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Leakage errors derived from spatial filters are the major limitation for estimating terrestrial water storage via the Gravity Recovery and Climate Experiment (GRACE) mission and the recently launched GRACE Follow-On mission. Here we develop an improved forward modeling method and assess its performance of reducing leakage errors over Africa. In noise-free condition, the forward modeling method shows its outperformance in restoring signals, and the improved forward modeling method can further reduce the leakage errors along the coastline of Africa. In noise-contaminated condition, the simulated environment is set as real as possible to GRACE mission and GRACE Follow-On mission. The results based on the simulated GRACE and GRACE Follow-On solutions demonstrate the capacity of improved forward modeling method in reducing leakage errors. In the case of simulated GRACE data, the average improvements of 24 basins over Africa are respectively 37% for annual amplitudes and 36% for trends. When compared with these simulated GRACE data, the improvements via simulated GRACE Follow-On solutions are minor over large and medium size river basins, but they are significant over small size river basins. In the case of simulated GRACE Follow-On solutions, the average improvements over Africa are 39% for annual amplitudes and 41% for trends. Eventually, the improved forward modeling method is used to process GRACE spherical harmonic datasets from the Center for Space Research (CSR). The results present better agreement with those derived from the newly released mascon solutions from Jet Propulsion Laboratory (JPL) and CSR, when compared with those derived from CSR Tellus grids with scale factors. The better consistency between these model-independent approaches indicates the good performance of our improved forward modeling method and the further necessity of careful evaluation of model-dependent approaches when using different prior hydrological models. Overall, experiments based on noise-free observations, noise-contaminated observations, and GRACE datasets indicate that improved forward modeling method is capable of restoring temporal signals.
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INTRODUCTION
The Gravity Recovery and Climate Experiment (GRACE) mission has provided information about Earth’s time-variable gravity field with unprecedented accuracy between 2002 and 2017 (Tapley et al., 2004). Its unique measurements of terrestrial water storage (TWS), including surface water, soil moisture, snow water, and groundwater arouse the interests in handling various hydrologic problems (e.g., Rodell et al., 2018; Scanlon et al., 2018; Chao et al., 2017; Yang et al., 2017; Pan et al., 2017; Zhou et al., 2018; Tangdamrongsub et al., 2018; Ran et al., 2018). The applications of GRACE measurements to hydrologic problems are also extensive over Africa, where there is a lack of ground-based hydrologic observations while seriously suffering various hydrological disasters. These works greatly improve understanding of hydrologic events related to floods (e.g., Anyah et al., 2018; Ni et al., 2017), droughts (e.g., Ndehedehe et al., 2016; Chao et al., 2016; Seyoum, 2018), estimation of groundwater depletion (e.g., Rodell et al., 2018; Lezzaik et al., 2018), and regional evapotranspiration (Andam-Akorful et al., 2015).
Although GRACE data has been widely used to improve the understanding of various hydrologic problems, there are still several challenges in quantitatively interpreting them. The major challenge is how to handle the high-frequency errors and correlated errors in GRACE data, which reveal as north-south stripe errors in the spatial domain. To reduce these errors, geodesists have made great efforts in the spatial filtering of spherical harmonic coefficients (e.g., Jekeli et al., 1981; Swenson and Wahr, 2006; Kusche et al., 2009). These filters can successfully suppress the strip errors, while the temporal signals in terms of amplitudes and trends are also suppressed. As quantifying TWS variations is vital for hydrologic applications, advances are necessary to reduce the leakage errors which are derived from these spatial filters (Scanlon et al., 2016).
To reduce leakage errors in filtered GRACE TWS signals, three kinds of approaches are generally developed. (1) The first approach is calculating a scaling factor between the filtered and unfiltered TWS variations from land surface models (Landerer and Swenson, 2012). As this approach is easy to implement, it has been widely used with individual basins or regions globally (Pokhrel et al., 2013; Yao et al., 2016; Long et al., 2015), while it may include biases by the dependency on a particular land surface model (Long et al., 2015a; Tangdamrongsub et al., 2016). (2) The second approach is directly solving ill-posed GRACE estimation problem with mascon solutions. The most recently representative advances are the CSR RL05 mascon solutions (Save et al., 2016) and JPL RL05M solutions (Watkins et al., 2015; Wiese et al., 2016). Their cross-comparison result indicates a good agreement in annual amplitudes in large river basins, while the small size river basins still need further investigations. (3) The third approach is forward modeling method which directly restores temporal signals (Chen et al., 2013; 2015; Tangdamrongsub et al., 2016), and it is independent from any land surface model. Alternative approaches for restoring temporal signals include the statistical method (Forrontan et al., 2014), data-driven approach (Vishwakarma et al., 2016), refocusing methods (Guo et al., 2010), etc. Forward modeling method has been widely used in several specific regions (Chen et al., 2013, 2014, 2015; Jin and Zou, 2015; Wu et al., 2015; Ni et al., 2017). Chen et al. (2015) simulated a synthetic trend over West Antarctic and mainly evaluated the performance of forward modeling method in noise-free condition. As GRACE data is contaminated by noise, in order to obtain accurate temporal signals, a full evaluation about the performance of forward modeling method in noise-contaminated condition is necessary. In addition, the study region in Chen et al. (2015) is an isolated area and the leakage errors from adjacent areas are negligible. For the river basins all over the world, the areas are limited and most of them are adjacent to each other, and parts of them are along the coastline of mainland. To prompt this method to hydrology, it is necessary to assess its performance for the river basins in more complicated conditions (e.g., isolated or surrounded distribution, large or small size, different climate zones, and away or along coastlines).
In this contribution, we evaluate the performance of forward modeling method in both noise-free and noise-contaminated condition over Africa. In the evaluation procedure, we use a close-loop simulation environment to generate the in-orbit observations and retrieve the noise-contaminated temporal gravity field model. To the author’s knowledge, this is the first time that forward modeling method has been comprehensively evaluated in a complicated region under such a closed-loop simulation environment. During evaluating the general forward modeling method, we also find the result of this approach presents obvious errors along the coastline of Africa. Therefore, we develop an improved forward modeling method in this work. The performance of this improved forward modeling method is also assessed with simulated data and real GRACE data. Finally, the potential improvements with GRACE Follow-On data are also discussed.
DATA AND ANALYSIS
Study Region
Africa (Figure 1) is the second largest continent in the world, accounting for about 20% of the world’s total land area. According to Oki and Sud (1998), 24 river basins over Africa are used. The basin definitions and their areas are derived from the Total Runoff Integrating Pathway (TRIP) database (http://hydro.iis.utokyo.ac.jp/taikan/TRIPDATA/TRIPDATA.html). The characteristics of these river basins are listed in Table 1. The aridity index (AI) of each basin is the basin averaged value derived from Global Aridity and PET database (http://www.cgiar-csi.org/data/global-aridity-and-pet-database). Based on AI, these basins are categorized as humid river basins (AI > 0.65), sub-humid river basins (0.5 < AI ≤ 0.65), semi-arid river basins (0.2 < AI ≤ 0.5), and arid river basins (AI < 0.2). Referring to Long et al. (2017), the Congo River Basin, the Nile River Basin, the Niger River Basin, and the Zambezi River Basin are categorized as large basins (basin area >1,000,000 km2); the Orange River Basin, the Chari River Basin, the Okavango River Basin, the Jubba River Basin, the Limpopo River Basin, the Senegal River Basin, and the Volta River Basin are categorized as medium size basins (200,000 km2 < basin area ≤1,000,000 km2); and the other basins are categorized as small basins (basin area ≤200,000 km2). The coastline of Africa is about 26,000 km long, and there are about 20 out of 24 river basins along the coastline. As the leakage errors are always large along the coast, it is necessary to introduce a temporal signal restoration method for GRACE TWS estimation over Africa. It is also one of reasons that we choose Africa as the study region.
[image: Figure 1]FIGURE 1 | The study region of Africa. According to the size of river basins, they are categorized as large river basin, medium river basin, and small river basin. More details of these river basins are listed in Table 1.
TABLE 1 | Characteristics of the river basins over Africa.
[image: Table 1]GRACE Datasets
In this study, we use monthly GRACE release 05 Level-2 product from the Center for Space Research (CSR), University of Texas at Austin, in the form of spherical harmonic coefficients (SHCs) up to degree and order 60 (ftp://podaac.jpl.nasa.gov/allData/grace/L2/CSR/RL05). Note that the newest release 06 Level-2 product is not applied, which presents as smaller noise in spectral domain and spatial domain. This is important because it enables a more noise-contaminated condition, which is helpful to assess the stability of forward-modeling method.
After removing the long-term mean of monthly GRACE data, the mass changes in terms of equivalent water heights (EWHs) over Africa are calculated (Chao and Gross, 1987; Wahr et al., 1998). GRACE data is contaminated by both observation errors and prior force model errors, including longitudinal stripes associated with correlations of certain SHCs separately as functions of even and odd degrees, aliases of tide model errors, and errors in oceanic and atmospheric model estimates. To alleviate these errors, spatial smoothing filters as well as decorrelation filters are commonly used (Jekeli et al., 1981; Swenson and Wahr, 2006). The de-correlation filter P3M6 is used to reduce correlated errors, and 300 km Gaussian filter is used to further suppress high-frequency noise in CSR release 05 model. These filters can effectively reduce correlated errors and high-frequency errors, and also cause the leakage errors associated with both limited spatial resolution and attenuated signal amplitudes. Here we use forward-modeling method (Chen et al., 2015; Tangdamrongsub et al., 2016) to reduce the leakage errors. For a fair cross-comparison, the same processing procedure of degree-1, degree-2 replacement, and GIA correction is applied following mascon processing procedures.
Apart from SHCs, the mascon grids and GRACE Tellus mass grids are also widely used for TWS estimation (Reager et al., 2016; Bridget et al., 2016; Wiese et al., 2016; Zhou et al., 2018a; Tourian et al., 2018; Landerer et al., 2012). For cross-comparison, the Jet Propulsion Laboratory (JPL) mascon solution JPL RL05M (https://grace.jpl/nasa.gov/data/get-data/jpl_global_mascons), CSR RL05 mascon solution (http://www2.csr.utexas.edu.grace/), and GRACE Tellus mass grids (https://grace.jpl.nasa.gov/data/get-data/monthly-mass-grids-land/) are also used. The JPL RL05M solution is determined by adding a priori spatial correlations, which contains the prior information from GLDAS (Global Land Data Assimilation System) and ECCO2 (Estimating the Circulation and Climate of the Ocean phase two) models (Watkins et al., 2015). The CSR RL05 mascon solution is purely determined by GRACE data and independent of external data (Save et al., 2016). The scale factors are also included in GRACE Tellus mass grids, which are used to reduce the signal losses introduced by both a limited range of SHCs (degree and order 60) and 300 km Gaussian smoothing. These scale factors are estimated based on the land surface model NCAR’s CLM4 (Landerer et al., 2012). In terms of the spatial resolution, the JPL RL05M is the solution with 4,551 equal-area 3 ° × 3 ° spherical cap mascon grids. To reduce the leakage error along the coastlines, a Coastline Resolution Improvement (CRI) filter is employed, and the mascon grids are spatially averaged to 1 ° × 1 ° bins. As for CSR RL05 mascon solutions, these 0.5° longitude-latitude grids are averaged to 1 ° × 1 ° bins. The GRACE Tellus grids provide the 1 ° × 1 ° grids.
Forward Modeling Method
General Forward Modeling Method
Truncation and filtering of GRACE data are expected to significantly affect the amplitudes and trends of the true signals (Chen et al., 2015). To reduce these leakage errors, unconstrained forward modeling method is used, and the general procedures are as follows (Figure 2):
(1) After the spatial smoothing filters are applied to ‘Input SHCs’, the ‘Filtered EWHs’ are computed via spherical harmonic using Equation 3. In the first iteration, the ‘Candidated EWHs’ is set equal to the ‘Filtered EWHs’.
(2) An ‘ocean mask’ is applied as follows: the EWHs of ‘Candidate EWHs’ over ocean are set as the negative mean EWHs over land. After that, using Equation 2, the ocean masked EWHs is converted to ‘Forwarded SHCs’ via spherical harmonic analysis.
(3) Using the same spatial filters, the ‘Forwarded SHCs’ are converted back to ‘Filtered candidate EWHs’ via spherical harmonic using Equation 3.
(4) The ‘EWHs increment’ is computed as the difference between ‘Filtered EWHs’ and ‘Filtered candidate EWHs’.
(5) If the ‘EWHs increment’ meets a stopping criterion, the corresponding ‘Candidate EWHs’ after ocean mask are taken as the final ‘Forwarded EWHs’. Otherwise, the ‘Candidate EWHs’ is updated by adding the ‘EWH increment’, and step (2) to step (5) are repeated untill the ‘EWHs increment’ meets the stopping criterion.
[image: Figure 2]FIGURE 2 | The flowchart of forward-modeling method. The pink text boxes relate to the improved forward modeling method.
The stopping criterion is crucial for the accuracy and efficiency of forward modeling method. Combining the recommendations by Chen et al. (2015) and (Tangdamrongsub et al., 2016), we set the maximum iterations as 100. Within the maximum iterations, the signal restoration process is stopped when the ‘EWHs increment’ in every grid are all smaller than 0.5 cm, which is 3–4 times smaller than the noise level of GRACE data (Tangdamrongsub et al., 2016; Zhou et al., 2018a).
Improved Forward Modeling Method
Comparing with the previous studies related to general forward modeling method, there are mainly two improvements (Table 2).
(1) In the previous studies, the final EWHs (i.e., ‘forwarded EWHs’) is set as the ocean masked ‘Candidate EWHs’ in the last iteration. In this way, the mass variations over ocean are equal. It will lead to over restoration effects along the coastline. Therefore, in the last iteration, the ‘Forwarded SHCs’ is used to compute the final EWHs (i.e., ‘Improved forwarded EWHs’ in Figure 2) via spherical harmonic. Note that no spatial filter is applied in this process. The reason and effect of this improvement will be illustrated in the following section.
(2) In previous studies, forward modeling methods have been used mainly to estimate sea level changes and mass changes on large-scale ice sheets. Therefore, an ocean mask is efficient enough to reduce the leakage errors along the coastline. As Africa is selected as the study region, we found that the mask over ocean is not accurate enough. Due to the limited accuracy of GRACE data, the regions with minor temporal signals will be seriously affected by noise. As a result, there is obvious noise accumulation during the iteration via general forward modeling method. Therefore, instead of using a simple ocean mask, a special mask is applied to mask the ‘Candidate EWHs’ (Figure 2). In each iteration, the grids with the absolute EWH values smaller than a specific threshold are set to zero.
TABLE 2 | Comparison of general forward-modeling method and improved forward-modeling method.
[image: Table 2]The results in the following sections will also illustrate the necessity and rationality of these improvements.
Simulation of Realistic Noise for GRACE and GRACE Follow-On Mission
To assess the forward modeling method in noise-contaminated condition, the realistic noises are simulated by emulating the procedures of determining temporal gravity field model with GRACE real observations. The major difference is that the true temporal signal is exactly known in our simulation environment. The true temporal signal is simulated by the HIS component (hydrology, ice, and solid earth) of updated ESM AOHIS model (Dobslaw et al., 2015). This model is provided with a temporal resolution of 6 h, and it includes the individual components of atmosphere (A), ocean (O), hydrology (H), ice (I), and solid earth (S), which are also separately available. Meanwhile, the corresponding error model for atmosphere and ocean (i.e., ESM AOerr model) can aid us to include the non-tidal model error in the simulation procedure (Dobslaw et al., 2015). More details about the closed-loop simulation are presented in Supplementary Material. Generally, the realistic instrument noise and imperfect background model errors are considered in the closed-loop simulation environment Supplementary Figure 1. Under such a simulation environment, a 5-year full-scale simulation (from 2002 to 2006) is implemented on the basis of realistic assumptions for current GRACE mission and GRACE Follow-On mission.
Figure 3 shows the simulation results in terms of degree variances of geoid height. In spectral domain, the signal curves of ESM HIS models decrease with the increase of degree. The simulated GRACE data also maintains a downwards trend at lower degrees, and agrees well with original ESM HIS models before about degree 20. However, the curves of GRACE data turn upwards when the errors play a dominant role at high degrees. In contrast, the curves of GRACE Follow-On solutions present upwards until about degree 40. It demonstrates the better performance of GRACE Follow-On mission than GRACE mission in time-variable signal recovery, which is mainly attribute to the contribution of laser ranging system (Sheard et al., 2012). Using these simulated models, the performance of forward modeling method is assessed, and the potential improvements of GRACE Follow-On mission are discussed in the following section.
[image: Figure 3]FIGURE 3 | Degree variances of geoid height for different solutions for 5 years. Red lines: ESM HIS signal; Green lines: SHCs estimated by simulated GRACE data; Blue lines: SHCs estimated by simulated GRACE Follow-On data.
RESULTS AND DISCUSSIONS
Validation in Noise-Free Condition
In noise-free condition, Chen et al. (2015) have evaluated the performance of forward modeling method in West Antarctica, where the mass variations are only defined in two isolated regions. As shown in Figure 1, river basins over Africa are adjacent to each other. Therefore, it is still necessary to evaluate the performance of the forward modeling method over Africa in noise-free condition.
The ESM HIS models are taken as the ‘True Signals’ (Figure 4A). The ‘Filtered EWHs’ are then obtained via 500 km Gaussian filter (Figure 4B), which are presented as attenuated temporal signals. After using the general forward modeling method (section 2.3.1), the ‘Forwarded EWHs’ (Figure 4C) agree well with the ‘True Signals’ (Figure 4A). It demonstrates that the general forward modeling method can successfully restore the temporal signals which are distorted by Gaussian filter. Figure 4D presents the differences between the ‘Forwarded EWHs’ and original ‘True Signal’. The differences over the inland of Africa are very minor, indicating the good performance of general forward modeling method. However, the differences along the coastline are relatively large.
[image: Figure 4]FIGURE 4 | Mass variations in terms of cm equivalent water heights. (A) Original mass variations from ESM HIS model; (B) Mass variations after 500 km Gaussian smoothing; (C) forward-modeling mass variations; (D) differences between original and forward-modeling mass variations, i.e., (a) minus (c). Note the different color scales for the four panels.
Figure 4 only present the result for 1 month. To make a more comprehensive analysis, a 5-year simulation is also implemented. The annual amplitudes and trends of 24 basins for 5 years are listed in Table 3. As expected, there are significant signal attenuations for the results after 500 km Gaussian filtering. After applying general forward modeling method, the annual amplitudes and trends are closer to those of original ‘True Signals’. The good agreements also demonstrate the good performance of the general forward modeling method in retrieving temporal signals over Africa.
TABLE 3 | Annual amplitudes and trends of 24 basins over Africa derived from different processing procedures: (1) true signals derived from ESM HIS model; (2) 500 km Gaussian Filtering; (3) Forward modeling; (4) Improved Forward modeling.
[image: Table 3]Note that there are also several exceptions in Table 3, such as the Gambia River Basin (Basin ID is 22) and the Sassandra River Basin (Basin ID is 23). The annual amplitude of the Gambia River Basin is 8.04 cm for the ‘True Signals’ but only 4.59 cm for the forward modeled results, which is even smaller than that after 500 km Gaussian filtering. As for the Sassandra River Basin, the trends for the ‘True Signals’ is opposite to that after forward modeling. The reason for these exceptions is likely the edge effects of forward modeling method along the coastline (see Figure 4D).
The assessment of general forward modeling method is also implemented in spectral domain. Figure 5 presents the degree variances of geoid height for different solutions. The temporal signals of ESM HIS model gradually decrease with the increase of degrees, which demonstrates that the low degree and order SHCs contain the majority of temporal signals. After 500 km Gaussian filtering, the temporal signals at low degrees are retained, while those at high degrees are significantly reduced. After applying the iterative forward modeling method, the temporal signals are gradually restored, and the geoid heights are almost identical to those of the ESM HIS model after 50 iterations. The results in spectral domain also verify the good performance of the general forward modeling method.
[image: Figure 5]FIGURE 5 | Degree variances of geoid height for different solutions. Blue line: ESM HIS signal; Red line: SHCs after 300 km Gaussian filter; Black line and other dotted lines: Forwarded SHCs after several iterations.
Now that the ‘Forwarded SHCs’ in Figure 5 are almost identical to those of ESM HIS model. Therefore, in the improved forward modeling method, we directly use the ‘Forwarded SHCs’ to compute the mass variations over Africa. Note that no spatial filters are applied in this procedure. For clarity, these mass variations in terms of EWHs are called ‘Improved forwarded EWHs’ (Figure 2). As shown in Figure 6C, the distributions of the ‘Improved forwarded EWHs’ are also apparent with those derived from ESM HIS model (Figure 6A or Figure 4A). Moreover, as seen in Figure 6D, the differences between the ‘Improved forwarded EWHs’ and ‘True Signals’ are very minor over the mainland of Africa, especially for the regions along the coastline.
[image: Figure 6]FIGURE 6 | Same as Figure 4 but derived from the improved forward modeling method.
Figure 6 only present the results for 1 month. To assess the long-time performance of improved forward modeling method, the annual amplitudes and trends of 24 basins for 5 years are also listed in Table 3. The results derived from improved forward modeling method are closer to those derived from ‘True Signals’, when compared with those derived from general forward modeling method. Particularly, the significant improvements are found in the Gambia River Basin and the Sassandra River Basin. According to these comparison results, the improved forward modeling method is employed in this work.
Validation in Noise-Contaminated Condition
Using the simulated GRACE data in section 2.2.3, the performance of forward modeling method is assessed in the noise-contaminated condition.
The 500 km Gaussian filter is applied to suppress the high-frequency noise in the simulated GRACE data, and the forward modeling method is used to alleviate the leakage errors. To assess the performance of forward modeling method in noise-contaminated condition, the estimates are further visualized in terms of annual amplitudes and trends for 5 years (Figure 7). In spatial domain, the spatial filters significantly attenuate the temporal signals in terms of annual amplitudes and trends (Figure 7(b1) and Figure 7(b2)). After applying the general forward modeling method, the distributions of annual amplitudes and trends (Figure 7(c1) and Figure 7(c2)) become closer to those of original true signals (Figure 7(a1) and Figure 7(a2)), indicating its potential in restoring temporal signals. However, there are still obvious errors along the coastline. To reduce these edge effects, as mentioned in Validation in Noise-Free Condition, the ‘Improved forwarded EWHs’ are directly computed by the ‘Forwarded SHCs’. In this way, the edge effects can be partly alleviated, while the abnormal temporal signals are still observed in several specific regions such as the Sahara Desert. To alleviate these edge effects, a constraint is added. As the noise level of GRACE mission in terms of EWHs is about 2–3 cm (Liu et al., 2010; Chen et al., 2016; Tangdamrongsub et al., 2016), it is appropriate to assume that the noise in GRACE data would seriously affect the grids with EWH absolute values smaller than 0.5 cm. Therefore, apart from masking the ocean areas, the special mask is also added to the grids with absolute EWH values smaller than 0.5 cm at every iteration. Based on this constraint, as shown in Figure 7(d1), the distributions of annual amplitudes are obviously more apparent to the original signals (Figure 7(a1)) when compared to those derived from general forward modeling method (Figure 7(c1)). The same situation is also observed in the results in terms of trends over Africa, indicating the good efficiency of the improved forward modeling method.
[image: Figure 7]FIGURE 7 | Annual amplitudes and trends derived from different simulated solutions over Africa (A1) annual amplitudes of original ESM HIS model for comparison (B1) annual amplitudes of simulated GRACE data after 500 km Gaussian filtering (C1) annual amplitudes of simulated GRACE data after applying general forward-modeling method (D1) annual amplitudes of simulated GRACE data after applying improved forward-modeling method (A2), (B2), (C2) and (D2) show the trends derived from corresponding solutions.
To assess the performance of improved forward modeling method at basin scale, the mass variation time series for eight selected river basins (basins are selected according to their sizes) are displayed in Figure 8. The red fill plots denote the gaps between the true signals and those derived from different processing methods, and more reds indicate worse performance. Generally, the time series derived from general or improved forward modeling methods have a better consistency with those of true signals, when compared to those after applying Gaussian filters. In addition, the consistency is also better over the large river basins (e.g., Congo River Basin and Zambezi River Basin) than those over medium and small river basins. We also list the annual amplitudes and trends of all river basins to compare the performance of different methods (Table 4). The statistics show the improvements of forward modeling methods, when compared with those after applying Gaussian filters. The comparison results in terms of annual amplitudes and trends also show the better performance of improved forward modeling method over that of the general forward modeling method. Moreover, the Root Mean Squares (RMS) of error are also provided in Table 4 to compare the performance of different methods. Overall the improved forward modeling method shows its good performance in retrieving temporal signals.
[image: Figure 8]FIGURE 8 | Fill plots for different approaches over eight Africa river basins: (A) Gaussian filters; (B) forward modeling method with simulated GRACE observations; (C) improved forward modeling method with simulated GRACE observations; (D) improved forward modeling method with simulated GRACE Follow-On observations. The ordinate of each subplot is different. The amount of red is the differences between the true time series and the result from corresponding approach. Thus, less red means better performance.
TABLE 4 | Annual amplitudes (cm), trends (cm/yr), and RMS (cm) of 24 basins over Africa derived from different processing procedures: (1) true signals derived from ESM HIS model; (2) simulated GRACE data after 500 km Gaussian filtering; (3) simulated GRACE data after applying general forward-modeling method; (4) simulated GRACE data after applying improved forward-modeling method; (5) simulated GRACE Follow-On data after applying improved forward-modeling methoda.
[image: Table 4]GRACE Total Water Storage Changes
GRACE mission has provided unique measurements to determine water storage variations. In this section, the results derived from various GRACE datasets are presented to validate the performance of the improved forward modeling method. The datasets during 2006–2010 are used, and the cross-comparisons are implemented via different metrics. Figure 9 and Figure 10 respectively display the annual amplitudes and trends, and the corresponding statistics in river basin domains are listed in Table 5. For clarity, the fill plots are presented in Figure 11 to show the gap between our improved forward modeling method and other methods, while the scatter plots are presented in Figure 12 to show the relationship of annual amplitudes (and trends) among different GRACE datasets.
[image: Figure 9]FIGURE 9 | Annual amplitudes (cm) derived from different solutions: (A) CSR Tellus mass grids, (B) CSR Tellus Mass Grid with scale factor, (C) CSR mascon solution, (D) JPL mascon solution, (E) general forward modeling method, (F) improved forward modeling method.
[image: Figure 10]FIGURE 10 | Trends (cm/a) derived from different solutions: (A) CSR Tellus Mass Grid, (B) CSR Tellus Mass Grid with scale factor, (C) CSR mascon solution, (D) JPL mascon solution, (E) general forward modeling method, (F) improved forward modeling method.
TABLE 5 | Annual amplitudes (cm), trend (cm/yr), and RMS (cm) of 24 river basins over Africa derived from different solutions: (1) CSR Tellus Mass Grid without scale factor, (2) CSR Tellus Mass Grid with scale factor, (3) CSR mascon solution, (4) JPL mascon solution, (5) general forward modeling method, (6) improved forward modeling methoda.
[image: Table 5][image: Figure 11]FIGURE 11 | Fill plots to illustrate the gap between the time series derived from improved forward modeling method ant that from different approaches over eight Africa river basins: (1) CSR Tellus Mass Grid without scale factor, (2) CSR Tellus Mass Grid with scale factor, (3) CSR mascon solution, (4) JPL mascon solution, (5) general forward modeling method. The ordinate of each subplot is different. The amount of red is the differences between the result from improved forward modeling method and that from corresponding approach. Thus less red means better agreement with improved forward modeling method.
[image: Figure 12]FIGURE 12 | Scatter plots of annual amplitudes (A) and trends (B) for the comparisons of improved forward modeling and other GRACE datasets. The GRACE datasets include CSR Tellus grids, CSR Tellus grids with scale factor, CSR mascons, and JPL mascons. The regression lines are determined with 95% confidence bounds.
Based on these cross-comparison results, the key points are summarized as follows: (1) The maps of annual amplitudes and trends present general similar distribution among solutions with some notable differences. (2) Compared with the CSR Tellus mass grids without scale factors, the ones with scale factors present more similar temporal signals with the rest of the GRACE datasets. It indicates the good efficiency of scale factors in restoring temporal signals. (3) Time series in Figure 11 present relative larger gaps between scaled GRACE Tellus mass grids and our solution than those between mascon solutions (both CSR mascon solution and JPL mascon solution) and our solution. As the scale factors in CSR Tellus mass grids are obtained via prior hydrological models, the uncertainties of scale factors derived from such a model-dependent approach need to be carefully evaluated. (4) Annual amplitudes (or trends) from the improved forward modeling method average 22% (or 32%) higher than those for CSR Tellus grids without scale factors (slope 0.78 and 0.68 in Figure 12). It demonstrates that, if no restoring procedure is applied, there will be a significant underestimation of annual amplitudes and trends in terms of EWHs. (5) Compared with the results derived from general forward model method, significant improvements are obtained by improved forward modeling method (Figure 9, Figure 10, and Table 5). The most significant improvements are observed in the small river basin such as Gambia, which presents as largest RMS in Table 5 and largest gaps in Figure 11. (6) According to Figure 9 and Figure 10, the temporal signals distributions of improved forward modeling method have a good agreement with those of CSR mascon solution. The reason for this agreement is likely that these two methods are both purely estimated by GRACE information, and no external model or data are considered. (7) In terms of annual amplitudes, the best consistency is found between mascon solutions (both CSR mascon solution and JPL mascon solution) and the solution derived from the improved forward modeling method. The slopes of the regression lines in Figure 12 and RMSs in Table 5 also support this conclusion. Mascon grids are directly estimated with GRACE observations but not estimated from solutions in SHCs, and there is no need to apply any post processing procedures to these solutions. Therefore, the consistency here also demonstrates the good performance of the improved forward-modeling method in restoring temporal signals.
Potential Improvement With GRACE Follow-On Data
GRACE Follow-On mission was successfully launched on May 22, 2018. Due to the breakdown of accelerometer in one satellite, the current GRACE Follow-On mission has similar performance as GRACE in retrieving temporal signals. With the progress of GRACE Follow-On data processing, we believe that the GRACE Follow-On mission can fix this problem and provide more accurate accelerometer observations. Since the performance of forward modeling method in GRACE data processing was analyzed in the previous section, we will not do the repetitive work for GRACE Follow-On data. Instead, the simulated observation data of GRACE Follow-On mission are used here to discuss its potential improvement in determining total water storage variations. Figure 3 shows the geoid height errors of GRACE Follow-On solutions. As expected, the noise levels of GRACE Follow-On data present roughly 2 times improvements when compared with simulated GRACE data. The reason is that the laser ranging system is implemented in GRACE Follow-On mission, which performs two to three orders of magnitudes better than the microwave ranging system in GRACE mission. The limited improvement of GRACE Follow-On solutions is mainly due to the background force model errors (Loomis et al., 2012; Elsaka et al., 2014; Zhou et al., 2016).
To assess the performance in spatial domain, Figure 13 presents the RMS residuals in terms of EWHs. It is calculated by removing the annual and seasonal temporal signals from original EWHs, which is commonly used to evaluate the noise level of time-variable gravity models. In unfiltered condition, GRACE Follow-On data is still corrupted by north-south stripe errors as GRACE data. The reason is that their north-south tracking configuration lacks measurement information in cross-track direction. A clear improvement exists between GRACE data and GRACE Follow-On data in Figure 13. It is also supported by the mean RMSs over oceans, which are respectively 15.6 and 8.6 cm for GRACE data and GRACE Follow-On data in unfiltered condition, and respectively 2.4 and 1.5 cm in 300 km Gaussian filtering condition. We therefore envision that the application of GRACE Follow-On mission will present roughly 2 times improvements in temporal signal determination.
[image: Figure 13]FIGURE 13 | RMS residuals of simulated GRACE and GRACE Follow-On mission. Both unfiltered and 300 km Gaussian filtered solutions are displayed.
The performance of forward modeling method is also assessed with GRACE Follow-On solutions. As seen in Figure 8, a slight improvement is observed in the fill plots of GRACE Follow-On data, when compared with those of GRACE data. The most significant improvements are found over four small river basins, including Rufiji, Ruvuma, Bandama, and Gambia. It is also supported by the statistics in Table 4. These results demonstrate the potential improvements of GRACE Follow-On mission in detecting smaller size of temporal signals than GRACE mission. Figure 14 presents the scatter plots for the comparison of true signals and different simulated solutions. In case of GRACE data, forward modeling method brings the corresponding solutions into alignment with the true signals, increasing the slope from 0.57 to 0.94 for annual amplitudes, and from 0.50 to 0.86 for trends. Compared with the filtered results, the results after applying improved forward modeling method indicate average improvements of 37% for annual amplitudes and 36% for trends. In addition, the restored signals derived from GRACE Follow-On data are less scattered than those of GRACE data, especially for small river basins. As a result, the slopes of regression lines increase from 0.94 to 0.96 for annual amplitudes, and from 0.86 to 0.91 for trends. The statistical results of improved forward modeling method indicate an average improvement of 39% for annual amplitudes and 41% for trends, when compared with those of 500 km Gaussian filtering. We also provide the RMS in Table 4 to compare the performance of all approaches. Overall the performance of GRACE Follow-On is better than those of GRACE. The results derived from Figure 14 and Table 4 also demonstrate the potential improvement of forward modeling method in determining terrestrial water storage variations via GRACE Follow-On mission, especially over small river basins.
[image: Figure 14]FIGURE 14 | Scatter plots of annual amplitudes (A) and trends (B) for the comparisons of true signals and solutions via different processing procedures: (a) simulated GRACE data after 500 km Gaussian filtering, (b) simulated GRACE data after applying improved forward-modeling method, (c) simulated GRACE Follow-On data after applying improved forward-modeling method. The regression lines are determined with 95% confidence bounds.
CONCLUSION
An improved forward modeling method is proposed to restore the temporal signals during GRACE/GRACE Follow-On data processing. The performance of this method in estimating terrestrial water storage over Africa is assessed in terms of both annual amplitudes and long-term trends.
In noise-free condition, it is clear that the forward modeling method can successfully reduce the leakage errors derived from spatial filters. In the spectral domain, the forward modeling estimates are almost 100% of true signals. However, slight biases in terms of EWHs are observed along the coastline of Africa. An improved forward modeling method is then developed, and it successfully reduces these biases along the coastline. The good performances in both spectral domain and spatial domain demonstrate the rigidity and rationality of reducing leakage errors by improved forward modeling method.
A simulation environment is setting to the true observation environment of GRACE mission as realistic as possible, and the simulated temporal gravity field models are then determined. In such a noise-contaminated case, the performance of forward modeling method is seriously affected by observation errors. To alleviate these errors, a constraint forward modeling is then implemented. The spatial distributions of restored signals, in terms of annual amplitudes and trends, as well as time series and statistics in basin domains, demonstrate the better performance of improved forward modeling method. The average improvements of 24 basins over Africa are roughly 37% for annual amplitudes and 36% for trends, when compared with the cases before applying improved forward modeling method. The potential improvements of GRACE Follow-On mission are also evaluated. The new satellite mission is expected to bring 2 times improvements in terms of the noise level of temporal gravity solutions, when compared with GRACE data. The improved forward modeling method also brings about 39% improvement for annual amplitudes and 41% improvement for trends. Moreover, the results derived from improved forward modeling method show good agreement with the true time series in terms of annual amplitude, trend, and RMS. As no external model is used during this processing procedure, it demonstrates that our improved forward modeling method can successfully retrieve temporal signal as a model-independent approach.
GRACE-derived terrestrial water storage estimations lack direct ground-based observations for independent validation. To assess the performance of improved forward modeling method, several GRACE datasets (including CSR Tellus grids, CSR mascon grids, and JPL mascon grids) are used for cross-comparison. The spatial distributions of restored signals, in terms of annual amplitudes and trends, as well as time series and statistics in basin domains, are in good agreements with those of GRACE datasets. Comparing with unscaled CSR Tellus grids, the better consistencies are clearly obtained in the results of scaled grids, which highlights the importance of restoring temporal signals after filtering. In addition, the scatter plots of annual amplitudes and trends are particularly aligned between the solutions via improved forward modeling method and those of mascon solutions (CSR mascon and JPL mascon), when compared with those of CSR Tellus grids with scale factors. The scaled CSR Tellus grids are derived from model-dependent approach, whereas mascon solutions and our solution are independent from the prior model. The better consistency between the model-independent approaches indicates that applying model-dependent approach for restoring temporal signals still needs to be carefully evaluated. Meanwhile, since the newly released CSR and JPL mascon products offer several advantages in reducing leakage errors, and these good agreements increase confidence of improved forward modeling method in processing GRACE data.
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2The laast BMS in a row is in bold. The second least in a row is underiined.
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“The least RMS in a row is in bold. Whenever the improved approach is better than the general approach, the value is underlined.





