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HIGHLIGHTS

« High-density cross-borehole arrays effectively monitor complex urban subsurface.
«» Time-series clustering efficiently complements hydrogeochemical interpretation.
« Open-source hardware enables high-quality, low-cost long-term monitoring.

« Green infrastructure influences salt infiltration dynamics.

ARTICLE INFO ABSTRACT

This manuscript was handled by Dongmei Urban green infrastructure (GI) is increasingly being implemented to manage stormwater, promote infiltration,
Han, Editor-in-Chief, with the assistance of and limit loads on drainage networks. However, their design still relies largely on large-scale hydrological perfor-
Degiang Mao, Associate Editor mance, with limited attention to site-specific hydrogeological processes. Key mechanisms governing infiltration,

solute transport, and seasonal dynamics remain poorly understood, especially in cold-climate cities using de-icing
salts, which may threaten buried infrastructure, contribute to groundwater salinization, and degrade receiving
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Hy};urfogeothSiCS ecosystems. Field observations are needed to improve understanding of these processes. This study presents
TL-ERT one year of monitoring of water and chloride dynamics around an instrumented GI using high-resolution cross-
Cross-borehole ERT borehole time-lapse electrical resistivity tomography (TL-ERT) at a roadside site in Laval, Quebec, Canada.
Green infrastructure Automated geoelectrical monitoring was conducted between October 2024 and November 2025 with four sur-

Road de-icing salt veys per day, using commercial and open-source hardware. The geophysical approach was complemented by

hydrogeological monitoring (water levels and sensors). A time-series clustering method was applied to the in-
verted dataset to identify distinct temporal behaviors of subsurface units. Results indicate infiltration linked to
winter rainfall and spring snowmelt. Seasonal conductivity variations in winter and spring are interpreted as be-
ing largely influenced by pore-water conductivity associated with de-icing salt mobilization, while late summer
and autumn changes are more consistent with VWC-driven responses. Overall, combining cross-borehole TL-ERT,
time-series clustering, and hydrogeological instrumentation provides detailed insight into seasonal water and so-
lute movement in small-scale, heterogeneous urban environments, where point monitoring is often limited. This
approach is well suited for studying urban GI, while remaining dependent on auxiliary measurements for process
attribution.

1. Introduction Bhaskar et al., 2016; Gogien et al., 2023). These factors generate
excess surface runoff that strains urban water systems, pushing mu-
nicipalities to prioritize broader surface runoff reduction strategies at
the source (MELCCFP, 2023). Within this context, combined sewer

Urban stormwater management is increasingly challenged by the cu-
mulative effects of climate change, rapid urbanization, aging drainage
infrastructure, and high impervious surface cover (Sterling et al., 2013;
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overflows (CSOs) represent a growing challenge in many large cities
(Perry et al., 2024), as combined systems can be forced to discharge
wastewater and stormwater when hydraulic capacity is exceeded dur-
ing intense rainfall or winter snowmelt (Mailhot et al., 2015; Teufel and
Sushama, 2021). This issue is expected to become even more critical as
North American climate models predict a 10% to 20% increase in the
frequency and intensity of extreme precipitation (Nodine et al., 2024).

The consequences of inadequate stormwater management extend
beyond hydraulic performance (Botturi et al., 2021). Conventional
drainage of road runoff routinely introduces suspended solids, metals,
hydrocarbons, and de-icing salts directly into soils and receiving waters
(Corsi et al., 2010). This heavy chemical loading is particularly concern-
ing, as chloride and sodium accumulation has increasingly been linked to
severe lake salinization and long-term groundwater degradation (Mackie
et al., 2022; Radosavljevic et al., 2024). Furthermore, when excess
runoff triggers CSOs, these events represent a primary source of surface
aquatic ecosystem contamination (Gooré Bi et al., 2015), facilitating the
direct transfer of untreated wastewater and various pollutants into the
environment (Olds et al., 2018). From a public health perspective, mi-
crobial contamination during overflows can exceed safety thresholds by
several orders of magnitude (Madoux-Humery et al., 2013). Beyond eco-
logical risks, these challenges impose a staggering financial burden due
to aging and undersized infrastructure (Perry et al., 2024). For instance,
the remnants of Hurricane Debby in August 2024 caused record flooding
in Quebec, becoming the province’s most expensive climate event, with
nearly $2.5 billion in insured damages (BAC, 2024).

To mitigate pressure on urban sewer systems, many cities are in-
creasingly adopting nature-based solutions (NBS), of which GI is a key
subset (Fletcher et al., 2015). These engineered systems can include
bioswales, bioretention cells, rain gardens, and other infiltration or
filtration designs. Some systems promote infiltration into the native sub-
surface, whereas others rely on underdrains that return treated water
to the stormwater network. This distinction determines the extent of
groundwater recharge and subsurface solute transport. Catchment-scale
modelling suggests that optimized GI implementation could substan-
tially reduce overflow volumes (Torres et al., 2021; Jean et al., 2021,
2022). In addition to helping manage peak flows, GIs also contribute
to the management of contaminants (Deeb et al., 2020; Spraakman and
Drake, 2021). For example, bioretention systems temporarily attenuate
winter road salt loads to the sewer system but largely transfer Na*™ and
CI~ to groundwater (Burgis et al., 2020; Denich et al., 2013). Other stud-
ies have documented high retention capacities for heavy metals such
as chromium, lead, and zinc (Paus et al., 2014; Beral et al., 2023). By
temporarily retaining stormwater, GIs act as a buffer that enhances the
robustness of urban water management strategies (Chen et al., 2019).

Despite their widespread adoption, the in situ performance of GI re-
mains difficult to evaluate due to as-built variability (Le Gigan et al.,
2025) and heterogeneous subsurface conditions (Kaushal and Belt, 2012;
Kwak et al., 2024). Hydrogeologically, GI systems exhibit substantial
variability in in situ saturated hydraulic conductivity (Spraakman and
Drake, 2021) and can locally alter hydraulic heads (Tu and Traver,
2019). The monitoring of these dynamics remains challenging: con-
ventional instrumentation, such as point-scale sensors and piezometers,
often lacks the spatial representativeness required to accurately char-
acterize subsurface processes in complex and spatially variable systems
such as urban GIs (Vereecken et al., 2008; Mason et al., 2023; O’Brien et
al., 2024). From a geochemical standpoint, GI may also act as a pathway
for groundwater contaminants (Burgis et al., 2020; Denich et al., 2013),
potentially leading to the corrosion of subsurface pipe networks (Pieper
et al., 2018; Song et al., 2017) and groundwater pollution (Mackie et
al., 2022; Mayer et al., 1999; Corsi et al., 2010). Furthermore, assessing
these geochemical dynamics remains complex, as lysimeters and ground-
water sampling campaigns are time-consuming, spatially limited, and
influenced by subsurface heterogeneity and installation methods (Fares
et al., 2009; Singh et al., 2018). Overall, when combined with the in-
herent complexity of urban subsurface processes (Shuster et al., 2021;
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Bonneau et al., 2018), these limitations suggest that conventional instru-
mentation alone is insufficient to comprehensively characterize water
infiltration, solute movement, seasonal storage, and drainage processes
within and adjacent to GI systems.

Time lapse electrical resistivity tomography (TL-ERT) can overcome
the spatial and temporal limitations of traditional methods by provid-
ing continuous, indirect imaging of the cumulative effects of subsurface
water and solute dynamics through changes in the electrical conduc-
tivity of the medium, hereafter referred to as bulk EC (Hermans et al.,
2023; Dimech et al., 2022, 2024). Recent applications in urban environ-
ments demonstrate the relevance of surface ERT in tracking subsurface
salt plumes, with an emphasis on TL-ERT (Hodgins et al., 2023, 2024;
Pope et al., 2025). Cross-borehole configurations allow for high spatial
resolution at depth (Kuras et al., 2009; Griinenbaum et al., 2023) and
have already been used for the precise tracking of saline plumes (Slater
et al., 2000; Perri et al., 2012). Recently, the OhmPi Project (Clement
et al., 2020; Blanchy et al., 2024) has provided an efficient solution
to promote TL-ERT integration with hydrogeological monitoring pro-
grams, offering an affordable alternative for geoelectrical monitoring
and it has been identified as a key aspect for future TL-ERT applications
and developments (Slater and Binley, 2021; Dimech et al., 2022).

Aiming to bridge the gap between geophysical observations and hy-
drogeological interpretation, time-series clustering (TSC) offers a robust
approach for condensing multidimensional TL-ERT data into groups of
similar spatial and temporal variations (Aghabozorgi et al., 2015; Jain
et al., 1999). By delineating zones with similar temporal patterns, TSC
can facilitate the identification of hydrofacies and geological structures
in a more objective way (Delforge et al., 2021; Oladeji et al., 2024) and
it has demonstrated effectiveness in complex karst environments (Xu et
al., 2017).

This study investigates how an infiltration-based roadside GI and
its surrounding urban subsurface respond to individual rainfall events,
winter de-icing salt inputs, and spring snowmelt. Specifically, the objec-
tives are to image the spatial and temporal distribution of bulk EC using
high-resolution cross-borehole TL-ERT, identify subsurface zones with
distinct seasonal dynamics using time-series clustering, and interpret the
observed bulk EC variations in terms of water dynamics and chloride-
related pore-water conductivity. To our knowledge, this represents one
of the first urban GI sites monitored with this level of cross-borehole spa-
tial resolution using open-source instrumentation. This study provides a
first step toward a more process-based understanding of subsurface hy-
drological and solute transport dynamics in infiltration-based GI systems
and their interaction with groundwater systems.

2. Methodology
2.1. Study site

Fig. 1 presents the instrumented GI located in Laval, Quebec, Canada,
constructed in summer of 2023. The GI includes an underdrain which is
expected to limit hydraulic connectivity between infiltrated water and
the underlying native subsurface. Monitoring instrumentation includes
a cross-borehole electrical resistivity tomography profile and two addi-
tional hydrogeological monitoring profiles. As presented in Fig. 1 a), the
GI features a rectangular geometry measuring 2 m in width by 50 m in
length, with an approximate depth of 1 m. The installation is bounded
by a concrete sidewalk on one side and asphalt pavement on the other.
It should be noted that the adjacent roadway exhibits a major longitudi-
nal crack exceeding 10 cm in width at several locations, approximately
3 m from the center of the GI. Stormwater enters the system in three
locations (Fig. 1 a) through lowered curb openings and overflow outlets
connected to sediment traps (Fig. 1c), both discharging runoff into the
bioretention area.

Fig. 1 f) displays the particle size distribution (PSD) curves of the
samples analyzed following the method of BNQ 2501-025/2013, with
Fig. 1 b) showing the sampling locations marked with stars. The PSD
curves highlight three distinct material types. The brown curves (9
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Fig. 1. Studied site with a) plan view the GI and of the three instrumented profiles, b) cross-section view of the ERT profile showing borehole electrodes, piezometers
and sensor positions. ¢) lengthwise view of the GI with the sediment trap and overflow outlet. The ERT instrumentation setup is shown in d) for the SAS4000 and

e) for the OhmPi (measurement board version 2024). f) particle size distributions of the samples retrieved at the locations marked by stars,

particle size range.

samples) correspond to a well-graded natural till deposit. In contrast,
the green curve (1 sample), corresponding to the GI material, shows
uniform grading, with roughly 70% (w/w) retained between the 80 pm
and 1.25 mm standard sieves, and around 25% (w/w) passing 80 pm.
The yellow curve (1 sample), associated with the crushed-stone layer
beneath the road and sidewalk, corresponds to a coarse material, with
about 35% (w/w) passing 1.25 mm. Fig. 1 f) shows that the three soils
display distinct particle-size distributions, which are expected to trans-
late into contrasting hydrogeological behaviors due to differences in
grading, porosity, and pore connectivity.

These different PSDs are reflected in measured hydraulic properties
across the system. In situ measurements using a Guelph permeameter
(model 2800K1, Soil Moisture) yielded a saturated hydraulic conductiv-
ity of approximately 3 x 10~® m/s for the GI soil. This value is lower than
the 8 x 1070 to 55x 10~% m/s range (30 to 200 mm/hr) commonly reported
in recent local design guidance for full-infiltration street GI (Dugué,
2022). In contrast, variable-head tests conducted in the three piezome-
ters using the method from Chapuis (1999) indicated a much lower mean
hydraulic conductivity of 4 x 1078 m/s for the underlying till. These
contrasting values are important for interpreting the TL-ERT response,
as they suggest greater infiltration capacity within the engineered GI
material, but limited drainage into the native till.

2.2. Hydrogeological and geophysical instrumentation

The GI was constructed prior to the start of the project. Geophysical
electrodes were installed at the beginning of December 2023, along with
sensors and lysimeters in the vadose zone and piezometers in the satu-
rated zone. In Fig. 1(a), the first profile (green) corresponds to the cross
borehole ERT installation. The second profile enables point measure-
ments of soil volumetric water content (VWC), bulk EC, and temperature
using TEROS 12 sensors (METER Inc.), installed at depths of 60 cm and
120 cm from the surface (in orange in Fig. 1 a and b). The TEROS 12
dataset contained frequent gaps, and water was periodically found in-
side the below-ground access tubes. Together with inconsistent VWC and
bulk EC responses, these raised concerns about the reliability of these
measurements. Consequently, only the temperature data were used in
this study. The third profile corresponds to the porous ceramic lysime-
ters (Hanna Instruments, HI83900-60 and 90) which were installed at
60 cm and 90 c¢m to allow for monthly unsaturated zone water sampling

“an
C

stands for the clay

(in purple in Fig. 1 a and b) that began in summer 2025 following an
initial testing period. As a result, a sufficiently long and comparable time
series was not yet available for the monitoring period investigated in this
study. Finally, groundwater levels, temperature, and EC were monitored
using conventional piezometers equipped with water level, temperature,
and conductivity (LTC) sensors (Levelogger 5, Solinst, see blue diamonds
in Fig. 1 a and b).

Fig. 1 b) displays the geometry of the geophysical profile. The ERT
installation consists of eight boreholes positioned at 85 cm intervals,
each instrumented with 13 geophysical electrodes, except for one which
had only twelve due to drilling refusal. Each electrode borehole was
fabricated using 2.7 m long PVC tubing with an 38 mm outer diameter,
following the method used in Sylvain et al. (2019); Dimech et al. (2023).
Stainless steel electrodes (2 cm long by 4 cm in diameter) are installed at
20 cm vertical intervals and connected to the ERT acquisition hardware
from inside the tubing using stainless steel rivets (Dimech et al., 2023).

Ensuring good electrical contact between the electrodes and the sur-
rounding soil is essential to maintain low contact resistance and obtain
reliable measurements (Ingeman-Nielsen et al., 2016). To achieve this, a
cement-bentonite grout backfill was used, following recommendations
by Doetsch et al. (2010), Thomle et al. (2023) and Mikkelsen (2002).
The electrode borehole pipe was then pushed into the grout-filled bore-
hole casing, following the procedure described in Luzy et al. (2024). The
spatial layout of the array covers an area of approximately 6 m wide and
2.4 m high, chosen to fully encompass the expected infiltration and flow
zones. The proper functioning of the electrode array was tested in March
2024 using the methodology described in Luzy et al. (2024).

2.3. ERT data acquisition

The TL-ERT dataset was acquired using two independent systems
shown in Fig. 1, d) and e). A Terrameter SAS4000 (ABEM) recorded
508 surveys from October 4, 2024, until the installation of the OhmPi
system (Clement et al., 2020), with a temporary interruption in data ac-
quisition between December 4, 2024, and January 20, 2025. The OhmPi
device began operating on April 16, 2025, acquiring one survey every 6
hours. As of April 2026, it had completed 1350 surveys.

The measurement protocol is based on bipole-bipole configurations,
following the approaches of Kuras et al. (2009) and Clément et al.
(2014). As illustrated in the bottom left part of Fig. 2, current is injected
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using electrodes positioned at similar depths either in the adjacent bore-
holes (bipole-bipole, referred to as BBO) or in the next boreholes (skipped
bipole-bipole or SBBO). Potentials are measured using the first or second
(BB1 or SBB1) electrode directly below the current dipole. A complete
survey consists of 286 measurements, including configurations using
the third or fourth electrode below the injection bipole, which are not
processed due to their much higher sensitivity to noise.

The ERT hardware is installed in a grounded street-lighting elec-
trical box connected to a continuous 120 V power supply. This setup
enables safe year-round operation of the monitoring system and allows
a heater to be used during winter to maintain reliable operation un-
der freezing conditions. Due to hardware limitations, only 64 of the
103 installed electrodes are used (unused electrodes are shown in grey
in Fig. 1b), although the OhmPi could have been connected to more
electrodes (Blanchy et al., 2024).

2.4. Data quality

Robust data quality assessment is essential for obtaining reliable in-
version results (LaBrecque et al., 1996; Slater et al., 2000). As shown
in Tso et al. (2017), reciprocal measurements are considered the most
reliable way to assess measurement quality, while other methods, like
stacking error, tend to underestimate it. Starting in mid-April 2025, a
daily reciprocal survey is conducted with the OhmPi hardware, with
reciprocal error e (%) computed as follows from Tso et al. (2017):

= M % 100 6))

IRy + Rgl
The terms Ry and Ry are the normal and reciprocal resistance val-
ues, respectively. In ideal conditions, these values should be equal
(Parasnis, 1988), with any deviation attributable to measurement noise
and systematic errors (LaBrecque et al., 1996). Electrodes that repeat-
edly produce outliers or measurements with e > 10% are removed from
the protocol, a threshold employed in previous studies (Uhlemann et
al., 2016; Dimech et al., 2023). This process identifies dysfunctional
electrodes, one with the SAS4000 and seven with the OhmPi, mostly
located in the crushed stone layer beneath the road and displaying high
contact resistances (highlighted in red in Fig. 1 b). All measurements
involving these electrodes are discarded, resulting in final datasets com-
prising 162 quadrupoles for the SAS4000 surveys conducted in autumn
2024 and 118 quadrupoles for the OhmPi surveys (see Fig. 3).

2.5. Inversion

All ERT datasets are inverted individually using the inversion frame-
work from the open-source Python library pyGIMLi (Riicker et al., 2017).
The mesh is a 2D grid with a cell size of 10 x 10 cm, resulting in a mesh
of 1562 elements. Each time step is inverted independently to preserve
sharp conductivity changes after rainfall events, avoiding oversmooth-
ing effects associated with temporal regularization (Loke et al., 2014).
The inversion seeks to minimize the standard smoothness-constrained
cost function:

D(m) = Wy - (Fm) — d)|> + 4 |[Wyy - (m — my)| @

The first term, ||Wq - (F(m) — d)||2, quantifies the data misfit, with
F(m) being the forward response to a given model m, and d the ob-
served data. W is a diagonal matrix of inverse reciprocal errors, serving
as a weighting matrix that accounts for data uncertainties. The second
term, A ||W,, - (m — m0)||2, imposes spatial regularization to stabilize the
inversion, where m, is the reference model, and A controls the balance
between data fidelity and model smoothness, which is set to 20. W, is
the model roughness matrix, incorporating the anisotropic regulariza-
tion of Jordi et al. (2018), implemented in pyGIMLi with the zWeight
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parameter set to 0.75 to lightly favor vertical gradients during inver-
sion. All inversions converge rapidly, reaching normalized misfits y>
close to 1 (except in winter) within three iterations (see Supplementary
Figure S1).

2.6. Temperature correction

Seasonal variations in subsurface temperature significantly influence
geoelectrical imaging (Hayley et al., 2007), especially in Canada, where
yearly temperatures span from —15 °C to + 30 °C. A correction to a ref-
erence temperature is then necessary to ensure accurate interpretation
and comparability across several months of data (Dimech et al., 2023;
Uhlemann et al., 2016). In this study, temperature correction is applied
to inverted ERT results using a thermal model taken from Brunet et al.
(2010) to predict the temperature in the soil at any depth z and time t.

T(z, t):Tmean+%exp(—i)sin(%t+¢—§> 3)
where T}, is the annual mean surface temperature, AT is the ampli-
tude of seasonal variation, d is the thermal damping depth, and ¢ is
the phase offset. Seasonal temperature measurements are obtained us-
ing TEROS 12 sensors depicted in Fig. 1, each located in a different
surface setup: a paved road, a GI, and a concrete sidewalk. Given the
highly variable thermal behavior of these three vertical profiles, the
model from Eq. (3) is fitted independently for each borehole using data
from the sensors. All four parameters from Eq. (3) are estimated for each
borehole to replicate the observed data. R*> values above 0.98, RM SE
values below 0.9 °C, and absolute residuals under 2 °C are obtained (see
Supplementary Figures S4, S5 and S6).

The 3 different vertical models obtained are then extrapolated to
yield a complete x — z temperature distribution. As in Uhlemann et al.
(2016), temperature-corrected bulk EC values (o) are computed using
a temperature-conductivity relation of the form:

Ut, raw

I+c (Ttarget - Iy, modeled)

4

Ot corr —

where o, ., is the non-corrected bulk EC distribution at time #, T, =
25 °C corresponds to the reference temperature, and T, o4eleq COTTE-
sponds to the x — z temperature distribution at time ¢, computed with
Eq. (3). ¢ is the temperature sensitivity coefficient. In this study, a value
of 0.02 °C~! is used, as reported in Chambers et al. (2014). This relation-
ship has been shown to effectively correct bulk EC across temperatures
from 3 to 47 °C (Ma et al., 2011).

2.7. Time-lapse clustering

To delineate zones of similar behavior or properties, the Hierarchical
Agglomerative Clustering (HAC) method is used, as in Xu et al. (2017).
Scikit-learn’s HAC implementation (Pedregosa et al., 2011), is preferred
since it offers the option of including a connectivity matrix (Abraham et
al., 2014) to restrict cluster fusions to spatially adjacent samples, pre-
serving spatial coherence. As proposed in Delforge et al. (2021), the
time series are log transformed and z-standardized using the following
formula:

Xi — uXy)
" TR (5)
where X; is the log-transformed time series of EC values extracted
at position (x,z) from a set of inverted models. u(X;) and o(X;)
are, respectively, the mean and standard deviation of X;. This pre-
processing is done to ensure scale invariance prior to applying the HAC
algorithm.
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Fig. 2. Raw measured apparent conductivities (left axis) and daily precipitation (right axis, data from environment and climate change Canada) from November 5,
2024, to November 1, 2025. These time series are sampled from six configurations, as displayed on the top right panel. The background indicates which ERT hardware
device is used. Bottom right panel shows the 4 types of configurations kept for the inversion process.

3. Results
3.1. Raw time-lapse apparent conductivity

Fig. 2 displays raw apparent conductivity time series acquired at six
positions from November 5, 2024, to November 1, 2025. The dataset
includes a gap from early December 2024 to late January 2025, dur-
ing which no data are acquired, along with several shorter interruptions
later in 2025 due to hardware problems, for a total of 1209 surveys. Gaps
shorter than three and a half days are interpolated (see Supplementary
Figure S2). All uncorrected time series exhibit a sinusoidal pattern over
the course of a year, reflecting seasonal temperature variations with
amplitudes that depend on location. Interestingly, while the configu-
rations below the road and sidewalk show a clear decrease in apparent
conductivity during winter, when near-surface temperatures approach
0 °C, raw measurements at the bottom of the GI do not display a similar
pattern. Furthermore, temperature-induced apparent conductivity vari-
ations seem to persist even at depths exceeding 1.5 m, highlighting the
necessity for temperature correction of the inverted models to allow for
proper comparison across extended periods.

Surface measurements (Fig. 2, time series 1, 3, and 5) reveal spe-
cific responses to precipitation events, characterized by sharp apparent
conductivity variations following rainfall. This behavior is most pro-
nounced for the configuration beneath the GI, slightly weaker under the
sidewalk, and nearly absent under the road. Furthermore, these sharp
variations predominantly occurred from mid-summer onward, suggest-
ing a shift in the mechanisms controlling apparent conductivity. Despite
the hardware change between the two acquisitions, the time series re-
mains highly consistent, indicating both the robustness of the dataset
and the apparent conductivity dynamics observed along the profile.

3.2. Temperature-corrected static bulk EC distribution

Fig. 3 presents two inverted and temperature-corrected bulk EC im-
ages acquired approximately one year apart. Both models show a similar
distribution of bulk EC. In the first 50 cm, a relatively low EC layer is
observed, particularly beneath the sidewalk and the asphalt pavement,
with values between 0.1 and 0.4 mS/cm. The soil in the depth range of
—0.5 m to -1.25 m reveals a heterogeneous pattern, below the curb, a
moderately conductive layer is visible (0.4 to 0.7 mS/cm), the leftmost
portion of the profile exhibits a much more conductive zone, with val-
ues between 1.0 and 1.6 mS/cm beneath the road, slightly decreasing at
greater depths.

The primary difference between the two models lies in the up-
per 50 cm layer beneath the road, which is less resolved and shows

higher conductivities in the 2025 image, mainly because of the five
electrodes that were removed due to high contact resistance. Therefore,
the crushed stone layer under the road will be masked and ex-
cluded from further analysis. Despite the reduced local sensitivity (see
Supplementary Figure S3), the overall sensitivity of the protocol re-
mains very high, enabling reliable characterization of subsurface bulk
EC dynamics (Fig. 3). The key feature in both images is the pronounced
conductivity gradient toward the left, consistent with the observed
water table gradient and with groundwater EC and chloride mea-
surements sampled in the piezometers (see Supplementary Figures S9
and S10).
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Fig. 3. Inverted and temperature-corrected bulk EC images obtained on
November 5, 2024 (top) and November 1, 2025 (middle). The blue line repre-
sents the extrapolated water table from the three measured points. Bottom row
shows the measurement protocol sensitivity after removing the dysfunctional
electrodes. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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3.3. Time-lapse seasonal imaging

Fig. 4 illustrates seasonal variations in bulk EC along the monitored
profile. The figure shows corrected bulk EC images sampled on six dates
throughout the year, with their relative variations from 7, in %. The
top time-series panel is shown to support the patterns suggested by the
sparse spatial images. Despite substantial temporal changes, the spatial
distribution of bulk EC remains consistent throughout the year, with
higher values on the left and around the water table and lower values
on the right, in agreement with the static images shown in Fig. 3.

The bottom row displays conductivity change As; in % relative to
the baseline distribution at 7, on November 5th, 2024, computed as:

Ac; = (Gcorr,i/acorr,o - 1)x 100 (6)

At the start of winter (¢, /1), a significant EC increase occurs in the
GI (from 60% to over 100%), while the zone beneath the sidewalk and
road initially shows a considerable decrease (60 to 80%), which is in-
terpreted as partially frozen soil. By late February (¢, /1), bulk EC starts
to diminish again in the GI and sidewalk areas, though a distinct in-
crease begins to develop beneath the road surface. Starting from April
15 (t3/1,), following the pronounced reduction in GI bulk EC, the overall
trend moderates as variations in near surface decrease. The subsequent
time steps (7, and 75) exhibit a slow, continuous decline in bulk EC,
eventually reaching the t5/1, ratio. This late image exhibits only shal-
low variations, concentrated below the sidewalk, with a much higher
water table than in November 2024. These results indicate a broad sea-
sonal cycle in bulk EC over the year, with several responses associated
with temperature fluctuations in autumn, snow accumulation and win-
ter rainfall and snowmelt in late winter (e.g., mid-February and March,
see Supplementary Figure S7).

3.4. Rainfall events imaging

Fig. 5 illustrates changes in conductivity following five rainfall events
during the monitoring period. These intervals were chosen to capture

Journal of Hydrology 681 (2026) 136632

the temporal evolution of rainfall-induced conductivity changes across
the profile. The bulk EC variations following these precipitation events
exhibit two main patterns.

The first kind of pattern, observed during the autumn events (rainfall
events 1, 4, and 5 in autumn 2024 and 2025), is characterized by con-
ductivity variations occurring above the water table. Following a rain
event, there is a rapid bulk EC increase of 6 to 20% in the GI and below
the sidewalk, which generally returns to baseline over subsequent days.
The late September 2025 event sustains these elevated values longer,
taking 4 days to peak in the GI and twice as long below the sidewalk
(it is still returning to baseline during the event at ¢5). Deeper variations
below the water table remain small, not exceeding +2%. This pattern
is reflected in the time series in the first row, where fluctuations are
confined to locations above the water table, including beneath the road
and between the GI and the road (see the dark blue and pale purple se-
ries for 7, and 75), while the remaining time series show near-constant
conductivity throughout the events.

The second pattern, observed during the spring and early summer
events (rainfall events 2 and 3 in April and June 2025), clearly differs
from the previous one, as the bulk EC distribution does not return to its
pre-rain state after the event. Overall, these events show a decrease in
bulk EC above the water table ranging from 4 to 16%, while a marked
increase of around 10% occurs deeper in the saturated zone. This behav-
ior ceases in late June, when relative bulk EC changes begin to resemble
a combination of the two patterns described previously.

This figure provides a high-resolution temporal view of individual
events but remains sparse at broader timescales. By placing these events
in the context of the seasonal bulk EC variations shown in Fig. 4, it
becomes apparent that the response of the GI and its surroundings to
rainfall evolves throughout the year in terms of bulk EC.
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Fig. 4. Inverted and temperature-corrected bulk EC images sampled six times between November 5, 2024 (z,) and November 1, 2025 (¢5), with the corresponding
color bars in the top right. The last row shows relative changes compared to #,. In all spatial plots, the water table level at ¢, is represented by a blue line. The top
wide panel displays seven time series of relative changes sampled at seven key locations (top-left blank profile), underscoring the dynamic and temporal sampling
of the chosen time-steps. All models result from inversions using 118 quadrupoles. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)
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Fig. 5. The second row shows inverted and corrected bulk EC models sampled five times between November 20, 2024 (¢,) and October 5, 2025 (), color bar is at
the top right. Each subsequent image going downward shows the relative change in conductivity (Eq. 6) after a rain event compared to the first time step #,. The
corresponding color bar is located at the bottom right. The top panel displays time series of relative variations sampled at seven key positions in the profile (colored
diamonds), further highlighting the dynamic and temporal sampling of the chosen time-steps. All 2D spatial plots show the extrapolated water table level at the time
of the snapshot. All models result from inversions using 118 quadrupoles. (For interpretation of the references to colour in this figure legend, the reader is referred

to the web version of this article.)

3.5. Clusters’ seasonal bulk EC variations

Fig. 6 presents the mean bulk EC variations relative to November 5,
2024 (1), for each cluster, summarizing the temporal evolution of the
profile alongside groundwater levels and daily precipitation. The time-
series clustering (TSC) analysis is performed on 1562 individual cell time
series derived from the 1222 inverted and temperature-corrected 2D
bulk EC models. The five-cluster configuration is selected based on three
criteria: alignment with the known site stratigraphy (Fig. 1), spatial co-
herence, and the distinctiveness of the temporal dynamics exhibited by
each cluster. A six-cluster configuration was rejected as over-segmented,
as the additional cluster displayed dynamics nearly identical to another
one. The 5 clusters seem to correspond well to the known stratigraphy
of the study site and exhibit distinct temporal behavior, both in terms
of bulk EC absolute values and in terms of variations. Several other par-
titions with 4, 5, and 6 clusters obtained using different pre-processing
methods are presented in Supplementary Figure S8.

Results reveal a clearer cyclical behavior than previously (Fig. 4),
which can be divided into four distinct periods: early winter, late win-
ter, spring, and summer/autumn. During early winter, the GI (cluster 1)
exhibited a sharp 90% increase in conductivity, whereas the road and
sidewalk zones (clusters 4 and 5) showed a mean decrease of approxi-
mately 40%. In late winter (late February in this case), the first rainfall
events triggered a marked rise in the water table and a profile-wide con-
ductivity spike (20% to 80%). During these periods, the lower profile
showed opposing trends on the left and right, each reaching about 15%
before changing trend. In spring (April-May), the first rainfall events and
the warming temperatures led to a 10% to 40% decrease in the GI clus-
ter, while the bottom left cluster (2, in purple) showed a steady upward

trend. Finally, the summer/autumn period resulted in a slow 20% to
50% conductivity drop in the GI and sidewalk zones before groundwater
levels and conductivity variations stabilized again in autumn.

The five clusters highlight functionally different zones. The GI and
the zone below the sidewalk (clusters 1 and 5) show a response to precip-
itation events that evolves throughout the year, with an initially strong
response following snowmelt, followed by a gradual downward trend,
and a renewed sharp response beginning in late summer (see Fig. 5).
The zone below the road (cluster 4) exhibits few changes outside of
winter and high water table periods, while the deeper saturated zones
(clusters 2 and 3) display more gradual, dampened responses. This par-
tition provides a quantitative framework for characterizing the seasonal
behavior of each hydrogeological unit, facilitating the interpretation of
bulk EC variations as hydrogeochemical behaviors.

4. Discussion
4.1. Hydrogeochemical seasonal behavior of the GI

In this study, the ERT-derived conductivity distribution matched the
known stratigraphy. The results show a clear cyclical pattern in bulk EC
variations throughout the year. Consequently, the top profile of Fig. 3
from November 5, obtained using all electrodes with the SAS 4000, can
be considered a representative background conductivity distribution.
Although this study focuses on temporal dynamics, establishing such a
baseline is important because it reflects longer-term processes and inte-
grates the cumulative effects of repeated winter de-icing salt applications
and residual solute storage from previous years.
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These residual effects are consistent with observations in urban GI.
For instance, Pope et al. (2025) reported baseline bulk EC values increas-
ing from 0.125-0.2 mS/cm in October to 0.4-0.66 mS/cm by February,
while Hodgins et al. (2023) and Hodgins et al. (2024) observed a highly
conductive zone reaching 1.2-1.5 mS/cm beneath a shallow streambed
adjacent to a parking area. Although these studies did not account for
temperature variations, our results show a similar post-winter increase
and overall cyclic behavior as documented by Hernandez Gonzalez et
al. (2023). In our case, the most conductive zone matches the observed
hydraulic gradient and is consistent with the groundwater sampling
results showing increasing EC and chloride concentrations toward the
road side of the profile (see Supplementary Figures S9, S10 and S11).
These patterns are consistent with the accumulation effects described
by Kelly et al. (2008) and Szklarek et al. (2022), which contribute to the
establishment of a persistent, long-term chloride baseline.

Fig. 7 presents a conceptual model of the behavior of the GI through-
out the year. The first phase can be divided into three parts: early
winter (onset of snowfall and road salt application), late winter (first
rain events and accelerated snowmelt), and spring (increasing temper-
atures and frequent rainfall). In early winter, bulk EC increases at the
GI surface as road salts infiltrate, while values beneath the sidewalk
and road decrease due to falling water tables and reduced VWC. Surface
freezing may further lower bulk EC by reducing the liquid water fraction.
Simultaneously, the deeper saturated zone shows a decline in bulk EC,
consistent with dilution by lower-EC groundwater and limited chloride
inputs. By late winter, rain and snowmelt trigger sharp near-surface bulk
EC increases as accumulated salts are mobilized, a mechanism docu-
mented by Weatherson et al. (2024). It should be noted that the previous

rainfall events in December and January probably exhibited a similar dy-
namic but were not monitored in 2025. Infiltration observed beneath the
road suggests the pavement is not entirely impermeable, which is highly
likely given the longitudinal crack visible in Supplementary Figure S7.
During the spring transition, sustained rainfall drives downward solute
transport along the hydraulic gradient. As shown in Fig. 5, April and
June events exhibit distinct flushing behaviors: the April response is con-
sistent with a stronger influence of pore-water and surface conductivity
changes, whereas the June event suggests a transition toward a greater
contribution of VWC-driven bulk EC variations. However, the relative
contribution of these mechanisms cannot be quantified with the avail-
able dataset. Throughout these phases, the GI delays salt transport to
deeper layers, providing a buffering effect consistent with Shannon et
al. (2020). As shown in Fig. 1, the GI includes an underdrain at the
base of the GI. Despite its presence, the ERT results and their interpreta-
tion suggest that part of the chloride load infiltrates beyond the GI and
reaches the groundwater system. Additional monitoring of underdrain
discharge would help determine the proportion of chloride exported
through drainage versus that reaching groundwater.

The final two models at the bottom of Fig. 7 illustrate the response of
the GI to a rainfall event. Shortly after a rainfall, bulk EC increases within
the GI, beneath the sidewalk, and to a lesser extent under the pavement.
Water enters primarily through the curb cut, though some infiltration
may also occur through the grassed area to the right of the profile. This
influx triggers a shallow rise in the water table, with the magnitude
dictated by rainfall intensity. Over the subsequent 4 to 8 days, bulk EC
gradually decreases as the system returns to pre-rainfall conditions. This
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Fig. 7. Conceptual model of the winter and spring behavior of the GI and its surroundings based on empirical observations. The first row represents the 2 behaviors
during the first and second halves of winter. The second row displays the following processes happening in spring. The last row shows the response to a rainfall event

in late summer and autumn.

recovery suggests that variations in VWC are the primary drivers of near-
surface bulk EC changes from late summer until the first snowfall. This
interpretation is supported by observations during a prolonged dry pe-
riod in late July, during which soil desaturation produced EC decreases
of similar magnitude in both the GI and the zone below the sidewalk.

4.2. Relevance of TL-ERT and TSC in urban context

The use of cross-borehole TL-ERT represents a promising approach
for studying urban GI, enabling high resolution imaging capable of de-
tecting bulk EC variations of only a few percent over a whole profile.
While recent studies have applied surface-based TL-ERT to character-
ize urban subsurface pathways and GI systems (Hodgins et al., 2023,
2024; Pope et al., 2025), the cross-borehole configuration used here
provides substantially higher spatial resolution at this scale. The system
demonstrates robustness, and inverted models remain spatially consis-
tent and highly representative of the profile. This long-term monitoring
is made possible by the recent development of open-source hardware
by the OhmPi team (Clement et al., 2020; Blanchy et al., 2024), offer-
ing affordable instrumentation and underscoring the need for broader
collaboration on open-source tools, whether hardware (Basson et al.,
2021; Guyard et al., 2025) or software (Heagy et al., 2024). The TSC
method acts as a relevant tool to support the hydrogeochemical in-
terpretation of the geophysical dataset. By clustering cells based on
temporal correlation, TSC reduces thousands of time series to a few
distinct units, enabling continuous evaluation of pseudo-spatial trends
across timescales.

4.3. Limitations of the method and recommendations for further
characterization

To enable a more precise evaluation of bulk EC variations and to
produce quantitative estimations of pore water conductivity or VWG, as
demonstrated by Dimech et al. (2024) and Griinenbaum et al. (2023),
more advanced approaches could be implemented. For instance, adap-
tive measurement protocols, as proposed by Slater and Binley (2021)
and Wilkinson et al. (2015), could improve the synchronization be-
tween hydrogeological processes and conductivity imaging. In addition,
optimized acquisition strategies (Uhlemann et al., 2018; Qiang et al.,
2022) could compensate for unusable electrodes by locally adapting
measurement configurations. A more thorough evaluation of potential
borehole fluid effects (Doetsch et al., 2010) would also be beneficial, as
artifacts appear in several ratio images (e.g., Fig. 4). These could poten-
tially be mitigated using the updated inversion method described in Lee
et al. (2016).

Furthermore, vertical temperature models (e.g., Eq. 3) indicate that
soil temperatures fall below 0 °C at a 60 cm depth during winter
(January-March) beneath the road and sidewalk, whereas the GI reaches
sub-zero temperatures only in February, likely due to the insulating ef-
fect of the snow pile. These conditions suggest the presence of frozen
or partially frozen soils within the monitored profile, consistent with
conductivity data indicating partially frozen soil even near the surface.
Temperature correction methods accounting for partially frozen soils
(Herring et al., 2021) could improve the evaluation of winter near-
surface conductivity. Applying temperature corrections directly to raw
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measurements (Hayley et al., 2010) could further enhance the results,
as differences in vertical temperature profiles may propagate through
temperature extrapolation and inversion smoothing. More broadly, tem-
perature correction remains challenging because the electrical response
to temperature varies with local hydrogeological conditions, includ-
ing stratigraphy and groundwater level, making it difficult to separate
thermal effects from true hydrogeochemical changes (Xia et al., 2026a).

In the context of the TSC method, our final choice of partition is heav-
ily driven by its alignment with the known subsurface geometry, which
introduces a degree of subjectivity and contradicts the supposedly objec-
tive, data-driven nature of clustering algorithms. The resulting partition
was not entirely stable: changes in the dataset or preprocessing could
lead to different outcomes. Although the GI and the sidewalk are well
identified most of the time, deeper regions often result in less consistent
clusters. To mitigate this in future studies and obtain a partition that
is purely representative of the dataset’s intrinsic structure, an approach
using consensus clustering (Monti et al., 2003), as suggested by Delforge
et al. (2021), could be implemented. This would provide a more robust
and rigorous basis for extracting bulk EC dynamics from large TL-ERT
datasets without relying on prior structural assumptions.

A major next step toward improving our understanding of subsurface
processes is the integration of TL-ERT observations with multiphysics
modeling (Wagner and Uhlemann, 2021; Moorkamp et al., 2016). Such
an approach would enable the estimation of hydrogeologically rele-
vant parameters rather than geophysical properties alone (Hermans et
al., 2023). For example, petrophysically and geologically guided mul-
tiphysics inversion (Astic et al., 2020), as well as Bayesian evidential
learning approaches for characterizing contaminant pathways (Miao et
al., 2026), could provide robust in situ estimates of key subsurface prop-
erties and hydrogeological processes that remain difficult to constrain
using conventional methods, particularly in heterogeneous urban envi-
ronments. Ultimately, even the most sophisticated processing schemes
should not rely on geophysical data alone. As Herweijer et al. (2026)
notes, advanced interpretive methods must always incorporate available
complementary information, and a cross-validation scheme successfully
applied by Xia et al. (2026b).

5. Conclusion

In this study, cross-borehole TL-ERT is combined with TSC to in-
vestigate subsurface processes in an urban environment. A roadside GI
installation and its surroundings are instrumented with a high-density
cross-borehole ERT array and complementary hydrogeological sensors.
Autonomous geoelectrical monitoring was conducted over more than
one year, capturing both seasonal and event-scale dynamics that are
rarely observable using conventional approaches.

The results revealed pronounced seasonal patterns, notably rapid
conductivity changes during spring snowmelt, interpreted as chloride
migration associated with de-icing salt inputs. The monitoring demon-
strates the capability of TL-ERT to efficiently resolve small-scale subsur-
face conductivity variations at high spatial and temporal resolution in
a geometrically complex and heterogeneous urban setting. Time-series
clustering of resistivity data proved effective in discriminating distinct
hydrogeological behaviors within the subsurface, highlighting contrasts
in infiltration and solute transport that would be difficult to identify
using point-based measurements alone.

These findings have important implications for urban water man-
agement and infrastructure design. The proposed approach provides
empirical, spatially distributed data that can support the evaluation,
validation, and optimization of GI performance under real operating
conditions. In addition, the resulting dataset offers a valuable ba-
sis for calibrating and constraining hydrological, hydrogeological, and
solute-transport models in urban environments.

Several limitations should be acknowledged. Temperature correction
of bulk EC remains challenging in partially frozen soil, precipitation was
not directly monitored on site, and the use of open-source hardware
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exhibited reduced performance in coarse, crushed-stone materials. These
factors introduce uncertainties that should be addressed in future de-
ployments. Future work will focus on improving ERT monitoring strate-
gies and coupling geophysical observations with numerical modeling
constrained by conductivity data and laboratory-based petrophysical
characterization.

In conclusion, autonomous and low-cost geophysical monitoring
represents a promising and accessible approach for improving the under-
standing of urban subsurface processes, supporting infrastructure design
decisions, and fostering more resilient urban systems grounded in robust
empirical evidence.
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