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Seasonal and diurnal
groundwater fluctuations linked
to environmental and drought
variability for the Kermit dune
field, Chihuahuan Desert, West
Texas, United States
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Water availability is limited in the northern Chihuahua Desert due to increasing
aridity and anthropogenic disturbance. This study investigates the groundwater
fluctuations in the shallow water table of the Kermit dune field, West Texas,
United States, to assess the aquifer’s response to climate variability and human
impact. The Kermit dune field’s aquifer may contribute up to 9% of the
regional Pecos Valley Aquifer’s annual recharge. Groundwater levels were
monitored in three piezometers between 2021 and 2024 in both shallow central
dune areas and at the downflow transition to sand sheet deposits. Statistical
analyses, using linear regression, ANOVA, and mixed effects models, revealed
that central groundwater (1–3 m deep) responds to precipitation with peak
rise at a 3-day lag post-rainfall, while no recharge signal was detected for
deeper groundwater (5–7 m deep), likely due to the thicker vadose zone and
denser vegetation cover of high water-use plants, up to 80 L/day. Both areas
seemed influenced by daylight duration and exhibited consistent daily cycles
(5–8 mm), suggestive of evapotranspiration influence. Over the monitoring
period, groundwater levels declined by ∼1.2 m on average, likely exacerbated by
the formation of a dredge pond associated with mining operations. Additionally,
consistently elevated electric conductivity (EC) measured post oil or produced
water spill in 2022 indicated potential long-term groundwater contamination.
These results highlighted the vulnerability of the shallow unconfined Kermit
dunal aquifer to climate changes and anthropogenic disturbance, with
implications for regional water sustainability and land surface stability.
KEYWORDS

dunes, perched aquifer, groundwatermonitoring, evapotranspiration, climate variation,
anthropogenic impact, water table fluctuations
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1 Introduction

The northern Chihuahua Desert of West Texas is one of the
driest regions of North America with acutely limited groundwater
resources (Fournier et al., 2024; Jones, 2008; Kandakji et al., 2021;
White, 1971). Water availability is severely limited because of rising
water demands, increasing summer temperatures (Fournier et al.,
2024), up to 50% decrease in precipitation since the 1980s
(Arias et al., 2015; Barandiaran et al., 2013; English et al.,
2020; Heo et al., 2015; Scanlon et al., 2022), and elevated
evapotranspiration rates (Fournier et al., 2024; Open ET, 2025).
This water scarcity translates into decreasing water accessibility,
quality and levels in reservoirs, rivers and the regional aquifers
(Chaudhuri and Ale, 2014; Cheek and Taylor, 2016; Huggins et al.,
2022; Nielsen-Gammon et al., 2020). Indeed, the static level of the
Ogallala and the Pecos Valley Aquifers in the area have lowered by
up to 100 cm/year since the 1950s (Bruun et al., 2016; Haskell et al.,
2022; Hassani et al., 2021; Howell, 2021; Langman and Ellis, 2010;
Pathak et al., 2022; Yubing et al., 2022). Additionally, an increase
in stream intermittency in the past 20 years was observed in
the southwest of the U.S. often associated with less precipitation
and depletion of groundwater resources (Forman et al., 2023;
Zipper et al., 2021). Also since 2000, aridity has dominated the
southwest of the United States with mean annual precipitation
8.3% below the 1950–1999 average and temperatures 0.9 °C above
average, leading to major reservoirs reaching their lowest point on
record in 2021. This megadrought has been the dryest and longest
period since at least ca. 800 years, surpassing the megadrought of
the late 1500s (Seager et al., 2023; Williams et al., 2022).

In many arid and semi-arid aeolian environments, including
dune systems, groundwater levels are subject to long-term (annual
and seasonal) and short-term (e.g., daily) fluctuations which can
modify flow direction within the aquifer (Gribovszki et al., 2010;
Shimojima et al., 2013). Daily groundwater fluctuations may reflect
the impact of evapotranspiration and water usage. Specifically, the
level of shallow, unlithified, and sand-rich aquifers may decline with
evapotranspiration during daytime and, as night temperatures cool,
rise with interstitial condensation (Fan et al., 2008; Gribovszki et al.,
2010; Wang et al., 2014). For example, groundwater level and flow
direction fluctuate seasonally in the Zhangliansheng lake - dune
system in Inner Mongolia. Water levels peak in late autumn and
are lowest in the summer. In addition, in autumn and early winter,
groundwater flows from Lake Gonggedan into surrounding sand
dunes, whereas groundwater flow reverses from the dunes into
the lake with higher water table elevations in spring and summer
(Wang et al., 2020). Also, in the CSIRO Yalanbee Experimental
Station at Bakers Hill, Western Australia, the water table elevation
rises during the wet winter season and drops in the dry summer. Soil
water content undergoes a diurnal trend of decreasing water level
from earlymorning (06:00 h) to late afternoon (16:00–18:00 h), with
alternating soil-water evaporation followed by condensation of soil-
vapor (Shimojima et al., 2013). Further, in EscalanteValley,Utah, the
groundwater level in vegetated areas and areas with shallow water
table decreases during the day and rises at night by >1 cm. This
daily cycle may be the result of evaporation and plant uptake, with
this variation undetectable during freezing weather in the fall but
reappearing in the spring (White, 1932).

Dune fields are common features on the Southern High Plains
and in the northern Chihuahua Desert and may host substantial
groundwater resources. Most previous studies on groundwater in
eolian systems focused on coastal dunes and undisturbed systems.
Only a few studies considered inland dune fields. To the authors’
knowledge no previous study evaluated the hydrologic responses
of dunal aquifers in semi-arid climates to environmental factors
and the cumulative impact of anthropogenic disturbance, using
continuous high-resolution monitoring. This study focuses on
analyzing macro >1 m and micro <0.01 m level fluctuations of
the water table in the Kermit dune field, West Texas, United
States, where an extensive aquifer has been identified following the
installation of proppant mining operations in 2016 (Fournier et al.,
2024) (Figure 1). This aquifer may contribute up to 9% of the
annual recharge in the regional Pecos Valley Aquifer but it
could be compromised by increasing drought conditions and
anthropogenic surface disturbance (Fournier et al., 2024). Three
monitoring wells were established with piezometers equipped
with data loggers measuring the static water level fluctuations
between December 2021 and June 2024. These three wells are
in distinctly different areas of the Kermit dune field with well
KER21-MW2 at the transition between active dunes and sand
sheet, and wells KER21-MW1 and KER21-MW3 in the central,
active dunes area. The daily and seasonal aquifer fluctuations are
evaluated in respect to nearby surface temperature, precipitation,
evapotranspiration and daylight time series, and anthropogenic
activities. We hypothesize that the Kermit Dunal Aquifer (KDA)
responds daily and seasonally to environmental factors under
undisturbed conditions and that the development of anthropogenic
activity, specifically sandmining, and increasing drought conditions
are driving the aquifer’s depletion.

2 Hydrologic context of the Kermit
dune field

The Kermit dune field receives annually ∼300 mm of
precipitation, with a net evapotranspiration of 330 mm/year
(Figure 2) (National Oceanic and Atmospheric Administration,
2024; Open ET, 2025). The majority of the precipitation occurs
between May and September (64%), corresponding to the North
American Monsoon season in the southwest U.S. and to the
most active period for low level jets, bringing moisture from
the Gulf of California and the Gulf of Mexico (Arias et al.,
2015; Barandiaran et al., 2013). The mean annual temperature is
18.7 °C with a 2 °C increase since 1959 (National Oceanic and
Atmospheric Administration, 2024; Open ET, 2025). Decreasing
precipitation concomitant with high evapotranspiration rates results
in annual water deficits, enhanced by unroofing of the water table
since 2017 from proppant mining operations. For example, in 2023,
precipitation and evapotranspiration were respectively 201 mm and
367 mm,with netwater deficit of 166 mm. In contrast, for 2017 there
was 432 mm of precipitation and 349 mm of evapotranspiration,
resulting in ∼83 mm of water excess.

Groundwater replenishment in the Kermit Dunal Aquifer
(KDA) comes from precipitation infiltrating on central, bare
active dunes, with rates up to 250 mm/h (Figure 3) (Berger, 1992;
Fournier et al., 2024). A prior analysis indicates that groundwater
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FIGURE 1
(a) Location of the Kermit dune field in Texas, United States. (b) Location of the monitoring wells, the water well #14 and of the electric conductivity
profile in the dredge pond on the Kermit dune field.

flows toward the southwest, parallel to the slope of an underlying
Pliocene/Pleistocene red clay aquitard 15–40 m below the surface
(Fournier et al., 2024). Discharge for the KDA occurs through
evapotranspiration, particularly in areas with a shallow water table,
within 3 m of the surface, and inferred flow to the underlying
regional Pecos Valley Aquifer. The Kermit dune field may contribute
up to 9% of the annual recharge of the regional Pecos Valley Aquifer
(Fournier et al., 2024). Another source of water loss since 2016 from
the KDA may be from sand mining activities, through pumping and
exposure of the water table to evaporation up to 1700 mm/year from
a∼0.5 km2 dredge pond (Mace and Jones, 2023;Open ET, 2025).The
total estimated volume of water stored in the Kermit Dunal Aquifer
(KDA) is ∼0.1 km3, from 3D modeling of 82 borehole logs through
the Kermit dune field (Fournier et al., 2024).

3 Methods

3.1 Groundwater monitoring

3.1.1 Piezometers installation
Three piezometers were installed in the Kermit dune field

between August and December 2021, using a Geoprobe model
6620DT and three 1.9 cm diameter Geoprobe Prepacked Screen
Monitoring Wells with PVC tubing. Wells KER21-MW1, MW2
and MW3 (Figure 1) were drilled to 4 m, 7.6 m, and 5 m depths

respectively. Initial water depth was measured with an In Situ E-
line at 2.1 m in KER21-MW1, 5.4 m in KER21-MW2 and 1.8 m
in KER21-MW3. The piezometers were placed in the wells 2 m
below the initial water level. Previously, cores of sediments, KER21-
2, 5 and 7 (Fournier et al., 2024), had been taken at the location of the
monitoring wells and analyzed for pedogenesis, optically stimulated
luminescence dating (OSL) and particle size repartition.

KER21-MW1, located in the central active part of the dune field,
was equipped with a telemetric In-Situ Vulink, including built-in
barometric correction at ± 1 hPa, connected through a vented cable
to a LevelTROLL 400 logger with a pressure range of 11 m or 30 ± 1.5
psi, a resolution of 0.15 psi, and temperature sensor accuracy of 0.1
°C.This logging systemwas activated on August 20, 2021, but due to
low network connectivity and equipment failure, the record ends on
May 16, 2022.The twoother piezometers, KER21-MW2andKER21-
MW3, were equipped with Van Essen Micro-Divers, paired with
one Baro-Diver, all activated onDecember 16, 2021.The Baro-Diver
was secured on the outside of KER21-MW3 as it covers a radius up
to 1.6 km. The Micro-Divers have a 10 m ± 3 cm pressure range,
a 2 mm resolution, 0.1 °C temperature accuracy, and measure the
absolute pressure above the logger, which includes both atmospheric
and water columns.

3.1.2 Water table measurements
The depth to water table and coincident barometric pressure

measurements were taken every 4 h between August 2021 and May
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FIGURE 2
(a) Monthly average of precipitation, temperature (National Oceanic
and Atmospheric Administration, 2024), potential evapotranspiration
for the town of Midland, TX, United States (TexasET Network, 2025),
and modeled evapotranspiration on the Kermit dune field
(Fournier et al., 2024; Open ET, 2025); (b) Precipitation and
evapotranspiration since the beginning of mining operations on the
Kermit dune field in 2016 (Open ET, 2025); (c) Evapotranspiration and
evaporation across the Kermit dune field and the dredge pond in
October 2024 (Open ET, 2025).

2022 in Ker21-MW1, and from December 2021 until June 2024
in both KER21-MW2 and MW3 (Supplementary Table S1). The
barometric correction is done on Van Essen Office-Diver software
using the Baro-Diver record to remove the effect of atmospheric
pressure and obtain the corrected height of the water column above
the loggers in KER21-MW2 and 3. The depth to water is then

calculated by deducting the height of the water column above the
logger to the depth of the logger in the well. In KER21-MW1,
the barometric correction and calculation of depth-to-water are
systematically done by the VuLink.

3.1.3 Electric conductivity
On-site measurements of the depth to water, temperature and

electric conductivity were taken using a Solinst Model 107 TLC
Meter, with a 5% or 100 µS accuracy for conductivity and ±0.2 °C
for temperature, in the three monitoring wells between installation
in 2021 and June 2024 (Supplementary Table S2). The Solinst E-
line was calibrated before each trip to the Kermit dune field
using two standard solutions with known conductivity of 1413 and
5000 µS. The probe was cleaned with de-ionized water between
each measurement location. The manufacturer indicates that the
temperature sensor does not require calibration. Additionally,
electric conductivity and temperature profiles were taken on
October 8, 2024, in the monitoring wells, an abandoned water
well #14 and in the dredge pond (Figure 1). Each measurement
was performed in-situ. The electric conductivity EC was corrected
using the linear temperature compensation method for temperature
difference from the reference temperature of 25 °C (Equation 1):

EC25 = EC /(1+ (0.0191∗ΔT)) (1)

Where ΔT=T- 25, the reference temperature of 25 °C subtracted
to the groundwater temperature at the time of measurement
(Pawlowicz, 2008; Wagner et al., 2006).

3.2 Statistical data processing

3.2.1 Seasonal aquifer fluctuations
The aquifer response to precipitation was analyzed daily

for monitoring wells KER21-MW2 and KER21-MW3 between
December 2021 and June 2024. The shorter record period of
monitoring well KER21-MW1 only included a small amount of
precipitation events and the record did not match the monitoring
period of the otherwells; therefore, it was excluded from the analysis.
The statistical analysis was performed in R (Team, 2022) using
the tidyverse (Wickham et al., 2019), forecast (Hyndman et al.,
2024), feasts (O'Hara-Wild and Wang, 2023), lme4 (Bates et al.,
2015), and WRS2 (Mair and Wilcox, 2020) packages. Daily average
water levels were calculated from the six measurements taken per
day in both monitoring wells and then differenced to consider
the daily change in water level. Data recovery led to missing
measurements on November 22, 2022, in KER21-MW3, requiring
the daily average to be linearly interpolated to satisfy the time series
analysis requirement of a complete record. The differenced data
appeared adequately stationary and showed a clear autocorrelation
in the 1st order autoregression model structure in KER21-MW3,
and a less clear but still significant autocorrelation structure in
KER21-MW2 (Supplementary Figure S2). Cross-correlation plots
were used to detect significant autocorrelation between the depth
to water in each well and the exogenous variables, precipitation
and evapotranspiration. These plots showed no evident relationship
between daily evapotranspiration and the depth towater throughout
the entire record; therefore, evapotranspiration was not included
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FIGURE 3
Schematic cross-section of the water inputs and outputs in the Kermit dune field, and processes involved, modified from (Fournier et al., 2024).

in the statistical models. However, a strong cross-correlation was
observed between precipitation and change in depth to water for
KER21-MW3with a 3-day lag peak.Wemodeled themean depthDt
at day t, with the following regression model for both KER21-MW2
and KER21-MW3 (Equation 2):

Dt = α0 + α1Dt−1 + β0Pt + β1Pt−1 + β2Pt−2 + β3Pt−3 + εt, (2)

The regression model predictors include the previous day’s
depth to water Dt-1 and the precipitation Pt-i over the previous
3 days. The intercept α0 for the mean change in depth to water
is the autoregressive coefficient associated with the previous day’s
change in depth to water α1.The βx coefficients are associated with
the rainfall at day t− i. The error term εt is assumed to be a
normally distributed random variable with mean 0 and constant
variance, however, the residuals showed the normality assumption
may not hold due to a higher number of outliers than expected.
We instead used bootstrapped confidence intervals and p-values for
each coefficient estimate, applying a moving block bootstrap with a
block length of 10.

A linear regression model with a lagged autoregressive term
was selected for simplicity while providing estimates consistent with
other models. The selected model captures the general trend in
both wells, while relying on bootstrap methods to provide robust
inferences. Generalized least squares (GLS) and ARIMAX models
were also considered to estimate the impact of precipitation on the
mean change in depth to water. However, both GLS and ARIMAX
handle the autocorrelation structure in the error term rather than
the mean so the estimated impact of precipitation is not necessarily
isolated from the autoregressive nature of the process. Furthermore,
in KER21-MW3 the Akaike Information Criterion (AIC) score was
much lower for the regression model than for GLS and ARIMAX.
For KER21-MW2, neither models showed impact of precipitation
on the mean depth to water.

3.2.2 Daily trend analysis
The records of water table fluctuations in monitoring wells

KER21-MW2 and KER21-MW3 highlighted a daily micro cycle

with variations of ±5–8 mm, above the dataloggers precision of
±2 mm. The first measurement of the day was set as reference that
following values were subtracted from. A robust two-way analysis
of variance (ANOVA) model for the median depth change by hour
of day and season was estimated to detect a daily trend (Mair and
Wilcox, 2020). The robust model for the median was selected due
to large outliers in the water table change. The hourly variations
in water table elevation were not compared to precipitation or
evapotranspiration because the available records only contain
daily averages.

The impact of temperature and daylight on the daily trend of
the depth to water in KER21-MW2 and MW3 were estimated using
mixed effects models (Equation 3). Separate models had to be used
due to the significant correlation between maximum temperatures
and number of daylight minutes. Each model was fitted for the
depth to water on day i at hour j, with a random effect included
for the date of measurement. The first model included the daily
maximum temperature and its interactions with the time of day as
a fixed effect. The second model included the number of daylight
minutes and its interactions with the time of day as a fixed effect.The
resulting estimates highlighted a correlation between each predictor
and the change in depth at the given time, but it is not clear what
is causing that change. The temperature and daylight variables were
both centered and scaled with a mean of 0 and standard deviation
of 1 to improve the model estimation. The random effect models for
each well is

Dij = β0 + β1Xi + ∑
h∈{5,9,13,17,21}

αh1{j=h} + θhXi1{j=h} + di + εij (3)

dj ∼N (0,σ2a),εij ∼N (0,σ2b),

Xi is the predictor at day i for themodel.The primary parameters
θh estimates the change in depth from the first hour of the day per 1
standard deviation increase in the predictor. This allows the model
to capture a different effect of the temperature or daylight at each
point in the day, while accounting for the day-to-day variation with
the random effect.
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FIGURE 4
Groundwater elevation in the monitoring wells, KER21-MW1, KER21-MW2 and KER21-MW3, compared to records of precipitation on the Kermit dune
field, from Open ET. The black arrows indicate peaks of recharge events.

4 Results

4.1 Water table fluctuations and response
to precipitation and evapotranspiration

The fluctuations of the water table were measured in three
monitoring wells in the Kermit dune field, KER21-MW1, 2 and 3
(Figures 1, 4), between August 2021 and June 2024. Throughout the
recording period, the water table is deepest, 5–7 m from the surface,
in KER21-MW2 located on the western edge of the dune field, and
shallower, 0.7–3 m, in wells KER21-MW1 and KER21-MW3, in
central areas of the dune field. Higher water table elevations in the
central dunes (∼908 masl, KER21-MW1) compared to southerner
central dunes (∼906 masl, KER21-MW3), in turn higher than at
the western transition from dune field to sand sheet (∼898 masl,
KER21-MW2), confirm the overall southwestward groundwater
flow direction previously inferred (Fournier et al., 2024). Due to
equipment failure in KER21-MW1 early in the study, the record was
not analyzed and there is no result for this piezometer.

Throughout the period of record, five distinct episodes of
recharge were measured in KER21-MW3, while no recharge
episodes are observed for KER21-MW2, confirmed by analyses
of the statistical models (Equation 2). Neither well showed a
correlation between the daily change in depth to water and
associated evapotranspiration (Supplementary Figure S2). The
cross-correlation plots (Figure 5) indicate that recharge in KER21-
MW3 follows precipitation events, with peak levels after a 3-day
lag, while no significant recharge is observed for KER21-MW2.
The same regression model (Equation 2) was applied to both
wells and yielded residuals with no significant autocorrelation
(Supplementary Figure S3). The sudden changes in depth to water
seemed more extreme than expected from the assumed normal
distribution, showing that the model captures the general trend
but the standard error estimates may be biased. A moving block
bootstrap was applied to both wells to produce confidence intervals
for the parameters mentioned in Section 3.2.1 (Equation 2).

FIGURE 5
Cross-correlation function for (a) KER21-MW2 and (b) KER21-MW3's
monitoring record with precipitation.

The coefficients in the regression model for KER21-MW3 are
statistically significant at the 95% confidence level (Table 1). The
intercept β0 and the estimate of the auto-regressive component β1
indicate that on average thewater table depth changes by −1.680 mm
+ 0.631 x Δday n-1, the variation from the previous day. The other
coefficients estimate the average additional impact of precipitation
from previous days on the water table. On average, for every 1 mm
of precipitation falling near KER21-MW3, the water table rises by
1.764 mmover the following 3 days.The first day after rainfall shows
the highest average increase of +0.644 mm in water elevation for
every 1 mm of precipitation. However, precipitation seems to only
have a delayed impact on the depth to water. Indeed, there was
no significant correlation between rainfall and depth to water on
the day precipitation was recorded. The model yielded a multiple-
R2 of 0.55, indicating that 55% of the variability in the depth to
water changes can be explained by this model and that precipitation
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TABLE 1 Coefficient estimates for the regression model with lagged
predictors for the mean change in depth to water of KER21-MW3. The βx
coefficients relate to precipitation expressed in mm. The α coefficient
describes the water depth relative to the previous day and is unitless.

Parameter Estimate 95% confidence
interval

P-value

α0 −1.67 (-2.49, −1.10) 0.002

α1 0.63 (0.26, 0.78) <0.001

β0 0.25 (-0.416, 1.04) 0.728

β1 0.64 (0.03, 1.14) 0.032

β2 0.42 (0.02, 0.84) 0.046

β3 0.45 (0.10, 0.81) 0.018

βtotal 1.76 (0.29, 2.78) 0.008

TABLE 2 Coefficient estimates of the precipitation coefficients for the
ARIMA model for the mean change in depth of Ker21-MW2. The βx
coefficients relate to precipitation expressed in mm.

Parameter Estimate 95% confidence
interval

P-value

α0 −1.62 (-1.97, −1.09) 0.000

α1 −0.38 (-0.52, 0.00) 0.056

β0 0.07 (-0.00, 0.172) 0.074

β1 −0.00 (-0.07, 0.05) 0.898

β2 −0.08 (-0.19, 0.01) 0.086

β3 0.00 (-0.04, 0.05) 0.886

βtotal −0.01 (-1.27, 0.09) 0.758

effects the depth to water in association with other factors. Despite
recharge from precipitation, the depth to water in KER21-MW3 has
increased by 1.32 m over the recording period, or 1.45 mm/day. The
depth to water also augments in between rainfall events at a rate of
2.7 mm/day.

In contrast, the water table in monitoring well KER21-MW2
appears insensitive to precipitation events, with a monotonic 1.2 m
increase in depth to water over the complete record, at a rate
of 2 mm/day (Figure 4). The regression model accounts for the
autocorrelation in the change of depth to water, but none of the
parameter estimates for precipitation influence coefficients βx were
found to be significant (Table 2). The resulting multiple-R2 of 0.14
for this well indicated the failure to capture the depth to water
change variability. The drastic difference of multiple-R2 between
the two wells confirmed that statistically precipitation has a strong
effect in KER21-MW3 but not in KER21-MW2. The regression
models for KER21-MW2 and MW3 were compared to GLS and
ARIMAX models, which provided a closer fit to the data but were
more complex than the chosen linear regression model while giving
similar results.

FIGURE 6
Box plots showing the daily cycle in (a) KER21-MW2 and (b)
KER21-MW3.

4.2 Daily fluctuations of the water table

The depth to water in the monitoring wells was measured every
4 h between 2021 and 2024 to infer a potential daily fluctuation.
For this purpose, the first measurement of each day was used as
a reference against each of the following measurements (Figure 6).
Of note is that some days had a different first time of measurement
and had to be excluded from the ANOVA model to fit the data
consistency requirement as well as outliers present in the data but
not included in the plot. However, this did not significantly impact
the result of the analysis. In the two-way ANOVA model, both hour
and seasonwere found to be significantwith p-values less than 0.001.
However, the interaction between hour and season resulted in a
p-value of 0.09 which is not significant at the selected 0.05 level,
and lead to the conclusion that the depth to water varies daily by
± 5–8 mm and across seasons by up to 40 cm. In KER21-MW3,
the water table seems to drop earlier, before 05:00, than in KER21-
MW2 where the lowest levels are reached after 09:00. The water
table then rises back in KER21-MW3 and is close to the original
level by 13:00, while in KER21-MW2, the rise is not observed until
17:00. The seasonal effect also appears greater for KER21-MW3,
where the water table is notably lower during mid-day in the spring
and summer.

The water table fluctuations were also compared to records of
maximum daily temperature and daylight duration using distinct
mixed effects models described in (Equation 3) (Figure 7). The
daily maximum temperature was used to correct for strong
multicollinearity between the time of day and temperatures. The
residuals for the mixed effects models showed similar outliers
to the linear regression models so a bootstrap was applied to
compute the confidence intervals and p-values. The measurements
were resampled per day to compute daily bootstrap estimates and
preserve the daily variation within the bootstrap. Daylight seemed
to negatively impact the depth to water at 05:00, 09:00 and 13:00 in
KER21-MW3 (Tables 3, 4). A similar effect is observed in KER21-
MW2at 09:00, 13:00, and 17:00 (Tables 5, 6), with a 4 h lag compared
to MW3. The daylight mixed effect models also showed that for

Frontiers in Earth Science 07 frontiersin.org

https://doi.org/10.3389/feart.2025.1617125
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org


Fournier et al. 10.3389/feart.2025.1617125

FIGURE 7
Results of the mixed effects model with daily water level curves for (a)
KER21-MW2 and (b) KER21-MW3.

TABLE 3 Daylight mixed model effect summary for KER21-MW3.

Random Effects
(day)

Variance Std. Dev. p-value

Intercept (Date) 146,401.94 382.625 <0.001∗

Residual 46.75 6.837

Fixed Effects
(mm)

Estimate 95% Conf. Int. p-value

Intercept −2381.33 (-2402, −2361) <0.001∗

Daylight 50.7 (28.7, 71.6) <0.001∗

05:00 −3.89 (-4.51, −3.03) <0.001∗

09:00 −3.86 (-4.61, −2.94) <0.001∗

13:00 0.24 (-0.63, −1.24) 0.678

17:00 0.48 (-0.40, 1.55) 0.352

21:00 −0.75 (-1.71, 0.37) 0.172

Daylight −05:00 −0.82 (-1.15, −0.47) <0.001∗

Daylight −09:00 −1.54 (-2.00, −1.03) <0.001∗

Daylight −13:00 −2.35 (-2.99, −1.66) <0.001∗

Daylight −17:00 −0.26 (-0.90, 0.37) 0.434

Daylight −21:00 −0.13 (-0.84, 0.62) 0.694

Note: ∗p < .05. A p-value <.05 indicates a statistically significant relationship.

every standard deviation increase in daylight duration, the mid-day
increase in depth to water was more severe. Similarly, a significant
negative effect of temperature was observed at 09:00 and 13:00 in
KER21-MW3, and at 09:00 and 17:00 in KER21-MW2. The daylight
duration and maximum daily temperature were highly correlated,
so either parameter may explain the severe mid-day decline of the
water table.

TABLE 4 Maximum temperature mixed effect model summary for
KER21-MW3.

Random Effects
(day)

Variance Std. Dev. p-value

Intercept (Date) 145,888.05 381.953 <0.001∗

Residual 47.12 6.864

Fixed Effects
(mm)

Estimate 95% Conf. Int. p-value

Intercept −2381.33 (-2402, −2361) <0.001∗

max temp 55.7 (35.6, 76.8) <0.001∗

05:00 −3.89 (-4.53, −2.94) <0.001∗

09:00 −3.86 (-4.59, −2.85) <0.001∗

13:00 0.23 (-0.63, 1.37) 0.674

17:00 0.48 (-0.42, 1.60) 0.368

21:00 −0.76 (-1.70, 0.44) 0.186

Max temp-05:00 −0.51 (-1.06, 0.30) 0.160

Max temp −09:00 −1.22 (-1.80, −0.34) 0.004∗

Max temp −13:00 −1.83 (-2.51, −0.89) <0.001∗

Max temp −17:00 −0.02 (-0.69, 0.91) 0.892

Max temp −21:00 0.07 (-0.66, 1.10) 0.924

The spatial and hydrogeological context of the monitoring
wells could in part explain the difference in daily responses to
precipitation, daylight duration and surface temperatures. Both
monitoring wells, KER21-MW2 and KER21-MW3, were installed
in interdunal areas but in different parts of the Kermit dune
field. KER21-MW2 was positioned at the transition zone between
active dunes and sand sheet deposits. The water table at this
well’s location is found 7 m below the surface in homogeneous
sediments containing up to 39% of silt and clay mixed in with
sand. The vegetation cover around this well is ∼60% and consists
mostly of mesquites, an invasive shrub-like plant that may take up
to 80 L/day (Hart, 2004). KER21-MW3 is located 1.5 km southeast
of monitoring well 2, in a central area of the Kermit dune field
where the water table is only 2.6 m below surficial loose active sand
dune deposits. Vegetation cover around this well is lower, ∼20%, and
consists of grasses and one sunflower plant.Themonitoringwells are
not equipped with pumps so they do not interfere with each other,
however they could be impacted by the mine’s water wells. There is
no available pumping record or schedule for the latter.

4.3 Electric conductivity

The electric conductivity (EC) was measured in each well
throughout the period of record, depending on environmental
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TABLE 5 Daylight mixed effect model summary for KER21-MW2.

Random Effects
(day)

Variance Std. Dev. p-value

Intercept (Date) 62,093.92 249.186 <0.001∗

Residual 37.67 6.137

Fixed Effects
(mm)

Estimate 95% Conf. Int. p-value

Intercept −6351.28 (-6365, −6339) <0.001∗

Daylight 52.31 (40.0, 66.1) <0.001∗

05:00 −0.71 (-1.48, −0.09) 0.022∗

09:00 −4.97 (-5.74, −4.34) <0.001∗

13:00 −4.44 (-5.06, −3.83) <0.001∗

17:00 0.59 (-0.33, 1.44) 0.058

21:00 0.47 (-0.31, 1.13) 0.127

Daylight −05:00 0.11 (-0.46, 0.83) 0.733

Daylight −09:00 −0.95 (-1.55, −0.20) 0.002∗

Daylight −13:00 −0.75 (-1.31, −0.18) 0.016∗

Daylight −17:00 −1.45 (-2.19, −0.66) <0.001∗

Daylight −21:00 0.19 (-0.42, 0.953) 0.538

Note: ∗p < .05. A p-value <.05 indicates a statistically significant relationship. P-values for
the fixed effects were estimated using a block bootstrap where days were resampled.

conditions surrounding the wells and available equipment (Figure 8;
Table 7; Supplementary Table S4).The average value of ECmeasured
in vertical profiles in 2024 in KER21-MW1, KER21-MW2, well
#14 and in the dredge pond, 330 μS/cm, is assumed to be the
nominal background EC of the Kermit dunal aquifer. EC values
range between 204 and 364 μS/cm in KER21-MW1. Measurements
in MW2 and MW3 were initiated after a local pipeline leak,
on June 2nd, 2022, near KER21-MW3. No measurements were
taken for safety reasons, in this well nor in the nearby KER21-
MW1 well until the site was remediated. However, ECwasmeasured
in KER21-MW2 the day of the leak and yielded a value of
1690 μS/cm, substantially higher than the assumed background
EC of the Kermit dunal aquifer. Following EC measurements
in KER21-MW2 between November 2022 and June 2024 range
between 73 and 184 μS/cm, lower than the aquifer’s background
value, and may indicate that the plume of contaminants that
triggered the high electric conductivity was flushed out rapidly
after the spill was stopped. The low conductivities in KER21-
MW2 post-spill could also indicate the long-term presence
of dissolved hydrocarbon. Organic compounds such as crude
oil generally have low electric conductivities (<100 nS/cm at
22 °C) and a previous study found that up to 16% of the
groundwater dissolved inorganic carbon (DIC) from KER21-
MW2 may originate from hydrocarbons (Fournier et al., 2024;
Mohammadi and Mohammadi, 2016).

TABLE 6 Maximum temperature mixed effect model summary for
KER21-MW2.

Random Effects
(day)

Variance Std. Dev. p-value

Intercept (Date) 63,117.45 251.232 <0.001∗

Residual 37.83 6.151

Fixed Effects
(mm)

Estimate 95% Conf. Int. p-value

Intercept −6351.28 (-6364, −6337) <0.001∗

Max temp 42.6 (30.1, 55.1) <0.001∗

05:00 −0.70 (-1.46, −0.10) 0.016∗

09:00 −4.97 (-5.73, −4.37) <0.001∗

13:00 −4.44 (-5.05, −3.86) <0.001∗

17:00 0.60 (-0.25, 1.43) 0.16

21:00 0.48 (-0.29, 1.17) 0.208

Max temp-05:00 −0.07 (-1.14, 0.90) 0.912

Max temp −09:00 −1.11 (-2.22, −0.16) 0.018∗

Max temp −13:00 −0.85 (-1.87, 0.06) 0.072

Max temp −17:00 −1.15 (-2.28, −0.17) 0.018∗

Max temp −21:00 0.25 (-0.82, 1.24) 0.606

Conductivity values in KER21-MW3 between November 2022
and June 2024, 8,559 μS/cm on average, have not decreased
and may reflect the long-term contamination from hydrocarbons
or produced water following the pipeline leak or a remaining
conductivity-increasing source. The high values measured in
KER21-MW3 and after the spill in KER21-MW2 may come
from associated produced water, inorganic compounds (heavy
metals, salts, sulfur, nitrogen), mobilization of sediments or from
biodegradation of the organic oils increasing the water aciditymixed
or induced by the oil spill (Cozzarelli et al., 2021; Lauer et al., 2016).
In bothKER21-MW2andMW3, the galvanized steel wires attaching
the loggers had to be replaced by fishing lines due to corrosion.
Corrosion of steel equipment is a recurring issue associated with
produced water (Craig, 1998).

Electric conductivity profiles taken in October 2024 in KER21-
MW1 and 3, in well #14 and in the dredge pond show an increase
in EC with depth (Figure 9). In well #14, EC also increases ∼2 m
from the surface, probably due to the open casing and the location
of the well near sand belts and washers, prone to dust emissions.
In KER21-MW2, the water table dropped to <1 m from the bottom
of the well, therefore measurements were limited and may not be
representative of the water profile in that location. The conductivity
profiles also highlighted the elevational differences between thewells
and the dredge pond. The latter is elevationally lower than well
#14, despite well #14s location downflow from the pond, but higher
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FIGURE 8
(a) Electric conductivity measured in KER21-MW1, MW2 and MW3 punctually between May 2016 (KER21-MW1 only) and October 2024; (b) Electric
conductivity profiles in KER21-MW1, MW2, MW3, and in water well #14 and the dredge pond in October 2024. The grey bars represent the 1 standard
deviation in the data at each point.

TABLE 7 Summary of Electric Conductivity measurements for each location in the Kermit dune field.

Location Min (µS) Max (µS) Median (µS) Std. Dev. Period Measurement #

KER21-MW1 204.9 378.4 265.4 56.9 2021–2024 11

KER21-MW2 73.1 1690.6 120.0 523.2 2022–2024 9

KER21-MW3 6616.6 9587.6 7102.9 919.9 2022–2024 10

Well #14 196.9 453.1 324.9 68.9 Oct 2024 55

Dredge Pond 377.4 697.6 382.8 90.7 Oct 2024 23

than KER21-MW2, also downflow (Figure 1), which could indicate
a locallymodified flow path surrounding the dredge pond compared
to pre-mining or undisturbed southwestward groundwater flow
direction.

5 Discussion

5.1 Natural evolution of the water table in
the Kermit dunal aquifer

5.1.1 Recharge
Groundwater recharge in semi-arid areas is especially

sensitive to lithology, thickness of the vadose zone, soil hydraulic
properties, vegetation cover and climate (Boughanmi et al., 2018;

Kollet and Maxwell, 2008; Rossman et al., 2014). Comparing
water level variance in the three Kermit monitoring wells with
monthly Palmer Drought Severity Index (PDSI) for Winkler
County (WestWide Drought Tracker, 2025) indicates that drought
variability has a significant effect on groundwater levels in the
Kermit dune field with R2 of 0.95, 0.79 and 0.74 (Figure 10). More
negative PDSI values (dryer conditions) coincide with a muted
and negative change in groundwater levels whereas more positive
PDSI values (wetter conditions) occur with larger and positive water
table anomalies. Precipitation was found to significantly impact the
shallow water table depth for KER21-MW3 in the central active
dunes, while no evident relationship was found for the deeper 7 m
water table in KER21-MW2 at the transition from dunes to sand
sheet deposits. In addition, the depth to water measured in KER21-
MW2 increased at a rate of 2 mm/day, which is lower than the rate of
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FIGURE 9
(a–c) 3D model with and without the unsaturated zone, and cross section A-A′ of the Kermit dunal aquifer from 2018 boring data
(modified from Fournier et al., 2024); (d–f) 3D model and cross-section of the Kermit dunal aquifer from 2024 water wells, piezometers and dredge
pond water level (unpublished data).

decline between recharge events in MW3, 2.7 mm/day, but higher
than the overall rate in MW3 of 1.45 mm/day. The differences in
declining rates may come from the vadose zone thickness and the
sensitivity to recharge events. The water table in KER21-MW3 is
closer to the surface so more vulnerable to evapotranspiration but
it also gets recharge from precipitation, while in KER21-MW2 the
water is deeper and seems to be shielded from recharge.

In arid and semi-arid environments, groundwater systems may
experience recharge with lag times varying from days to centuries
depending on the thickness of the vadose zone, the soil hydraulic
properties and lithology (Boughanmi et al., 2018; Huo et al., 2014;
Rossman et al., 2014). Some aquifer models indicate that a vadose
zone >5 m thick and increasing clay contents from 0% to 20%
can result in reduced recharge rates by up to 70% in fine soils
(Boughanmi et al., 2018; Huo et al., 2014; Scanlon et al., 2010). Also
in those environments, rainfall first compensates for soil moisture
deficit and recharge happens during sporadic events with high
rainfall intensity but only the water percolating below the root zone
may constitute recharge to the aquifer (Boughanmi et al., 2018;
De Vries and Simmers, 2002; Huo et al., 2014). The evaporation
depth also varies with soil properties from shallow in sands
(0.1–0.3 m) to deeper in silty loams (0.6–0.8 m) (Lehmann et al.,
2008). The statistical analyses on the piezometric record in KER21-
MW2 show no evident relation between the depth to the water table
and precipitation or evapotranspiration. The 7 m thick vadose zone
in KER21-MW2 may prevent precipitation from reaching the water
table or may delay recharge with a lag longer than the recording
period. Additionally, a core was taken during the installation of

KER21-MW2 and revealed sediments consisting of a mix of sand,
61%–92.5%, and fines <63 μm, 7.5%–39% (Fournier et al., 2024).
The nearby plant cover is approximately 60% and is characterized as
sandhill shrublands with deep-rooted (up to 12 m) honeymesquites
that may have dense lateral root systems concentrated in the upper
1 m (Steinberg, 2001) and are commonly named “water thieves” in
rangelands for their high-water consumption, up to 80 L/day (Hart,
2004). The dense root network below the dunes’ surface and the
deeper reaching evaporation may explain the lack of recharge in
this well. All available soil water including precipitation may be
consumed, starving the water table at this site.

In the central active dunes, the water table is shallow,
1.7–3 m deep, and may be more sensitive to precipitation and
evapotranspiration than at the western edge of the dunes where
the water table is deeper. The record in KER21-MW3 shows that
1 mm of precipitation correlated with a 0.68 mm rise the first
day and 1.7 mm rise post 3 days following rainfall. The difference
between the amount of precipitation and recorded rise in the
piezometer accounts for the volume of sand getting saturated
from rainfall and with an estimated 36% porosity, well within
the range of sand porosities (Berger, 1992). Indeed, granulometry
analysis of a core taken at the location of KER21-MW3 yielded
a sediment composition of almost 100% sand over the first 1.5 m
that then transitioned to older sediments with 26%–48% fines
(Fournier et al., 2024). Following rainfall, the water table drops at
a rate of 2.7 mm/day until the next rainfall event. In areas with
a high water table, <5 m, recharge may occur post precipitation
with ensuing evapotranspiration in semi-arid climates (De Vries and

Frontiers in Earth Science 11 frontiersin.org

https://doi.org/10.3389/feart.2025.1617125
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org


Fournier et al. 10.3389/feart.2025.1617125

FIGURE 10
(a–c): Groundwater level variance in all three monitoring wells,
KER21-MW1, MW2 and MW3, compared to monthly values of PDSI
with trendlines, R2 values and polynomial relationships. For
KER21-MW1, the comparison is between August 2021 and May 2022.
For KER21-MW2 and MW3, the record covers December 2021 to June
2024. PDSI values were obtained for Winkler
County, TX (WestWide Drought Tracker, 2025).

Simmers, 2002). Periodic recharge in the central shallower aquifer
can offset the high decline observed between rainfall events and
allow for an overall rate of depletion lower than in the deeper section
of the aquifer.

5.1.2 Daily variation
Despite the overall water levels declining in the Kermit

dune field, small water level fluctuations occur daily in KER21-
MW2 and MW3 (Figure 7). Indeed, a micro 5–8 mm water cycle
has been documented in the wells with the water table lower in

the early morning and higher in the afternoon. In well KER21-
MW3 the lowest water levels on average were measured at 05:00 h
and the highest at 13:00 h. The cycle in KER21-MW2 is delayed
by 4 hours and appears muted compared to KER21-MW3, which
may reflect a thicker vadose zone in KER21-MW2. The cycle in
both wells is impacted by seasonality, on average the water table is
40 cm higher in the winter compared to the summer and appears
muted in periods of shorter daylight duration. During the growing
season when daylight lasts longer and temperatures are higher, the
daily cycle shows additional lowering of the water table in both
KER21-MW2 andMW3.However, the individual impact of daylight
duration and temperature on the depth to water in the Kermit dune
field was not determined. Both parameters were highly correlated,
and other factors such as vegetation cover or vadose zone thickness
may also effect the water table’s daily cycle.

The scale of the daily variations may reflect natural processes
rather than anthropogenic effects. The latter tends to result in
multiple meters of water level variations, while natural daily
fluctuations of water table elevation usually show <1 m of amplitude
(Gribovszki et al., 2010). Earth tides effects calculated with
Tsoft yielded statistically insignificant <0.1 correlation coefficients
with the daily cycle (Gribovszki et al., 2010; Van Camp and
Vauterin, 2005). Previous studies on shallow water tables reported
atmospheric pressure changes may have induced variations of water
table heights, with lower atmospheric pressures associatedwith a rise
in the water table (Spane, 2002; Turk, 1975). However, unconfined
aquifers are usually assumed to be insensitive to barometric pressure
variation and barometric efficiency in sand and sandy sediments
is nearly null. Thus, barometric effects on the water table are
most likely insignificant in the Kermit dune field (Acworth et al.,
2016; Crosbie et al., 2005). Another factor that can cause diurnal
variations in water table elevation is evapotranspiration, which
induces responses varying by well depth, vegetation cover, soil
conditions, climate and seasons. Here, the daily cycle shows lower
water table elevations during spring and summer days with longer
daylight, which also corresponds to the growing season. Indeed,
the effect of an extended growing season may be prominent for
KER21-MW2 where vegetation coverage is higher and consist of
high water-usage plants like mesquite trees, compared to KER21-
MW3. Mesquite trees may take up to 80 L of water per day during
the growing season (Hart, 2004).

5.2 Impact of anthropogenic activities on
groundwater flow path and chemistry

The Kermit dune field is located on the Central Basin Platform,
a high oil and gas producing area of the Permian Basin, with
nearly 100,000 production wells, including 200 wells directly in the
dunes (Rail Road Commission of, 2025). Approximately 11,000 oil
spills were recorded in the Permian Basin between 2009 and 2018
(Scanlon et al., 2022). In the Kermit dune field, oil spills may also be
prevalent. A previous study found that up to 16% of the dissolved
inorganic carbon (DIC) in groundwater from well KER21-MW2
and from a nearby proppant water well may reflect a hydrocarbon
contribution (Fournier et al., 2024). Case in point, an oil or produced
water spill observed in 2022 (by AF) near KER21-MW3 in the
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FIGURE 11
(a)-Relationship between the Kermit dredge pond area (in km2) and the depth to the water table measured in KER21-MW1, KER21-MW2 and
KER21-MW3, per month between August 2021 and June 2024. The area of the pond was obtained by manual analysis of monthly aerial imagery from
Planet. (b)-Water level evolution prediction in monitoring wells KER21-MW2 and MW3 until reaching the depth of the clay layer as estimated at both
well location, assuming current conditions and decline rates are constant. At the location of KER21-MW2, the thickness of the aquifer is ∼30 m, and it is
∼19 m at the location of KER21-MW3.

central active dunes was traced the same day downflow in KER21-
MW2 through an outstanding peak in electric conductivity (EC)
of 1690 μS/cm. The EC measured in KER21-MW3 near the source
of the spill was even higher at ∼8560 μS/cm and persisted through
repeat measurements in the following years, possibly indicating a
consistent subsurface source of contaminants. Pure hydrocarbons
have generally low conductivities. However, produced waters that
may contain heavy metals, high concentrations of salt and other
inorganic compounds yield elevated conductivity values. Also,

biodegration of trappedhydrocarbons in sedimentsmay increase the
conductivity of water in the well (Cozzarelli et al., 2021; Lauer et al.,
2016). Further chemical analyses is needed to identify the source of
the high and constant EC in well KER21-MW3 and vicinity.

Since 2016, three companies have developed four major sand
mining operations for oil and gas production in the Kermit dune
field (Mace and Jones, 2023). One mine is centered on the thickest
(20–50 m) sand sediment sequence in the central western part
of the Kermit dune field, which also coincides with the thickest
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portion of the Kermit dunal aquifer (Fournier et al., 2024). The
high volume of water in the dunes, >0.1 km3 (Fournier et al., 2024),
necessitated mining operations to transition from open pit to water
dredging. In October 2024, the dredge pond covered an area of
0.33 km2 with depths between 3 and 8 m from south to north
across the pond (Personal communication with mine operators,
2024). A 3D architectural model of the Kermit dunal aquifer based
on boring data from 2017–2018, predating the formation of the
dredge pond (Fournier et al., 2024) was compared to a new 2024
3D model reflecting the state of the water table in the vicinity of the
dredge pond (Figures 9, 10). In 2024, the water table elevation was
lowered by ∼1.2 m compared to 2021. Indeed, there is a significant
correlation between the extension of the dredge pond and the depth
of the water table measured in the monitoring wells (Figure 11).
This correlation is more significant in the shallower KER21-MW3
piezometer than in KER21-MW2, where the relationship is muted
when the water table drops below 6 m. The sink effect of the pond
on the water table is accentuated by high evaporation rates up to
1200 mm/yr (Open ET, 2025) and 4-fold increase of the surrounding
vegetation.

Sand mining within a shallow aquifer has been recognized in
various studies as the dominant cause for lowering the regional
water table, reducing soil moisture and removing the protective
filtrating unsaturated zone, leading to well failures in agricultural
areas, aquifer pollution and increased vulnerability to evaporation
(Brewer et al., 2024; Hemalatha et al., 2005; Peckenham et al.,
2009). Soil moisture in sand dunes increases intergranular cohesion
and adhesion which enhances the resistance to wind erosion
capacity (Hallin et al., 2023; Namikas and Sherman, 1995; Van Rijn
and Strypsteen, 2020). The increasing arid conditions and the
expansion of the dredge pond and other mine pits on the
Kermit dune field may lead to dewatering and reduced soil
moisture. Notably, if current drought conditions and the rates of
declining water level in the piezometers were to remain constant
as documented for 2021–2024, the volume of Kermit dunal aquifer
may decrease by >50% within the next 30 years (Figure 11). In
addition, decreased soil moisture may lead to the replacement
of sand-fixing vegetation cover by drought-resistant shrubs such
as mesquite trees (Alamusa et al., 2023; Reynolds et al., 1999;
Zhong et al., 2024). Mesquite-dominated areas in the Chihuahua
Desert have undergone increasing desertification marked by
landscape heterogeneity nutrient loss and soil erosion, associated
with increased aeolian activity, enhanced lower atmospheric dust
loading and periodic dust storms (Gillette and Pitchford, 2004;
Gould, 1982; Sweeney et al., 2023).

The Kermit dune field, Winkler County, TX, is in part privately
owned by mining companies and leased from the State of Texas.
Private and leased lands in Texas fall under the common law
of “rule of capture”. This rule gives the right to landowners
and leasers to use the groundwater beneath their property with
few restrictions and oversight from government agencies, unless
limitations are specified by a Groundwater Conservation District
(GCD). The GCDs are local government entities created either by
the Texas Legislature or through a petition to the Texas Commission
on Environmental Quality (TCEQ) started by landowners and
residents. In Winkler County, there is currently no GCD. In the
absence of regulations on the Kermit dune field, enforcing long-
term monitoring and mitigating of the sand mining effects on

local groundwater seems complicated. Possible sustainable strategies
to protect the groundwater may include restricting the expansion
of the dredge pond, solely mining the surficial sand to limit the
evaporation, installing more piezometers near the mine facilities
to monitor and regulate groundwater extraction, and creating
reclamation projects for post-mining dune structure stabilization.
Those actions would have to be implemented by themine companies
on a voluntary basis, unless a GCD is created to cover this area.
Even without regulatory framework, the data produced during this
study could serve the Texas Water Development Board (TWDB)
for regional aquifer planning, and recharge and water-resource
management modeling in the PVA. The TWDB is the Texas agency
responsible for water data collection, interpretation and reporting.

6 Conclusion

Groundwater dynamics in theKermit dune fieldweremonitored
from December 2021 to June 2024, during one of the dryest periods
of the ongoing 2000s megadrought impacting the southwestern
United States. Two piezometers measured the variations of the
water table and a barometric logger recorded atmospheric pressure
and surface temperature. Throughout the monitoring period,
groundwater monitoring revealed an overall declined water level of
∼1.2 m in both piezometers in the Kermit dune field. However, the
water table showed distinct responses to precipitation depending
on the depth of the water table: in the shallow KER21-MW3, peak
water levels are reached at a 3-day lag following precipitation. For
each 1 mm of rainfall, the water table exhibited a 1.7 mm rise
which allowed to estimate a sediments porosity of 36% at this
location. In contrast, in the deeper KER21-MW2, the water table
showed no discernible response to precipitation, suggesting that all
precipitation falling nearby is taken up by evapotranspiration before
reaching the water table. The monitoring record also highlighted a
daily cycle in both piezometers seemingly influenced by seasonality,
temperatures and daylight duration. Indeed, this cycle with early
morning lows and afternoon highs seems muted in the shorter
colder winter days while it is intensified during the spring and
summer months when days are longer and warmer. The daylight
effect is more pronounced in KER21-MW2, likely due to a higher
vegetation cover with deep-rooted high-water consuming plants.
Neitherwell record showed a direct statistical-significant response to
daily evapotranspiration or air temperature variations, though there
is a significant relationship between PDSI and monthly changes in
water table, indicating a sensitivity to drought variability.

The Kermit dunal aquifer (KDA) holds ∼0.1 km3 of water and
may contribute up to 9% of the annual recharge to the regional
Pecos Valley Aquifer (PVA) (Fournier et al., 2024). However,
mining and oil and gas production on the dune field may impact
the quantity and quality of the groundwater. An oil and brine
spill in 2022 may have caused long-term contamination of the
groundwater near KER21-MW3 where electric conductivity values
have remained >7500 μS/cm. Groundwater samples from KER21-
MW2 and a deep water well revealed that up to 16% of the dissolved
inorganic carbon may originate from hydrocarbons, indicating a
possible widespread contamination (Fournier et al., 2024). Mining
operations have also resulted in the creation of a dredge pond in the
heart of the dunes, where evapotranspiration (up to 1200 mm/yr)
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exceeds precipitation (∼300 mm/yr). The pond likely drains the
dunal aquifer, possibly contributing to the water static level decline
observed in the piezometers. The modification of groundwater
flow paths, the reduction of the volume of water in the KDA and
possible hydrocarbon contamination may diminish the quality and
sustainability of recharge to the PVA. In addition, dewatering of the
sand dunesmay lead to enhanced wind erosion and dust production
as drought conditions persist through the 21st century. The absence
of regional monitoring and management of aquifers in this dune
dominated semi-arid area of west Texas, impedes sustainable use of
this diminishing groundwater resource.
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