

  remotesensing-14-05991




remotesensing-14-05991







Remote Sens. 2022, 14(23), 5991; doi:10.3390/rs14235991




Article



A New Spatiotemporal Estimator to Downscale GRACE Gravity Models for Terrestrial and Groundwater Storage Variations Estimation



Farzam Fatolazadeh 1,*, Mehdi Eshagh 1,2, Kalifa Goïta 1 and Shusen Wang 3





1



Département de Géomatique Appliquée, Université de Sherbrooke, Sherbrooke, QC J1K 2R1, Canada






2



Department of Engineering Science, University West, 46186 Trollhättan, Sweden






3



Canada Centre for Remote Sensing, Natural Resources Canada, Ottawa, ON K1A 0Y7, Canada









*



Correspondence: farzam.fatolazadeh@usherbrooke.ca







Citation: Fatolazadeh, F.; Eshagh, M.; Goïta, K.; Wang, S. A New Spatiotemporal Estimator to Downscale GRACE Gravity Models for Terrestrial and Groundwater Storage Variations Estimation. Remote Sens. 2022, 14, 5991. https://doi.org/10.3390/rs14235991



Academic Editors: Jolanta Nastula and Monika Birylo



Received: 14 October 2022 / Accepted: 23 November 2022 / Published: 26 November 2022



Abstract


This study proposes a new mathematical approach to downscale monthly terrestrial water storage anomalies (TWSA) from the Gravity Recovery and Climate Experiment (GRACE) and estimates groundwater storage anomalies (GWSA) at a daily temporal resolution and a spatial resolution of 0.25° × 0.25°, simultaneously. The method combines monthly 3° GRACE gravity models and daily 0.25° hydrological model outputs and their uncertainties in the spectral domain by minimizing the mean-square error (MSE) of their estimator to enhance the quality of both low and high frequency signals in the estimated TWSA and GWSA. The Global Land Data Assimilation System (GLDAS) was the hydrological model considered in this study. The estimator was tested over Alberta, Saskatchewan, and Manitoba (Canada), especially over the Province of Alberta, using data from 65 in-situ piezometric wells for 2003. Daily minimum and maximum GWS varied from 14 mm to 32 mm across the study area. A comparison of the estimated GWSA with the corresponding in-situ wells showed significant and consistent correlations in most cases, with r = 0.43–0.92 (mean r = 0.73). Correlations were >0.70 for approximately 70% of the wells, with root mean square errors <24 mm. These results provide evidence for using the proposed spectral combination estimator in downscaling GRACE data on a daily basis at a spatial scale of 0.25° × 0.25°.
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1. Introduction


Terrestrial water storage (TWS) is the sum of all water that is accumulated on the land surface and in subsurface layers. Water on the surface includes moisture that is stored in the vegetation (canopy water content), snow water content, and river and lake water (surface water), while water in the subsurface includes moisture that is stored in the soil and groundwater. Since instrumentation for measuring all components of TWS simultaneously is hard to implement on larger scales, ground-based measurement of TWS is practically impossible, especially for a vast area, such as Canadian Prairies with almost 2 million km2. Yet, it can be estimated using satellite observations or simulated using a number of hydrological models.



There are several approaches to measuring groundwater (GWS) anomalies. In-situ monitoring of wells is the traditional approach for estimating GWS. This can be realized using piezometers that measure water levels both continuously and intermittently (e.g., every month). The 3-D properties of aquifers are required to estimate GWS from well-level measurements. Pumping or numerical model-fitting experiments are routinely used for this purpose, but gravimeters also can be indirectly used. In fact, gravimeters cannot be used to measure GWS, they estimate gravity change, and influences of other storage components are also detected. As outlined by Halloran [1], measuring gravity with a ground-based gravimeter is a flexible way of monitoring temporal mass distribution variations, including seasonal and long-term GWS changes. Yet, measuring in-situ gravity (terrestrial gravimeters) to detect GWS can raise a number of concerns. Indeed, the sensitivity decreases with the square distance to the source (e.g., instrument is more sensitive to nearby soil moisture than to deeper aquifer layers), making it much harder to derive GWS. Factors, such as vibrations from nearby roads and inaccuracies in station recovery, as indicated by Liard et al. [2] in a study across the Waterloo Moraine (Southwestern Ontario, Canada), may also influence the measurements from terrestrial gravimeters. Another indirect method of characterizing GWS, following land deformation due to moisture depletion, is the use of Interferometric Synthetic Aperture Radar (InSAR) data. In some specific regions, excessive groundwater withdrawal leads to land subsidence. Depending upon aquifer properties and geological settings, GWS depletion can cause land surface deformations [3,4]. In this case, InSAR is useful for detecting GWS effects on land surface deformation (if there is one), but in rare cases it can be an effective tool for quantitatively estimating GWS. It should be noted that applying InSAR land deformation to estimate GWS might be simply limited to aquifer systems containing confined units, because unconfined systems do have a much smaller deformation response. Several hydrological models have been developed to simulate the spatiotemporal variability of groundwater changes on local and global scales to improve estimation of the global water cycle.



There are also other groundwater estimation techniques based on water-balance approaches or various hydrological measurement methods (e.g., tracer methods, in which the energy carried by groundwater gives information related to the direction of movement and/or velocity of the water). One alternative for estimating groundwater variations is provided by gravimetric satellites, which offer the possibility of studying water mass redistributions by measuring temporal variations in Earth’s gravity field [5]. The twin-satellite Gravity Recovery and Climate Experiment (GRACE) was launched in 2002 to take such measurements, which can be used to retrieve terrestrial water-storage anomalies (TWSA) and related groundwater storage anomalies (GWSA). GRACE has revealed itself to be a unique data source that can detect spatiotemporal changes in Earth’s water storage and help improve estimation of the water cycle at regional to global scales [6,7,8]. Yet, the spatial and temporal resolutions of GRACE have serious limitations for most applications. The spatial resolution of GRACE is dependent upon several factors, such as orbits of the satellites (altitude, inclination angle, and inter-satellite distance) [9]. The twin satellites follow each other at an initial height of about 450 km and almost in a common near-polar orbit, while precisely measuring the distance between them, in addition to their precise positioning using high-low mode and higher orbiting global navigation satellite systems (GNSS). This distance (~220 km) is not constant during their orbits around the Earth, but changes because of the heterogeneity of Earth’s mass. As altitude of the satellites increases, the attenuation factor becomes smaller, with increasing difficulty in recovering shorter wavelengths of the gravity (higher degrees and orders). Based upon    n  m a x   =   20,000  R   , recovery of gravity fields up to degree and order 60 (   n  m a x    ) of spherical harmonic expansion is equivalent to a spatial resolution ( R ) of about 330 km. Regarding the temporal resolution of GRACE, its period is 94.5 min. Therefore, one revolution of the satellite is not sufficient to complete modelling of Earth’s gravity field (Figure 1). The orbiting satellite, together with Earth’s rotation, allows collection of large quantities of data covering the entire globe in one month (Figure 1). Therefore, GRACE products are provided at a monthly temporal scale. If there is not enough data during the month, estimation of higher frequencies of the gravity field of the Earth will be rendered meaningless, considering the altitude of the satellite.



Different approaches have been proposed to spatially downscale GRACE data. Over the past few years, statistical inversion in the form of machine learning algorithms has been widely used to downscale GRACE observations [10,11,12,13,14]. The methods that are used include random forest [15,16], artificial neural network [17,18,19], support vector machine [20], and multiple linear regression models [21]. In contrast, few studies of temporally downscaling GRACE data have been undertaken. Zhong et al. [22] proposed a two-step method of spatiotemporally downscaling GRACE data. They constructed a self-calibration variance-component model that was based upon an iterative adjustment approach to improve the resolution of GRACE (daily, 5 km). In summary, statistical methods assume that the dynamics of a system can be captured using observed data and fine-scale information, but they normally require large datasets [23]. Common weaknesses characterize most of the approaches that are presented above, and different unanswered scientific questions remain. The input raw data in the computing process, regardless of their sources (remote sensing, hydrological simulations, etc.), are all characterized by their own uncertainties, which are not well known in general. Based on their spatial and temporal resolutions, resampling and scaling introduce additional uncertainties. The combination of the various sources of data in system of equations will further amplify the errors. Therefore, in a downscaling process combining the different data, a method is required to minimize the uncertainties, without using any external information or reference, in order to achieve results that are more accurate.



In this paper, we will address some weaknesses that have been found in previous studies. In [24], we successfully tested the spectral combination theory to downscale spatially GRACE products and derive better estimation of TWS and GWS changes. Here, we extended spectral combination theory [25,26,27,28] simultaneously to downscale monthly 3° spatial coarse resolution GRACE data to a finer scale of 0.25°, and to attain one-day temporal resolution. This new method combines monthly gravity field solutions of GRACE and daily hydrological model products in the form of both low- and high-frequency signals to produce high spatiotemporal resolution TWSA and GWSA products. The main contribution and originality of this study is to comprehensively and simultaneously consider GRACE and hydrological variables and their uncertainties to form the estimator in spectral domain, in order to retrieve both TWSA and GWSA at finer spatial and temporal resolutions. Consequently, it is expected to achieve downscale products with better accuracy. Ultimately, the approach that is proposed would contribute to enlarging the domain of utilization of GRACE data, which is currently limited by both the spatial and temporal scales of the products. In the remainder of the paper, materials and methods are introduced in Section 2. Results are presented in Section 3. The interpretation of the results is discussed in Section 4. Finally, we conclude this study with a summary in Section 5.




2. Materials and Methods


2.1. Materials


In this study, we considered three kinds of datasets. First, we used spherical harmonic coefficients and their errors to degree and order 60 of GRACE (RL-06) in the form of monthly gravity models. These were obtained from the Center for Space Research, University of Texas at Austin (UTCSR), for the period of February 2003 to December 2003. All necessary corrections included replacing degrees 1 and 2 [29], determining leakage errors, implementing glacial isostatic adjustment (GIA), and determining de-stripping error, which were applied to the models prior to implementing them. Details of the implemented corrections can be found in Fatolazadeh and Goïta [30]. The processed gravity models were applied to estimate TWSA and GWSA during the testing phase of the method. Second, daily hydrological variables from the beginning of February 2003 to the end of December 2003 included soil moisture (SM), snow water equivalent (SWE), canopy water (CAN), GWSA and TWSA were derived from the Catchment Land Surface Model (CLSM) L4 daily 0.25° × 0.25° (GLDAS_CLSM025_DA1_D 2.2), which is available in the Global Land Data Assimilation System (GLDAS). All these variables are available as high spatiotemporal resolution products (daily, 0.25°) compared to GRACE (monthly, 3°). Catchment L4 is the only GLDAS-LSM that provides both GWS and TWS components. It should be noted that there are no data for surface water bodies in the GLDAS products. Third, in addition to GRACE and GLDAS data, we used daily in-situ groundwater measurements to validate the results that were obtained following the application of the approach. In particular, data from 65 active unconfined piezometric wells were considered in the validation process; these were obtained for February 2003 to end of December 2003. All of these wells (Figure 2) are located in the Province of Alberta in the Canadian Prairies. We selected 2003 to validate GWSA results because it was the only year with a complete set of daily in-situ well data (no missing information). Since GLDAS CLSM data were lacking in January 2003, validation was performed for February to December 2003.



In the study, the spatiotemporal downscaling approach was applied to the three provinces of the Canadian Prairies (Alberta, Saskatchewan, and Manitoba). The southern part of this region is short- and mixed-grasslands, much of which has been supplanted by cereal and forage crop cultivation. This area of the North American high plains is semi-arid, characterized by frequent episodes of drought and flooding. The northern region is mostly wet and covered by boreal forest. In the Canadian Prairies, groundwater plays an important role in domestic use, intensive agricultural, and industrial activities [31,32,33]. The availability of high-resolution temporal and spatial GRACE-based GWS products would contribute to the better management of water resources across the study region.




2.2. Methodology


2.2.1. Spectral Combination Theory for Spatiotemporal Downscaling


The process of simultaneous spatiotemporal downscaling of GRACE products is realized in two steps (Figure 3). The first step determines the uncertainties of both GLDAS and GRACE datasets, and the second step uses, through spectral combination theory, a TWSA estimator to combine GRACE and GLDAS and their uncertainties. The comprehensive approach to extract GLDAS and GRACE uncertainties is explained in detail by Fatolazadeh et al. [24]. Briefly, we present a summary of the approach (Equations (3)–(7) and (16)). To obtain an optimal combination of spherical harmonic coefficients, a daily TWS estimator must be defined. This estimator combines together two datasets of GLDAS (daily variables as extra information) and GRACE (as temporal variations of Earth’s gravity field on monthly basis) in such a way that their frequency combinations form a complete series of spherical harmonic coefficients up to the degree and order of 360. In applying daily hydrological models, we can write:


   T i G  = k   T ¯  G          w i t h             k =    T i H      T ¯  H                a n d                 T ¯  H  =  1 N    ∑   j = 1  N   T j H   



(1)




where    T i G    and    T i H    are respectively the daily TWS estimated from GRACE (unknown in this case), and daily TWS that is obtained from hydrological model, and     T ¯  G    and     T ¯  H    are their monthly averages.  N  is the total number of days in a month. To shorten the mathematical derivations, we considered    T G  =  T  T W S , G R A C E     and    T H  =  T  T W S , G L D A S    .



In fact, we used the initial idea presented by Zhong et al. [22] and assumed that the daily frequency behaviour of GLDAS used to form monthly averages is similar to the daily frequency of our estimator. In the case that     T ¯  G  =   T ¯  H   . Then, the daily TWS of GRACE and hydrological model would be identical, which is not the case in practice. In fact,  k  is a scale factor (a constant at each point) transforming the monthly TWS to daily values when the errors in TWS of hydrological models are available. This means that  k  changes from one point to another. Based upon the error propagation law of random errors, the variance of   k   is:


   σ k 2  =        T i H     2   σ   T i H   2          T ¯  H     4    +   ∑       j = 1       j ≠ i       N − 1         −  T i H     2   σ   T j H   2          T ¯  H     4    =        T i H     2          T ¯  H     4       σ   T i H   2  +   ∑       j = 1       j ≠ i       N − 1    σ   T j H   2     



(2)




where    σ   T  i   o r   j  H   2    is the variance of daily TWS from the hydrological models. Equation (2) shows that for computing    σ k 2   , the variance of    σ   T  i   o r   j  H   2    is needed.



In order to estimate the uncertainty of    T H   , we write the following condition equation:


   T  S M   +  T  S W E   +  T  C A N   +  T  G W S   +  T  S W   −  T  T W S   = 0  



(3)




where    T  S M   ,    T  S W E   ,    T  C A N   ,    T  G W S   ,   and    T  S W     are the respective variables for soil moisture (SM), snow water equivalent (SWE), canopy water (CAN), groundwater storage (GWS), and surface water (SW).



Theoretically, Equation (3) is valid in the presence of no error or uncertainty in the hydrological components. However, practically this is not realistic. Therefore, the right-hand side of the equation will not be zero. The posteriori variance can be estimated for such a condition model by:


   σ 2  =    w 2   6   



(4)




where  w  is the deviation of the right-hand side of Equation (3) from zero. Equation (4) is in fact an average variance for all hydrological parameters; see Fatolazadeh et al. [24].



Equation (4) can be used for estimating the error of the TWS in monthly or daily basis. Such errors are needed for the estimation of the error spectra of these TWSs in the spherical harmonic domain. This process is presented shortly in the following (see Fatolazadeh et al. [24], for the details):



The spherical harmonic analysis of the monthly or daily TWS is performed using the following integral formula:


   T  n m  H  =  1  4 π     ∬  Ω   T  T W S     θ , λ    Y  n m     θ , λ   d Ω  



(5)




where  Ω  stands for the unit sphere at which the horizontal integration is carried out,    T  T W S     θ , λ     is the TWS at the integration point with the co-latitude and longitude.    Y  n m     θ , λ     is the spherical harmonic of degree  n  and order  m  at the integration point.



Now, let us write this equation in the following vectorized form:


   T  n m  H  =  B  n m    T  T W S    



(6)




where    B  n m     is the coefficient matrix derived after discretization and vectorization of the integral for spherical harmonic analysis of the daily/monthly TWS from the hydrological models. If the global grid of such TWS is converted to a column matrix    T  T W S    ,    B  n m     is a row vector which is multiplied to this vector to computing the spherical harmonic coefficients    T  n m  H   . The variance of    T  n m  H    can be estimated simply using the error propagation law:


   σ   T  n m  H   2  =  B  n m    C  T W S    B  n m  T   



(7)




where    C  T W S     is the diagonal variance-covariance matrix of    T  T W S    , whose elements have been estimated point by point using Equation (4).



To downscale the monthly GRACE data to daily values, the following estimator is proposed:


    T ˜  i G  =   ∑   n = 0  ∞   a n     k n  +  ε   k n          T ¯  n G  +  ε    T ¯  n G       



(8)




where    a n    is the spectral coefficients of the estimator, which should be estimated in such a way that the mean-square error (MSE) of the estimator is minimized;    k n    is the ratio of the daily and monthly variation of the TWS, which is derived from external information, such as hydrological models, and    ε   k n      is the error spectrum of this ratio.     T ¯  n G    is the spectrum of monthly GRACE TWS and    ε   T n G      is their error spectrum.



The error of the estimator (Equation (8)) is derived by considering the random errors in the data, together with the differences between the estimated and the daily TWS. Since the GRACE gravity models are limited to the degree and order 60 in practice (low-frequencies of gravity field of the Earth), but hydrological ones extend to 360 (both low and high-frequencies of the gravity field of the Earth), the spectral combination can be calculated up to degree 60 and the rest of the signal is taken from hydrological models. Considering the maximum degree   N = 60  , then the error equation of the estimator will be:


  δ   T ˜  i G  =   T ˜  i G  −  T i  =   ∑   n = 0  N   a n     k n  +  ε   k n          T ¯  n G  +  ε    T ¯  n G      −   ∑   n = 0  ∞   T  i , n    



(9)




where the last term in Equation (9) is the spectral form of the true value of the daily TWS. Expansion of Equation (9) leads to:


    T ˜  i G  −  T i  =   ∑   n = 0  N   a n     k n    T ¯  n G  +  k n   ε    T ¯  n G    +  ε   k n      T ¯  n G  +  ε   k n     ε    T ¯  n G      −   ∑   n = 0  N   T  i , n   −   ∑   n = N + 1  ∞   T  i , n    



(10)







The variance over a sphere is defined by:


  M       T ˜  i G  −  T i    =  1  4 π     ∬  Ω  E           T ˜  i G  −  T i     2    d Ω  



(11)




where  Ω  is the unit sphere,   d Ω   the horizontal integration element, and  E  stands for the statistical expectation. Applying  M  to Equation (11) reads:


  M       T ˜  i G  −  T i    =  1  4 π     ∬  Ω  E         ∑   n = 0  ∞   a n     k n    T ¯  n G  +  k n   ε    T ¯  n G    +  ε   k n      T ¯  n G  +  ε   k n     ε    T ¯  n G      −   ∑   n = 0  ∞   T  i , n      2    d Ω  



(12)







After simplification and considering that


   E    ε    T ¯  n G   2    =  σ    T ¯  n G   2  ,               E    ε   k n   2    =  σ   k n   2  ,               E    ε   k n   2   ε    T ¯  n G   2    =  σ   k n   2   σ    T ¯  n G   2  ,    E    ε    T ¯  n G     ε   k n     T n    = E    ε    T ¯  n G     ε   k n     ε    T ¯  n G      = 0    E    T  i , n    T  i , n     =  c  i , n     



(13)




and the signal and error spectra are independent, we can write:


    ∑   n = 0  ∞   a n 2     k n 2   σ    T ¯  n G   2  +  σ   k n   2   c  i , n  2  +  σ   k n   2   σ    T ¯  n G   2    =   ∑   n = 0  ∞       a n  − 1    2   c  i , n    



(14)







Taking the derivative of Equation (14) with respect to    a n   , equating to zero and writing in spectral form leads to:


  2  a n     k n 2   σ    T ¯  n G   2  +  σ   k n   2   c  i , n  2  +  σ   k n   2   σ    T ¯  n G   2    = 2    a n  − 1    c  i , n    



(15)







After simplification, we have:


   a n     k n 2   σ    T ¯  n G   2  +  σ   k n   2   c n 2  +  σ   k n   2   σ    T ¯  n G   2  +  c  i , n     =  c  i , n    



(16)







Solving the result for     a ^  n    yields the following estimate:


    a ^  n  =    c  i , n      k n 2   σ    T ¯  n G   2  +  σ   k n   2   c  i ,   n  2  +  σ   k n   2   σ    T ¯  n G   2  +  c  i , n      



(17)







In the above equation,    σ   k n   2    could be computed from Equation (2),    k n    is computed from Equation (1), and    σ    T ¯  n G      denotes GRACE TWSA errors, which are computed from the following equation:


   σ    T ¯  n G    =  1  4 π G R γ     2 n + 1   1 +  k n     σ   v  n m   G R A C E      



(18)




where  G  = 6.67 × 10−11     N ·  m 2    k  g 2      is the Newtonian gravitational constant,  R  is the radius of the spherical Earth,  γ  is the normal gravity,    k n    is the Love number of degree  n ,    v  n m   G R A C E     is the monthly spherical harmonic coefficients of the gravitational potential, and    σ   v  n m   G R A C E       is determined from the GRACE models, which are available in the monthly GRACE gravity model form to maximum degree of   N = 60  .



The spectral coefficient     a ^  n    is applied to GLDAS and GRACE models up to degree and order of 60 ( N ). For degrees and orders between 61 and 360, the coefficients of the GLDAS model, which have been already filtered, are directly added to the computation. By inserting Equation (17) into Equation (8), optimal estimator (    T ˜  i G   ) of the combined GRACE and GLDAS is calculated which produces a daily high spatial resolution downscaled GRACE TWSA. This is a hybrid approach meaning that in theory, it can be used for any study area or any hydrological model with any spatial and temporal resolution. The approach is completely dependent on the resolution of the hydrological model. In other words, if we had a hydrological model with temporal resolution better than daily (hourly) or spatial resolution better than 0.25°, it would be possible in theory to produce better spatiotemporal downscaled GRACE TWS. Once spatiotemporal downscaled TWS anomalies are produced, the corresponding downscaled GRACE-based GWS anomalies can be derived at the same temporal and spatial resolution. This is achieved by subtracting different hydrological components from the estimated TWSA [34,35,36,37,38,39,40,41].




2.2.2. Validation of the Approach


Based on the information given in Section 2.1, 65 active piezometric wells that are distributed across Alberta were used to validate the approach. Figure 2 shows the location of the different wells. It must be noted that groundwater well levels given in height of a water column in a porous aquifer system are not in the same physical unit as GWS variations (total water mass). We converted height of a water column to equivalent water layer thickness (total water mass) by using specific yield (   S y   ). Well measurements of different locations are highly heterogenic, and height levels do not have the same ratio to water mass in all locations, because it depends on aquifer storage properties. Therefore, based on geological information about the aquifers from other references, this ration was chosen for Alberta region between 10% and 30% (see Fatolazadeh and Goïta [30]). Two steps were used in the validation process. In the first case, the validation was performed at the location of each well, to determine how its data compare to the estimated GRACE-based GWSA for the corresponding 0.25° × 0.25° grid cell over the entire study period (February to December 2003). Statistical metrics (correlations and root-mean-square error (RMSE)) were calculated at each well location. In the second step of validation, the data for all wells and their corresponding grid cells were combined to evaluate the overall performance of the approach during the study period. In this case, over 21,500 data points were used to compute the statistical metrics (correlation and RMSE).






3. Results


In this section, we first present the estimated errors of GLDAS TWS and GRACE TWS anomalies. Then, the spatiotemporal downscaled results of TWS and GWS anomalies are shown.



3.1. Uncertainty Results of GLDAS and GRACE TWS Anomalies


The estimation of uncertainties is briefly summarized in Section 2.2.1. To simplify the presentation of the paper, we only show results for the 15th day of each month for the purposes of illustration. This period corresponds to the middle of the month, where the availability of spherical harmonic coefficients is the most certain, according to the generation process of average monthly GRACE spherical harmonics data. Figure 4 shows results of GLDAS TWSA uncertainties for the 15th day of each month (February to December 2003) in the study region. For these days, maximum errors of TWSA that are derived from GLDAS do not exceed 15 mm (6% of absolute values). The occurrence of these maxima varies from month to month, and there is no specific pattern. This is due to the seasonal behaviour of hydrological components in the area of the Canadian Prairies with different climate and land cover. Overall, the errors appear more in transition months (i.e., between seasons), particularly March, April, July, and September. Maximum and minimum amplitudes of TWS happen in these months. The smallest errors can be observed in February and December (mostly <3 mm).



Figure 5a shows time series of daily maximum GLDAS TWSA errors across the study region from 1 February to 31 December 2003. Highest maximum errors are found for two periods, i.e., 30 April (75 mm) and 31 May (82 mm). Except for these two periods, daily maximum errors are lower than 50 mm over the whole year. Figure 5a also demonstrates that GLDAS errors are significant in the spring season and lower during the winter (<20 mm). This is because of the accumulation of snow during the winter and water movements due to snowmelt during the spring. Snowmelt produces peaks in soil moisture, runoff, and recharge in groundwater aquifers, explaining the maximum amplitude of TWS changes and eventually their uncertainties. These errors must be accounted for during rigorous downscaling of GRACE data. Figure 5b shows the monthly time series of GRACE TWSA uncertainties from February to December 2003. Maximum errors that were found are of the order of 20 mm (about 7% of absolute values). Figure 5b shows that uncertainties of GRACE, unlike GLDAS, are more stable; they vary in an almost similar range in 2003. As with GLDAS, maximum errors occur in the spring period, i.e., between April and June, while minimum errors are found in the winter period. GRACE determines total TWS of the total column from land surface to the deepest aquifer. This may explain the stability of its errors compared to GLDAS, which uses various data sources subject to their own uncertainties (ground-based, satellite-based observations, land cover data, etc.) in its modelling and assimilation processes.




3.2. Daily Downscaled GRACE TWSA at 0.25°


Figure 6 shows the map of GRACE TWSA after downscaling at a spatiotemporal resolution of daily 0.25° using our spectral combination estimator in the study region. The results are illustrated for the 15th day of each month of 2003. Because our goal was to downscale GRACE TWSA at a daily temporal resolution, we have not shown the monthly GRACE TWSA before downscaling, as their comparisons with daily data are somewhat meaningless. As it can be seen in Figure 6, TWSA exhibits positive variations from February to May, corresponding to snow accumulation in the Prairies (up to March–April) and spring thaw periods (April–May). The important movement of water translates into positive TWSA. Positive values are particularly well marked in the south and southwest, with maxima approaching +60 mm in April and May in southwestern Alberta. The northwestern part of the Prairies remains relatively stable, with values varying around zero. June and July appear as transition months, with generally weak positive to negative TWSA values compared to previous months. TWSA values are negative from August to November all across the Prairies, and the lowest values are found in the south, particularly in September and October (−60 mm). December is also a transition month as snow starts to accumulate, inducing a slight positive effect on TWSA (maximum up to +7 mm).



Downscaled TWSA maps contain various spatial patterns, which cannot be observed in Figure 6, due to the same scale and colour bar being used to present the results. For purposes of illustration, we show spatial variations for selected dates (February, April, June, and October) representing the different seasons (Figure 7). A different colour bar is used in each case to better depict the patterns. The TWSA varied in different ranges from month to month. In February, the maximum and minimum variations were about 40 mm and 5 mm in the southern part of Prairies and the north of Alberta, respectively. In April, the TWSA increased in the southern Prairies by about 10 to 20 mm, and a maximum of 60 mm was registered in southwestern Alberta, while the minimum (about 5 mm) moved to the northern and eastern Prairies. In June, the dynamics were different. Higher values of TWSA were concentrated in Saskatchewan and Alberta, with the maximum remaining in southwestern Alberta, while lowest values of TWSA, with a minimum of −5 mm, occurred in Manitoba. In April 2003, a spring storm brought a heavy snow, as much as ~50 cm, to the southern Alberta (fourth snowiest spring on record). This snowfall continued until end of May, with sometimes 25 to 50 mm of rain. These particular conditions may explain why Southern Alberta experienced maximum TWSA between April and June. The situation was completely different in Manitoba, where the spring was dry with higher temperatures leading to important episodes of fires (Canada’s top ten weather stories in 2003, Canadian Meteorological and Oceanographic Society). It was one of the worst forest fire seasons on record. Consequently, TWSA in the beginning of the spring and partly in the summer was low. In October, the TWSA became negative (between −55 mm and −10 mm) across the Prairies, with the highest values in northern Alberta and Saskatchewan and eastern Manitoba. The pattern seen in October is almost the opposite of what occurs in April.



In Figure 8, we illustrate temporal variations of TWSA from day to day for each month in the pixels with maximum and minimum values. The location of these maxima and minima could change each day. To simplify presentation, we show results for the period between the 10th and the 20th day of each month for these pixels across the study area. As expected, the highest positive values occur in April–May. The maxima rise to approximately 63 mm, thanks to water emanating from snow-melt. The positive trend starts in December forward to May. For this period, even minimum values of TWSA are in a positive range (>2 mm). June and July appear clearly as transition months prior to the period of mixture depletion. For both months, TWSA maxima are positive, while minimum values are in the negative range. The depletion period lies from August to November, with negative values for both maxima and minima. For the year 2003, the lowest values are found in September and October, in the range from −63 mm to −58 mm. In December, the TWSA gradually becomes positive, certainly with the influence of snow accumulation, but the daily maxima do not exceed 7.5 mm. Figure 8 shows clearly that day-to-day temporal variation of TWSA in a month is very low and, indeed, ordering of the maximum monthly values is in perfect agreement from day 10 to day 20 (Kendall’s coefficient of concordance [42]: W = 1.00, Chi-square = 110, df = 10, p < 0.00001). The same level of agreement is demonstrated by the monthly minima (not shown). The variation in values rarely exceeds 1 mm for consecutive days according to the minima and maxima shown in the figure. Even at the scale of the 10 days that are shown, variation in each individual month remains quite low.



Figure 9 shows the time series of average regional daily-downscaled TWSA, monthly original GRACE-derived TWSA prior to downscaling, and daily GLDAS-derived TWSA across the study area. The main motivation behind this figure was to see if the downscaled daily values make sense in comparison to original GRACE monthly estimates and daily hydrological TWSA. The behaviour of daily-downscaled GRACE TWSA follows that of Figure 8. It increases until April, then decreases towards October before increasing again. Monthly original GRACE TWSA and daily GLDAS TWSA also shows similar trends. Comparison between downscaled GRACE TWSA and those extracted from GLDAS and GRACE before downscaling shows high correlation with low RMSE (r = 0.91 with RMSE = 28 mm, and r = 0.98 with RMSE = 15 mm, respectively). However, there is an offset between time-series, which is especially important between August and November. The results showed that there is a shrinkage error (loss of signal amplitude due to the downscaling with the model data). The discrepancy between GLDAS and GRACE may be due to the lack of the surface water component in the GLDAS hydrological model. Dash lines in this figure also indicate that seasonal minimum converges on mid-September 2003, regardless of whether the original monthly data or the downscaled estimates are used.




3.3. Daily Downscaled GRACE GWSA at 0.25°


To extract downscaled GWSA, values of soil moisture, snow water equivalent, and canopy water from GLDAS model were subtracted from the downscaled GRACE TWSA. The approach is explained in Section 2.2.1. Figure 10 shows the maps of GRACE GWSA after downscaling at spatiotemporal resolution of daily 0.25° using the proposed spectral combination estimator over the study area. The results are illustrated for the 15th day of each month of 2003, as is shown in Figure 6. GWSA follows patterns similar to TWSA, which is shown in Figure 6. It is almost positive from the beginning of the year to May, where the maximum values are reached (about 95 mm), particularly in southwestern Alberta. Here also, June and July appear as transition months, but with slightly different patterns. Indeed, GWSA remains mostly positive in June in southern Alberta and in Saskatchewan, but the positive pattern in July is concentrated only in Saskatchewan, especially in the north. From August to December, GWSA is mostly in the negative range, with the lowest values occurring in August to October in the mid-southern regions of the three provinces (about −100 mm). Substantial use of groundwater during those periods may contribute to the depletion seen in Figure 10.



To better capture the spatial patterns of GWSA, we illustrate examples for selected dates representing the different seasons in Figure 11, as we did with TWSA in Figure 7. In February, the positive values had a greater range of variation compared to the corresponding TWSA. The maximum variations were observed in southern Saskatchewan and a minimum in northern Alberta (about 42 mm and 5 mm, respectively). In April, the maximum GWS variations were observed in the southern Alberta, while the minima can be seen along the northeastern boundary of Manitoba bordering Hudson Bay, i.e., about −5 mm. In June, positive GWS variations were obtained in southern Alberta and Saskatchewan (with about 30 mm), compared to the negative values that occurred in most of the northern parts of the Prairies. Overall, the GWSA started to decrease from June. It reached its lowest values in October, with the minimum occurring in the Palliser Triangle (about −62 mm), which is centred on the southernmost part of Alberta and Saskatchewan.



In Figure 12, we examine day-to-day variation of the downscaled GWSA in the pixels with the maximum and minimum values over the study area for each month. As was the case for TWSA, locations of these pixels could change each day. To simplify presentation, we only show the maximum and minimum values of these pixels for the period between the 10th and 20th day of each month, as we did for TSWA (Figure 8). Accordingly, the maxima occur between April and May; the highest value that was found in the 10-day period is 96.5 mm. The minima appear in September to October; the lowest value that was found in the period shown is −102 mm on 18 October. Overall, maximum GWSA is positive from February to July. The values remain generally positive from August to December, but are lower and even negative for a few days, especially in September. The variability of GWSA for consecutive days is summarized in Figure 12 for the period shown. The colour differences observed in each row of the figure illustrate this variability. The patterns that can be seen are different from those of TWSA in Figure 8, where the colours occur in discrete homogeneous bands. The observed heterogeneity in the distribution of the colour bands means that GWSA has greater dynamic variation than does TWSA, but ordering of the former’s respective maximum and minimum values remained strongly concordant from day 10 to day 20 (Maxima: W = 0.9102, Chi-square = 100.12, df = 10, p < 0.00001; minima: W = 0.9097, Chi-square = 100.07, df = 10, p < 0.00001). For example, the maximum GWSAs that were found to vary from 54.4 mm to 96.4 mm, while variation ranged from −98.9 mm to −56.2 mm for the minima in the 10-day period in May 2003. In contrast to TWSA, where day-to-day variation was ~1 mm within a month, variation in GWSA could be substantial (up to 14 mm for maxima, or 32 mm for minima).



Figure 13 shows the time series of average regional daily-downscaled GWSA, monthly original GRACE derived GWSA before downscaling, and daily GLDAS-derived GWSA across the study area. The behaviour of daily-downscaled GRACE GWSA follows Figure 12, with obvious seasonal variations characterized by higher values in the spring, and the lowest in the fall (September and October). Monthly original GRACE GWSA and daily GLDAS GWSA also show similar trends. A comparison between downscaled GRACE TWSA and those extracted from GLDAS and GRACE before downscaling shows high correlation with low RMSE (r = 0.91 with RMSE = 12 mm, and r = 0.85 with RMSE = 29 mm, respectively). The offset between monthly data and downscaled results is particularly important over the period with higher GWSA values. The GWS results obtained here confirm the shrinkage error due to the downscaling process.




3.4. Validation of the Results with In Situ Wells


As explained in Section 2.2.2, 65 wells were used to validate the downscaled GWSA. Statistical metrics (Pearson correlations and RMSE) are presented in Table 1. For the first validation performed at the location of each well, all correlations that were found are significant at 95% confidence level (p < 10−16), with values ranging between r = 0.43 and r = 0.92. More precisely, the correlation ranges between 0.40 and 0.50 for only three wells (about 5% of total), between 0.50 and 0.60 for 10 wells (about 15%), between 0.60 and 0.70 for nine wells (14%), between 0.70 and 0.80 for 16 wells (24%), between 0.80 and 0.90 for 25 wells (39%) and, lastly, between 0.90 and 1.00 for two wells (~3%). In terms of RMSE, the values range from about 10.6 mm to 41.8 mm. They are less than 30 mm for 74% of the well locations. The significant and consistent results found across wells demonstrate a convincing performance for the proposed daily downscaling method.



In the second validation, all data from all individual grid cells at daily 0.25° spatiotemporal resolution containing wells during the study period were combined to calculate the relevant statistical metrics, as explained in Section 2.2.2. At this level of comparison, 21,710 data points were used (334 days, from 1 February to 31 December multiplied by 65 wells = 21,710 data points). The metrics that were estimated are shown at the bottom of Table 1. The overall Pearson correlation between the estimated GWSAs at daily 0.25° spatiotemporal resolution and corresponding in-situ wells during the study period is 0.73 (p < 10−16). The RMSE that was estimated is 23.1 mm. Based on these metrics, we consider that the proposed approach provides convincing results, showing its potential for better spatial and temporal resolution during GWSA retrieval.



For the purposes of illustration, we show the daily time series for both estimated GWSA at 0.25° and the corresponding in-situ well data (Figure 14). Five examples are shown for five selected basins in Alberta. Temporal profiles are shown, together with their scatterplots. The trends and correspondence can be easily seen in each case.





4. Discussion


We have proposed an approach that considers both uncertainties attached to GRACE and GLDAS data, to downscale TWSA simultaneously at a spatial resolution of 0.25° and a temporal resolution of one day. Groundwater anomalies are then derived from the downscaled TWSA. As a reminder, GRACE TWSA data are actually available at a spatial resolution of 1° (theoretically 3°) and a temporal resolution of one month. Taking into account the uncertainties is crucial to the success of the proposed spectral combination method. In principle, the approach could be used with any hydrological model, as long as terrestrial water storage can be computed using its output fields. GLDAS was used in this study, and TWSA was computed using the sum of its water components (soil moisture, snow, among others). Yet, it should be noted that a major limitation of using GLDAS is the lack of the surface water component. During the application of the method to derive downscaled GWSA, we neglected this variable, based on our previous studies that indicate that the surface water component is negligible over most parts of the Canadian Prairies [30], particularly over the Province of Alberta, where the downscaled GWSAs were validated.



The proposed estimator transforms the high frequencies of GLDAS to spherical harmonic coefficients, filters them, and combines them optimally with low frequency GRACE data. It may be possible to attain maximum degree and order of 720 in the spherical harmonic analysis of GLDAS, considering the spatial resolution of its output fields (0.25°). However, taking into account the presence of potential errors in very low frequencies of GLDAS in the computational processes [43], we limited maximum degree and order to 360. Figure 5a indicates uncertainties that were computed for the GLDAS LSM model. It shows some error peaks that may be due to the inherent input parameters, given that GLDAS uses various sources of data, including remote sensing and ground-based observations, each having its own uncertainties (e.g., Gruber et al. [44] for remotely sensed soil moisture products). Additional uncertainties may be related to the GLDAS model structure itself [45]. The proposed approach is not able to distinguish between the uncertainties related to the spatial and temporal dimensions in the end products derived from the spatiotemporal downscaling. This weakness will be addressed in future studies.



Given that groundwater is a critical water component in the Canadian Prairies compared to other parts of the country, we chose to evaluate the proposed daily downscaling approach in the semi-arid region. Although TWSA were computed each day from February to December 2003 at a spatial resolution of 0.25°, we limited the validation of daily groundwater anomalies to the Province of Alberta. This was dictated by the availability of a complete set of daily in-situ piezometric well data for the study period over that province, which was sufficient to validate the method’s potential to generate daily-downscaled GWSA at the desired spatial resolution of 0.25°. Results are illustrated in Figure 4, Figure 6, Figure 7, Figure 10 and Figure 11, showing respective GLDAS uncertainties, TWSA and GWSA maps over the study region for the 15th day of each month of the study period. We chose to illustrate one day per month to simplify the presentation of the paper. Other days could also have been shown as well. The choice of the 15th avoided potential missing data at the beginning and end of the month, as is sometimes the case with GRACE.



Both daily-downscaled TWSA and GWSA show maximum values from April to May, while the minima occur from September to October (Figure 6 and Figure 10). The results of TWSA are consistent with previous findings in the region that used monthly GRACE data at a spatial resolution of 1° [46,47]. The occurrence periods of maxima and minima could be explained by the water budgets. In the Canadian Prairies, precipitation arrives as rain or snow. The accumulation of snow during the winter period on frozen soils (roughly from November to April), and the release of water during spring melt cause important water movements that translate into TWS and GWS variations [48,49,50]. Spring snowmelt occurs with temperatures above 0 °C, thereby leading to a peak in soil moisture, runoff and recharge of groundwater aquifers [51]. Depending upon the year, these processes taking place from mid-March to May could explain the occurrence periods of maximum TWS and GWS changes that were observed in this study (Figure 6 and Figure 10).



Yet, minimum TWS and GWS changes arrive after the growing season, which is usually characterized by high evapotranspiration on the Prairies [46,52]. The manifestation of this water loss can be seen particularly at the beginning of autumn (September and October), where minimum TWSA and GWSA values are found (Figure 6, Figure 7, Figure 8, Figure 9, Figure 10, Figure 11, Figure 12 and Figure 13). Minimum GWSA may be conditioned not only by the level of recharge of aquifers, but also by the pressure incurred by groundwater consumption [38]. In the Canadian Prairies, groundwater is used for domestic needs, agricultural irrigation, and industrial activities.



We further investigated the behaviour of TWSA and GWSA by examining their day-to-day changes (Figure 8 and Figure 12). As can be seen in Figure 8, daily TWS variations appear quite low (mainly <1 mm day-to-day and <2 mm when all days of individual month are considered). This is expected, as TWSA may vary only following extreme meteorological events, such as rainstorms, massive snowfalls, and heavy hurricanes or typhoons [53,54]. Under normal weather conditions, without any major events, short-term changes to TWSA are small. Unlike TWSA, daily GWS changes can be significant, as can be seen in Figure 12. Comparable behaviours have been reported in other studies [55,56,57,58] that showed diurnal fluctuations in groundwater could be high (maxima in the morning and minima in the afternoon). Indeed, temporal variations of groundwater and streamflow may occur on two separate timescales, i.e., long-term changes (seasonal and inter-annual variability) and short-term variations (daily or subdaily fluctuations) [57]. Many factors could explain the diurnal changes in GWSA, including characteristics of soils and aquifers (shallow, deep, confined, unconfined), temperature, atmosphere pressure, and water management activities, among others [57,59,60].



Comparisons between the daily 0.25° downscaled TWSA and GWSA and their corresponding original monthly 3° data (Figure 9 and Figure 13) reveal a number of features that could help to improve the approach in the future. First, the general increasing and decreasing trends are roughly similar in terms of seasonal variations. Second, the overall trends are negative for both TWSA and GWSA, based upon daily results or original monthly data. This could be the consequence of the very low precipitation regime of the Prairies in 2003, which was only 38% of a normal year. Indeed, 2003 was the third driest year in 56 years of record keeping, according to Environment and Climate Change Canada (ECCC). Both GWSA and TWSA were affected by these extreme dry conditions. Third, there are stepwise variations in the estimated daily-downscaled TWSA. This variation results from the fact that the downscaling is performed on a month-by-month basis, thereby creating artificial variations at the limits of the months that are much larger than those observed from one day to another. The latter rarely exceed 2 mm, thereby yielding a plateau appearance for each month. This type of appearance is not observed in Figure 13, as GWSA variations are driven, by not only TWSA, but also by the other water components, such as soil moisture and snow. Fourth, varying scale offsets are observed between both daily-downscaled TWSA and GWSA and their corresponding original monthly data. Chen et al. [15] also showed this difference in the scale of TWSA and GWSA before and after downscaling. The scaling problem is due to the downscaling process, in which the estimator tries to find the optimal uncertainties to improve the quality of the observation. This scale difference, together with the stepwise appearance as the vertical step in the estimated daily-downscaled TWSA (Figure 9), will be investigated further in forthcoming studies to improve the approach.



The performance of the proposed spectral combination approach for estimating daily downscaled GWSA was assessed by using data from 65 wells that were distributed across Alberta. Pearson correlation and RMSE were used to evaluate the results. These standard metrics are utilized in most studies [44,47,61,62]. The validation at each individual well location shows significant correlations in all cases at 95% confidence, with r > 0.70 for about 70% of the wells. These results are even better than those found in previous downscale studies at 25° spatial resolution and monthly temporal resolution [24]. Combining all data points during the study period (21,500+ points) shows a strong association between estimated daily-downscaled GWSA and in-situ well GWSA (r = 0.73, p < 10−16). This result confirms the performance of the proposed approach. It is worth noting that about one year of daily in-situ data were used in the assessment, but all seasons that are present in the Prairies are covered, i.e., autumn, winter, spring, and summer.



One of the advantages of our proposed method is its independence in relation to location, time, input data, and other conditions. The approach could be employed with any hydrological model from which TWSA and its uncertainties could be estimated. Spatial and temporal resolution of the hydrological model products will condition the resolution of the approach outputs. In this research, TWSA could be estimated from GLDAS products at 0.25° daily resolution, thereby defining the maximum limits of spatial and temporal resolution that could be achieved in the downscaling process. Our estimator does not require initial inputs compared to approaches, such as artificial neural networks (ANN). The latter also have their own merits and have recently been proposed for the spatial and temporal downscaling of GRACE data [22]. ANN finds the best solution through a learning process by minimizing the error between GRACE observations and the input field as a reference. In contrast, the proposed approach optimally combines low and high frequencies and their uncertainties to downscale TWSA simultaneously, both spatially and temporally. Consequently, the process reduces systematic errors, which may be created in a step-by-step method.




5. Conclusions


In this study, a new approach was introduced and developed for the first time in a joint attempt to retrieve temporally and spatially downscaled terrestrial water storage and groundwater storage anomalies (TWSA and GWSA) using GRACE and GLDAS data. The method was tested over three Canadian provinces of Alberta, Saskatchewan, and Manitoba. The evaluation of GLDAS variable uncertainties using a condition adjustment approach shows that average GLDAS-derived TWSA is about 22 mm for the study period covering February to December 2003, with the lowest values in the winter and the highest in the spring. These uncertainties were used in the newly proposed daily-downscaled TWSA estimator, which is based upon spectral combination theory. The estimator weights spectrally and combines optimally both GRACE and GLDAS harmonic data considering their uncertainties, to retrieve simultaneously daily-spatially downscaled GRACE TWSA at a resolution of 0.25° (compared to the original 3° and monthly time scale). The results are used to estimate downscaled GWSA. According to the downscaled results, maximum values of TWSA and GWSA occur in the spring period (April–May), while minima are found in the autumn (September–October), which is consistent with previous studies on the Canadian Prairies. Overall, day-to-day variations of TWSA are low (about 1 mm), in contrast to GWSA, where they can reach up to 32 mm. Visual analysis of downscaled GWSA maps shows details and variability as expected, indicating that the approach successfully captured high frequencies. The validation of the approach against in situ piezometric wells across Alberta indicated significant correlations at the locations of each well (r > 0.70 for about 70% of the wells), as well as when the daily data of all wells are combined during the study period (r = 0.73). These convincing results confirm the potential of the proposed spatiotemporal estimator using spectral combination theory to downscale GRACE data and retrieve TWSA and GWSA at a finer spatial resolution on a daily basis. In forthcoming studies, a deeper sensitivity analysis will be undertaken, together with an extensive validation of daily-downscaled GWSA in both Canada and elsewhere.
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Figure 1. Ground track of the GRACE satellite mission in the periods of 1-day (Left panel), 1-week (middle panel), and 1-month (right panel) (plotted using satellite scenario viewer, Matlab Trial). 
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Figure 2. Distribution of 65 piezometric wells under study in Alberta (red dots), covering five Canadian river basins (1: Peace-Athabasca, 2: Churchill, 3: North Saskatchewan, 4: South Saskatchewan, 5: Missouri). 
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Figure 3. Technical flowchart for the spatiotemporal downscaling of GRACE TWS and GWS changes. 
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Figure 4. Estimated uncertainties of GLDAS TWS anomalies on the 15th day of each month between February and December 2003 [mm]. 
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Figure 5. (a) Daily time series of maximum GLDAS TWSA uncertainties over the study region, (b) Monthly time series of GRACE TWSA uncertainties over the study region, between February and December 2003 [mm]. 
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Figure 6. GRACE terrestrial water storage anomalies (TWSA) after downscaling on the 15th day of each month between February and December 2003 [mm]. 
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Figure 7. GRACE terrestrial water storage anomalies (TWSA) after downscaling on the 15th day of each selected month with separate colour bar ranges [mm]. 
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Figure 8. Daily fluctuations of GRACE terrestrial water storage anomalies (TWSA) in different locations (pixels) after downscaling between the 10th and 20th day of each month from February to December 2003 [mm]. 
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Figure 9. Daily time series of downscaled GRACE TWSA (black colour) vs. monthly time series of original GRACE TWSA before downscaling (blue colour), across study area from February to December 2003 [mm]. Dash lines show the seasonal trend. 
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Figure 10. Downscaled GRACE groundwater storage anomalies (GWSA) over the study area on the 15th day of each month between February and December 2003 [mm]. 
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Figure 11. Downscaled GRACE groundwater storage anomalies (GWSA) over the study area on the 15th day of each selected month with separate colour bar ranges [mm]. 
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Figure 12. Daily fluctuation of GRACE groundwater storage anomalies (GWSA) in different locations (pixels) after downscaling between the 10th and 20th day of each month between February and December 2003 [mm]. 
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Figure 13. Daily time series of downscaled GRACE GWSA (black colour), vs. monthly time- series of original GRACE GWSA before downscaling (blue colour), across study area from February to December 2003 [mm]. Dash lines show the seasonal trend. 
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Figure 14. Time series (left panels) and scatter plots (right panels) of groundwater storage anomaly (GWSA) temporal variations from daily downscaled GRACE compared to five different daily piezometric wells (latitudes and longitudes: 55.2935, −118.461; 54.5596, −111.589; 49.1039, −110.251; 52.0117, −114.215; and 53.3876, −112.829, respectively) over the selected river basins in Alberta from February to December 2003 [mm]. 
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Table 1. Correlations (r) and RMSEs [mm] between our downscaled groundwater storage anomalies (GWSA) and each piezometric well. All correlations are significant (p < 10−16).
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	Well Latitude (degree)
	Well Longitude (degree)
	r with Our GWSA
	RMSE with Our GWSA
	Well Latitude (degree)
	Well Longitude (degree)
	r with Our GWSA
	RMSE with Our GWSA





	57.5193
	−111.404
	0.52
	10.58
	49.3784
	−112.203
	0.57
	38.72



	53.5889
	−114.996
	0.75
	23.30
	49.0787
	−111.333
	0.82
	37.70



	52.6254
	−114.053
	0.73
	27.16
	49.5236
	−110.218
	0.81
	32.81



	53.5836
	−114.108
	0.84
	22.16
	49.2376
	−111.351
	0.86
	37.72



	52.0061
	−111.268
	0.88
	25.91
	49.4722
	−110.968
	0.81
	35.47



	52.0117
	−114.215
	0.88
	29.69
	49.1039
	−110.251
	0.85
	34.96



	52.8649
	−111.647
	0.55
	23.14
	56.1892
	−117.999
	0.77
	17.67



	52.5503
	−111.915
	0.83
	24.23
	56.1891
	−117.821
	0.85
	17.66



	52.6753
	−111.322
	0.79
	24.18
	56.2466
	−117.636
	0.82
	17.60



	52.7874
	−111.857
	0.61
	23.17
	55.1961
	−119.397
	0.72
	24.28



	53.2870
	−110.017
	0.63
	20.10
	55.3961
	−119.737
	0.86
	23.60



	54.5596
	−111.589
	0.71
	16.01
	55.2935
	−118.461
	0.89
	21.63



	52.4212
	−110.607
	0.82
	24.29
	54.6465
	−110.509
	0.71
	15.28



	53.1611
	−111.789
	0.73
	22.10
	54.0609
	−110.408
	0.84
	17.08



	52.7257
	−110.848
	0.74
	23.62
	54.4728
	−110.984
	0.64
	16.02



	51.1073
	−115.366
	0.43
	36.72
	54.4857
	−110.625
	0.72
	15.80



	50.8446
	−113.466
	0.79
	34.62
	54.6062
	−110.252
	0.81
	15.17



	50.1354
	−112.494
	0.61
	36.00
	54.6209
	−110.431
	0.81
	15.13



	51.0085
	−112.237
	0.76
	31.07
	54.5759
	−110.811
	0.62
	15.39



	51.3319
	−113.614
	0.84
	32.69
	53.8759
	−112.975
	0.61
	19.32



	51.1566
	−111.190
	0.75
	29.51
	52.9683
	−112.854
	0.89
	24.10



	50.7972
	−110.418
	0.91
	29.31
	52.7451
	−113.972
	0.43
	25.42



	50.9797
	−111.700
	0.58
	31.24
	53.3552
	−113.664
	0.81
	22.90



	51.9536
	−111.445
	0.51
	26.76
	53.4102
	−113.762
	0.84
	23.09



	51.7889
	−110.504
	0.92
	26.12
	52.1027
	−113.444
	0.67
	28.40



	51.4146
	−110.168
	0.59
	27.32
	52.6834
	−113.595
	0.75
	27.24



	51.5718
	−110.474
	0.85
	26.73
	52.3175
	−112.802
	0.61
	26.49



	49.9583
	−112.939
	0.77
	38.32
	53.5689
	−113.828
	0.57
	21.60



	49.6351
	−112.786
	0.59
	39.54
	52.9381
	−113.365
	0.89
	24.88



	49.1437
	−111.890
	0.48
	39.06
	58.9796
	−118.915
	0.54
	14.31



	49.7570
	−113.510
	0.53
	40.43
	58.2244
	−116.018
	0.74
	12.78



	49.7278
	−113.298
	0.63
	41.77
	54.0359
	−114.397
	0.81
	19.99



	53.3876
	−112.829
	0.88
	21.83
	
	
	
	







Overall result for our GWSA during study period combining all individual GRACE grid cells containing wells at daily 0.25° spatiotemporal resolution; r = 0.73, RMSE = 23.13 (N = 21,710).
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