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In this study, we aim to estimate the mass changes in Panama using the Gravity Recovery and Climate Experiment level-2 products, which are formed as spherical harmonic coefficients and limited by stripe noise. The empirical de-striping method and the temporal filter achieved by empirical mode decomposition can be used to reveal the signals but are still limited in signal reservation and noise reduction. To this end, we put forward a novel efficient strategy that uses the variational mode decomposition algorithm to filter the time series of each SHC separately. Based on the two reliable mascon products and in situ short-term groundwater observations, various comparisons in spatial, spectral, and temporal domains are implemented. In addition, the SNR (signal-to-noise ratio) index and the three-cornered hat method are adopted for assessment. The main results and conclusions are as follows: 1) Our filter outperforms the two previous methods with the best SNR (2.14) and the lowest Panama regional uncertainty (70 mm) for all available months. 2) Our estimate of the basin groundwater storage is closest to one of the groundwater observations with the maximum correlation coefficient (0.72, p<0.05). This result suggests that our method seems to detect small-scale mass signals that are undetectable in the two mascon products. Our work provides a reference for studying the mass change of small-scale basins in low latitudes.
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1 INTRODUCTION
Since the launch of the Gravity Recovery and Climate Experiment (GRACE) satellite mission, GRACE (2002–2017) and GRACE Follow-On (GFO) (2018–present) have produced extremely precise measurements of the larger-scale temporal gravity of the Earth system (Swenson and Wahr, 2002). Observing the mass variations in the atmosphere, hydrosphere, ocean, and cryosphere has been made possible by the GRACE/GFO mission (Nerem et al., 2003; Ray and Ponte, 2003; Swenson et al., 2003; King and Padman, 2005). Practically, the Earth’s mass transports are quantified using the gravity field models, which are represented as a collection of spherical harmonic coefficients (SHCs) (Chen Q. et al., 2021).
Due to the GRACE/GFO orbit or aliasing error, an irrational correlation exists among the SHCs of specific degrees (odd or even) within a given order (Swenson and Wahr, 2006). As a result, all the unrestrained inversion results converted from SHC products are seriously contaminated by north-south stripe noise. To this end, the post-processing method is necessary.
The spatial filter, such as the Gaussian, Han, and Fan filters, can be employed to filter the data. However, it is worth noting that they may underestimate the geophysical signals (Wahr et al., 1998; Han et al., 2005; Chen et al., 2006; Sasgen et al., 2006; Klees et al., 2008b; Zhang et al., 2009; Pu et al., 2022). To address this, considering the pattern of stripe noise in the spatial domain, Swenson and Wahr (2006) proposed the empirical de-striping method that seeks the pattern using a moving window quadratic polynomial. Afterward, the PnMl method, which is widely utilized, is a development of this method (Klees et al., 2008a; Chen et al., 2008; Duan et al., 2009; Chambers and Bonin, 2012). Nonetheless, the further application of these empirical de-striping methods is mainly constrained by two factors: 1) the insufficient filtering in high-order SHCs (resulting in abundant stripe noise) due to the inadequate observation of SHCs for the fitting function and 2) the potential distortion of the geophysical signal.
In contrast, the temporal filter ensures temporal information reservation since these filters treat the stripe noise as random noise and suggest that this can be identified with time information (prior information or statistical properties). This property correspondingly leads to a high requirement for computational operation, for instance, the Kalman filter (Zaitchik et al., 2008), principal component analysis (Crossley et al., 2005; Rangelova et al., 2007), and so on (Wang et al., 2016; Shen et al., 2021).
To end this, Huan et al. (2022) proposed a simple and efficient technique that adopts the Empirical Mode Decomposition (EMD) to decompose the time series of each SHC separately (Huan et al., 2022). Unlike the complexity and extensive workload of the previous temporal filter, this method treats each SHC individually, considering the orthogonality of basic functions. However, EMD is known for limitations like sensitivity to noise and sampling, boundary issues, and mode aliasing (Dragomiretskiy and Zosso, 2014). These issues can be improved by the Variational Mode Decomposition (VMD) proposed by Dragomiretskiy and Zosso (2014), which can extract, concurrently, the desired mode with an independent center frequency.
Consequently, in this study, we propose a new strategy that employs the VMD to filter the time series of SHCs. Our filter is expected to improve the estimates of the mass change in Panama (Figure 1), which is our objective. In the study, we investigate the result of our filter in the spatial, spectral, and temporal domains stepwise. Afterward, our filter is assessed by the SNR (signal-to-noise ratio) index and the three-cornered hat technique. In the end, our filter is adopted to estimate the mass changes in Panama, which are analyzed by independent observations.
[image: Figure 1]FIGURE 1 | Map of Panama. The triangles denote the in situ groundwater observations.
2 STUDY AREA AND MATERIALS
2.1 Study area
Panama mostly lies within 7°N∼10°N and 77°W∼83°W (Figure 1) and is an intercontinental nation that straddles both southern South America and northern North America. Panama shares borders with Colombia to the southeast, the Caribbean Sea to the north, the Pacific Ocean to the south, and Costa Rica to the west. Panama has a tropical climate (Beck et al., 2018). In Panama, temperatures are uniformly high with little seasonal variations and the rainy season typically lasts from April to December but can last anywhere between seven and 9 months. The terrain in Panama is primarily characterized by highlands, with only narrow coastal plains. Nearly 500 rivers wind through Panama’s rugged landscape. Most are not navigable and many originate from turbulent highland creeks, meandering through valleys and forming coastal deltas.
2.2 GRACE/GFO products
The estimates of global mass field (2002.04–2021.04) are based on GRACE/GFO Release 06 GSM products (the SHCs truncated at 60°) provided by three Scientific Data Centers, the Center for Space Research (CSR) at the University of Texas in Austin, Geoforschungs Zentrum Potsdam (GFZ), and the Jet Propulsion Laboratory (JPL). Firstly, the conventional treatments in low-degree terms are implemented: the degree one and the C20/C30 terms, which represent the changes in the geo-center and the oblate shape of the geopotential, respectively. The two terms were replaced by the observation of satellite laser ranging (Swenson et al., 2008) and the combination of GRACE/GFO observation and ocean models (Cheng et al., 2013; Loomis et al., 2020), respectively. Afterward, the monthly residual SHCs are anomalies that have deviated from the GRACE/GFO mean gravity field (2004–2010). Additionally, the glacial isostatic adjustment correction is executed by the ICE-6G_D model (Peltier et al., 2018), which is given as trends of SHCs per year and transformed into equivalent monthly corrections that have deviated from the above baseline (Ferreira et al., 2023). Eventually, aiming to reduce the noise in the SHCs (Chambers and Bonin, 2012), our following work is mainly based on the average estimates of three Scientific Data Centers (CSR, GFZ, and JPL).
Furthermore, two official GRACE/GFO mascon products (gridded mass field) are implemented as reliable estimates to directly assess our results (Save et al., 2016; Wiese et al., 2016): 1) CSR mascon RL06 v2 and 2) JPL mascon RL06 v2. All the technical treatments for the mascon product are kept with the GSM product, except for the minor impact from ellipsoid corrections in low latitudes (Li et al., 2017). To reduce leakage error along the coastlines, a Coastline Resolution Improvement filter is employed in the JPL mascon product.
2.3 Auxiliary materials
Aiming to indirectly assess our estimates, the rest of the auxiliary data are adopted to investigate the groundwater storage (GWS) changes in Panama. To end this, the monthly soil moisture storages need to be utilized, which is collected from the Global Land Data Assimilation System NOAH Version 2.1 model (Rodell et al., 2004; Syed et al., 2008). In addition, two short-term groundwater observations, namely, GW1 and GW2 (Figure 1) are digitally extracted from the previous study (Sprenger et al., 2013; Gonzalez-Valoys et al., 2022).
3 METHODS
3.1 The global mass field
The monthly SHCs are converted into the global mass field Δh in terms of equivalent water height (EWH) (Wahr et al., 1998):
[image: image]
where n and m represent degree and order, respectively. θ and λ are the co-latitude and longitude, respectively. R and ρe are the equatorial radius and density, respectively. ρw is the freshwater density. Pnm, kn, and Wnm denote the normalized Legendre functions, the load Love numbers, and the spatial smoothing function, respectively. In addition, the pattern per degree of the mass field in the spectral domain can be investigated by the signal variance σn:
[image: image]
3.2 The empirical de-striping method
The original mass fields are contaminated by north-south stripe noise, which is linked to the correlated errors in the SHCs (i.e., spurious correlations between specific ΔCnm/ΔSnm). To this end, researchers used the PnMl method (Chen et al., 2008; Chen et al., 2017). The P4M6 method treats all ΔCnm/ΔSnm with the same m as a series. For each m from 6 to 50 with the same parity of n, this method removes the correlated error for the original ΔCnm/ΔSnm. The mathematical model of the P4M6 method is as follows:
[image: image]
where [image: image] denotes the correlated error in [image: image] for a given degree and order m. [image: image] is four in the P4M6 method. [image: image] and [image: image] represent the maximum and minimum degrees in a series for a given order, respectively. The detection of [image: image] is similar to this model.
3.3 The algorithm of EMD and VMD
The EMD is an adaptive approach for extracting the signal from the noisy time series [image: image]. This method decomposes a time series into a series of Intrinsic Mode Functions ([image: image]) and a residual component ([image: image]) (Huang et al., 1998):
[image: image]
where [image: image] denotes time. [image: image] is the number of IMFs. IMF is defined by two basic conditions with the practical meaning of physical signal: 1) the difference in number between extreme and zero-crossing must be within zero or one. 2) The upper and lower envelopes exhibit local symmetry to the time axis.
The algorithm of EMD is as follows: 
1) Extracting local extrema (maximum and minimum values) of the original series [image: image], which is used to fit the upper and lower envelope by a cubic spline function.
2) Subtracting the average value of the two envelopes from [image: image] to obtain a new time series [image: image].
3) Checking whether [image: image] meets the necessary definition of IMF. In practice, the second condition is difficult to meet and empirically replaced by a threshold [image: image] (0.2–0.3):
[image: image]
where [image: image] denotes [image: image] in the kth iteration. N is the length of the original series.
4) Repeating the above sifting procedure (i.e., steps 1–3) in [image: image] if [image: image] cannot meet the condition. If [image: image] meets the condition, [image: image] is selected as an IMF and removed from the original series to get a residue.
5) Repeating the iteration (i.e., steps 1–4) in the residue until all the IMF is obtained.
Following the idea of EMD, the IMFs are redefined as the elementary amplitude or frequency-modulated signals in the VMD, written as (Dragomiretskiy and Zosso, 2014; Feng et al., 2020):
[image: image]
where [image: image] denotes the non-decreasing function and [image: image] represents the instantaneous amplitude. The [image: image] has center frequencies with limited bandwidths and a considered pure harmonic signal over a sufficiently long interval. Each IMF (i.e., [image: image]) can be derived from solving the variational problem:
[image: image]
where j denotes the imaginary unit; δ(t) denotes the mean pulse function; uk and ωk denote the mode and the corresponding center frequency, respectively. ∂t denotes the first partial derivation for t.
3.4 The temporal filter for filtering the SHCs
The temporal filters based on EMD and VMD are utilized to extract the signal modes from the time series of each SHC. The two methods are separately referred to as the temporal EMD (TEMD) and the temporal VMD (TVMD) filter in this work. The workflow of the TVMD filter is shown in Figure 2. This algorithm is divided into three steps.
1) Firstly, the VMD technique is utilized to decompose each time series of treated SHC into five modes because we assume the original series includes high-frequency noise plus high-frequency, semi-annual, annual, and interannual signals. It is noteworthy that, in contrast to the methodology employed by Huan et al. (2022), the de-striping method is not employed before the decomposition.
2) Subsequently, accurately collecting the signal IMFs from each time series is a crucial step. In contrast to the criterion adopted by Huan et al. (2022), we do not rely on comparing the period of each IMF. Conversely, our selection criterion is based on the number of peak values observed in the autocorrelation spectrum within a 12-month window. Specifically, considering that semi-annual, annual, and interannual signals typically exhibit one or three peak values within 12 months, any IMF exceeding this prescribed threshold (3) is discarded. This threshold is still a viable choice for filtering only with a minor potential signal loss since the renunciative IMF may be a high-frequency signal and noise or a mixture (Yi and Sneeuw, 2021).
3) Finally, the signal components are summed and outputted.
[image: Figure 2]FIGURE 2 | The workflow of the TVMD filter for filtering the GRACE/GFO SHCs.
The TEMD filter is similar to the algorithm of the TVMD filter, which is only different in the generation of IMF (i.e., step 1), which is implemented by the EMD approach.
3.5 The SNR index and the three-cornered hat method
Aiming to assess the GRACE/GFO mass field, the SNR index is utilized. Taking into account that measurement errors are approximately equal over land and ocean (i.e., LandError≈OceanError), Chen et al. (2006) developed the SNR index, which is defined as the land-ocean Root Mean Square (RMS) ratio:
[image: image]
where Landmass/Oceanmass is the true mass field over land/ocean (Chen et al., 2006). To reduce land signal leakage when calculating the RMS over global lands, a 300 km buffer zone is implemented.
The three-cornered hat method provides an alternate assessment to solve the measurement issue of uncertainty when the true signal is absent (Ferreira et al., 2016; Chen J. et al., 2021). In this study, we use this technique to assess the accuracy of our estimates. The detail of this technique is shown in the rich work of Ferreira et al. (2016).
4 RESULTS AND DISCUSSION
4.1 The spatial results
First, an average GSM product from January 2003 (random selection) is utilized to investigate our filter. The original mass field is contaminated by north-south stripe noise (Figure 3A). After applying the TVMD filter, the TEMD filter, or the P4M6 method, the north-south stripe noise is relieved and the filtered mass field is made up of physical signals plus random and residual stripe noises. In the P4M6 result (Figure 3B), there is still significant stripe noise in low latitudes because of its inadequate process beyond degree 50. For the TEMD and TVMD results, the residual north-south stripe patterns are distributed relatively evenly (Figures 3C, D). But the latter removes more stripe patterns, which must be the noise because the difference between the two results exhibits a stripe pattern rather than the geophysical signals (Figure 3F). Afterward, in comparison to the CSR mascon product (Figure 3E), we find that there is an evident distortion over Greenland in the P4M6 result rather than in the TVMD and TEMD results. Note that this mascon product is truncated up to degree 60 to separate the contribution of signal leakage.
[image: Figure 3]FIGURE 3 | The global mass field in January 2003. (A) Without filtering. (B) With the P4M6 method. (C) With the TEMD filter. (D) With the TVMD filter. (E) The CSR mascon product is truncated up to degree 60. (F) The difference between C and D (i.e., C[image: image]D). Please note that no additional Gaussian filter is adopted.
In addition, our objective is to determine the spatial contribution of extracted patterns in each band (e.g., [image: image] =0 to [image: image] =40 in Eq. 1, Figure 4A). In the band ranging from degrees 0 to 50, some minor variations can be observed in the extracted patterns between the two temporal filters and the P4M6 method. But in comparison, beyond degree 50, the P4M6 result exhibits weak filtering due to a lack of adequate processing (Figure 4C). Consequently, this approach retains more stripe noise in the low latitudes. Relatively, the two temporal filters perform sufficient processing beyond degree 50.
[image: Figure 4]FIGURE 4 | The extracted stripe pattern (i.e., the difference between the original and filtered mass field) in each band. (A–C) With the P4M6 method. (D–F) With the TEMD filter. (G–I) With the TVMD filter. (Left) [image: image] and [image: image]. (Middle) [image: image] and [image: image]. (Right) [image: image] and [image: image].
4.2 The spectral results
While we have already discussed the filtered results in the spatial domain, examining these results in the spectral domain can provide further insight into the differences between the three methods. Figure 5A–E display the amplitude of each SHC. In addition, we compute the differences in magnitude orders between the original and filtered SHCs (Figures 5F–H), which reflect the relative intensity of filtering for each method.
[image: Figure 5]FIGURE 5 | The amplitude per SHC. (A) Without filtering. (B–D) After using the P4M6 method, the TEMD filter, and the TVMD filter, respectively. (E) SHCs from the CSR mascon product. (F–H) The difference in B, C, and D concerning A, respectively. Notice (F–H) are the differences in logarithm values, which represent differences in orders of magnitude. (I) The signal variance per degree of each mass field.
The original SHCs and signal variance exhibit unrealistic high amplitudes in higher degrees (Figure 5A, I), which is the major source of the stripe noise. The three methods are effective in reducing the amplitude after degree 20. However, for the P4M6 method, there is a rapid increase after degree 50 because of inadequate filtering in the P4M6 method (Figure 5F). This raise also exists in the TEMD and TVMD signal variance but slower. Compared to other filters, the TVMD filter shows a lower signal variance, which is closer to the CSR mascon product. It adds credibility to our filter.
Additionally, the temporal changes in a part of SHCs are checked (Figure 6). For instance, the P4M6 result exhibits a smaller annual amplitude in [image: image] and significant loss in the long-term signal of [image: image]. The P4M6 method may misidentify real geophysical signals and errors in the original SHCs. Conversely, the TVMD and TEMD results preserve more temporal information, which is consistent with the CSR mascon product. It shows the excellent property of our filter in signal reservation in a way.
[image: Figure 6]FIGURE 6 | The temporal changes in [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image].
4.3 The temporal results
After investigating the spatial and spectral results, we investigate the mass changes in the temporal domain. The basin terrestrial water storage (TWS) changes in Madagascar, Panama, Amazon Basin, and the Caspian Sea are selected for comparison (Figure 7). We compute the filtered TWS changes by the three methods. In addition, the two mascon products from JPL and CSR are also implemented, which are truncated up to degree 60 to separate the contribution of signal leakage. It should be noted that an additional Gaussian filter is not utilized in this comparison.
[image: Figure 7]FIGURE 7 | The basin TWS changes in the Caspian Sea, Madagascar, Amazon basin, and Panama with four strategies (the original, the TVMD filter, the TEMD filter, and the P4M6 method) and the two mascon products (JPL and CSR). Both mascon products are truncated up to degree 60 to separate the contribution of signal leakage.
The original TWS changes are accompanied by irrational abrupt values, especially in a small-scale basin in low latitudes (e.g., Panama). In comparison to the original result, three methods reduce the unreal variations in the TWS changes. However, the P4M6 method results in a significant loss in long-term signals of the Caspian Sea, which are systematic errors and impossible to be stripe noise. Conversely, the temporal filter can reserve more real long-term signals while suppressing unreal noise. Compared with the other two methods in Panama, the TVMD results are close to the two mascon products. The RMS difference between Panama results obtained from TVMD and those obtained from CSR and JPL are 33.7 and 34.98 mm (Table 1), respectively. This difference is approximately 0.7 mm smaller than that derived from TEMD.
TABLE 1 | The RMS (Unit: mm) of the difference in the TWS changes between the filtered result and the two mascon products that truncated up to degree 60.
[image: Table 1]4.4 Assessment of the TVMD filter
The various investigations mentioned above provide support for the reliability of the TVMD filter. To quantify the improvement achieved by the TVMD filter, the original and filtered mass fields are assessed by two metrics (Figure 8): 1) the SNR index and 2) the regional Standard Deviation (STD) in Panama. The former is the average SNR for all available months. The latter is the latitudinal cosine weighted average of the gridded STD in Panama, which is provided by the three-cornered hat method. For both metrics, the TVMD filter outperforms the P4M6 method and the TEMD filter. After applying the TVMD filter, the SNR index increases from 1.68 to 2.14, and the STD improves from 121 mm to 70 mm, highlighting the effectiveness of our filter in improving the accuracy of mass changes in Panama.
[image: Figure 8]FIGURE 8 | The regional average STD in Panama and the SNR. Please note that no additional Gaussian filter is adopted.
4.5 Validation of the improved mass changes
The two metrics show that the TVMD filter improves the SNR and reduces the uncertainty in Panama. Afterward, an additional 300 km Gaussian filter is used to further reduce residual noise in the mass field after using the three methods. The forward modeling technique is utilized to restore the leakage signal in the mass field of each available month by iteration (Chen et al., 2015). In the forward modeling technique, the model undergoes iterative updates until the difference between the filtered model and the filtered observation is minimized below a specified threshold (Doumbia et al., 2020; Zhou et al., 2022). The final TWS changes with three methods and the two mascon products are shown in Figure 9.
[image: Figure 9]FIGURE 9 | The basin TWS changes in Panama after and before using the forward modeling (FM) technique. (A) With the TEMD filter. (B) With the TVMD filter. (C) With the P4M6 method. The two mascon products from CSR and JPL are implemented without truncation in this comparison. The missing value of the time series is interpolated by the iterative singular spectrum analysis.
After using the forward modeling technique, the annual amplitude of the three methods is close to the two mascon products. The P4M6 and TEMD results exhibit more suspected abrupt changes that might be noise, which must be sourced from the noise accumulation in iteration. In contrast, the TVMD results are more stable and are close to both mascon products. Among the three methods, our filter exhibits the minimum difference concerning the two mascon products in the TWS changes (Table 2). The RMS of the difference from CSR and JPL mascon is 44.45 and 42.3 mm, respectively.
TABLE 2 | The RMS (Unit: mm) of the difference in the basin TWS changes between the two mascon products and the final filtered result.
[image: Table 2]Afterward, comparison with the in situ groundwater observation (GW1 and GW2) can further increase the confidence of our results. According to the water balance equation (Chen et al., 2016), we compute the basin GWS in Panama by subtracting soil moisture storage change from the TWS changes (Figure 10). All five GWS changes have poor correlations with the GW2 observation, possibly due to the poor observational quality. What’s more, the TVMD result achieves the highest correlation of 0.72 with the GW1 observation (Table 3). This comparison indirectly verifies the reliability of our method, and it indicated that our result seems to be sensitive to small-scale mass signals that cannot be detected in the mascon product.
[image: Figure 10]FIGURE 10 | The basin GWS changes and the in situ groundwater observations GW1 (Top) and GW2 (Down). The GWS changes are derived from the above final-filtered TWS changes of three methods and the two mascon products subtracting the soil moisture storage.
TABLE 3 | The Pearson correlation coefficient between the five GWS changes and the two groundwater observations. The correlation value with # denotes the significant value p >0.05.
[image: Table 3]5 CONCLUSION
In this study, our focus is on estimating the mass change in Panama using GRACE SHCs solutions, which are affected by stripe noise. To address the limitations, we propose the TVMD filter. Our approach considers applying the VMD algorithm to filter the time series of each SHC individually.
To evaluate the effectiveness of our method, we compare the results with the reliable mascon product. The comparison is carried out in terms of spatial, spectral, and temporal domains. It can be concluded that: 1) The filtering intensity of our filter distributes evenly in the spatial domain. 2) Compared with the P4M6 method, the TEMD and TVMD filter mainly reduces the signal variance after degree 50, and the TVMD signal variance per degree is smaller than that of the TEMD. It explains the source of the improvement of our filter. 3) Compared with the P4M6 method, the temporal filter can preserve the temporal property of the mass field.
We also use the SNR index and the three-cornered hat method for assessment. Our filtering technique outperforms the previous two methods, achieving the highest SNR (2.14) and the lowest uncertainty (70 mm) in Panama for all available months.
Afterward, the two mascon products and the short-term groundwater observations are implemented to assess our estimates of the TWS changes in Panama. Our results have the closest agreement with the mascon products. The RMS difference in the final TWS changes between our results and the two mascon products (JPL and CSR) is 42.3 mm and 44.45 mm, respectively, and we observe the highest correlation coefficient (0.72) between our estimate of basin GWS and the in situ groundwater observations. This suggests that our method seems to be effective in detecting small-scale signals compared to the mascon products.
In this study, we have established that SHC products have the potential to uncover the mass change in Panama. However, the inversion and verification of these mass changes remain challenging. Overall, our work provides valuable insights into examining the TWS and GWS changes in small-scale basins located in low latitudes. It also serves as a reference for future research in this field.
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