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Abstract: Deep networks are increasingly used to forecast satellite gravimetry, but their appar-9 

ent skill depends on how much memory of the storage record they receive. We examine this for 10 

Tamil Nadu using GRACE and GRACE Follow-On mascon terrestrial water storage (238 months, 11 

2002-2024) and ;ve TerraClimate variables. Each ;eld was dated from its observation interval; 12 

count-based labelling would have misdated 81 of 238 ;elds. All masks and statistics came 13 

from training months only; 14 automated checks guarded against leakage. A convolutional long 14 

short-term memory (ConvLSTM) network predicted the next month from 18 months of climate 15 

alone (Model B) or with the latest storage ;eld added (Model A). Over 19 test months, Model B 16 

had a root-mean-square error (RMSE) of 7.84 cm, against 12.76 cm for climatology and 12.26 17 

cm for a Random Forest, yet persistence was more accurate (5.12 cm) and anomaly correla-18 

tion only 0.365. About 94% of Model B's gain over climatology came from correcting bias in a 19 

wet period. Model A reached 4.52 cm but was not signi;cantly better than persistence (p = 20 

0.374; low power). At this lead and in this region, climate forcing therefore adds limited month-21 

ahead information, and persistence should always be reported as a baseline. 22 

Keywords: GRACE; GRACE-FO; terrestrial water storage; ConvLSTM; TerraClimate; data leak-23 

age; persistence baseline; skill score; drought index; Tamil Nadu 24 

 25 

Introduction 26 

Water held on and beneath the land surface, in aquifers, soils, rivers, reservoirs and irrigation 27 

tanks, controls how a region weathers a failed monsoon. The aggregate of these stores, terres-28 

trial water storage, has been observable from orbit since 2002, when a pair of co-orbiting 29 

spacecraft of the Gravity Recovery and Climate Experiment (GRACE) started tracking how the 30 

planet's gravity varies from one month to the next.1 GRACE Follow-On (GRACE-FO) resumed 31 

the measurements in 2018 after an eleven-month interruption.2 Over land, most of the monthly 32 

gravity change is caused by water moving between places, so the missions deliver a direct, if 33 

coarse, measure of how much water a region has gained or lost.3
 34 

Indian applications of these data have been inDuential. Depletion of aquifers beneath the 35 

north-western plains was ;rst quanti;ed from GRACE,4 and later work showed that storage in 36 

the south and east rises and falls with monsoon rainfall while the north continues to decline 37 

under pumping.5 Global syntheses have placed these regional signals within a wider pattern of 38 
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emerging freshwater stress6,7 and have shown that hydrological models often understate the 39 

trends that GRACE records.8
 40 

Three properties of the record limit its direct use in water management. Mascon solutions are 41 

distributed on ;ne grids, yet all cells inside one three-degree cap share a single value, which 42 

leaves few genuinely independent locations.9,10 The series has isolated missing months and an 43 

inter-mission gap. Finally, each ;eld is released only after processing ends, with a delay of 44 

some months, so the most recent ;elds are not available at the time a forecast is needed. 45 

These limits have motivated a growing body of work that predicts or reconstructs storage from 46 

climate variables11,12 or with deep networks.13–15
 47 

Statistical reconstructions driven by precipitation and temperature reproduce much of the 48 

subdecadal variability of storage but cannot recover trends caused by human withdrawals.11,12 49 

Convolutional networks have been used to learn the mismatch between a land-surface model 50 

and GRACE over India,13 to bridge the inter-mission gap with uncertainty estimates,14 and to 51 

downscale storage for drought monitoring.15 Recurrent models trained on meteorological forc-52 

ing have matched calibrated conceptual models for runoF,16 building on the gated memory of 53 

the long short-term memory (LSTM) network.17 The convolutional LSTM (ConvLSTM) replaces 54 

the matrix products of the LSTM with convolutions, so its state is a spatial map;18 this makes it 55 

a natural candidate for gridded storage ;elds. 56 

The Nash-SutcliFe eFiciency (NSE) scales the squared error by the spread of the measured val-57 

ues,19 which means that a model reproducing a strong seasonal cycle can score well without 58 

capturing anything else.20 Skill scores based on mean squared error measure improvement 59 

over a chosen reference;21 when a variable evolves slowly, the obvious yardsticks are its calen-60 

dar-month average and simply carrying the previous value forward. Because consecutive 61 

months are dependent, random cross-validation inDates skill and chronological evaluation is 62 

preferable;22 for the same reason, paired comparisons need resampling schemes that respect 63 

autocorrelation, such as the moving-block bootstrap.23 Storage-based drought indices stand-64 

ardise the anomaly by its monthly statistics,24,25 which allows categorical agreement to be 65 

tested in addition to continuous error. 66 

The question we address is narrower than most of this prediction work and, we argue, more 67 

basic. A network that receives recent storage values can score well simply by repeating them, 68 

because storage changes slowly. Without a comparison against the naive rule of carrying the 69 

current month forward, nobody can tell what the network itself adds. The same caution applies 70 

to every preprocessing step that could carry information from the evaluation period into train-71 

ing.26 Our aim is therefore to quantify the next-month storage signal that a convolutional recur-72 

rent model can draw from climate inputs alone over Tamil Nadu, with leakage controlled, and 73 

to set it against the information already held in the latest GRACE ;eld. Our contributions are as 74 

follows: 75 

we derive every GRACE month from the observation interval written into the band metadata 76 

and show that a count-based labelling with a manually entered gap list would assign a wrong 77 

month to 81 of the 238 ;elds; 78 
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we build a pipeline in which the study mask, scaling statistics, climatologies and drought refer-79 

ences are computed from training months only, and con;rm this with 14 automated checks 80 

run on the real data; 81 

we train the same ConvLSTM with and without the latest storage ;eld and compare both ver-82 

sions against persistence, climatology and a Random Forest using skill scores and block-boot-83 

strap intervals over 19 test months; 84 

we report per-mascon, regional and drought-class results alongside cell-level metrics, so that 85 

the small number of independent spatial units remains visible to the reader. 86 

Several outcomes contradicted the impression given by headline accuracy, and they are re-87 

ported as obtained. In particular, the variant with the lowest RMSE adds no statistically signi;-88 

cant skill over persistence, although a test on 19 months has little power. Persistence and 89 

Model A both use the previous month's ;eld, which would not yet be available in real time, so 90 

our experiments describe an idealised, zero-latency setting that we discuss explicitly. Figure 1 91 

summarises the workDow. 92 
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 93 

Figure 1. Work�ow of the study. GRACE and TerraClimate exports are dated and regridded 94 

by explicit rules, a mask and scaling statistics are derived from the training period only, 95 

and two ConvLSTM variants are compared with three reference forecasts on 19 observed 96 

test months. Automated checks run before any model is trained. 97 

Results 98 

All scores refer to the 19 observed test months (April 2023 to October 2024) and the 211 cells 99 

of the study mask. We report the root-mean-square error (RMSE), the mean absolute error 100 

(MAE), the mean bias, the Pearson correlation (r), the NSE and the mean squared error skill 101 

score (MSESS); their de;nitions are given in Methods. 102 
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Data integrity and training 103 

All data checks and leakage checks passed. The 238 GRACE labels were unique and increas-104 

ing, the derived gaps matched the published list, and the two special months were reassigned 105 

as intended. No climate month was absent or incomplete, and the expected annual rhythm of 106 

rainfall and temperature veri;ed that the variables had been read in the right order. Training 107 

losses fell steadily for all six runs, whereas validation losses reached their minimum early and 108 

then Ductuated, as expected with 168 training samples (Figure 2). Checkpoints were taken 109 

from epochs 26, 11 and 15 (Model B) and 29, 18 and 18 (Model A). 110 

 111 

Figure 2. Learning curves (masked Huber loss, z-units) of each seed, climate-only network 112 

on the left and storage-assisted network on the right; training solid, validation dashed. 113 

Vertical lines mark the selected epoch of each seed. 114 

Accuracy against the reference forecasts 115 

Table 1 lists the test scores of every method and Figure 3 compares them graphically. Averaged 116 

over seeds, the climate-driven network missed by 7.84 cm in root-mean-square terms (0.645 z-117 

units) and 6.49 cm on average, with r = 0.639 across all cell-months. Its area-mean series cor-118 

related with the observed one at 0.822, with an eFiciency of 0.455. Cell-level eFiciencies were 119 

mostly slightly negative: half the cells lay below −0.160 and the all-cell value was −0.139; a 120 

handful of border cells whose test-period values barely vary dragged the arithmetic mean to 121 

−2.092. 122 

Table 1. Test scores on 19 observed months (April 2023-October 2024) and 211 cells. 123 

RMSE, MAE and bias in cm; NSE pooled over cell-months. 124 

Method RMSE MAE Bias r Median cell 
r 

NSE Area r Area NSE 

Model B (climate) 7.84 6.49 −2.47 0.639 0.785 −0.139 0.822 0.455 

Persistence 5.12 4.13 +0.04 0.849 0.758 0.513 0.740 0.477 

Climatology 12.76 10.75 −10.08 0.628 0.850 −2.020 0.867 −1.709 

Random Forest 12.26 9.97 −8.43 0.527 0.761 −1.787 0.836 −1.052 

Model A (+storage) 4.52 3.59 +0.60 0.880 0.891 0.621 0.896 0.772 

Climatology and the Random Forest were far less accurate, with RMSEs of 12.76 and 12.26 cm 125 

and large negative biases (−10.08 and −8.43 cm). The test period was considerably wetter than 126 

the training average, and both methods are anchored to it: climatology by construction, and the 127 
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Random Forest because it learned mainly the seasonal cycle, its most important feature being 128 

the sine of the target month (importance 0.385). A forest also cannot predict outside the range 129 

of the targets it was trained on, which handicaps it in a wet test period, and its hyperparame-130 

ters were not tuned. The network too fell short on average (−2.47 cm), yet its 18-month climate 131 

history allowed it to capture most of the shift towards wetter conditions. 132 

Persistence was the strongest reference, with an RMSE of 5.12 cm, negligible bias and a pooled 133 

correlation of 0.849. Model B exceeded persistence on two correlation measures, the state-134 

average series (0.822 versus 0.740) and the median per-cell correlation (0.785 versus 0.758), a 135 

consequence of persistence trailing every seasonal reversal by one month. Climatology scored 136 

higher still on both (0.867 and 0.850), so these measures mainly reDect the seasonal cycle and 137 

not forecast skill. Model A achieved the best score in Table 1 on every measure except bias, for 138 

which persistence was closer to zero: its errors fell to 4.52 cm (RMSE), its correlation rose to 139 

0.880, and the state-average eFiciency reached 0.772. Scatter plots of every method are col-140 

lected in Figure 4. 141 

 142 

Figure 3. Error and agreement scores (RMSE, MAE, r, median cell NSE) for each method, all 143 

computed on the same months and cells. 144 

 145 

Figure 4. Scatter of forecasts versus GRACE values over the test cell-months, shown in 146 

turn for the climate-only network, the persistence rule, the Random Forest and the stor-147 

age-assisted network. Points from cells of one mascon are not independent. 148 

Seed variability 149 

The three Model B seeds diFered moderately (Table 2). Individual runs gave RMSEs between 150 

7.68 and 8.73 cm and correlations between 0.579 and 0.650; the run initialised with seed 2 151 

lagged behind. Averaging the seeds improved on their mean RMSE (7.84 against 8.13 cm), 152 

which is why the ensemble is reported while each seed remains visible. 153 
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Table 2. Model B results per seed on the test months. 154 

Seed RMSE (cm) MAE (cm) Bias (cm) r Median NSE Area r 

0 7.96 6.54 −3.35 0.647 −0.088 0.818 

1 7.68 6.26 −2.29 0.650 0.023 0.847 

2 8.73 7.26 −1.78 0.579 −0.463 0.775 

Mean ± SD 8.13 ± 0.54 6.69 ± 0.52 −2.47 ± 0.80 0.626 ± 0.040 −0.176 ± 0.254 0.813 ± 0.036 

Ensemble 7.84 6.49 −2.47 0.639 −0.160 0.822 

Behaviour through the seasonal cycle 155 

Measured state-average storage climbed from roughly zero in mid-2023 to some 14 cm by De-156 

cember, once the winter monsoon had passed, dropped near −9 cm by April 2024 and re-157 

bounded to around 10 cm in October (Figure 5). Model B placed the turning points correctly but 158 

misjudged the level: it ran 5-10 cm low from April to August 2023 and overshot the December 159 

peak, predicting about 19 cm. Persistence followed the curve closely but one month late. Cli-160 

matology and the Random Forest reproduced the shape of the cycle while staying well below 161 

the observations, and Model A tracked the observations most closely. Persistence and Model B 162 

therefore err in diFerent months: the former at transitions, the latter in the level of storage. 163 

 164 

Figure 5. Area-mean storage anomaly (cm) over the 19 observed test months for the obser-165 

vations, both ConvLSTM variants and the three references. 166 

Signi;cance and skill 167 

Table 3 gives the paired monthly comparisons. In 16 of 19 months the climate-only network 168 

beat the calendar-mean forecast, and the resampled interval of the diFerence stayed entirely 169 

below zero; the same held against the Random Forest (Wilcoxon p = 3.8 × 10⁻⁵; interval −0.347 170 

to −0.211; mean absolute errors of 0.534 and 0.821). Persistence, by contrast, was outdone in 171 

just 4 months. For this comparison the evidence is mixed: the Wilcoxon test indicated that 172 

Model B was less accurate (p = 0.011), but once autocorrelation was respected the bootstrap 173 

interval, −0.022 to 0.300, included zero. By our own criterion that a diFerence is robust only if 174 

the 95% interval excludes zero, Model B being worse than persistence is therefore suggestive 175 

and not established. The storage-assisted network won 12 of the 19 monthly contests with per-176 

sistence, and neither test found a diFerence (p = 0.374; interval −0.152 to 0.034). With 19 auto-177 

correlated months these tests have little power, so the result means that no advantage was 178 
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detected, not that the two forecasts are equivalent. The paired tests use standardised monthly 179 

area-mean errors, whereas the headline scores are cell-level errors in centimetres, and the two 180 

criteria need not agree. 181 

Table 3. Paired comparisons of monthly area-mean MAE (standardised units, n = 19 182 

months) with 95% moving-block bootstrap intervals of the mean di=erence (block 3, 183 

10,000 resamples). 184 

Comparison MAE 1 MAE 2 W p 95% interval Months 1 
better 

B vs persistence 0.534 0.340 33 0.0108 [−0.022, 0.300] 4/19 

B vs climatology 0.534 0.885 7 7.2 × 10−5 [−0.480, −0.214] 16/19 

A vs persistence 0.295 0.340 72 0.374 [−0.152, 0.034] 12/19 

A negative diFerence favours the ;rst method. W is the Wilcoxon statistic. Mean absolute er-185 

rors (MAE) are monthly area means in standardised units, not centimetres. 186 

Table 4 gives the skill scores together with a split of the mean squared error into its squared 187 

bias and the remaining error variance. Model B removed 62% of the squared error of climatol-188 

ogy (MSESS 0.623, interval 0.487-0.729) but scored −1.340 against persistence (interval −2.577 189 

to 0.018, which just includes zero). The split shows that most of the gain over climatology is a 190 

bias correction: the squared bias of climatology is about 102 of its 163 cm² mean squared er-191 

ror, against about 6 of 61 cm² for Model B, so roughly 94% of the reduction in mean squared er-192 

ror comes from recognising that 2023-2024 was wetter than the training period. With bias re-193 

moved, the remaining error falls from about 61 to 55 cm², an improvement of roughly 10%. 194 

Subtracting the training-period monthly means from forecasts and observations leaves anom-195 

aly correlation coeFicients (ACC) of 0.365 (all cell-months), 0.369 (median cell) and 0.381 196 

(state mean); the bulk of the raw agreement therefore stems from the annual cycle and the ele-197 

vated wet-period baseline. The ACC was evaluated for Model B only. 198 

Table 4. Mean squared error skill score of each method relative to climatology and to per-199 

sistence, with the mean squared error split into squared bias and remaining error vari-200 

ance. 201 

Method MSESS vs climatol-
ogy 

MSESS vs persis-
tence 

MSE (cm²) Squared bias 
(cm²) 

Remaining 
(cm²) 

Model B 0.623 [0.487, 0.729] −1.340 [−2.577, 
0.018] 

61.5 6.1 55.4 

Persistence 0.839 - 26.2 0.0 26.2 

Random Forest 0.077 −4.728 150.3 71.1 79.2 

Model A 0.874 0.221 20.4 0.4 20.1 

Climatology - - 162.8 101.6 61.2 

Bracketed values are 95% moving-block bootstrap intervals, computed for Model B only. Mean 202 

squared error (MSE) is pooled over all test cell-months; the squared bias is the square of the 203 

mean error and the remainder is the variance of the errors. MSE and squared bias were derived 204 

from the RMSE and bias in Table 1 and are rounded. 205 
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Contribution of the storage channel 206 

Supplying the latest observed storage ;eld (Table 5, Figure 6) reduced the RMSE from 7.84 to 207 

4.52 cm and raised the median cell eFiciency from −0.160 to 0.754. Judged against Model B, 208 

the change is large. Judged against persistence, which reaches 5.12 cm without any training, 209 

most of it is explained by the memory carried in the extra channel; the positive skill score of 210 

Model A over persistence (0.221) is not statistically signi;cant, although with 19 months a 211 

modest gain could not have been detected. Because persistence and Model A both use the 212 

previous month's ;eld, which would arrive with a delay in practice, these results describe an 213 

idealised upper bound on the bene;t of storage memory. 214 

Table 5. Ablation of the storage channel. 215 

Metric Model B Model A Persistence 

Input channels 7 8 - 

RMSE (cm) 7.84 4.52 5.12 

MAE (cm) 6.49 3.59 4.13 

Pooled r 0.639 0.880 0.849 

Median cell NSE −0.160 0.754 0.522 

Area-mean r 0.822 0.896 0.740 

Area-mean NSE 0.455 0.772 0.477 

Better than persistence (robust)? No No - 

 216 

Figure 6. Model A (climate plus latest storage), Model B (climate only) and persistence 217 

compared on pooled correlation, RMSE, median cell NSE and area-mean correlation. 218 

Spatial structure 219 

Observed ;elds show a sharp change near 10.5 degrees north, where the northern and south-220 

ern mascons meet and often carry anomalies of opposite sign (Figure 7). Model B produced 221 

smooth ;elds that matched the overall level but blurred this boundary. April 2023 came out 222 

uniformly drier than measured, whereas October 2024 showed an underestimate in the north 223 

alongside an overestimate in the south. Because the annual cycle is shared statewide, tem-224 

poral correlation stayed high in nearly every cell (median 0.785); the largest absolute errors, by 225 

contrast, concentrated in the north-central block of the biggest mascon, where storage had 226 

risen most (Figure 8). 227 
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 228 

Figure 7. Observed storage (a), Model B prediction (b) and error (c), in cm, for April 2023, 229 

January 2024 and October 2024. 230 
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 231 

Figure 8. Cell-by-cell scores of the climate-only network: temporal correlation (a), NSE (b), 232 

RMSE in cm (c) and MAE in cm (d). In (b) the lowest colour class is open-ended (minimum 233 

−88.62). 234 

Per-mascon scores are given in Table 6. Model B correlated at 0.784-0.901 with the three core 235 

mascons, with eFiciencies between −0.287 and 0.256 and a cell-weighted mean of −0.094 236 

(correlation 0.796). The four two-cell edge fragments scored very poorly because their test vari-237 

ance is small; they are listed for transparency. Dividing the grid into overlapping northern, 238 

southern, western and eastern portions (Table 7, Figure 9) showed Model B weakest in the 239 

north, where persistence and Model A remained far ahead. In the southern sector persistence 240 

(0.725) outperformed Model A (0.631). 241 
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Table 6. Per-mascon test scores of Model B. 242 

Mascon Cells in mask NSE r 

M0 (core) 6 0.256 0.901 

M1 (core) 131 −0.012 0.784 

M2 (core) 66 −0.287 0.811 

Fragments (four) 2 each −31.7; −77.6; −19.2; −76.1 0.185; 0.817; −0.239; −0.288 

Core, cell-weighted 203 −0.094 0.796 

Table 7. Pooled e=iciency (1 − SSE/SST over all cell-months of a sector) in four overlapping 243 

grid sectors, which are not basins. 244 

Method North (115 cells) South (96) West (81) East (130) 

Model B 0.040 0.266 0.282 0.307 

Persistence 0.560 0.725 0.714 0.691 

Model A 0.778 0.631 0.773 0.762 

 245 

Figure 9. Pooled e=iciency (1 − SSE/SST; labelled pooled R² in the plot) of each method in 246 

the four grid sectors. 247 

Drought classes 248 

Drought and wetness classes were derived from the GRACE drought severity index (GRACE-249 

DSI; see Methods). Because 2023-2024 was humid by training-period standards, the upper two 250 

classes dominate the test set; dry conditions emerge only in places, chieDy an area spanning 251 

roughly a third of the state during September-October 2024. Model B reached an accuracy of 252 

0.339 and a Cohen's kappa of 0.030, essentially chance agreement. Persistence reached an 253 

accuracy of 0.619 (kappa 0.428) and Model A 0.653 (kappa 0.445) (Table 8); persistence still 254 

had the higher macro F1 score (0.569 versus 0.393), and the weighted F1 scores were almost 255 

identical (0.626 versus 0.625). Its confusion matrix shows that very wet cell-months were 256 

mostly assigned to the wet or normal class (Figure 10), and the class maps and drought extent 257 
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show that it missed the 2024 patch, which persistence registered one month late (Figures 11 258 

and 12). 259 

Table 8. Agreement of GRACE-DSI drought and wetness classes over 4009 test cell-260 

months. 261 

Index Method Accuracy F1 macro F1 weighted Kappa 

GRACE-DSI Model B 0.339 0.246 0.333 0.030 

GRACE-DSI Persistence 0.619 0.569 0.626 0.428 

GRACE-DSI Model A 0.653 0.393 0.625 0.445 

 262 

Figure 10. Confusion matrix of GRACE-DSI classes for Model B over the test cell-months 263 

(rows observed, columns predicted). 264 
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 265 

Figure 11. Drought-index categories derived from GRACE (upper row) and from the cli-266 

mate-only forecasts (lower row) in three sample months. 267 

 268 

Figure 12. Fraction of the state classed as dry (index at or below −0.5) through the test pe-269 

riod, observed and forecast. 270 

Discussion 271 

What the climate-only network learns. Model B outperforms monthly climatology and an un-272 

tuned per-cell Random Forest in RMSE, so the 18-month climate history holds information 273 

about the level of storage that these references miss. Most of this advantage, however, is a bias 274 

correction: about 94% of the reduction in mean squared error relative to climatology comes 275 

from recognising that 2023-2024 was wetter than the training average, and with bias removed 276 

the remaining error falls by only about 10%. Its anomaly correlation of 0.365 and near-chance 277 

drought-class agreement (kappa 0.030) show that its grasp of month-to-month departures 278 

from the seasonal cycle is limited. We therefore read the climate signal as informative about 279 

the wet shift but weak for month-to-month anomalies. The network has about 430,000 280 
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parameters, was trained on 168 samples and is evaluated on three core mascons, and we did 281 

not test a version without spatial convolutions, so we cannot attribute its advantage over the 282 

Random Forest to its spatial structure. 283 

Why persistence is hard to beat. Because storage accumulates the eFect of many months of 284 

rain, consecutive months diFer little compared with the annual swing, and copying the latest 285 

value fails mainly when the cycle reverses. Outperforming it requires anticipating the month-286 

on-month increment, and that is exactly the part of the signal climate inputs explain least well. 287 

For this state and a lead time of one month, climate inputs by themselves fell short, although 288 

the evidence that Model B is less accurate than persistence rests on the Wilcoxon test alone, 289 

because the block-bootstrap interval includes zero. The errors of the two approaches fall in dif-290 

ferent months, which suggests that predicting the change from climate and adding it to the last 291 

observation could combine their strengths. 292 

Reading the storage-assisted variant. Model A has the lowest RMSE and the highest pooled 293 

correlation in Table 1, but it is not best on every measure: persistence is ahead of it in the 294 

southern sector (Table 7) and in macro F1 for the drought classes (Table 8). A comparison lim-295 

ited to Model B or to climatology would credit the network with strong forecasting skill. The per-296 

sistence comparison removes that impression: the extra channel supplies the information and 297 

the network adds no statistically detectable skill beyond it. With 19 autocorrelated months 298 

from a single wet period this test has low power, so the result is an absence of evidence for an 299 

advantage and not evidence that the two forecasts are equivalent. Published accuracies of 300 

models that receive lagged storage, or quantities derived from it, should be read with this in 301 

mind and, where possible, compared with persistence. 302 

Practical value. Gravity ;elds reach users late, some months are absent altogether, and an-303 

other break between missions cannot be ruled out. In these circumstances an estimate that 304 

removes most of the error of climatology may be useful, although most of that gain is a correc-305 

tion of bias in a wet period. Persistence and Model A use the previous month's ;eld, which 306 

would not be available in real time. The practical setting, in which the newest ;eld is several 307 

months old and forecasts are needed several months ahead, is where climate inputs may con-308 

tribute most; we did not test it (see Limitations). If a fresh ;eld is already in hand, nothing in our 309 

results argues for replacing persistence with the network at a one-month lead. 310 

The weight of preprocessing. The dating of the storage ;elds shows how preprocessing can 311 

outweigh modelling choices. A count-based labelling would have shifted 81 of 238 ;elds, every 312 

GRACE-FO band by two months, an error that is invisible in summary metrics but alters every 313 

downstream number. Reading dates from metadata, cross-checking the regridding and auto-314 

mating leakage tests should therefore be treated as part of the method rather than as house-315 

keeping. 316 

Limitations 317 

The target is total storage; groundwater was not separated and no well observations were used, 318 

so the results say nothing direct about aquifers. The evaluation rests on 19 autocorrelated 319 

months from one unusually wet period and on seven distinct spatial series, three of them core, 320 

which keeps intervals wide and leaves performance during a dry spell untested. A rolling-origin 321 
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evaluation that includes dry years, for example the 2016-2017 north-east monsoon failure that 322 

lies in our training period, is the most important next step. Only a one-month horizon and a sin-323 

gle architecture were examined. Persistence and Model A use the previous month's ;eld, so 324 

the experiments assume zero latency; forecasts from a ;eld that is several months old, at 325 

leads of one to six months, were not run. 326 

The set of reference forecasts is also limited. We did not test persistence combined with the 327 

climatological seasonal change, a linear model on lagged climate or an LSTM on the state-328 

mean series, and the Random Forest was not tuned and cannot extrapolate beyond its training 329 

targets. Reporting is incomplete in places: the paired tests use standardised monthly area-330 

mean errors, the skill-score intervals were computed for Model B only, and the anomaly corre-331 

lations are reported for Model B only. The Earth Engine collection we used is the mascon grid 332 

without the coastal-resolution-improvement (CRI) ;lter, which does not correct leakage across 333 

coastlines;27 this may aFect coastal cells in a state with a long coastline, and the analysis 334 

should be repeated with the CRI product, which is recommended for non-expert users, and 335 

with GRACE-FO months released after the end of that collection. The special-month rule fol-336 

lows gravity-toolkit and could not be cross-checked against the oFicial table of the Physical 337 

Oceanography Distributed Active Archive Center (PO.DAAC) in our environment, and the sensi-338 

tivity of the results to the drought-class thresholds was not examined. 339 

Finally, the scope of the evidence is narrow. One state, one lead time, one architecture and 340 

three random seeds were examined, so the numbers reported here should not be read as a 341 

general statement about deep learning for storage prediction, nor as transferable to other re-342 

gions, resolutions or lead times. Because all cells within a three-degree mascon cap share one 343 

value, the 211 cells of the mask carry only seven distinct series, three of them core; the eFec-344 

tive sample size behind every score is therefore far smaller than the cell count suggests, and 345 

this is the main reason the con;dence intervals are wide and the paired tests have little power. 346 

The ConvLSTM hyperparameters were ;xed a priori rather than searched, the Random Forest 347 

was left at its defaults, and no formal uncertainty estimate accompanies the predictions, so 348 

the comparison between methods reDects these particular con;gurations rather than the best 349 

attainable version of each. We also report no measure of how the networks would behave if a 350 

GRACE month were missing at prediction time, a situation the record makes likely. 351 

Conclusions 352 

Once dates, regridding and data splits are veri;ed and every statistic is con;ned to the training 353 

period, a ConvLSTM driven only by TerraClimate forcing predicts next-month GRACE storage 354 

over Tamil Nadu with a lower RMSE (7.84 cm) than climatology (12.76 cm) or a per-cell Random 355 

Forest (12.26 cm), mainly by correcting the bias of a wet period, but its RMSE is higher than that 356 

of persistence, a diFerence supported by the Wilcoxon test and not by the bootstrap interval. 357 

Adding the latest storage ;eld gives the lowest RMSE, yet its gain over persistence is not statis-358 

tically signi;cant in 19 test months. Month-ahead skill reported for storage models should 359 

therefore always be measured against persistence. Further work will examine longer horizons, 360 

prediction of the monthly change, additional predictors such as reservoir storage and climate 361 

indices, rolling-origin evaluation that includes dry years, latency-aware experiments with leads 362 

of one to six months, additional baselines, the CRI product, newer GRACE-FO months, and 363 
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validation against well observations. These conclusions are drawn from a single state, a single 364 

lead time and a single architecture, and we make no claim beyond that setting. 365 

Methods 366 

Figure 1 outlines the workDow. Both inputs are exported from Google Earth Engine, dated and 367 

aligned by explicit rules, restricted to a study mask de;ned without evaluation-period infor-368 

mation, and converted into 18-month sequences. Two ConvLSTM variants and three reference 369 

forecasts are then compared on the same test months. 370 

Study region 371 

Tamil Nadu occupies roughly 130,000 km2 of south-eastern peninsular India between about 8.1 372 

and 13.6 degrees north. The western interior collects a share of its rain in the June-September 373 

(south-western) monsoon, whereas the eastern and coastal districts rely chieDy on the Octo-374 

ber-December (north-eastern) rains. Hard-rock aquifers of limited capacity underlie much of 375 

the state, and irrigation tanks and groundwater supply a large share of agricultural and urban 376 

demand. Storage typically bottoms out before the north-east monsoon and peaks around De-377 

cember or January. The state outline was taken from the DataMeet administrative boundaries28 378 

(CC BY 4.0) and simpli;ed with a tolerance of 0.005 degrees. 379 

Storage data 380 

Our target variable is the equivalent water thickness supplied by version 4 of the Jet Propulsion 381 

Laboratory (JPL) RL06.3 mascon product for both missions.29 We obtained it through Earth En-382 

gine27,30 as the collection NASA/GRACE/MASS_GRIDS_V04/MASCON, which is the mascon grid 383 

without the CRI ;lter and does not correct leakage across coastlines. Each value is a departure 384 

from the 2004-2009 mean. The exported GeoTIFF holds 238 bands on a 28 × 28 grid at 0.2246 385 

degrees in EPSG:4326, and each band description states the ;rst and last day of its solution 386 

interval, for example 20020403_20020429. Thirty-;ve of the 273 months between April 2002 387 

and December 2024 lack a ;eld, comprising the known isolated outages, the break between 388 

missions and the ;nal two months of 2024, which are absent from the Earth Engine collection 389 

(newer GRACE-FO months may be available from PO.DAAC but were not used). Figure 13 390 

shows the mascon structure and Figure 14 the months available in each period. 391 

JPL mascon solutions estimate mass changes directly on equal-area spherical caps of about 392 

three degrees, with geophysical constraints applied during the inversion.9 When the solution is 393 

exported on a regular grid ;ner than the caps, neighbouring cells repeat one series. Over our 394 

domain the 784-cell export holds only 14 distinct series, seven of which intersect the state. Any 395 

statistic computed per cell must be read with this redundancy in mind. 396 
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 397 

Figure 13. Unique storage series across the exported 28 × 28 grid (left); seven of them in-398 

tersect the study mask (right). Two mascons cover most of the state; four series contrib-399 

ute only two cells each. 400 

 401 

Figure 14. Months with a GRACE/GRACE-FO solution between April 2002 and December 402 

2024 (238 of 273), coloured by the period to which the target month belongs. Hatched 403 

months have no solution and are never used as targets. 404 

Climate forcing 405 

TerraClimate31 combines climate normals with reanalysis anomalies to give monthly ;elds, in-406 

cluding simple water-budget terms, at a native resolution of 1/24 degree (about 4.6 km). Five of 407 

them were used: precipitation (pr), mean maximum temperature (tmmx), actual evapotranspi-408 

ration (aet), end-of-month soil moisture (soil) and runoF (ro). Together they describe input, de-409 

mand, loss and part of the storage itself. The export contains 1365 int16 bands (273 months x 5 410 

variables) on a 169 × 168 grid at 0.0359 degrees (about 4 km), named YYYYMM_variable. Earth 411 

Engine resampled the native 1/24-degree ;elds to this grid during export. Earth Engine labels 412 

its reference frame only as a nameless latitude-longitude system on WGS84; this exact case is 413 

recognised and assigned EPSG:4326, while any other system would be left unchanged. Sea 414 

pixels carry zeros instead of a missing-value Dag, so any pixel that stays constant for the whole 415 

record was treated as invalid. Table 9 summarises both inputs. 416 
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Table 9. Properties of the two exports as recorded by the pipeline. 417 

Property GRACE/GRACE-FO TerraClimate 

Product JPL RL06.3 mascon v4 (no CRI ;lter) TerraClimate monthly 

Variables lwe_thickness (cm) pr, tmmx, aet, soil, ro 

Bands 238 1365 

Grid 28 × 28 169 × 168 

Cell size 0.2246 deg 0.0359 deg (resampled from 1/24 deg 
on export) 

Coordinate system EPSG:4326 WGS84 geographic (set to EPSG:4326) 

Band naming observation interval YYYYMM_variable 

Period Apr 2002-Oct 2024 (observed) Apr 2002-Dec 2024 

Missing months 35 (not interpolated) none 

Dating the storage ;elds 418 

For each band the interval start and end were parsed and the band was assigned to the calen-419 

dar month containing the interval midpoint. Two solutions Down during reduced battery opera-420 

tion share a midpoint month with their neighbours and were reassigned following the rule im-421 

plemented in the gravity-toolkit library:32 16 October-15 November 2011 to November 2011 and 422 

11 April-10 May 2015 to May 2015. The pipeline then veri;es that labels are unique and strictly 423 

increasing, that each label overlaps its own interval, and that the gaps up to 2018 coincide with 424 

the published list. Under this procedure the record ends in October 2024. To show why this 425 

step matters, we also tried a count-based alternative in which the n-th band is assigned to the 426 

n-th month of a manually entered list of gap months; it gave 81 of the 238 bands a wrong month 427 

and displaced every GRACE-FO band by two months. Missing months were never interpolated: 428 

months lacking a ;eld are simply skipped as targets, and both persistence and Model A draw 429 

only on genuinely measured earlier ;elds. 430 

Regridding and study mask 431 

Each TerraClimate ;eld was area-averaged onto the GRACE grid with rasterio's averaging 432 

resampler, ignoring invalid cells; about 39 native cells contribute to each GRACE cell. The cov-433 

ered fraction of every GRACE cell was computed simultaneously, and the averaged values were 434 

compared with an independent calculation over native cells whose centres fall inside each tar-435 

get cell (Figure 15). A cell entered the study mask only if its centre lay inside the state, at least 436 

half of its area was covered by valid TerraClimate data, all of its climate values were ;nite, and 437 

storage values existed in all measured training months. That ;nal rule looks only at training 438 

data, never at later years. The mask holds 211 cells; one coastal cell was rejected for insuFi-439 

cient coverage. 440 
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 441 

Figure 15. Regridding check for one month: precipitation at its original 4 km spacing (left), 442 

the coarser storage grid with the state boundary (centre) and the same rainfall after aver-443 

aging onto it (right). 444 

Sequences, scaling and splits 445 

Let Xj denote the C × H × W stack of input channels for month j and Yt the observed storage 446 

;eld for target month t. A model f maps the preceding 18 months to a prediction Pt: 447 �� = �(��−18, … , ��−1). (1) 448 

Calendar position enters through two channels computed from the month number mj: 449 �� = sin(30∘ × ��),  �� = cos(30∘ × ��). (2) 450 

Model B uses seven channels (pr, tmmx, aet, soil, ro, u, v). Model A adds an eighth containing, 451 

for every input month, the latest observed storage ;eld at or before that month, so that when 452 

predicting month t it sees the value of month t - 1 or the most recent earlier solution. Each cli-453 

mate input was converted to z-scores using moments taken from masked cells in training 454 

months alone; storage was standardised with statistics from observed training targets. OF-455 

mask cells were set to zero and given zero weight everywhere. Samples were divided by target 456 

month into contiguous periods (Table 10, Figure 16); October 2003 is the earliest target for 457 

which a full eighteen-month history exists. 458 

Table 10. Chronological division of samples by target month. 459 

Split Calendar period Usable targets Samples 

Training Apr 2002-Mar 2020 Oct 2003-Mar 2020 168 

Validation Apr 2020-Mar 2023 Apr 2020-Mar 2023 36 

Test Apr 2023-Dec 2024 Apr 2023-Oct 2024 19 
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 460 

Figure 16. Chronological split and input window. Each target month t is predicted from 461 

months t - 18 to t - 1; no target appears in more than one period. 462 

Network 463 

Each ConvLSTM cell18 carries a hidden map Hj and a memory map Cj. For each month, the in-464 

coming ;elds and the preceding hidden state are concatenated into Zj; learned kernels K (bias 465 

included) are convolved with it (*), S is the logistic function and ∘ is element-wise multiplica-466 

tion: 467 (�� ,  � , !�) = "(#$%& ∗ (�),  )� = tanh(#- ∗ (�), (3) 468 .� =  � ∘ .�−1 + �� ∘ )� ,  0� = !� ∘ tanh(.�), (4) 469 

in which ij, fj and oj act as input, forget and output gates and Gj is the candidate update. 470 

The network stacks two such layers with 80 and 40 hidden channels and 3 × 3 kernels with rep-471 

licate padding (Figure 17). The ;rst layer's hidden map is batch-normalised33 at every step be-472 

fore entering the second. Once all eighteen months have been read, the upper hidden state is 473 

normalised, thinned by channel-wise dropout at a rate of 0.4, and decoded by a dilated34 (rate 474 

2) sixteen-;lter 3 × 3 convolution with a recti;ed linear unit (ReLU) activation35 followed by a 475 

single-;lter 1 × 1 convolution. Model B has 429,873 trainable parameters and Model A 432,753. 476 

 477 

Figure 17. ConvLSTM architecture shared by both variants. Only the hidden map after the 478 

last time step reaches the output head. 479 

Training 480 

The loss was the Huber function36 averaged over mask cells: 481 ℒ = ∑ 344  6ℎ(84−94)∑ 344 , (5) 482 
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where mk is 1 for mask cells and 0 elsewhere, and the Huber function Hh(e) equals e2/2 for |e| ≤ 483 

h and h(|e| − h/2) otherwise, with h = 1 in standardised units. Parameters were updated by 484 

Adam37 (learning rate 5 × 10−4, weight decay 10−4); the learning rate was halved whenever ;ve 485 

consecutive epochs brought no gain on the validation set, gradient norms were capped at 1.0, 486 

mini-batches held four samples, and training ran for 50 epochs, after which the weights that 487 

had scored best on validation were restored. Three reproducible runs (seeds 0, 1, 2) were made 488 

per variant, and their average forms the forecast we evaluate. Table 11 lists the con;guration. 489 

Experiments used PyTorch 2.1038 and scikit-learn 1.6.139 on a Kaggle NVIDIA T4 GPU; the com-490 

plete run, including baselines and ;gures, took 19.4 min. 491 

Table 11. Network and training conMguration (identical for both variants apart from the in-492 

put channels). 493 

Setting Value 

Input window 18 months 

Input channels 7 (Model B); 8 (Model A) 

Hidden channels 80 and 40, kernel 3 × 3 

Regularisation Batch normalisation; Dropout2d p = 0.4 

Output head Conv 3 × 3 (dilation 2, 16 ch), ReLU, Conv 1 × 1 

Parameters 429,873 (B); 432,753 (A) 

Loss Masked Huber, h = 1 

Optimiser Adam; learning rate 5 × 10⁻⁴; weight decay 10⁻⁴ 

Learning-rate rule Halved after 5 epochs without gain 

Gradient-norm cap / batch size / epochs 1.0 / 4 / 50 

Weights kept Best on validation 

Seeds 0, 1, 2 (ensemble mean reported) 

Reference forecasts 494 

All references were scored on the same months and cells as the networks. Persistence pre-495 

dicts the most recent real observation before the target month. This assumes that the previous 496 

month's ;eld is already available when the forecast is issued, which is not the case operation-497 

ally. Monthly climatology predicts, at each cell, the mean of the observed training values for 498 

that calendar month. The Random Forest40 is trained separately for every cell (200 trees, depth 499 

limit 15) using the ;ve climate inputs lagged by 1, 2, 3, 6, 12 and 18 months together with a har-500 

monic encoding of the target month; it receives neither storage values nor spatial context, so 501 

the comparison shows what the ConvLSTM gains over a non-spatial model that sees only cli-502 

mate; because the two models diFer in several respects, it does not isolate the contribution of 503 

spatial structure alone. The forest used ;xed hyperparameters that were not tuned. 504 

Metrics and statistical tests 505 

With ykt and pkt the observed and predicted storage at cell k and month t, we report RMSE, MAE, 506 

mean bias, the Pearson correlation pooled over cell-months, the median per-cell temporal cor-507 

relation, and the eFiciency 508 
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NSE= = 1 − ∑ (84@−94@)2@∑ (94@−B4)2@ , (6) 509 

with ak denoting the average observed value of cell k over the test months. We summarise it in 510 

four ways: averaged across cells, as the cell median, computed on all cell-months together, 511 

and for the state-mean series. To measure skill beyond the seasonal cycle, the training clima-512 

tology ck,m of the target calendar month is removed from both series before correlating them: 513 ACC = corr(F=� − G=,3(�), I=� − G=,3(�)). (7) 514 

Improvement over a reference forecast is expressed by the skill score 515 MSESS = 1 − MSEmodelMSEreference, (8) 516 

which is positive when the model beats the reference. For paired comparisons the area-mean 517 

absolute error of each test month (in standardised units, not centimetres) was computed for 518 

both methods, giving 19 pairs. We applied the Wilcoxon signed-rank test41 and a moving-block 519 

bootstrap23 of the mean diFerence with blocks of three months and 10,000 resamples; a diFer-520 

ence was regarded as robust only when the 95% interval excluded zero. Because cells inside 521 

one mascon repeat a single series, NSE and correlation were also computed for each distinct 522 

series; series represented by under ;ve mask cells were labelled boundary fragments, and the 523 

summary value weights the three main mascons by their cell counts. The mean squared error 524 

was also split into the squared mean bias and the variance of the errors. For the four grid sec-525 

tors, the pooled eFiciency 1 − SSE/SST was computed over all cell-months of the sector, where 526 

SSE is the sum of squared errors and SST the sum of squared deviations of the observations 527 

from their mean in that sector. 528 

Drought classes 529 

Following the GRACE drought severity index (GRACE-DSI)25, each value was standardised by 530 

the training-period mean c and standard deviation s of its calendar month: 531 DSI=� = 94@−Y4,Z(@)[4,Z(@) , (9) 532 

and the same transformation was applied to predictions. Thresholds at −1.3, −0.5, 0.5 and 1.3 533 

de;ne ;ve classes from severe drought to very wet. Agreement over the 4009 test cell-months 534 

(211 × 19) was measured by accuracy, macro and weighted F1 and Cohen's kappa. 535 

Leakage safeguards 536 

Before any training, fourteen assertions are executed against the actual ;les and halt execution 537 

if one fails (Table 12). They cover temporal causality, the split, the origin of every statistic, the 538 

inputs of each baseline and the expected tensor shapes. In addition, 36 unit tests cover dating, 539 

regridding, sequence construction, baselines and metrics, and a two-epoch smoke run on the 540 

real ;les is inspected automatically before the full experiment. A ;nal guard compares the 541 

hash of the TerraClimate ;le and the run con;guration with the expected values so that re-542 

hearsal outputs cannot be mistaken for ;nal results. 543 
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Table 12. Safeguards executed automatically on the real inputs before training. 544 

No. Safeguard 

1 Every sample uses an 18-month window 

2 Inputs never extend to or beyond the forecast month 

3 Altering data from the forecast month onward cannot change any input 

4 Training, validation and test months are contiguous and disjoint 

5 Targets are restricted to measured GRACE months 

6 Z-score moments come from the training period alone 

7 The storage channel of Model A lags the target and holds measured values only 

8 Removing all post-2020 GRACE leaves the study mask identical 

9 Model B receives seven inputs, none derived from storage 

10 Model A receives exactly one extra input 

11 The persistence forecast copies the most recent measured ;eld 

12 Random Forest features contain neither storage nor future climate 

13 Drought-index means and spreads come from training years 

14 Array dimensions match the expected layout 

Data availability 545 

The GRACE and GRACE-FO mascon data (JPL RL06.3Mv04)27,29 and the TerraClimate data31 are 546 

publicly available through the Google Earth Engine catalogue, and the state outline is available 547 

from DataMeet under a CC BY 4.0 licence.28 The scripts, con;guration ;les, exported input ras-548 

ters and ;nal-run result ;les that support this study are archived at Zenodo: 549 

https://doi.org/10.5281/zenodo.23491599. 550 
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    𝐏  t = f  (   𝐗  t − 18 , … ,   𝐗  t − 1 ) .


    u  j = sin  (  30 ∘ ×   m  j ) ,       v  j = cos  (  30 ∘ ×   m  j ) .


   (   𝐢  j ,   𝐟  j ,   𝐨  j ) = S  (   𝐊  i f o ∗   𝐙  j ) ,       𝐆  j = tanh  (   𝐊  g ∗   𝐙  j ) ,


    𝐂  j =   𝐟  j ∘   𝐂  j − 1 +   𝐢  j ∘   𝐆  j ,       𝐇  j =   𝐨  j ∘ tanh  (   𝐂  j ) ,


  ℒ =     ∑  k ​    m  k     H h  (   p  k −   y  k )    ∑  k ​    m  k ,


   NSE  k = 1 −     ∑  t ​     (   p  k t −   y  k t ) 2    ∑  t ​     (   y  k t −   a  k ) 2 ,


  ACC = corr  (   p  k t −   c  k , m  ( t ) ,     y  k t −   c  k , m  ( t ) ) .


  MSESS = 1 −    MSE model   MSE reference ,


   DSI  k t =     y  k t −   c  k , m  ( t )    s  k , m  ( t ) ,

