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Abstract 

Groundwater levels are usually mapped as water table contours produced from point 
data, that is, hydraulic heads measured in modest numbers of observation wells distrib-
uted across a given region. The typically sparse distributions of wells, especially in remote 
areas, severely limit the number of observations that can be made and may lead to ambig-
uous groundwater-level estimates at unsampled locations. Satellite altimetry provides re-
liable estimates of hydraulic heads wherever surface water and groundwater intersect, 
regardless of how remote the location is. Therefore, we tested the use of Ice, Cloud, and 
Land Elevation Satellite 2 (ICESat-2) and Surface Water and Ocean Topography (SWOT) 
measurements of water levels in interdune water table lakes to characterize groundwater 
levels in the Nebraska Sandhills (central USA), the largest dune field in the Western Hem-
isphere. Our satellite altimetry estimates of groundwater levels in the Nebraska Sandhills 
closely approximate the measurements made in nearby observation wells. ICESat-2 
showed a root-mean squared error (RMSE) of 0.68 m with ± 0.45 m standard deviation 
(SD). SWOT estimated an RMSE of 0.75 m with ± 0.76 m SD. Monthly groundwater levels 
were estimated using kriging with an external drift and generalized additive models, with 
RMSEs ranging from 1.9 m to 3.3 m and with unbiased errors (mean error of −0.003 m to 
0.153 m). We conclude that satellite altimetry has potential for the remote measurements 
of groundwater levels under certain geographic conditions, especially where groundwa-
ter-dominated lakes are prevalent. 

Keywords: satellite altimetry; remote sensing; Nebraska Sandhills; lake groundwater 
level; kriging; generalized additive model 
 

1. Introduction 
Groundwater comprises about 30% of global freshwater resources. It supplies one-

third of all freshwater usage, or 36%, 42% and 27% of domestic, agricultural, and industrial 
consumption, respectively [1]. Groundwater sustains baseflow to many rivers, lakes, and 
wetlands during periods of minimal or no rainfall. Nevertheless, groundwater is sparsely 
measured and monitored, primarily through observation wells, which are costly to install, 
maintain, and repeatedly sample [2]. Sparse observations inhibit our ability to characterize 
groundwater recharge, discharge, flow, storage, and distribution. Furthermore, climate 
change and other anthropogenic impacts are expected to alter the global water cycle and 
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groundwater hydrology, producing effects such as increased groundwater flooding (e.g., 
Mittelstet [3]). Groundwater recharge may be reduced by 10–20% in the future, although 
groundwater use could increase as climate variability spurs escalating demands and popu-
lation growth [4,5]. Better quantification of groundwater levels will be essential for the sus-
tainable development of society and the maintenance of global ecosystems. 

Satellite sensors can advance groundwater quantification and provide novel insights 
into groundwater systems. Satellite altimetry is already widely used to estimate the rela-
tive height of the water surface in streams, lakes and reservoirs [6]. Altimeters such as 
ICESat-2 (Ice, Cloud, and Land Elevation Satellite) and Surface Water and Ocean Topog-
raphy (SWOT) provide continuous observations with reasonable estimates of water sur-
face elevation throughout the year. ICESat-2, a satellite-based light detection and ranging 
(LiDAR) system equipped with a high-resolution photon-counting laser altimeter, pro-
vides lake water-level retrievals with unprecedented accuracy with a root mean square 
error (RMSE) of 0.06–0.5 m. SWOT employs a Ka-band radar interferometer (KaRIn) at 
35.75 GHz to measure ocean surface topography and inland water elevations, including 
lakes, reservoirs, rivers and wetlands [7]. SWOT estimates lake water levels with an aver-
age bias of −0.01 ± 0.13 m and a mean absolute error (MAE) of less than 0.1 m when vali-
dated against ICESat-2 data [8]. The median unbiased RMSE of SWOT vs. gauge is 0.53 m, 
and the median Pearson’s correlation coefficient is 0.91 [9]. Studies using satellite altimetry 
have vastly improved the monitoring and understanding of inland water dynamics, es-
pecially those of large lakes, reservoirs, rivers, and wetlands. However, fewer studies use 
altimetry to measure the water levels of smaller and shallower groundwater-dependent 
ecosystems. Our study combines the greater spatial and temporal coverage of SWOT with 
precise measurements from ICESat-2 to provide unprecedented detail of hitherto sparsely 
measured groundwater levels at a regional scale [10]. In doing so, we vastly improve the 
understanding of water dynamics in a large and important ecoregion, the Nebraska 
Sandhills (hereafter Sandhills). 

The 4700 groundwater-fed lakes in the Sandhills lie below the level of the regional 
potentiometric surface and are areas of focused groundwater discharge [11]. Changes in 
the water levels and areas of these lakes are important indicators of regional climate and 
environmental effects, including fluctuations in groundwater [12]. Improved characteri-
zation of water-level fluctuations can assist in identifying the effects of climate and man-
agement practices in one of the most important recharge areas of the subcontinental-scale 
High Plains aquifer system [13]. In addition, much of the Sandhills is remote, and land is 
chiefly under private ownership, hampering long-term, large-scale in situ monitoring. 
Satellite altimetry, however, provides reliable estimates of lake levels that can be used to 
approximate groundwater levels. Shrestha [14] demonstrated the utility of aerial infrared 
LiDAR and the waterline method to estimate the water levels in lakes in the Sandhills and 
to approximate the level of the unconfined aquifer. The results showed potential for fur-
ther development and refinement. Groundwater levels estimated in this manner can then 
be predicted at unsampled locations using geostatistical methods. Geostatistics provides 
unbiased estimates of groundwater-level variation and the uncertainty associated with it. 
Using the spatial correlation structure derived from sampled locations, geostatistics can 
predict water levels at unsampled locations. Methods such as ordinary kriging (OK), uni-
versal kriging (UK), kriging with an external drift (KED), and co-kriging are extensively 
used to map groundwater levels [15–17]. However, kriging assumes a linear relationship 
between a response and explanatory variables, and this relationship may not hold true in 
many natural processes, which mostly obey curvilinear functions [18]. Generalized addi-
tive models (GAMs), a semiparametric form of generalized linear models (GLM), auto-
matically derive model parameters directly from data, allowing flexibility in the modeling 
of response variables. GAMs use a combination of linear and nonlinear components to 
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reveal hidden patterns in data. Although GAM is widely applied in environmental, cli-
mate, and ecological modeling, it is less commonly used in groundwater-level mapping 
[19–21]. For example, Asquith [22] used GAM to interpolate and extend monthly ground-
water levels of individual wells in the Mississippi River Valley alluvial aquifer in the 
south-central USA. However, the unique combination of a voluminous regional aquifer, 
a relatively shallow water table, widely distributed lakes, and frequent satellite (ICESat-2 
and SWOT) observations provides an exceptional opportunity to remotely assess monthly 
groundwater levels in the Sandhills. 

The widespread distribution of lakes in the Sandhills provides an opportunity to 
measure and estimate groundwater levels from lake levels on a monthly basis. Current 
studies mostly use observations from individual wells to model groundwater-level 
changes and their distribution [23]. However, a relatively small number of sparsely dis-
tributed wells in the Sandhills cannot characterize the spatial and temporal variability of 
groundwater levels and the associated uncertainty. Spatially and temporally explicit 
knowledge and understanding of groundwater are necessary for proper management and 
decision-making for sustainable management of scarce groundwater. We formulate a 
novel approach that integrates satellite altimetry, lake water level, and statistics to esti-
mate monthly groundwater levels. Our hypothesis is to test whether lake water levels 
derived from satellite altimetry (ICESat-2 and SWOT) serve as reliable proxies for ground-
water level. Our specific objectives are to (i) estimate groundwater levels using lake water 
level at a monthly scale using satellite altimetry and (ii) evaluate kriging and generalized 
additive models to characterize the groundwater level variation. 

2. Materials and Methods 
2.1. Study Area 

The Sandhills are the largest sand dune field in the Western Hemisphere, covering ap-
proximately 50,000 km2 [24] (Figure 1). The climate of the Sandhills is characterized by high 
evapotranspiration, with annual reference crop evapotranspiration (ET0) ranging from 1285 
mm to 1667 mm [13] and comparatively low annual precipitation ranging from 430 mm in 
the west to 610 mm in the east. The mean temperature ranges between ~−14 °C in January 
and ~31 °C in July, and the mean annual temperature is 8.4 °C. Despite its subhumid to sem-
iarid climate, the Sandhills host hundreds of interdunal lakes, more than 2000 km2 of wet-
lands, and many perennial streams (Figure 1) [25,26]. Most Sandhills lakes do not have sur-
face inlets or outlets, and their levels are generally lower than the regional potentiometric 
surface, as is typical for groundwater-fed lakes, indicating that they act as areas of focused 
groundwater discharge [11,27]. The majority (>76%) of the lakes are smaller than 0.2 km2 but 
some are larger than 2 km2 (<1%) [14]. The larger lakes are chiefly in the western part of the 
Sandhills, and streams dammed by dune migration in the early Holocene Epoch, between 
6000 and 12,000 years ago, produced some of them [26]. Most Sandhills lakes are also gen-
erally shallow, having an overall mean depth of ~0.8 m. Therefore, they are seasonally or 
annually dynamic [28]. Regional topography slopes gently from west to east, but local to-
pography is highly variable due to the existence of various types of large, complex dunes. 
Irrigation is limited in the Sandhills, and there is a high groundwater recharge rate (~13% of 
precipitation) relative to many arid and semiarid regions [27,29]. 
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Figure 1. Distribution of lakes, satellite altimetry observations, and observation wells in the Ne-
braska Sandhills (Sandhills). ICESat-2 samples the central Sandhills during June and most of the 
Sandhills during July and August. SWOT samples cover most of the Sandhill lakes for each of the 
months considered for the study period. Therefore, a combination of ICESat-2 and SWOT enables 
monthly lake water level measurements and subsequent groundwater levels in the Sandhills. We 
selected observation wells near lakes and underlying unconfined aquifers to validate our estima-
tions made from lake water levels. 

2.2. Data Sources and Processing 

Multiple datasets were utilized to evaluate the potential of the altimeters to estimate 
groundwater levels. These are (a) along-track heights (ATL08) from ICESat-2, (b) SWOT 
Single-Pass Lake water levels, (c) groundwater levels from observation wells, and (d) 
monthly lake area boundaries from Sentinel-2. 

2.2.1. Sentinel-2 

We used Sentinel-2 satellite image archives to delineate the boundary between lake and 
land surface areas. Sentinel-2, a constellation of Sentinel-2a and Sentinel-2b satellites, has a 
spatial resolution of 10, 20, and 60 m with 13 spectral bands in the visible, near-infrared, and 
shortwave infrared regions. The revisit frequency of each single satellite is 10 days, and the 
combined constellation revisit is 5 days. The level 2A images used in this study are bottom-
of-atmosphere reflectances that are corrected for radiometric, geometric, and atmospheric 
effects (e.g., atmospheric scattering, aerosol particles, and water vapor) [30]. 

2.2.2. ICESAt-2 ATL08 

The ICESat-2, launched in September 2018, uses the Advanced Topographic Laser 
Altimeter System (ATLAS) and produces six beams at a pulse rate of 10 kHz at 532 nm. 
Each beam has a 3 m diameter footprint on the ground and is arranged in three pairs, 
separated by 3.3 km in the across-track direction. The strong and weak beams of each pair 
are separated by two 90 m footprints of approximately 14 m in diameter, with a separation 
distance of 0.70 m between the footprints along the track direction [31]. ICESat-2 revisits 
the same geographic location in a 91-day repeat cycle. 
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We used the ALT08 land/water vegetation elevation product to estimate terrain and 
canopy height along the track of the satellite. The ATL08 terrain and canopy heights are 
provided at a fixed step size of 100 m along the ground track, which is referred to as a 
segment. We used the terrain best-fit height (h_te_best_fit), which is the terrain elevation 
at the mid-point location of each 20 m segment. The mid-segment terrain elevation is de-
termined by selecting the best of three fits (linear, third-order, and fourth-order polyno-
mials) to the terrain photons along a 100 m segment [31]. We filtered ICESat-2 ATL08 ob-
servations using a terrain quality score greater than 85, where a score near 100 indicates a 
high-quality estimate of the terrain height. We also used uncertainty of ground height 
estimates (h_te_uncertainty), which includes all known uncertainties such as geolocation, 
pointing angle, timing, and radial orbit errors. To compare with the other data sets, we 
converted the reference ellipsoid height to orthometric height (NAVD88) using the Verti-
cal Datum transformation tool (VDatum) developed by NOAA (available at https://vda-
tum.noaa.gov/welcome.html). 

2.2.3. SWOT L2 Water Surface Elevation 

The SWOT satellite mission was launched in December 2022, led by the Centre Na-
tional d’Études Spatiales (CNES) and the National Aeronautics and Space Administration 
(NASA). The KaRIn instrument measures water surface elevation (WSE) within two 50 
km-wide swaths, separated by a 20 km wide nadir gap [10]. KaRIn uses a High Rate mode 
at a fine spatial resolution (∼5 m × 10–70 m) to measure terrestrial water features (e.g., 
lakes and rivers). SWOT operates in a 21-day repeat with an average global revisit time of 
11 days [32]. Importantly, SWOT can monitor small lakes with an area as small as 0.0625 
km2. Thus, it monitors features that were too small to be observed by previous nadir sat-
ellite altimetry missions. 

We used SWOT Level 2 Lake Single-Pass Vector Data Product 
(SWOT_L2_HR_LakeSP_D) to measure surface water measurements for lakes and unclas-
sified water bodies. The product reports water surface elevation, surface area, and quality 
indicators for each observed lake using polygons generated from the PIXCVec pixel cloud. 
It includes features linked to the Prior Lake Database, as well as unassigned features not 
recognized as lakes or rivers in the Prior Lake Database or Prior River Database [33]. The 
SWOT WSE employs the EGM2008 geoid model, and it also corrects for media delays (e.g., 
wet and dry troposphere, ionosphere), crossover discrepancies, and tidal effects (solid, 
load, and pole tides) to ensure consistency in the WSE measurements. We converted the 
EGM2008 geoid model to NAVD88 using the Vertical Datum transformation tool (VDa-
tum) developed by NOAA (available at https://vdatum.noaa.gov/welcome.html). Addi-
tionally, we filtered the lake WSE for total uncertainty (wse_u), the random-only compo-
nent of the uncertainty (wse_r_u), and the standard deviation of the WSE of all the pixels 
composing the lake (wse_std). We also used a quality flag (quality_f = 0), the fraction of 
the lake’s total area covered by dark water (dark_frac < 0.5) and cross-over calibration 
(xovr_cal_q = 0) to reduce uncertainty in lake-water measurements. Here, dark water re-
fers to the backscatter of the radar signal from the water surface rather than the product 
of dissolved organic matter. 

2.2.4. Observation Wells 

We used hourly depth-to-water observation-well data collected and archived by the 
Conservation and Survey Division in the School of Natural Resources at the University of 
Nebraska-Lincoln. These data have been checked for quality and consistency [23]. The 
depth to water was then subtracted from the surveyed land surface elevation to obtain the 
local elevation of the water table. We used corresponding water levels that matched the 
date and time (or nearest time) of ICESat-2 and SWOT observations (see Tables S1 and S2 
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in Supplement) from a total of nine observation wells distributed throughout the Sandhills 
(Figure 1). The number of wells used varied depending on the corresponding data avail-
ability between the satellite altimeters and observation wells. 

2.3. Method 

2.3.1. Monthly Lake Boundary Extraction 

We filtered Sentinel-2 images with cloud cover less than 20% and used FMASK to 
mask out any remaining clouds in Google Earth Engine (GEE). A monthly mosaic was 
created using a median filter in the Sandhills. A random forest classifier was applied to 
extract the boundaries of lakes. B2 (Blue), B3 (Green), B4 (Red), B8 (NIR), B5, B6, B7 (Red 
Edge), B8A (Narrow NIR), and B11, B12 (SWIR) bands were chosen as predictor variables 
(Figure 2). The random forest classifier uses an ensemble of decision trees to minimize 
variance in “noisy” data, reduce overfitting of predictions and provide higher accuracy. It 
is widely used in processing remotely sensed imagery, and particularly in the classifica-
tion of water and wetlands [34,35]. A random forest classifier requires substantially 
smaller labeled datasets and lower computational resources than methods such as deep 
learning. Training samples (~25,000 pixels as training and ~11,000 pixels as testing) were 
generated iteratively to have high-quality classified maps as labeled by human interpret-
ers. We used a default parameter of 50 trees because increasing the number of trees does 
not necessarily increase classification results [36]. Validation of lake boundaries was car-
ried out using independent random samples (100 samples per month) generated and la-
beled using a combination of Google Earth and National Agricultural Imagery Program 
(NAIP) images for corresponding months. The monthly lake boundaries were projected, 
and smaller polygons that did not represent water bodies were removed. We also re-
moved polygons with areas of less than 0.008 km2 to reduce the effect of smaller misclas-
sified pixels in ephemeral water around lakes and wetlands [12]. The smaller polygons 
were also removed to avoid the effect of clustering and overfitting the variogram [37]. 
Similarly, any triangular and irregular-shaped polygons were removed using the perim-
eter-to-area ratio [12]. 

2.3.2. Lake Water Level Estimation 

The monthly lake boundary was used to summarize the ICESat-2 water levels. We 
used the minimum, mean, maximum, and standard deviation to summarize the water 
levels within each overlapping lake polygon. With smaller and shallower lakes in the 
Sandhills, any lake water levels with standard deviations of greater than 0.99 were con-
sidered outliers and removed from further analysis. Small lakes typically had the same 
minimum, maximum, and mean elevation values, so they were eliminated from the anal-
ysis. Other lakes that produced abnormally large minimum, maximum, and mean val-
ues—interpreted as artifacts of sensor and processing errors—were also eliminated. These 
preliminary data cleaning processes reduce uncertainty and provide manageable data vol-
ume during analysis. The lake water levels that remained after this quality-control process 
were then converted to points for geostatistical analysis. We calculated the average lake 
water level (hereafter, lake groundwater level-LGL) for lakes with multiple observations 
within the corresponding months. We used 292, 299, 336, and 142 LGLs for the four grow-
ing-season months of May, June, July, and August of 2023. 

2.3.3. Validation of Lake Groundwater Level 

The LGLs derived from ICESat-2 and SWOT were validated against the water levels 
measured in the nine observation wells. Timeseries observations from the wells were com-
pared with the corresponding LGLs estimated using ICESat-2 and SWOT. We used a total 
of 33 observations for ICESat-2 and 28 observations for SWOT to validate water levels (see 
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Tables S1 and S2 in Supplement). Observation wells that are nearest to the lakes and under-
lying the unconfined aquifer were selected for comparison. We also corrected LGL for the 
ambient hydraulic gradient difference due to separation distance and groundwater flow 
gradient [14]. This correction allows a comparison between LGL and observation wells on 
the same equipotential surface. A correction factor was added to the LGL if the lake was 
below the elevation of the observation well, but the correction factor was subtracted from 
the LGL if the lake was above the elevation of the observation well. The correction factor is 
estimated as the product between distance and the gradient between the lake and observa-
tion well (see calculations in Supplement Tables S1 and S2). We estimated the mean error, 
standard deviation (SD), root mean squared error (RMSE) and bootstrap analysis (5000 iter-
ations) of ME to compare LGL, corrected LGL and observation well (see Figure 2). 

 

Figure 2. Workflow to compute monthly lake groundwater level (LGL) using satellite altimetry, 
kriging with an external drift, and a generalized additive model. Rectangular shapes indicate 
data/output, oval shapes indicate major process and database. 

2.3.4. Geostatistical Estimation and Prediction 

We used geostatistics to estimate and predict the monthly LGLs in Sandhills. Geosta-
tistics uses the sampled attribute (Z) at location si to estimate the (Z) at the unsampled 
location s0. The observation is decomposed into the mean and the stochastic component 
(random variable). In the UK, the mean or the trend component is estimated using poly-
nomial functions, while KED uses auxiliary information such as elevation as a trend com-
ponent [37,38]. We used a semivariogram to determine the spatial dependence of the sto-
chastic component using residuals at unsampled locations. We experimented with multi-
ple kriging approaches and found that KED provided better accuracy than OK and UK. 
We therefore used KED for further analysis. Kriging methods and their variants are de-
tailed by Desbarats [38]. 

2.3.5. Kriging with an External Drift 

We used a digital terrain model (DTM) to estimate the drift present in the ground-
water level. A coefficient of determination estimated using regression indicated a strong 
association (R2 > 0.95) between the LGL and the terrain elevation values. We also deter-
mined the optimal resolution for KED at 90, 200, 500, 700, and 1000 m grids. A higher-
resolution grid (<90 m) overwhelmed prediction with local topographic variation, result-
ing in noisy estimates of groundwater levels, while coarser-resolution grids (>500 m) av-
eraged the groundwater level of the entire area of interest. Therefore, we selected a 200 m 
grid as the optimal resolution for KED. We used a residual sum of squares (RSS) to 
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evaluate theoretical models. The model with the least RSS was used to determine the spa-
tial correlation. The semivariogram does not indicate the presence of a trend, while direc-
tional variograms were used to remove the presence of anisotropy after the drift is re-
moved (see Figure S1 in Supplementary Materials). 

2.3.6. Generalized Additive Models 

GAMs are a semiparametric approach suitable to model complex nonlinear patterns. 
GAMs are a response variable using an additive combination of various parametric terms 
and smooth functions of predictor variables. The smooth function provides advantage 
over linear regression and other similar methods. The general form of GAM is 𝑦௜ = Χ௜Θ+ 𝑓ሺ𝑥௜ሻ+⋯+ 𝜀௜ (1)

where 𝑦௜ is the response variable, 𝛽଴ is an intercept, Χ௜ is a matrix with parametric and 
suitably transformed predictor variables, Θ is a parametric matrix, f is the smoothing func-
tion, and 𝜀௜ are errors that are independent and identically distributed with zero mean. 

The Χ௜Θ is parametric regression component of GAM. In this study 𝑦௜ is the LGL, 𝑥௜is the numerical representation of latitude and longitude for LGL observations. GAM 
fits using penalized iterative least squares and a generalized cross-validation score for the 
smoothness control on the smooth functions [39]. 

We used multiple combinations of gam using the mgcv package version 1.9-4 (see 
Supplement Table for models). Our evaluation suggested that the model without smooth-
ing of elevation provided the best predicted surface. We therefore used the following form 
of GAM in our study. 

LGLGAM = gam(y ~ s(E, N) + log(elevation)) (2)

We determined the optimal model of characterizing the predictor variable using 
Akaike Information Criterion (AIC) and generalized cross-validation (GCV) (see Table S3 
in Supplement). We selected the model with the lowest AIC and GCV values along with 
higher degrees of freedom. Models with smoothing function for individual coordinates in 
Easting and Northing resulted in lower AIC and GCV. Similarly, adding terrain elevation 
as a smooth function resulted in higher AIC and GCV. Therefore, we used a model with 
combined coordinates in the smoothing function. To ensure that the model captured any 
non-linear patterns in the data for each month, we started the model with a minimum 
basis dimension (k) of three to minimize over-fitting. The basis dimension defines the 
maximum complexity that a smooth term can achieve and therefore controls the upper 
limit of its effective degrees of freedom (EDF). We used GAM diagnostic checks, including 
the k-index and p-value, to determine whether the selected basis dimension was sufficient 
to capture the underlying patterns in the data. If the k-index and p-values for a model 
were low, we increased the basis dimension by increments of one until the model fit sta-
bilized. A model was considered stabilized when the k-index was near to one and there 
was a non-significant p-value (see Supplement Table S4). The final basis dimension was 
selected as the smallest value that adequately represented the observed nonlinear patterns 
while avoiding unnecessary model complexity [39]. We also evaluated model validity us-
ing histograms and Q-Q plots (see Supplement Figure S2), Breusch–Pagan test and Mo-
ran’s I statistics. 

2.3.7. Validation of Interpolated Surfaces 

We used k-fold (10-fold) cross-validation to determine the accuracy of the predicted 
LGL surface. The method divides the data into subsets. One subset is used to test while 
the others are used to predict. We used mean error, mean absolute error (MAE), mean 
square error (MSE), and RMSE to evaluate the accuracy of the predicted surface. MSE is 
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sensitive to outliers as it measures the magnitude of error, while RMSE provides a stand-
ard deviation of the residuals. We used the residual sum of squares (RSS) to evaluate the 
goodness-of-fit between the empirical and theoretical variogram models. 

The accuracy of the extracted lake area was validated using the overall user (i.e., cor-
rectness) and producer (i.e., sensitivity) accuracies. The samples were generated randomly 
and labeled using visual image interpretation of NAIP images. We compared the GAM 
and KED using the Wilcoxon signed-rank test across cross-validation folds along with 
bootstrap confidence intervals. Bootstrap resampling (5000 iterations) was used to esti-
mate confidence intervals of the root mean squared error difference. 

3. Results 
3.1. Accuracy of Lake Areas and Lake Groundwater Levels 

The monthly lake area, with an overall accuracy greater than 95% and an error of 
commission less than 5% and an error of omission less than 8%, showed accurate deline-
ation of the boundary between the lake and land surface area. 

Our results indicate that lake water level closely estimates field-measured ground-
water levels in the Sandhills. The ICESat-2 estimates are within 0.68 m RMSE ± 0.45 m SD, 
while SWOT water level estimates are within 0.75 m RMSE ± 0.76 m SD (see Tables S1 and 
S2 in supplement). A linear plot between the observation wells and LGLs (corrected for 
ambient hydraulic gradient) (Figure 3) shows a high correspondence with R2 greater than 
99%. A bootstrap analysis of mean error (bias) of uncorrected LGL indicates substantial 
positive (3.51 m; 95% CI: −0.075 to 7.389 m) and negative bias (−6.45; 95% CI: −8.714 to 
−4.037 m) for ICESat-2 and SWOT, respectively. An ambient hydraulic gradient-corrected 
LGL indicates negative bias (−0.563; −0.697 to −0.427 CI) for ICESat-2 and no significant 
bias (−0.034; −0.309 to 0.241 CI) for SWOT. These results demonstrate that correction for 
ambient hydraulic gradient substantially reduces systematic error. The results suggest 
that the LGL-derived data using satellite altimeters provides sufficient accuracy to char-
acterize monthly groundwater levels. 

 

Figure 3. A comparison plot between the ICESat-2 (a) and SWOT (b) water level estimates in the 
Sandhills indicates high correlation and correspondence. Blue points are uncorrected LGLs, and 
black points are corrected for ambient hydraulic gradients between lakes and observation wells. 
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3.2. Spatial Dependence on Groundwater Level 

A semivariogram analysis of monthly LGL showed that spherical, Gaussian, and Ma-
tern (Ste) variogram models resulted in the best-fit variograms for different months (see 
Supplement Figure S1). Table 1 reports the best-fitting variogram models and their pa-
rameters. May, June, July, and August exhibit the low RSS, but the range varied depend-
ing on the month. A nugget-to-sill ratio of less than 0.75 for May, June, and July indicates 
moderate to high spatial dependence, whereas greater values for July indicate weak de-
pendence. A variable has strong dependence if the nugget-to-sill ratio is less than 0.25, 
moderate dependence if values are between 0.25 and 0.75, and weak dependence if values 
are greater than 0.75 [40]. 

Table 1. Comparison of theoretical variogram model parameters using kriging with an external drift 
for May, June, July, and August in 2023. 

Variogram Parameters May-23 Jun-23 July-23 August-23 
Best Model Gaussian Spherical Sph Ste 

Nugget 4.4 4.3 4.7 7.8 
Sill 6.4 5.9 5.9 81 

Nugget/Sill 0.68 0.73 0.79 0.09 
Range 7829 46,299 93,833 80,656 
RSS 6.1 × 10−6 1.38 × 10−5 5.64 × 10−6 6.06 × 10−5 

Kappa - -  10 

Results from GAMs on residual histograms and Q-Q plots showed that the residuals 
did not substantially deviate from a normal distribution. p-values greater than 0.05 for all 
study months in the Breusch–Pagan test indicate no evidence of heteroscedasticity. Neg-
ative Moran’s value for all months showed an absence of positive spatial autocorrelation 
in the residuals and suggested that the spatial smooth terms effectively accounted for the 
spatial structure in the data (see Supplement Table S4). 

3.3. Groundwater Level Prediction 

Cross-validation results show that the monthly LGL maps were unbiased with mean 
error estimates close to zero. May, June, and August showed similar distribution of error 
values, while July showed higher errors. The quality of prediction not only depends on 
the number but also the distribution of sample (LGL) observations. A lower number of 
observations (e.g., August) resulted in higher errors, while a larger number of observa-
tions distributed throughout the study area (e.g., June) resulted in lower errors. However, 
a higher number of observations (e.g., May), clustered in the western Sandhills, resulted 
in higher errors. A comparison between GAM and KED indicates that GAM estimates are 
better for most of the months (Table 2). 

Table 2. A cross-validation comparison between May, June, July, and August using kriging with an 
external drift (KED) and generalized additive model (GAM). Square brackets indicate the number 
of LGL observations; all units are in m. 

Month/Error 
Metrics 

Mean Error MAE MSE RMSE 
KED GAM KED GAM KED GAM KED GAM 

May (292) 0.040 0.008 1.670 1.537 5.854 5.505 2.419 2.346
June (299) 0.010 −0.008 1.569 1.399 4.409 3.914 2.100 1.978
July (336) −0.006 −0.006 2.138 1.538 7.308 4.321 2.703 2.079
August (142) 0.051 −0.181 1.777 1.754 5.445 6.361 2.333 2.522
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The paired Wilcoxon signed-rank tests showed significant differences between GAM 
and KED prediction errors in May, June, July, and August (p < 0.05). Bootstrap resampling 
of the paired error differences (GAMs − KED) indicated that the 95% confidence intervals 
did not overlap zero, showing better prediction for all months by GAM than KED (Table 3). 

Table 3. Comparison of predictive performance between GAM and KED models based on paired 
Wilcoxon signed-rank tests and bootstrap confidence intervals of prediction error differences 
(GAM-KED). 

Month V Statistic p-Value Median Difference 95% CI 
May 16,410 5.66 × 10−4 0.134 0.006–0.255 
June 16,481 7.12 × 10−5 0.17 0.068–0.270 
July 15,769 1.97 × 10−12 0.6 0.447–0.756 

August 3383 5.65 × 10−4 0.431 0.156–0.710 

3.4. Spatial and Temporal Distribution of Lake Groundwater Levels 

The predicted LGL maps using KED and GAM showed the spatial and temporal var-
iability among May, June, July, and August of 2023. The western Sandhills, which have 
more lakes and subsequently a larger number of observations, showed accurate represen-
tation of groundwater levels, while eastern and southeastern Sandhills with a smaller 
number of lakes showed higher uncertainty in the groundwater level. The predicted maps 
using the KED and GAM showed similar patterns in groundwater elevation. The contour 
generated using maps of the predicted LGL indicates the difference in prediction lies in 
the areas with sparse water level observations (see Figure S3 in Supplement). 

While the predicted surface reveals similar patterns in both KED and GAM, consid-
erable differences are observed in the error surfaces (Figures 4 and 5). KED has resulted 
in smoother error surfaces than the GAMs (Figure 4). The magnitude of error varied be-
tween 2 and 4 m for KED (Figure 4), although the magnitude of error varied between 0.30 
and 4 m for GAMs. GAMs resulted in low errors for interdune valley bottom areas (~40 
cm) and significantly higher errors in adjacent sand dunes (~2–3 m) (Figure 5). This result 
indicates that GAMs provide better estimates of the local water level variation, while KED 
characterizes regional patterns in the Sandhills. 

Similarly, our results in standard error reveal that the accuracy of the map of pre-
dicted LGL largely depends on the number and distribution of sample observations. A 
well-distributed sample observation results in higher accuracy with lower uncertainty 
(Figures 4c–f and 5c–f) while a smaller number of observations with limited spatial distri-
bution results in higher uncertainty (Figures 4g,h and 5g,h). Similarly, clustered observa-
tions result in higher uncertainty than the well-distributed observations in the monthly 
groundwater level (Figures 4a,b and 5a,b). 
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Figure 4. Monthly groundwater level maps estimated using kriging with an external drift in the 
Nebraska Sandhills. The left panels (a,c,e,g) show the predicted groundwater level (masl) while the 
right panels (b,d,f,h) show the standard error (m) associated with the corresponding months. 
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Figure 5. Monthly groundwater level maps estimated using a generalized additive model (GAM) 
in the Nebraska Sandhills. Maps on the left side (a,c,e,g) show the predicted groundwater level 
(masl) while the corresponding maps on the right (b,d,f,h) show the standard error (m) associated 
with the corresponding months. 

4. Discussion 
Lakes in the Sandhills are areas of focused groundwater discharge, and our method 

assumes that the lake water level in the Sandhills represents the groundwater level. Results 
from validation show that the lake water level represents the groundwater level. However, 
lake water levels in the Sandhills are the products of interactions between rainfall, diffuse 
groundwater recharge, focused evaporation losses from lake surfaces, and surface drainage 
patterns [11]. At a regional scale, the water table follows the surface terrain but shows 
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significant differences near lakes at local scales [41]. Locally, a lake can gain or lose water 
based on the position of the lake in relation to the regional groundwater flow regime and 
the gradient between the regional and local head [11]. A transient groundwater mound 
forms when lakes are closely spaced on a hummocky topography. The presence of ground-
water mounds drives groundwater flow towards the lakes, whereas their absence causes 
the water to flow away from the lakes, resulting in changes in lake water levels [41]. In ad-
dition, seasonal changes in groundwater configuration also alter the location, magnitude, 
and direction of groundwater flow into or out of the lake [42]. 

Previous studies have demonstrated the potential of satellite altimetry for monitor-
ing inland water levels (e.g., lakes, wetlands, and groundwater-dependent ecosystems) at 
centimeter-level accuracy when compared with in situ observations. Nevertheless, they 
have not been applied to infer groundwater levels of an unconfined aquifer using lake 
water levels. Our validation result indicates that the satellite altimetry provides close es-
timates of groundwater levels near densely populated lakes in the Sandhills. Our uncer-
tainty estimates (0.68–0.75 m RMSE ± 0.45–0.76 m SD) between the individual lakes and 
observation wells observation closely correspond to standard error estimates of 0–1 m SE 
[14,43]. Although many observations would provide better estimates of regional ground-
water level variability, only a limited number of observation wells were underlying un-
confined aquifers near lakes and matched observations with ICESat-2 and SWOT. In ad-
dition, the accuracy of the water level depends on satellite attributes of a given satellite, 
such as observation coverage, orbital characteristics, and sampling methods. The accuracy 
of SWOT depends on the variations in radar backscatter complexity, effective resolution, 
and incidence angle. Smaller incidence angles have higher accuracy, while larger inci-
dence angles result in greater uncertainties [7,44]. Similarly, complex radar backscatters 
due to vegetation and ice layers on uneven lake surfaces contain multiple reflection points, 
leading to inaccurate distance measurements [8]. Although ICESat-2 results in higher ver-
tical accuracy, its observations are affected by solar background noise, the ranging preci-
sion of the instrument, radial orbital uncertainty, forward scattering in the atmosphere, 
and tropospheric path delay uncertainty. The ranging precision is a function of the laser 
pulse width, the surface area illuminated by the laser, and uncertainty in the timing elec-
tronics [45]. Lake water levels are also affected by the uncertainty associated with the da-
tums used. Although we transformed our data into NAVD and NAD83 (2011) datums, 
datum transformation and errors associated with the datums result in some uncertainty 
in the lake water level estimates [8]. Despite these limitations, the ability of ICESat-2 and 
SWOT to image large areas of the Sandhills at higher spatial and temporal coverage is an 
exceptional opportunity to characterize regional groundwater dynamics. 

Groundwater levels in the Sandhills represent complex hydrogeological and envi-
ronmental factors. Geostatistics, namely kriging and its variants using the spatial struc-
ture of variables, frequently yields the most unbiased estimates and enables quantification 
of estimation errors [37]. However, the reliability of the predicted unsampled locations is 
influenced by several sources of uncertainty, such as measurement error, spatial distribu-
tion of the sample points, selection and parameterization of the semivariogram. Our study 
showed that well-distributed sample points within a study area result in less standard 
error and, therefore, less uncertainty. In contrast, a clumped distribution of sample points 
produces higher error and uncertainty. Our interpolated surface using GAM outper-
formed KED when predicting groundwater levels in the Sandhills. KED generated a 
smoother error surface throughout the Sandhills, while GAMs inherently capturing local 
nonlinearities resulted in lower error in interdunal lakes and wetlands while higher error 
in areas with sand dunes. GAMs have produced better estimates where a nonlinear rela-
tionship exists between the predictor and response variables [19]. However, GAM’s pre-
dictive capability relies on careful selection and characterization of a smoothing function, 
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which is typically complicated and needs parametrization for every other model. Our 
study, considering replicability and computation cost, only used surface topography to 
remove the regionalized trend and capture the local variation in the groundwater level 
[14,38]. However, groundwater levels in the Sandhills are a function of other hydrogeo-
logical variables such as depth to water, thickness and geologic composition of the un-
saturated zone, and hydraulic characteristics of the aquifer [46]. 

Our work demonstrates that satellite altimetry is a potential alternative for the 
monthly measurement of LGL in the Nebraska Sandhills. Such monthly measurements 
facilitate improved understanding and prediction of groundwater flooding in remote ar-
eas [3,47], which may impact many human activities such as the transit of the few through-
going, paved roads in a sparsely populated area like the Sandhills (Figure S3). We intend 
to imply that our method is not a perfect solution to evaluate groundwater level variation 
at a monthly scale. In fact, we propose it as one of the many potential methods that can be 
employed to understand the general trend and pattern of groundwater level variation at 
the landscape scale. Furthermore, we speculate that new satellite missions, advanced pro-
cessing algorithms, integration with ground-based sensors (potentially including, e.g., 
time-lapse imagery [48]), and improved cyberinfrastructure may eventually enable the 
quarterly or weekly measurement of groundwater levels in the Sandhills. Satellite altim-
etry could also be applied to groundwater-level measurements in geologically and hydro-
logically similar regions worldwide. Potential regions of application include the Badain 
Jaran Desert in western Inner Mongolia in China, glaciated parts of Europe, southeastern 
Australia, the East African Rift in Kenya and Ethiopia, and others [49–53]. 

5. Limitations and Future Work 
Although the proposed framework demonstrates the potential of satellite altimetry 

to measure the groundwater level, multiple limitations and sources of uncertainty must 
be taken into account: (1) The measurement uncertainties of satellite altimetry may prop-
agate to the groundwater estimates. (2) Considering the uncertainty stemming from the 
use of fewer observation wells for the validation of lake groundwater level, future studies 
should incorporate a larger number of observations. (3) Although our study used topo-
graphic elevation as a covariate, interpolation using additional environmental covariates 
could provide better estimates of groundwater-level variation and its uncertainties. (4) 
Our study using four months to demonstrate the feasibility may not represent the seasonal, 
long-term, and extreme climate conditions, but future studies should use longer months 
and years. (5) In our method, it is assumed that lake levels adequately represent ground-
water levels. Therefore, future studies should evaluate the effect of the overall environ-
ment on lake water levels and groundwater discharge. 

6. Conclusions 
Our research demonstrates that satellite altimetry enables us to measure groundwa-

ter level using lake water level in the Nebraska Sandhills. The results indicate that such 
an approach provides a viable alternative in regions where in situ groundwater monitor-
ing is sparse or unevenly distributed. Uncertainties arising from measurement errors, spa-
tial interpolation, and model assumptions must be considered for decision-making pur-
poses. More specifically, measurements at monthly frequency using current technologies 
may provide insights into trends and patterns but are likely to have overlapping uncer-
tainties. However, with the continued advancement of satellite missions, improved data 
processing algorithms, and enhanced computational infrastructure, satellite altimetry is 
expected to enable groundwater monitoring at unprecedented spatial and temporal scales. 
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Overall, the integration of satellite altimetry with interpolation methods offers a promis-
ing approach for improving regional-scale groundwater assessments. 

Supplementary Materials: The following supporting information can be downloaded at 
https://www.mdpi.com/article/10.3390/w18131601/s1, Table S1. ICESat-2 LGL (lake groundwater 
level) validation with corresponding date and time (time not shown here) of observation wells. The 
calculated MSE, RMSE, and SD corrected for ambient hydraulic gradient are shown at the end of 
table; Table S2. SWOT LGL (lake groundwater level) validation with the corresponding date and 
time (time not shown here) of observation wells. The calculated MSE, RMSE, and SD corrected for 
ambient hydraulic gradient are shown at the end of table; Table S3. Comparison between GAMs for 
the corresponding months. Inclusion of terrain elevation as a smooth parameter, although it resulted 
in lower error, resulted in a higher standard deviation in prediction; Table S4. Parameters for GAMs 
used for May, June, July, and August of 2023; Figure S1. A comparison between variogram models 
for the months of May, June, July, and August of 2023. Left panels show semivariogram, while the 
right panels show the directional semivariogram models for the respective months; Figure S2: Re-
sidual histogram and Q-Q plots for the months of May (a, b), June (c, d), July (e, f), and August (g, 
h) of 2023; Figure S3. Comparison between contours generated using KED and GAMs. Both meth-
ods capture the general trend, while the differences lie in the area with sparse LGL observations; 
Figure S4. A picture taken in September 2019 showing groundwater flooding on highways of the 
Nebraska Sandhills after the March 2019 flooding. 
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