS recordings and high-pass filtered
above 1 Hz for downstream processing. The spacing of
these footsteps permit reflection imaging of a common
depth point (CDP) profile. For additional ground truth
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of our results, three AWD shots were recorded by DAS
(Figures 1,3). Note that these AWD sources are different
from the AWD-geophone survey of Abbott et al. (2006).
TheseAWD-DASdata permitted two sections of CDPand
one section of near-offset (NOS) imaging (Figure 1). Be-
cause of the sparse spacing of these AWD sources, only
a coarse CDP was possible for this source-receiver ge-
ometry.

Figure 2 Five-second window of DAS data showing a se-
ries of footprint arrivals (amplitude is nano strain rate).

The power spectral densities of the AWD and foot-
step sources as recorded by DAS show patterns which
can influence subsequent wave speed calculations. In
particular, the AWD spectrum shows higher power for
frequencies <10 Hz compared to the footstep spectrum
(Figure 4). These lower frequencies contain more low
phase velocity information (Park et al., 1998), poten-
tially depressing any resulting shear wave speeds calcu-
lated using footstep sources compared to AWD sources.
This difference in source frequency content will carry
over fromDAS (i.e., this study) to geophone (i.e., Abbott
et al., 2006) data.

3 Wave speed calculation
We inverted individual 1-D Vs functions from disper-
sions curves of each footstep, which were then stitched
together to create a 2-D Vs profile. The multi-channel
analysis of surface waves (MASW) method of Park et al.
(1999) was used to calculate frequency-velocity spectra
of footstep data gathers (Figure 5A). For each frequency
bin in the MASW calculation, the peak amplitude was
automatically picked to find the dispersion curve for
that footstep source. Individual spectra and dispersion
curves were manually inspected for quality control. A
total of 10 incoherent spectra or unsuitable dispersion
curves were removed from further analysis, after which
43 footstep dispersion curves remained.
Dispersion curves were inverted for a 1-D isotropic

layered velocity function using the evolutionary algo-
rithm of Luu (2023). This method functions similar to
a Monte-Carlo based method in that it is stochastic in
nature and is an iterative process. However, evolution-
ary algorithms mutate the candidate solutions between
iterations to arrive at the best fitting solution in the solu-
tion space (Luu, 2023). Evolutionary algorithms are thus

better optimized than Monte-Carlo methods to search
for solutions, can explore more solutions to avoid local
optima, and are generally more robust to noise in the
evaluation of solutions (Bäck and Schwefel, 1993).
We used a maximum of 1000 iterations, with each it-

eration evaluating 10 possible solutions, for a total of
10,000 models evaluated. These values were chosen for
convenience and computational efficiency of the evo-
lutionary algorithm. The model search boundaries al-
lowed for 10 layers with a variable thickness between
1-25 m and variable velocities between 50-800 m/s, with
the deepest layer as a half-space. Layer thickness and
velocities were adjusted in each iteration to fit the data.
The result with the lowest RMS was chosen as the best
fit model. An example of an inverted 1-D Vs function is
shown in Figure 5B. The resulting series of 1-D Vs func-
tions were concatenated and interpolated to form a 2-
D Vs profile (Figure 6A). This profile was interpolated
using a Gaussian window to smooth between 1-D func-
tions and fill-in gaps in footstep coverage due to poor
dispersion curve quality.
For ground truth, we compare ourmodel with the 3-D

Vsmodel of Abbott et al. (2006). This experiment used a
series of AWD sources recorded by a 2-D array of 4.5 Hz
vertical component geophones sampling at 1000Hz cov-
ering the FACT site (Figure 1). Like our analysis, Abbott
et al. (2006) inverted dispersion curves for shear-wave
velocities using a stochastic, iterative process. Their
method refines a starting model through random per-
turbations and inversion, aiming to minimize RMS er-
ror and escape local minima, with the process flagged
as incomplete if the global error limit is not achieved
after 60 iterations. While similar to evolutionary algo-
rithms, their method is slightly different in the way it
explores the solution space for the best fitting model.
In both cases, however, a range of possible solutions
are evaluatedwith the best fittingmodel chosen for that
particular dispersion curve. We extracted the nearest
portion of their 3-D model which matched the distribu-
tion of our 2-D profile for direct comparison betweenVs
calculations (Figure 6B).

4 Reflection calculation
In typical applications, CDP involves evenly spaced sen-
sors recording evenly spaced sources in a linear geome-
try to calculate a reflection profile. We use DAS chan-
nels and footsteps to replicate this regular geometry.
Data are organized by traces with the same midpoint
rather than by receiver or source number to create CDP
gathers. Relative geometries of a CDP reflection pro-
file can be organized into stacking charts which rep-
resent source locations relative to receiver locations in
surface stacking charts (Figure 7A) and source locations
tomidpoint locations in subsurface stacking charts (Fig-
ure 7B). The number of traces (n) sampling a specific
CDP represents the n-foldmultiplicity of the gather. The
fold naturally falls off near the edges of the profile. In
the case of the footstep-DAS data, the profile has amaxi-
mum 42-fold stack (Figure 7D). Normal moveout (NMO)
corrections were applied to the CDP gathers using the
velocity profile calculated from dispersion curves. The
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Figure 3 Data gathers of AWD shots 1 (A), 2 (B), and 3 (C). Locations are shown in Figure 1.

aligned CDP gathers were then stacked to form a trace
for that CDP location. These traces were then assem-
bled to create a reflection profile (Figure 8).
As an alternative approach, we also performed re-

flection imaging using the AWD-DAS data (Figures 1,
3). The sparse sources recorded by a dense array act as
an analog to performing an active source survey in an
area with limited accessibility. The AWD-DAS geometry
yields two short segments of two-fold CDPs (~10 m and
~4 m long) and one segment of NOS (~4 m long) with
significant gaps between each segment. The coverage
of the AWD-DAS reflection is demonstrably worse than
the footstep-DAS coveragewith only a two-fold CDPpos-
sible. Despite the less-continuous nature of the AWD-
DAS profile due to sparse source spacing, the AWD data
does propagate deeper with higher amplitudes than the
footstep-DAS data, illuminating brighter reflectors at
deeper depths (Figure 8A).
Finally, to check for consistency between results, we

calculated a synthetic reflection profile from the foot-
step 2-D Vs profile (Figure 8C). We used a 2-D finite dif-
ference forwardmodellingmethod to solve the acoustic
wave equation. To artificially generate reflections from
the smooth 2-D profile, a 25% velocity reduction was
applied to isocontours at 100 m/s increments. A first-
derivative Gaussian source with a center frequency of

100 Hz was placed at each grid node at the surface of
the model. Synthetic receivers were also placed at each
surface grid node. To suppress artificialmultiples in the
synthetic data, the model was expanded 200 m laterally
and in depth. A 10-node wide absorbing boundary con-
dition was applied to the left, right, and bottom to sup-
press model-edge reflections. The synthetic data was
bandpass filtered from 5 to 100 Hz. The bandpass fil-
ter cutoffs and source center frequency were chosen to
match the observed frequency content of the footstep
reflection profile (Figure 8B). While DAS has a known
azimuthal sensitivity observed in seismic arrivals (Lind-
sey and Martin, 2021), we do not observe such patterns
in our footstep arrival amplitudes (Figure 2). This is
consistent with other near-field impacts recorded by
DAS (e.g., Kang et al., 2025). Thus, we do not apply
azimuthal-based amplitude scaling to our synthetic cal-
culations.

5 Results

The 2-D Vs calculation (Figure 6A) shows a generally
smooth gradient with depth. Wave speeds vary from
~300 m/s near the surface to ~400-450 m/s at depth,
with wave speeds resolved down to ~25 m depth. Below
~20 m depth and between ~20-45 m profile distance is
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Figure4 Comparisonofpower spectraldensities (PSD) for
footstep (A) and AWD (B) sources. Background shows the
density of PSDs with the mean PSD plotted as a continuous
blue line.

a region of >400 m/s wave speeds. Such a region is also
seen in the AWD-geophone result of Abbott et al. (2006)
at similar depths and dimensions (Figure 6B). However,
the wave speeds in the Abbott et al. (2006) calculation
are ~25m/s greater thanour footstep-DAS result. In gen-
eral, wave speeds in Abbott et al. (2006) AWD-geophone
Vs model are higher than that seen in our footstep-DAS
Vs model across all depths. These velocity discrepan-
cies are possibly due to differing sources used in each
analysis or changes in shallow subsurface properties
between studies.
Reflections from the footstep-DAS data reveal a set of

strong, flat, and semi-continuous reflectors at ~0.1 sec
two-way travel time (TWTT) (Figure 8B). Below ~0.2 sec,
reflections become weak. Compared to the AWD-DAS
reflection profile (Figure 8A), the footstep-DAS reflec-
tion profile provides an interpretable and coherent im-
age of subsurface structure. While the AWD-DAS re-
flection energy shows ~2x stronger reflections below
~0.15 sec, the discontinuous nature of the CDP and NOS
profiles, combined with very low-folds, makes this pro-
file difficult to confidently interpret.

6 Discussion
Weak energy below ~0.2 s suggests footstep energy can-
not fully propagate beyond the very near surface (i.e.,
~25 m; Figures 6A, 8B). This is corroborated by the syn-
thetic reflection profile (Figure 8C), where a strong re-
flector is observed at ~0.1 sec, with weak and multi-
ple reflectors present below ~0.2 sec. Compared to the
deeper propagating AWD energy (Figure 8A), this high-
lights that reflection profiles calculated from footstep
energy are likely limited to the very near-surface. Thus,
to establish validity of our results, we first compare our

wave speed calculations to results from Abbott et al.
(2006). After this, we interpret our results and provide a
discussion of the relevance of our method in resolving
the near surface seismic structure.

6.1 Comparison to previous calculations
While the Abbott et al. (2006) AWD-geophone wave
speeds are generally ~25 m/s faster than our footstep-
DAS Vs model, the ratio between the calculations re-
vealed heterogeneities between results (Figure 9A). The
ratio between footstep-DASVs toAWD-geophoneVs gen-
erally fell between 0.90 and 0.95, except for two regions
>1.0 near themargins of the highVs feature below~20m
depth. In general, the <1.0 Vs ratios may be a result of
different frequency content of the two source types (Fig-
ure 4). The >1.0 ratios suggest that our calculation is
over estimating Vs compared to the Abbott et al. (2006)
model in these regions. Our model’s depth limit is ~5 m
shallower than Abbott et al. (2006), meaning that we
may be underestimating the top of this high Vs feature.
The mismatch in velocities may also be due to differ-
ences in how velocities were inverted from dispersion
curves. Abbott et al. (2006) fit velocities with constant
layer thicknesses of 2 m, which were then smoothed
using the nearest-neighbor algorithm when stitched to-
gether into a 2-D profile (Figure 6B). Using constant
layer thicknesses versus variable layer thicknesses will
result in slightly different velocity results. However, it
may be that the differences in velocities are also due to
very shallow property changes during the ~20 years be-
tween our study and Abbott et al. (2006).
When considering the RMS misfit of our Vs calcula-

tion, however, the regions of ratios >1.0 fall within low
(<0.25 m/s) estimated errors (Figure 9B). Without cor-
responding error estimates from Abbott et al. (2006) it
is difficult to fully reconcile these discrepancies. It is
possible that the resolution near the edge of the Ab-
bott et al. (2006) model, where the profile from Fig-
ure 6B is taken, could be relatively lower than the cen-
ter of their model. It is also possible that the differ-
ent source-receiver configurations resulted in differing
frequency content (e.g., Figure 4), influencing resolved
wave speeds with depth for the ratio <1.0 regions. In ei-
ther case, the differences between profile wave speeds
are small, mostly <~30 m/s, with footstep-DAS RMS er-
rors mostly <~40 m/s. Furthermore, both profiles show
the same general patterns, suggesting that our calcula-
tion is congruent with the Abbott et al. (2006) model.

6.2 Interpretation of subsurface structure
With the presence of a high wave speed feature in our
results and Abbott et al. (2006), the question remains of
what is generating this structure. Using the 400 m/s iso-
contour as a reference, the top of the structure would
fall between 15-20 m depth (Figure 6). Migrating the re-
flection profiles from TWTT to depth places the bright
reflector at a depth of ~18m (Figure 8). These depths are
deeper than a previously estimated boundary at 2-12 m
at the FACT site (Luckie et al., 2025) but shallower than
the estimated depth to bedrock at ~40 m (Abbott et al.,
2006). Footstep energy propagating 40 m to bedrock
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Figure5 Graphical example ofwave speed inversion. First, a sample frequency-velocity spectrum fromMASW for a footstep
source is calculated (A). Thedispersion curve is takenas themaximumamplitudeat each frequencybin. This dispersion curve
is used in an evolutionary algorithm (Luu, 2023) to iteratively solve for the best fitting 1-D function (B).

Figure 6 Shallow 2-D Vs profiles from the FACT site. Our Vs calculation (A) is comparable to Abbott et al. (2006) result (B).
Black circles show locations of footsteps used in this analysis. See Figure 9B for our wave speed uncertainties.

and returning to the surface at sufficient amplitudes
for observation seems unlikely. Rather, it is possible
that the footstep energy is reflecting off an intermedi-
ate soil horizon above the bedrock. Migrating the deep-
est bright and interpretable reflector yields a depth of
~25 m, whichmay represent the limit of footstep reflec-
tion imaging for this site. Thus, a boundary at 15-20 m
depthwould be near the edge ofwhat is resolvable using
footstep sources.

6.3 Relevance to Vs30 analysis

Using our 2-D Vs profile, we can estimate Vs30 by time-
averaging integrated wave speeds over the top 30 m.
Since our profile does not reach 30 m depth, we ex-
tended the lowest velocities vertically down to 30 m.
Fromour 2-D profile, we estimated aVs30 of 335±16m/s.
The profile from Abbott et al. (2006) yielded an average
Vs30 of 372±9 m/s. The closest Vs30 site surveyed by

6
SEISMICA | volume 5.2 | 2026



SEISMICA | RESEARCH ARTICLE | Shallow subsurface imaging from footsteps recorded by DAS

Figure 7 Geometry of footstep-DAS data. The surface (A)
and subsurface (B) stacking charts graphically represent
where footsteps (C) are recorded. The sum of the subsur-
face stacking chart produces the fold of each CDP (D).

Figure 8 Reflection results with interpreted synthetic re-
flectors marked with red dashed lines. The AWD profile (A)
is less continuous than the footstep profile (B), yet the AWD
profile shows deeper propagating reflections than the foot-
step profile. The footstep-DAS reflection profile reveals a
strong reflector at two-way travel time (TWTT) ~0.1 sec. This
reflector is confirmed in the synthetic profile (C) calculated
using the wave speeds from Figure 6A. All profiles are trace
normalized.

the USGS reported a value of 370 m/s (McPhillips et al.,
2020). As expected from the 2-D Vs comparison (Fig-
ures 6, 9), our estimated Vs30 is ~10% lower than pre-
vious results. This is consistent with wave speed ratios
of ~0.9 (Figure 9A) and is likely due to differences in fre-
quency content between footstep andAWDsources (Fig-
ure 4) or changes in shallow subsurface properties over
time.

Figure 9 Validationof ourwave speed calculation. The ra-
tio between our profile and Abbott et al. (2006) shows our
results are generally lower, with two regions of ratios >1.0
(A). Errors fromourwave speedcalculations (Figure6A) gen-
erally fall within differences with the Abbott et al. (2006)
model (B).

Additional ground truth validation of our approach
could also come from the use of ambient noise interfer-
ometry recorded by DAS (e.g., Kang et al., 2025). This
would independently test if footstep imaging and ambi-
ent noise interferometry produce consistent results. If
consistent, this would suggest any difference between
current wave speeds and those calculated by Abbott
et al. (2006) are due to changes in shallow properties.
Furthermore, the lower frequency content of ambient
noise could provide deeper velocity information and il-
luminate the potential effect of footstep frequency con-
tent on wave speeds.
However, as the goal of our study was to demonstrate

that DAS and footstep sources can serve as a viable al-
ternative to traditional seismic methods, we could not
perform ambient noise interferometry due to a limited
data collection. Future research comparing footstep
and ambient noise imaging would illuminate two use-
ful points: (1) it would support the reliability of footstep
imaging; and (2) it may further demonstrate the useful-
ness of footstep based methods for near-surface imag-
ing due to data constraints (e.g., short recording peri-
ods) or environmental constraints (e.g., the quality of
ambient noise in an urban environment).
Despite these uncertainties, we are still able to re-

cover 2-D Vs, reflectivity structure, and estimate Vs30
using footstep energy recorded by DAS. This experi-
mental setup is relevant to researchers seeking to re-
solve the near surface seismic structure where tradi-
tional sources and receiversmay not be easily deployed.
Such footstep-DAS imaging is of interest to researchers
seeking to characterize urban areas, where both DAS
and footstep sources are readily available. While in
our experiment the footstep locations and timings were
known, it is possible to locate unknown footstep loca-
tions using back-projection to accuracies comparable
to GPS (Luckie et al., 2025). By estimating locations of
these ‘naturally’ occurring footsteps, one would be able
to use them as sources for traditional geophysical imag-
ing products as we have shown here. Applying such in-
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novative imaging to urban areas can help better con-
strain seismic wave speeds at a much lower cost than
using traditional seismic instrumentation.

7 Conclusions
Our results demonstrate the use of footsteps recorded
by DAS to characterize the shallow seismic subsurface
structure. This novel method could be applied in urban
environments for enhanced seismic wave speed analy-
sis and in regions otherwise difficult to instrument with
seismic sensors. The inversion of dispersion curves
from footstep data yields a 2-DVs profile congruentwith
existing profiles. This agreement between profiles sup-
ports the reliability of footstep sources in Vs calcula-
tions. Vs30 profile estimations are in line with expected
values from previous studies. The footstep energy was
also used to calculate coherent reflection images of the
subsurface, demonstrating the capability of DAS to cap-
ture interpretable seismic reflections in challenging ur-
ban settings. These results underscore the potential of
utilizing DAS and footstep sources in densely populated
areas where traditional seismic instrumentation or ac-
tive sources may be impractical. Such methods can be
applied in future studies to improve the resolution of
very-near surface seismic wave speed models.
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