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1. Introduction @ (2) Wavelet Multi-Resolution Analysis (WL MRA)

Both time series were decomposed into multiple frequency levels using WL MRA. The Daubechies 10 wavelet was selected for its strong lo-
calization in both time and frequency domains. A total of eight decomposition levels were applied, capturing both short-term variability and
long-term trends, in line with SWOT's spatial resolution.

(DThe increasing frequency and intensity of extreme hydro-meteorological events, particularly short-term flooding, underscores the urgent
need for continuous and high-resolution monitoring of hydrological dynamics in inland water systems. The satellite missions of GRACE

and SWOT provide complementary datasets: GRACE delivers regional-scale estimates of Equivalent Water Thickness (EWT), while SWOT (3) Component-Based Signal Combination and Reconstruction
offers fine-resolution observations of Water Surface Elevation (WSE) for lakes and rivers. — Low-frequency components (levels 4-5-6-7-8) were preserved from GRACE to represent basin-scale water storage patterns.

— High-frequency components (levels 2—3) were retained from SWOT to capture local and short-term variations.
Despite their individual strengths, the distinct spatial resolutions and physical observables of these missions limit their standalone ap- — Level 1 and approximation layers from SWOT were excluded due to resolution mismatch.

plicability in localized flood risk assessment. This study proposes an integrated methodological framework that combines spatial The final signal was reconstructed, yielding a high-resolution, anomaly-based EWT time series that combines the temporal consistency of
downscaling of GRACE-derived EWT with WSE observations from SWOT, employing Wavelet Multi-Resolution Analysis (WL MRA). The re- GRACE with the spatial detail of SWOT,

sulting high-resolution combined products aim to enhance the detection and characterization of hydrological extremes and support deci- , ,
Moreover, a comprehensive workflow was im-

jon-making in wat t at the basin scale. :
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_ Feature Engineering EWT using machine learning. The process be-
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8. Cyclical Time Encoding teorological variables and GRACE spherical har-

2. Study Area: Lake Victoria e Final Feature Pool (Evap_tavg, monic data, spatially aligned and resampled to

. ) , . . . . SRR DT ST the GLDAS 0.25° x 0.25° resolution. Temporal
Lake Victoria, the world’s largest tropical lake and the second-largest by surface area, is locat- Machine Learnmg ?0 e - Iat,_lon, ye—ar’ inonth, mo| (PN pand
ed in East Africa and shared by Kenya, Uganda, and Tanzania. Its basin supports over 40 million nth_sin, month_cos, Evap_Qsb) monthly variations (via sin’e nd cosine trans
people who depend on it for water supply, agriculture, fisheries, and transportation. The re- Y

: . . L : . : : forms) hav n riv longsi ngi-
gion experiences strong seasonal rainfall variability, which contributes to recurring and in- EWT orms) .a © be.e de. ed, alo gs.de =hns
RFE neered interactions like evaporative-runoff

creasingly severe flood events. O _> (Spaﬁal resolution: Scoring: Mean Absolute Error (MAE) coupling.
Major floods have been recorded in the years 1997-1998, 2007, 2020, and most recently in 0,1°) .

2024. The May 2024 flood, examined in this study, was triggered by a short-duration, high-

intensity convective storm. It caused widespread surface runoff and a rapid rise in lake water o

levels, particularly along the northern and northeastern shores. Regional reports confirmed lo- 32°E 33°E 34°E 35°E
)P y along g p T WL MRA (XGBoost)

calized flooding and damage to infrastructure in low-lying areas. Figure 1: Study Area - Lake Victoria n_estimators=250, learning_rate=0.05,
max_depth=4, subsample=0.8, colsampl

3. Data Decom position e_bytree=0.9, early_stopping_rounds=1
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To enhance model interpretability and avoid
Model Training redunda.ncy, Recursive Feature EIiminati.on
(RFE) using an XGBoost regressor was applied
with 5-fold cross-validation, optimizing for
minimum mean absolute error (MAE). Model
training employed an 80/20 training-testing
and an XGBoost model with tuned hyperpa-

3.1 GRACE & GRACE-FO Higher Resolution Pre- rameters

: n estimators=250, learning rate=0.05, max d
This study utilizes data from the Gravity Recovery and Climate Experiment (GRACE) and its successor, GRACE Follow-On (GRACE-FO), specifically Reconstruction (n_ 5 .

he Level-2 Monthly G ial Soherical H ics (GSH d ided bv the C for S R h (CSR he Uni itv of T diction epth=4, subsample=0.8, colsample_bytree=0.9
the Level-2 Monthly Geopotential Spherical Harmonics ( ) products provided by the Center for Space Research (CSR) at the University of Texas, S e T carly stopping rounds=10). The model

Austin. .Th.e spherical harmoni-c co.efﬁcie.nts (SHCs) were properly filtered and processed to derive EWT allowing for the assessment of water stor- match training features achieved a test MAE of 0.0057 and RMSE of
age variations over the Lake Victoria region. e User inputs year and month to filter  E¥slsya2
prediction data

e Model generates EWT per grid cell The trained model was then used to predict us-

Note: To ensure consistency with the subsequent SWOT dataset, the EWT data were interpolated using a grid step of 0.02°, enabling alignment in | ing ERAS reanalysis data, aligned and feature-
spatial resolution for further analysis. Table 1: Statistics of EWT for the study area mapped to match the GLDAS format.

April 2024 (Pre -Flood) May 2024 (Flood) June 2024 (Post-Flood) (Units: m). 5. Results

April May June
min 0.369 0.441 0.361 The signal combination results presented below illustrate the multiscale structure of the hydrological response during the May 2024 flood.

. e max  0.837 0.929 0.826 Through WL MRA, individual frequency bands were isolated and selectively retained from SWOT and enhanced GRACE data. The final synthe-
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Synthesis of new combined data
The GRACE-FO mission successfully captured the hydrological impact of the May 2024 flood event, as shown in the figures below.

EWT Apr-2024 . o EWT May-2024 R 2 EWT Jun-2024

) | mean  0.689 0.775 0.682 sized signal integrates the strengths of both datasets, capturing both the spatial variability and long-term hydrological trend with improved

y g std 0.100 0.098 0.091 : :
" : — : resolution and consistency.
Table 1 summarizes the statistical changes in

Equivalent Water Thickness (EWT) over the Lake Level 2 Level 3 Level 4 Level 5
Victoria region during the months before and '
after the May 2024 flood event. A notable in- Level 2 (4-8 km

o : . Level 3 (8-16 km! : . Level 4 516-32 km) : b Level 5 532-64 km)
crease in EWT is observed in May 2024, with the

mean rising to 0.775 m compared to 0.689 m in ﬁ
April and 0.682 m in June. The maximum EWT al- " wafg*'*@ﬂx
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Figure 2: EWT over the Lake Victoria region: April 2024 (pre-flood), May 2024 (during the flood event), and June 2024 (post-flood) (Units: m). flood. Spatially, this increase is most pronounced - l 4

in the central and northeastern parts of the lake,
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3.2 SWOT

The Surface Water and Ocean Topography (SWOT) mission, devel-
oped by NASA and CNES, is the first satellite altimetry mission to
provide two-dimensional measurements of WSE over inland water
bodies using Ka-band radar interferometry (KaRIn instrument). Since . Level 6 (64-128 km __ v Level 7 (128-256 km | VI Levels 256-512km)

its launch in 2022, SWOT has enabled detailed mapping of lakes, riv-
ers, and floodplains, addressing a key observational gap in hydrolo-
gy. In the case of Lake Victoria, the mission delivers ~2 km spatial
resolution, allowing for precise monitoring of surface water eleva-
tion dynamics across the lake extent. This resolution enables the de-
tection of short-term hydrological variations, flood events, and sea-
sonal water level fluctuations with high spatial detail, even in the ab-
sence of dense in-situ networks.
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Figure 3: Mean values of EWT for the Lake Victoria region over time, highlighting the peak cor-
responding to the flood event (Units: m).

April 2024 (Pre -Flood) May 2024 (Flood) June 2024 (Post-Flood) Table 2: WSE stats for the study area (Units: m). T i i i g T i

April Ma June
Water Surface Elevation Apr-2024 , - Water Surface Elevation May-2024 , . Water Surface Elevation Jun-2024 o . P y Flgu re6: Slgn al decomposition levels (Units: m)

—:—'I min 1135.882 1135.881 1135.992 . . .
max 1137.297 1137.473 1137.246 Level 1 was excluded; levels 2 and 3 were sourced from SWOT, while levels 4 through 8 were derived from the enhanced GRACE dataset.
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Table 2 summarizes WSE statictice over Lake Figure 6 presents the multiscale decomposition levels, using wavelet transform on the flood month of May 2024. Levels 2—-3 are sourced from

Victoria for the months before, during, and SWOT, capturing localized high-frequency variability, while levels 4—8 are derived from spatially enhanced GRACE, representing low-to-mid

after the May 2024 flood. A clear hydrological frequency water Storage patternS.
anomaly is observed in May, with maximum

il vf i mean  1136.664  1136.825 1136.741
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and June. The mean WSE also peaked that
month at (1136.825 m).
Figure 4 spatially confirms this elevation in-

crease, especially over the central and north- i . i . i i .
peciatly ove . The final synthesized EWT field successfully merges these complementary components, producing a coherent, high-resolution signal that
eastern basin, reflecting flood-induced surface

water response. These results demonstrate combines the spatial detail of SWOT with the long-term water mass variability of GRACE. This fusion significantly improves the spatial in-

SWOT’s capability to detect and resolve ex- formativeness and interpretability of hydrological responses to floods, especially in data-sparse regions like Lake Victoria.
treme hydrological events in near real-time.

an extreme event. Each scale reveals distinct spatial features — from small-scale gradients to broader basin-wide anomalies — highlighting
the value of multiresolution analysis.
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|| WSE reaching 1137.473 m, higher than in April The decision to visualize the decomposition exclusively for the flood month allows clear isolation of the dominant hydrological signals during
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Figure 4: Water Surface Elevation (WSE) in the Lake Victoria region, across three key periods: April 2024 (one month prior to the flood),
May 2024 (during the flood event), and June 2024 (one month following the flood) (Units: m).

Correlation with Synthesized Signal Over Time
1 I i |

— T The spatial evolution of both EWT and WSE exhibits strong consistency 1 I R B
Flood event during the flood period. In May 2024, both datasets capture a pro-
nounced hydrological peak over the central and northeastern regions of
Lake Victoria, indicating concurrent surface and subsurface water accu-
mulation. In April 2024, EWT and WSE display more dispersed and mod-
erate values, suggesting pre-flood baseline conditions. By June 2024,
both variables reflect post-event drainage patterns, with gradual reduc-
tion in water elevation and thickness, confirming the transient nature of
the flood event. The alignment of spatial patterns across both variables
validates the fusion approach and confirms SWOT’s ability to comple- [0 GRAE (FW) s Bifiliasizay) —b=CRAGE (Fiitianiad) veijtifiestad |

ment GRACE-based EWT observations during rapid hydrological events. Figure 7: Temporal correlation of the synthesized signal with raw and enhanced GRACE-derived EWT across
@69 Despite their differences in observation scale and physical measure- the study period (Aug 2023 — Mar 2025).

g ment targets, GRACE (Figure 3) and SWOT (Figure 5) time series exhibit

Figure 5: Mean values of WSE for the Lake Victoria region over time, highlighting the peak cor- Fomm.o.n patterns Of hyd rOIOglcal Varlab”'ty' espeC|aIIy durmg pe”OdS of 6‘ GONGLUSIONS
responding to the flood event (Units: m). intensified flood activity.

alersuriace Elevalion (WeE) The diagram (Figure 7) illustrates the monthly Pearson

correlation coefficients between the synthesized signal
and two versions of GRACE data: the original (raw) and
the machine learning—enhanced product.

While both exhibit moderate-to-strong correlation
with the fused signal, the enhanced GRACE consistent-
ly yields higher correlation values, especially during hy-
drologically dynamic periods (e.g., flood season in mid-
2024). This indicates that the spatial refinement ap-
plied to GRACE data improves agreement with SWOT-
based components during fusion.
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4. Methodology This study developed and implemented a novel framework for combining GRACE-based EWT with SWOT-derived WSE through Wavelet Multi-

Resolution Analysis (WL MRA). The approach successfully integrates low-frequency basin-scale signals from GRACE with high-frequency, spa-
To integrate GRACE-based EWT data with SWOT-derived WSE observations, we implemented a multiscale signal combination framework based on tially detailed observations from SWOT, resulting in a high-resolution, hydrologically consistent representation of inland water variability.

Wavelet Multiresolution Analysis (WL MRA).

The methodology demonstrated strong capacity for capturing both long-term water storage trends and rapid hydrological changes, such as
the May 2024 flood over Lake Victoria. The fused signal exhibited high correlation with SWOT measurements (R > 0.93), confirming the validi-
ty of the integration and the improved information content of the synthesized data.

The approach involved the following stages:

(1) Data Acquisition and Preprocessing

Two complementary satellite datasets were used:

— GRACE/GRACE-FO: Monthly EWT anomalies were spatially enhanced through machine learning downscaling and bilinear interpolation onto a
0.02° x 0.02° grid, ensuring alignment with SWOT.

— SWOT: High-resolution (~2 km) WSE time series were extracted over Lake Victoria. WSE values were converted into anomalies by subtracting the
long-term monthly mean, ensuring consistency with the GRACE-derived data.

Additionally, decomposition analysis during the flood month revealed that short-term variability is effectively preserved through the high-
frequency SWOT-derived levels, while large-scale water mass changes are maintained via GRACE-derived components. The combined signal
enhances spatial interpretability, particularly in data-scarce environments, and supports the development of flood-responsive monitoring
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