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Abstract

:

Accurate characterization of groundwater resources is required for sustainable management. Due to the cost of installing monitoring wells and challenges in collecting and managing in situ data, groundwater data are sparse—especially in developing countries. In this study, we demonstrate an analysis of long-term groundwater storage changes using temporally sparse but spatially dense well data, where each well had as few as one historical groundwater measurement. We developed methods to synthetically estimate groundwater table elevation (WTE) times series by clustering wells using two different methods; a uniform grid and k-means-constrained clustering to create pseudo-wells. These pseudo-wells had a more complete groundwater level time history, which we then temporally and spatially interpolated to analyze groundwater storage changes in an aquifer. We demonstrated these methods on the Beryl-Enterprise aquifer in Utah, USA, where other researchers quantified the groundwater storage depletion rate, and the wells had a large number of historical measurements. We randomly used one measurement per well and showed that our methods yielded storage depletion rates similar to published values. We applied the method to a region in southern Niger where wells had only one measurement per well, and showed that our estimated groundwater storage change trend reasonably matched that which was calculated using GRACE satellite data.
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1. Introduction


Groundwater is a precious resource and is increasingly in demand for drinking water, agriculture, mining, and industry [1,2,3]. Approximately 30% of the earth’s freshwater exists as groundwater, while only 1.2% exists as surface water such as lakes, rivers, and streams [4]. Due to climate change and severe droughts, water managers are increasingly shifting from surface water to groundwater use [5]. The global average groundwater pumping rate has gradually increased to 600–1000 km3 per year and is expected to increase even more due to population growth [6].



Understanding long-term groundwater level changes in an aquifer is essential for sustainable groundwater management; however, groundwater is often pumped from aquifers without considering sustainability. In the past half century, the groundwater storage has been depleted in various places [7]. For example, the Central Valley in California experienced 80 km3 (65,000,000 ac-ft) of groundwater storage depletion due to over pumping since the 1960s [8]. Studies of the smaller Beryl-Enterprise aquifer in Escalante Valley, Utah estimated that the net groundwater depletion rate is approximately 80 million m3 (65,000 ac-ft) per year, resulting in substantial water level declines [9].



Understanding groundwater is becoming more important due to increasing pressure for sustainable water resource management. In recent years, many regulatory requirements have been initiated to protect the groundwater resources in the United States. Several states require water agencies to characterize groundwater resources and implement sustainable groundwater management plans. For example, California enacted the Sustainable Groundwater Management Act (SGMA) to help protect groundwater resources over the long-term [10,11]. The SGMA requires the formation of groundwater sustainability agencies (GSAs) for the high- and medium-priority basins and for the GSAs to develop and implement groundwater sustainability plans to avoid overexploitation of groundwater resources [12]. In Utah, groundwater management plans were created to promote sensible groundwater use, protect existing water rights, and address water quality issues and over-pumping of groundwater.



Due to higher demand, increased pumping, and new regulatory requirements, understanding and characterizing long-term groundwater storage changes is critical, but technically challenging. First, groundwater is not directly visible and must be physically measured. Groundwater is generally measured using wells or piezometers, but to understand aquifer behavior, these measurement points need to be spatially distributed throughout aquifers. It is expensive to physically sample wells on a consistent basis over the long time period required to generate sufficient data to accurately characterize trends in aquifer storage [13,14]. Due to these difficulties, groundwater level data are often spatially or temporally sporadic, especially in developing countries [15].



1.1. Previous Work


Several researchers have developed techniques to address the issue of sparse data, including in situ data-driven models to predict groundwater levels generic programming [16], principal component regression [17], and artificial neural networks [18]. Other researchers have incorporated remote sensing data to address the temporal data scarcity. Seo and Lee [19] used multiple types of satellite data together with a long short term memory (LSTM) convolutional neural network for groundwater data imputation.



Spatial data scarcity can be addressed using spatial interpolation techniques such as kriging [20]. In one example, Gundogdu and Guney [21] analyzed multiple semivariogram models for kriging groundwater table elevations in Mustafakemalpasa, Turkey. In another, Ruybal et al. [22] suggested that three-dimensional interpolation in space and time, called spatiotemporal interpolation, yields more realistic temporal and spatial changes in water levels compared to spatial-only interpolation.



Evans et al. [23] developed a three-step algorithm for aquifer storage change analysis using wells and historical water level time series. First, a temporal interpolation is performed to sample the water level time series for each well at selected intervals (2 y, 5 y, etc.). Prior to this step, they use a machine learning algorithm to impute gaps in the water level time series using correlations with soil moisture data from the Global Land Data Assimilation System (GLDAS) [24]. In the second step, the water levels from the wells are interpolated spatially at each time interval to create a raster of the water table elevations at each time step that is clipped to the aquifer boundary. Finally, they compute the volume between each subsequent pair of rasters, and the volume is multiplied by a representative storage coefficient and integrated to derive a curve of groundwater storage change vs. time.



Another approach for dealing with sparse in situ data is to rely solely on remotely sensed data. Groundwater storage anomalies for a selected area can be analyzed using data from the NASA Gravity Recovery and Climate Experiment (GRACE) missions [25,26,27]. Groundwater storage anomalies are found by subtracting terrestrial water storage anomalies simulated by GLDAS from the total water storage anomalies provided by the GRACE mission. Barbosa et al. [28] studied the groundwater storage changes in two regions in Niger using this approach and identified a significant increase in groundwater storage volume from 2011 to present. While this approach is relatively simple and doesn’t require in situ data, the native resolution of the GRACE grids is 3 degrees × 3 degrees and thus it can only be applied to large regions. Furthermore, it can only be used to analyze storage changes after 2002.



While these methods are useful, most require significant amounts of in situ groundwater measurements to spatially and temporally interpolate the groundwater elevations for an aquifer over a given time period. These requirements pose challenges for developing countries where available groundwater measurements are sparse.




1.2. Study Location and Background


Niger is located between 11 and 24 degree North latitude and 0 to 16 degree East longitude (Figure 1). It is a landlocked country in West Africa with an area of 1,270,000 km2, with 80% of its area in the Sahara desert [29]. Niger has distinct wet and dry periods. The wet period starts around June to September and lasts for four months with the average precipitation varying significantly across the country, with lower values in the north in the Saharan desert zone, and higher values in the south Sahelo-Sudanian zone, with ranges from 150 to 800 cm per year depending on the area. The wet period is from July to August in the northern desert area of Niger [30]. The Niger River is the only permanent river in the country whereas the other rivers are ephemeral. There are anthropogenic drainage ponds and dammed reservoirs for surface water storage [31].



The Sahel region experienced desertification and a severe drought that started at the end of the 1960s and continued into the 1980s [32,33,34,35,36,37], and it was determined that Niger needed alternative reliable water sources [38]. Aquifers in Niger were intensively studied starting around 1980 by various non-governmental organizations with accompanying groundwater well development [39]. Previous studies found periods with increases in groundwater storage even though the area experienced severe drought and increased groundwater use. Leduc et al. [40] concluded that the increases were due to changes of land use and increase in the groundwater recharge patterns.



Although groundwater has been periodically studied in Niger, sustainable groundwater management is still a challenge due to the lack of data, which is exacerbated by fragmented, inconsistent, and sometimes incomplete legal and organizational groundwater management frameworks in the region [41,42]. Due to the expense and resources required to measure and archive groundwater data, combined with less effective management frameworks, there are few historical groundwater measurements to characterize the long-term changes.



This research was funded by the National Aeronautics and Space Administration (NASA) SERVIR program, which assists developing countries in using Earth observations to address sustainability and environmental issues [43]. This work was completed in coordination with the NASA SERVIR West Africa hub, which is one of five NASA SERVIR regional hubs. Our research objective was to assist water managers and local stakeholders to analyze and characterize local groundwater conditions. To assess groundwater resources in Niger we obtained groundwater data from the AGRHYMET Regional Centre and its partners [44]. AGRHYMENT is a research center associated with the Permanent Interstate Committee for Drought Control in the Sahel (CILSS), and organization dedicated to achieving food security and increased agricultural production in the region.




1.3. Research Objective and Overview


Our research objective is to develop a variant of the Evans et al. [23] three-step method described above for use with temporally sparse, but spatially dense well data. We showed how we can use wells with only a few or even single measurements, to create a synthetic time series of groundwater elevation data by creating pseudo-wells and aggregating individual water level measurements from neighboring wells. We showed how we can use these data to calculate groundwater storage changes over time. We tested our methods on the wells in the Beryl-Enterprise Aquifer in Utah, which has good data records. We created artificially limited well data, generated pseudo-wells, and used these pseudo-wells to compute groundwater storage rates. We validated our approach by comparing our groundwater storage changes with values found by other researchers for this aquifer. We then presented a case study where we apply our method to analyze the groundwater storage changes in a selected region in Southern Niger.





2. Data


2.1. Utah Data


We selected the Beryl-Enterprise aquifer in Utah, USA, to validate our method because it has a more complete set of historical water level data and because the aquifer has two independent storage change estimates. The United States Geological Survey (USGS) and the Utah Division of Water Rights studied the groundwater storage change and estimated that the annual depletion rate of this aquifer to be approximately −80 million cubic meters (−65,000 acre-feet) per year between 2000 and 2012 [9,45]. Evans et al. [23] found a similar annual depletion rate: −81 million cubic meters (−66,000 acre-feet) per year.



This region has experienced significant drawdown over the last century, especially in the southern portion of the aquifer and has undergone significant recent population growth and land use changes. We obtained well data for the Beryl-Enterprise Aquifer from the USGS National Water Information System (NWIS) web service [46]. The NWIS web service provides online public access to water resources data collected in the United States including well locations and water level measurements. Unlike the Niger data set, most of the wells in the Beryl-Enterprise Aquifer have relatively complete historical groundwater measurements for each well. Figure 2 shows the locations of the wells and a histogram of water level sampling frequency.



To replicate the temporal data scarcity characteristic our method is meant to address, we randomly sampled a single groundwater measurement (n = 1) from each well in the Beryl-Enterprise Aquifer to generate a data set where each well had one measurement. We repeated this process to generate 500 realizations of the data set with sparse temporal data. The date range for these realizations varies among the 500 data sets depending on which dates were picked by random sampling. The spatial distribution of the wells does not change. To evaluate the impact of data frequency on the method, we created three additional data sets where we randomly selected 5, 15, or 30 random samples per well (n = 5, 15, 30), and generated 500 realizations of each of these three data sets.




2.2. Niger Data


The Niger data were provided by the Niger Water Resources Ministry and included measurements from 1947 to 2010. The data included well locations in degrees latitude and longitude, depth to water table in meters, and other information. We filtered out the wells missing critical information, such as date or location. After filtering we retained 4835 wells for further analysis. Not all wells were pumping from the same aquifer, but we did not have data to characterize this issue and it may have impacted results.



It was necessary to associate the water level measurement with a date. The well records had three date-related columns; the date that the well construction started, the date the well construction finished, and the date the well was rehabilitated. For a given well, one or more of these dates were often empty. For wells with multiple dates, in consultation with an AGRHYMET representative, we gave priority first to the date rehabilitated, then to the date construction finished, and finally to the date construction started.



Figure 3 shows the Niger well locations (top panel) and dates (bottom panel). Most of the wells are located in the southern region of Niger close to the border with Nigeria. We analyzed the region indicated by the red line in Figure 3a. The data show a major increase in the number of wells in the inventory from 1981 to 1990 and 2003 to 2009 (Figure 3b). We believe those years are when the wells were constructed or rehabilitated.



The data had groundwater measurements recorded as depth to groundwater. We computed water table elevations (WTE) by subtracting the depth to groundwater values from the ground surface elevation. We estimated ground surface elevation values for each well by interpolating data from the National Aeronautics and Space Administration (NASA) Shuttle Radar Topography Mission (SRTM) digital elevation map (DEM) [47].





3. Methods


Our method groups wells with limited measurements from a local geographic region to create a pseudo-well located at the centroid of the region. The resulting data at the pseudo-well retain the measurements and dates, which we aggregate into a single synthetic time series. Figure 4 shows an aquifer in the left panel that has five wells in a grid cell represented by the black square. Each well has only a single measurement taken on different dates. We aggregate these measurements into a single pseudo-well, shown as the red dot in the center of the grid cell. The right panel of Figure 4 shows a plot of the resulting time series data for the pseudo-well.



We characterized and evaluated two different methods to cluster the individual wells into groups: one method based on a uniform grid, and another based on the modified version of the k-means clustering algorithm.



3.1. Grid Clustering


Figure 4 showed an example of the uniform grid clustering method using only a single grid cell. Figure 5 shows this method in more detail with a grid that contains multiple grid cells for an aquifer. For the uniform grid method, we generate a grid with equally sized cells (black lines) over the extent of the individual wells in an aquifer. For each grid cell we create a pseudo-well (red dot) at the centroid of the grid. We then aggregate the measurements from each individual wells (blue dots) to create a synthetic time series of measurements for the pseudo-well.



Groundwater levels tend to be relatively uniform over a certain distance and wells close to the pseudo-wells have values that are representative of that region. We assume that local variations resulting from this approach are acceptable, and that when these data are used to estimate storage changes for the entire aquifer over time, the error will be reasonable. This should be the case, because even if the pseudo-well time series is inaccurate, the general trends or changes should be representative.



The most important parameter for this method is the grid size (i.e., height or width). Larger grid size results in more complete and generally longer synthetic time series, producing more accurate estimates of aquifer storage change over time. However, larger grid sizes produce fewer pseudo-wells to represent the aquifer in the spatial interpolation step and these pseudo-wells contain data from wells that may be separated by a substantial distance, meaning that the pseudo-well might not accurately represent the WTE at that point.



To determine the impact of grid resolution, we tested 0.05-degree and 0.1-degree square grids on the Beryl-Enterprise aquifer data, shown on the left and right panels of Figure 5, respectively. For Niger, we tested 0.1-degree and 0.25-degree grids and compared the results of the different grid sizes in the groundwater storage change analysis. The differences in grid sizes we selected for these two different aquifers highlight that the grid size is dependent on both the aquifer extent and the number of wells within the aquifer.



One shortcoming of the uniform grid method is that it can result in an extremely uneven number of individual wells in each grid cell. The grid cells with fewer individual wells result in temporally shorter or more sporadic time series at the pseudo-well. Our temporal interpolation step requires at least five unique values per time series and filters out pseudo-wells with less than five measurements.




3.2. Constrained K-Means Clustering


We implemented a modified version of the k-means clustering algorithm to generate groups of wells and their associated pseudo-well. This approach allows the spatial size of the cluster to vary and results in a more uniform number of wells for each pseudo-well (Figure 6). The k-means algorithm iteratively partitions a data set into a user-defined number (K) of distinct non-overlapping groups by iteratively changing cluster members to minimize the sum of the squared distance between the data points and the cluster’s centroid [48]. The traditional k-means algorithm can result in an uneven number of data points in each cluster. To ensure a more uniform distribution of wells to clusters, we used a modified version of the k-means algorithm called constrained k-means clustering that allows the minimum and/or maximum cluster member size to be specified [49]. The k-means method results in the clusters having different spatial sizes (area), unlike the grid clustering method. In regions where wells are sparse, clusters will be large in spatial extent, and in areas where wells are dense, the clusters will be smaller in spatial extent.



To demonstrate this approach using the Beryl-Enterprise aquifer, we evaluated minimum cluster sizes of 13 and 25 wells which resulted in 28 and 14 clusters or pseudo-wells, respectively (Figure 7). The clusters occur in similar regions, but the number of clusters and their sizes are clearly different. The impact of well density can also be seen in the middle and southern region of the Beryl-Enterprise aquifer: where wells are denser, the cluster areas are smaller, and in areas where wells are sparse, for example in the northern and western areas of the aquifer, the cluster areas are larger (Figure 7).




3.3. Temporal Interpolation


To estimate groundwater storage, we needed to estimate the WTE at uniform time steps over the entire study period. After clustering and aggregation, the pseudo-wells have time series data on various dates. An example of these data is shown in Figure 8. To generate regularly spaced data over time for each pseudo-well, we fit a trend line or curve to the WTE values. We use these curves to impute WTE values at the selected time steps for our analysis.



Prior to fitting a line to the data, we first clean the data by identifying outliers. We considered any value outside of three standard deviations for the data at a single pseudo-well as an outliner and removed them from each pseudo-well data set. After removing outliers, we fit a univariate spline curve using the Scipy univariate spline function, which fits a 1D smoothing spline [50]. This method fits a spline equation of degree k (k = 1–5). A user specifies the number of knots, which determines how closely the spline follows the data. The user can adjust this number until the curve is satisfactory.



We selected a univariate spline because it generates a smooth curve that approximates the trend of the data points. We adjusted the knot parameters and selected a value of 106 based on a visual inspection. This number is very large to reduce the common overshoot and undershoot exhibited by spline fits, which is especially prevalent in data sets with large gaps. We used the fitted curve to generate pseudo-well values at monthly intervals. Figure 9 shows two examples of the univariate spline curves fits. The top panel has data spread across the entire time range, the large fitting value results in a curve that follows the general data trend without any visible over or undershoot. The bottom panel shows a data set prone to over- and undershoot, the large fitting value constrains this over- and undershoot to the approximate limits of the data set. With a more typical small value, this data set would exhibit more extreme over- and undershoot for a spline fit.



Even with a large fitting parameterfor time series that have a long gap between clusters of data points, such as the data set in Figure 9b, the univariate spline will often result in an overshoot and/or an undershoot regardless of the knot parameters. To address this issue, we used a different interpolation method called the Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) [51]. PCHIP interpolation is often selected to interpolate and resample environmental data over other methods such as cubic splines or linear interpolation as it provides a continuous curve and does not exceed the local physical data bounds. In other words, the PCHIP interpolation does not create an overshoot or undershoot that commonly occurs with cubic splines. However, unlike the spline method proposed above, it honors all the data points, so any given date can only have a single point and this approach often creates wide oscillations in the interpolation as the interpolating spline moves from data point to data point. To resolve these issues, we first averaged the WTE values at each pseudo-well to unique monthly values for any month that had data and then applied the PCHIP interpolation to generate values at each month.



Interpolation of these monthly-averaged data points often created extreme changes. Figure 10 shows a problematic data set with a cubic spline interpolator (wide yellow dash-dot line), a PCHIP interpolator (black small-dash line), and a method using moving window averages (solid red line). To generate the moving-average interpolation, we evaluated window widths of 24, 36, and 96 month windows and visually inspecting the results. We selected a 96 month window based on visuals examination. This is the moving-average interpolator shown by the red line in Figure 10.



To programmatically select whether to use the univariate spline and a PCHIP moving-average curve for a pseudo-well, we compared the difference between the maximum and the minimum of the interpolated values and selected the time series with lower maximum-minimum difference as the best interpolator. Figure 11 shows two sample data sets, and in the top panel, the univariant spline has the least difference between the minimum and maximum values and was selected as the best curve. In the bottom panel, the PCHIP moving-average curve had the smallest difference and was selected.




3.4. Spatial Interpolation


The temporal interpolation step results in a data set for each pseudo-well location on a monthly time step. We spatially interpolate these monthly data to generate raster grids with WTE values for each grid cell using kriging. This results in one raster map for each month. We used the GSTools Python package [52] to perform the kriging. We selected the “stable” variogram model, as it is one of the simpler variogram models. We experimented with automated methods to fit the variogram model based on the data, but found that there were frequent cases in which the fitting algorithm failed.



Rather than relying on an automated fit, we computed the variogram parameters for each time step based on the data. We set the nugget to zero, the sill to the standard deviation of the data set, and the range to one tenth of the diagonal length of the aquifer bounding box. The actual range of the experimental data is the most difficult parameter to fit. When interpolating values at a point located further than the range from any measurement, the kriging algorithm uses the mean value of the data set. For locations closer than the range, it uses a weighted average based on the distance to the measured data and weighted according to the variogram model. By setting the range to a relatively small value, we essentially limit a well’s influence to one-tenth of the aquifer size. This minimizes the impact of outliers and results in estimates biased to the average of all the wells.



We interpolated the pseudo-well data to a 0.1-degree grid for both the Utah and Niger regions and saved the resulting rasters in a time-varying NetCDF raster grid [53] and clipped the rasters to the aquifer extent.




3.5. Aquifer Storage Change


Once we generated the netCDF rasters of water levels, we calculated groundwater storage changes over time. We did this using raster algebra on the series of n raster data sets of WTE at specific times produced during the spatial interpolation. The first data set, which corresponds to the earliest time step in the series of our interest, is known as R0 and serves as the baseline from which changes in aquifer storage are computed. We computed these changes by first calculating the drawdown Di from the base case for each time step Ri in the raster series. The drawdown Di is calculated on a cell-by-cell basis by applying Equation (1) for each of the n time steps, resulting in a new set of n − 1 raster datasets of drawdown.


   D i  =  R i  −  R 0   



(1)







Finally, we computed the aquifer storage volume change for each time step by multiplying the mean aquifer drawdown for each raster by an estimated average aquifer storage coefficient, S and the aquifer area, A. The aquifer area was calculated by summing the areas of all grid cells in the aquifer. For the Niger data set, we used metric units with the resulting aquifer storage change in cubic kilometers (km3). For the Utah data set, we computed changes in aquifer storage volume in millions of cubic meters (mm3) as this is a smaller aquifer.





4. Results


4.1. Utah


We used the Utah data as a validation dataset—it is a site with published storage depletion rates with which we can compare. It also has mostly complete well measurement data that we could use to generate multiple realizations of wells with sparse measurements to characterize the accuracy of our method. As discussed in Section 2.1, we created four different data sets by randomly selecting 1, 5, 15, and 30 data points per existing well and generated 500 realizations of each set. For each realization in each data set we applied the three-step method to generate pseudo-wells and storage change curves: (1) temporal interpolation, (2) spatial interpolation, and (3) aquifer storage calculation, and computed the groundwater depletion curve and used the curve to derive an average depletion rate. We then compared our results to the storage depletion rate reported by the Utah Division of Water Rights and by Evans et al. [23], which are 81 and 80 mm3 (66,000 and 65,000 acre-ft) per year from 2000 to 2012, respectively.



We performed this exercise with each of the two clustering methods, grid and k-means-constrained clustering. For the grid clustering method, we created grids at 0.05- and 0.1-degree resolution, and for the k-means clustering algorithm, we created clusters with minimum cluster sizes of 25 and 50 wells. The grid clustering method created 34 and 13 pseudo-wells after the pseudo-wells with less than five unique monthly measurements were filtered out. With the k-means-constrained clustering method, the minimum cluster size of 13 wells and 25 wells resulted in 28 and 14 clusters (pseudo-wells), respectively. The cluster areas for the grid clustering and k-means clustering were previously shown in Figure 5 and Figure 7, respectively.



We compared our computed storage depletion rate, averaged over the 500 realizations to the published rates. Table 1 and Table 2, and Figure 12 summarize the storage change rate calculation results for each clustering method, grid and k-means, for the two different grid sizes, and for the four different sparse well sets, where 1, 5, 15, or 30 samples per well were used. The median values for the all the data sets were reasonably close to the published values (average deviation = −5%), though the median value for scenario with one random sample size (n = 1) per well that used grid clustering with 0.1-degree square grids was best, though with a high variance.



Figure 12 shows that the 500 realizations for any scenario exhibited high variance and resulted in a wide range of estimates. The plots (Figure 12) show that as the number of samples per well increased, the variation of the estimated storage depletion rates decreased. For every case, as the number of random samples per well increases, the interquartile range gets smaller. This means that even though the median value for the n = 1 scenario was closest to the published values, the scenarios with higher numbers, such as n = 25 result in a better estimate as the expected error is lower because of the decrease in variance of the ensemble.




4.2. Niger


We analyzed the Niger data and calculated the groundwater storage change over time for the target area. We compared the groundwater storage change results with the Groundwater Storage Anomaly (GWSa) found using GRACE satellite data using published methods and tools [25,28]. The GRACE satellite measures gravitational anomalies, and McStraw et al. [25] published a tool and method for deconvolving the gravity signal to determine the GWSa. The tool reports GWSa in mm of water and multiplying this value by the aquifer area results in the volumetric storage anomaly.



4.2.1. Storage Change Analysis with Grid Clustering


We included the first figure, Figure 13, that presents the grid clustering results for the 0.05-degree grid, in this section. We placed the other figures, which present results for the 0.1-degree grid, and the 0.25-degree grid in the Appendix A as Figure A1 and Figure A2, respectively.



The uniform grid clustering with 0.05-degree square grids created sparse spatial distribution of the pseudo-wells (Figure 13a). This is mainly due to the limited spatial coverage of each grid after filtering any grid cell that did not have more than five unique monthly time-series observations in the pseudo-well. The storage change showed a slight upward trend from 2002 to 2004 and followed by the downward trend to 2010 with 5 cm liquid water equivalent (LWE) thickness loss shown (Figure 13b). However, the storage change result is not a good representation of the aquifer state because spatial interpolation relies on the temporally sporadic pseudo-wells and the temporal interpolation created a wide oscillation in the synthetic WTE (Figure 13c).



The results from 0.1-degree grid size show that the pseudo-wells were more spatially distributed (Figure A1a) compared to the pseudo-wells created by the 0.05-degree grid. The number of the pseudo-wells remaining in the aquifer after filtering increased to 217 (0.1-degree) from 106 (0.05-degree) though the total number of cells created by the grid clustering method decreased with increased grid size. The storage change trend showed an upward trend from 1992 to 2002 and a downward trend from 2002 but are relatively flat in the range between −5 cm to 0 cm LWE (Figure A1b).



The results from 0.25-degree grid created more evenly spatially distributed pseudo-wells (Figure A2a). Despite an improvement in the spatial distribution of the pseudo-wells, the groundwater storage change follows a similar pattern as the result from the other grid clustering grids, though with a steeper downward trend after 2004.




4.2.2. Storage Change Analysis with K-Means-Constrained Clustering


To present the results of the k-means clustering analysis, we present the first figure, Figure 14, which used a minimum of 13 wells per cluster in the section, and Figure A3, with the results from a minimum of 25 wells per cluster, in the Appendix A. The algorithm with 13 minimum wells created 166 pseudo-wells in the aquifer as shown in Figure 14a. The spatial distribution of the pseudo-wells is highly dense in the aquifer, and the trend follows a similar pattern to the trends from the grid clustering methods.



When the algorithm was constrained to a minimum cluster size of 25 wells, it created 83 pseudo-wells with the distribution of the pseudo-well being more sparse in the northern region, as shown in the Appendix A in Figure A3a. The storage change shows an upward trend from 1992 to 2002 followed by a downward trend from 2002 shown in Figure A3b. The trend also follows a similar pattern to the other trends.






5. Discussion


The results from the Beryl-Enterprise aquifer in Utah demonstrated that the pseudo-well method with one measurement per well successfully created synthetic WTE time series that then can be used to calculate the aquifer storage change over time. The statistics from the 500 random sample data sets showed that the median estimates were reasonably close to the depletion rate reported by the Utah Division of Water Rights and Evans et al. [23]. However, the results indicated a high degree of variance. Increasing the number of samples selected from each well to generate the synthetic data set exhibited essentially the same median result, with significantly reduced variance.



We then analyzed the groundwater storage change in Southern Niger where most wells had only one groundwater elevation measurement. Our methods with the grid- and k-means-constrained clustering found similar aquifer storage change results with groundwater storage increases until about 2002–2004 and decreases after 2002–2004 depending on the grid size and method. All the methods estimated a similar magnitude of the groundwater storage change in volume over the study period.



Although the groundwater storage trends from our methods did not match with the trend derived from GRACE for the range over the time that the data sets overlapped, there are a number of possible explanations for this discrepancy. One issue is the temporal resolution of the GRACE data clearly showing annual periodicity. Our annual estimates are within the annual GRACE variation. Another issue could be the well-documented “leakage” effect often encountered when applying GRACE data to relatively small regions such as the one used in this study [54,55,56]. The native GRACE grid cells are 3 × 3 degrees and the GRACE cells that overlap the region being analyzed extend over into adjacent regions, skewing the results. Our study showed that the study region has experienced a decrease in groundwater storage after about 2002–2004, but neighboring regions may have experienced a gradual increase in storage over time, which may be reflected in the GRACE data. A final issue is that we assumed that all the wells in our data set were from the same shallow aquifer. The wells may have been completed in other aquifers, which could skew the results. In addition, GRACE results measure storage change in all the aquifers, so changes in a deeper aquifer may be present in the GRACE data that are not present in our analysis.




6. Conclusions


We developed a method to characterize groundwater resources with extremely sparse in situ data. We demonstrated that our methods result in reasonably accurate estimates but also carry a high level of uncertainty.



There are a number of data imputation methods published to address temporally sparse groundwater table measurements; however, most of these techniques require a number of in situ measurements per well to apply regressions or machine learning techniques. We demonstrated that our method works even if only one sample per well is available if there are a significant number of wells. That is, temporal sparsity can be compensated by spatial abundance.



Using GRACE data, water managers can analyze the groundwater storage changes without in situ data; however, the spatial resolution is limited, and only large aquifers can be analyzed. Furthermore, the data are only available from 2002. With our method, water managers can use well data containing as few as one historical groundwater measurement and analyze long-term groundwater storage change in small aquifers before and after 2002. Our method can be an additional tool for water managers to characterize the groundwater storage change in times when in situ temporal data are highly limited, as is frequently the case in developing countries.



Our method is simplistic in that it does not account for lithofacies in the clustering process and assumes all wells are in the same aquifer. The results could potentially be improved by factoring lithofacies into the clustering process. The WTE time series interpolation process may also benefit from correlation with rainfall data to minimize overshoot or undershoot.



Another source of uncertainty in the method is the selection of a representative storage coefficient. For some aquifers, a raster map of storage coefficients is available that can be multiplied by the water level changes to produce storage change estimates [57]. However, this is rarely available for aquifers with sparse water level measurements and, therefore, it must be estimated based on the dominant materials in the aquifer.
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Figure A1. Using 0.1-degree square grid clustering, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against the GGST GWSa, and (c) synthetic WTE time series of each pseudo-well. 
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Figure A2. Using 0.25-degree square grid clustering, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against the GGST GWSa, and (c) synthetic WTE time series of each pseudo-well. 
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Figure A3. Using the k-means-constrained clustering with 50 minimum cluster size, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against GRACE GWSa, and (c) synthetic WTE time series of each pseudo-well. 
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Figure 1. The location of Niger and its adjacent countries in the African continent. 
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Figure 2. (a) The spatial distribution of the wells and (b) the temporal distribution of the measurements in years for the Beryl-Enterprise aquifer in Utah. 
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Figure 3. (a) The well locations and aquifer boundary in Niger, and (b) the distribution of the well measurements in years. 
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Figure 4. A synthetic time series formed by aggregating WTE values from wells in the vicinity of a pseudo-well. 
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Figure 5. Well clusters and pseudo-wells for the grid method with (a) 0.05-degree cells and (b) 0.1-degree cells. 
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Figure 6. Creating synthetic WTE time series using the k-means-constrained clustering method. 
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Figure 7. Well clusters and pseudo-wells for the k-means-constrained method with (a) 25 wells and (b) 50 wells. 
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Figure 8. The synthetic WTE time series at two pseudo-wells with irregular time interval and length. 
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Figure 9. Temporal interpolation with the univariate spline that showed (a) a smooth fitted curve and (b) an extreme overshoot and undershoot. 
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Figure 10. Temporal interpolation with PCHIP and 96-month window moving average and with the univariate spline. 
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Figure 11. The synthetic WTE time series at the pseudo-well (a) when the univariate spline interpolation was selected and (b) when the moving-average interpolation was selected. 
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Figure 12. Summary of storage depletion rate calculations using 500 random data sets. These show that for a given scenario (group of four in the plot), as the number of random samples per well increases, the interquartile range of the ensemble decreases. 
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Figure 13. Using 0.05-degree square grid clustering, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against the GGST GWSa, and (c) synthetic WTE time series of each pseudo-well. 
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Figure 14. Using the k-means-constrained clustering with 13 minimum cluster size, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against GRACE GWSa, and (c) synthetic WTE time series of each pseudo-well. 






Figure 14. Using the k-means-constrained clustering with 13 minimum cluster size, (a) spatial distribution of the pseudo-wells, (b) groundwater storage change comparison against GRACE GWSa, and (c) synthetic WTE time series of each pseudo-well.



[image: Hydrology 09 00134 g014]







[image: Table] 





Table 1. Summary of storage depletion rate calculation statistics for the grid clustering method using 500 random data sets for scenarios using a different size grid and a different number of randomly selected points for the measured wells (values in mm3 per year).
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Statistics

	
Grid (0.05 × 0.05)

	
Grid (0.1 × 0.1)




	

	
n = 1

	
n = 5

	
n = 15

	
n = 30

	
n = 1

	
n = 5

	
n = 15

	
n = 30






	
Max

	
−15.5

	
−39.5

	
−49.1

	
−62.9

	
−25.3

	
−44.9

	
−45.9

	
−49.1




	
Upper Quartile

	
−51.9

	
−59.2

	
−69.7

	
−76.7

	
−60.7

	
−67.5

	
−64.0

	
−66.0




	
Median

	
−63.6

	
−66.6

	
−74.0

	
−80.3

	
−74.1

	
−76.1

	
−70.6

	
−70.1




	
Lower Quartile

	
−78.7

	
−74.5

	
−78.9

	
−84.1

	
−91.1

	
−82.9

	
−77.6

	
−74.2




	
Min

	
−206.1

	
−119.8

	
−109.4

	
−98.0

	
−185.5

	
−114.5

	
−100.5

	
−87.4




	
Std

	
24.0

	
11.8

	
8.0

	
5.6

	
24.5

	
11.8

	
9.5

	
6.2
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Table 2. Summary of storage depletion rate calculation statistics for the k-means clustering algorithm using 500 random data sets scenarios using different minimum points per cluster and a different number of randomly selected points for the measured wells (values in mm3 per year).
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Statistics

	
K-Means Cluster (13 Minimum)

	
K-Means Cluster (25 Minimum)




	

	
n = 1

	
n = 5

	
n = 15

	
n = 30

	
n = 1

	
n = 5

	
n = 15

	
n = 30






	
Max

	
−25.5

	
−48.6

	
−65.1

	
−69.7

	
−14.4

	
−46.8

	
−50.1

	
−66.5




	
Upper Quartile

	
−56.3

	
−70.5

	
−79.4

	
−84.4

	
−55.0

	
−71.2

	
−80.1

	
−78.6




	
Median

	
−70.2

	
−78.7

	
−84.0

	
−90.2

	
−68.5

	
−79.2

	
−86.0

	
−82.7




	
Lower Quartile

	
−88.8

	
−87.8

	
−89.7

	
−97.0

	
−85.4

	
−87.7

	
−92.7

	
−87.5




	
Min

	
−209.6

	
−121.5

	
−131.5

	
−124.9

	
−179.0

	
−141.4

	
−137.4

	
−125.8




	
Std

	
24.5

	
12.2

	
8.6

	
9.7

	
25.5

	
14.4

	
10.2

	
6.8
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