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Abstract

This study developed and evaluated a reproducible satellite-to-forecast workflow for
Gurara Reservoir, Nigeria, using monthly Landsat 5/7/8/9 observations from January
2001 through April 2026, Sentinel-2 cross-sensor comparison, CHIRPS rainfall,
TerraClimate variables, statistical trend tests, baseline and machine-learning
forecasts, and bias-corrected CMIP6 forcing. Of 304 calendar months, 196 yielded
valid Landsat estimates (64.5%); the longest uninterrupted valid sequence was 23
months. MNDWI gave the most defensible cross-sensor result. Over 73 paired
months, agreement was moderate (r = .540; MAE = 3.463 km?, RMSE = 6.838 km?;
Landsat-minus-Sentinel-2 bias = -0.967 km?). Surface area increased across the full

record (Mann-Kendall 1 = 431, p = 319 x 10719, Sen slope = 1.817 km? year), but the
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trend spans reservoir establishment and cannot be interpreted as climate-only
change. Mean seasonal area ranged from 27.285 km? in April to 43.908 km?2 in
August. PDSI had the strongest contemporaneous association (r = -.454), whereas
rainfall correlations were weak. On the held-out 2022-2026 period, SARIMA was best
at one and three months (RMSE = 8.014 and 9.648 km?); persistence methods were
best at six and twelve months. The May 2026 forecast was 41.890 km? (95% interval:
29.449-54.331), with rapidly widening uncertainty. CMIP6-informed scenarios through
2030 separated only modestly relative to uncertainty. The workflow supports
transparent monitoring and conditional planning, but not storage accounting,

release optimization, or deterministic long-range prediction without in situ data.

Keywords: Gurara Reservoir, Landsat, Sentinel-2, surface-water area, SARIMA,

machine learning, CMIP6, uncertainty
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Introduction

Reservoirs are strategic infrastructure for water supply, irrigation, hydropower,
drought buffering, and flood regulation, yet their operational value depends on
observations that resolve both seasonal dynamics and abnormal departures. In many
parts of sub-Saharan Africa, these observations remain fragmented across
institutions or unavailable at the temporal resolution needed for anticipatory
management. Satellite remote sensing cannot replace reservoir gauges, but it can
provide an auditable record of visible water extent and can anchor a monitoring
system where conventional data are sparse.

The scientific challenge is not merely to map water. A usable reservoir forecasting
system must harmonize sensors, control cloud contamination, preserve missingness
honestly, separate hindcast validation from fitting, compare complex algorithms
against simple baselines, and communicate uncertainty at each lead time. These
requirements are especially important for an impoundment such as Gurara, whose
satellite record contains structural change associated with reservoir formation and
whose visible surface area is an imperfect proxy for stored volume.

Recent Earth-observation research has made long, repeatable surface-water records
possible through global archives, analysis-ready products, and cloud computing
(Gorelick et al., 2017; Pekel et al.,, 2016; Pickens et al., 2020; Abatzoglou et al,, 2018;
Munoz-Sabater et al, 2021). At the same time, hydrological forecasting scholarship
increasingly emphasizes benchmark-aware evaluation, chronological validation, and
calibrated uncertainty rather than model novelty alone (Kratzert et al., 2018; Gauch et

al,, 2021; Nearing et al., 2021; Shen, 2018; Tyralis et al., 2019; Chen & Guestrin, 2016; Lim
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et al, 2021; Makridakis et al., 2018; Bergmeir et al.,, 2018; Knoben et al., 2019). These
advances motivate an integrated case study that treats monitoring and forecasting
as one evidence chain.

This study addresses four questions:

(@) What are the long-term and seasonal patterns of Gurara Reservoir surface-water
area from 2001 to 20267

(b) Which water index provides the most defensible cross-sensor agreement
between Landsat and Sentinel-27?

(c) How do persistence, seasonal persistence, SARIMA, random forest, and extreme
gradient boosting compare at 1-, 3-, 6-, and 12-month horizons under chronological
validation?

(d) what conditional surface-area trajectories emerge through 2030 when the fitted

statistical baseline is perturbed with bias-corrected CMIP6 climate information?

The contribution is methodological and decision-oriented. It delivers a traceable
monthly dataset, explicit quality controls, independent sensor comparison,
horizon-specific forecast evaluation, and scenario uncertainty. It also states what the
evidence does not support: the results are not a bathymetric storage estimate, a

causal attribution analysis, or a substitute for operating records.



Nl Innovation Lab
’

AF“' NESTAFRICA
»

Literature Review

Satellite Observation of Inland Water

The Landsat archive provides the temporal depth needed to study multi-decadal
water dynamics, while Sentinel-2 supplies finer spatial resolution and denser recent
observations. Combining these families is attractive but nontrivial because
bandpasses, radiometry, geolocation, atmospheric correction, and cloud masks
differ. Cross-sensor consistency must therefore be measured empirically rather than
assumed.

Recent studies demonstrate that optical and radar constellations can be fused to
improve the continuity of surface-water monitoring, particularly where clouds
interrupt optical retrievals (Declaro & Kanae, 2024; Wang et al.,, 2022; Flood, 2017,
Perez & Vitale, 2023; Cho & Ryu, 2024).

Comparisons among Landsat and Sentinel products show that harmonization,
co-registration, and sensor-specific quality controls materially affect mapped water
boundaries (Page et al, 2019; Yang et al., 2020; Stumpf et al, 2018; Jiang et al., 2022;
Wu et al,, 2023).

Lake and reservoir applications increasingly use long image archives to derive
water-area trajectories, but their reported accuracy remains sensitive to thresholds,
shore-zone mixing, and image availability (Frantz, 2019; Schwatke et al., 2019; Pan,
2024; Yao et al,, 2019; Hafeez et al., 2022).

Cloud platforms have expanded reproducible surface-water mapping from individual

scenes to regional and multi-decadal time series, making explicit workflow
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documentation increasingly important (Li & Roy, 2017; Du et al,, 2023; Zhao & Gao,
2019; Zhao & Gao, 2018; Keys & Scott, 2017).

Recent studies demonstrate that optical and radar constellations can be fused to
improve the continuity of surface-water monitoring, particularly where clouds
interrupt optical retrievals (Kolarik et al., 2023; Tsolakidis & Vafiadis, 2019; Sorkhabi et
al,, 2022; Yao et al., 2022; Das et al,, 2022).

Comparisons among Landsat and Sentinel products show that harmonization,
co-registration, and sensor-specific quality controls materially affect mapped water
boundaries (Chipman, 2019; Cai et al, 2024; Yue et al.,, 2023; Zhao & Wang, 2024;
Inman & Lyons, 2020).

Lake and reservoir applications increasingly use long image archives to derive
water-area trajectories, but their reported accuracy remains sensitive to thresholds,
shore-zone mixing, and image availability (Wang et al,, 2020; Wang et al, 2018; Lu &
Sun, 2023; Owusu et al., 2022; Hu et al., 2022).

Cloud platforms have expanded reproducible surface-water mapping from individual
scenes to regional and multi-decadal time series, making explicit workflow
documentation increasingly important (Taheri Dehkordi et al., 2022).

The broader evidence base includes global surface-water histories, harmonized
Landsat-Sentinel processing, cloud-screening evaluations, analysis-ready Landsat
products, satellite altimetry, and forthcoming swath-altimetry capabilities (Gorelick
et al,, 2017; Pekel et al,, 2016; Pickens et al., 2020; Wulder et al., 2022; Foga et al., 2017,
Fisher et al, 2016; Hollstein et al, 2016; Vermote et al., 2016; Busker et al., 2019;

Biancamaria et al, 2016). Together, this literature supports the use of Landsat as the
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long record and Sentinel-2 as a comparison source rather than treating either sensor

as field truth.

Water Indices, Thresholds, and Validation

Index-based mapping remains attractive because it is interpretable and
computationally efficient. NDWI contrasts green and near-infrared reflectance,
MNDWI replaces the near-infrared term with shortwave infrared to reduce built-up
and soil confusion, and AWEI was designed to improve discrimination in shadowed
or dark backgrounds. These methods are foundational, yet none guarantees a
transferable threshold: turbidity, aquatic vegetation, shallow margins, seasonal
drawdown, and sensor resolution can all alter the spectral mixture.

Contemporary evaluations reinforce the need to select indices against local evidence
and to report omission, commission, and boundary uncertainty rather than only map
appearance (Fisher et al., 2016; Hollstein et al,, 2016; Vermote et al.,, 2016; McFeeters,
1996; Xu, 2006; Feyisa et al., 2014). For Gurara, monthly agreement with Sentinel-2 was
used as a cross-sensor robustness test. That test strengthens internal consistency but
is not equivalent to validation against contemporaneous shoreline surveys or

gauge-derived area-elevation curves.

Climate Data and Reservoir Response

Reservoir area reflects the integrated effects of inflow, direct rainfall, evaporation,
antecedent basin wetness, operating rules, abstraction, seepage, and the reservoir's
area—elevation geometry. Contemporaneous bivariate correlations therefore provide

descriptive association, not process attribution. Lagged rainfall can be important
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even when same-month association is weak, and an aridity index can summarize
water-balance persistence that a single rainfall total does not capture.

Validation studies show that gridded precipitation products have region-, season-,
elevation-, and timescale-dependent skill; local evaluation remains necessary before
hydrological interpretation (Prakash, 2019; Nawaz et al,, 2021; Rivera et al., 2018; Shen
et al., 2020; Katsanos et al., 2016).

CHIRPS has been assessed across diverse hydroclimates, with studies reporting
useful spatial coverage alongside biases in event magnitude and extremes (Alsilibe
et al, 2023; Fessehaye et al,, 2022; Marra et al,, 2022; Poméon et al,, 2017; Satgé et al,,
2020).

West and Central African comparisons emphasize that no precipitation product
dominates for every basin or metric, supporting ensemble or sensitivity-based use
(Gyamfi et al., 2021; Mendoza Paz & Willems, 2022; Kouakou et al., 2023; Sacré Regis M.
et al., 2020).

The climate inputs used here reflect widely adopted gridded data architectures:
CHIRPS for rainfall, TerraClimate for monthly water-balance variables, and ERA5-Land
as an example of modern land reanalysis (Abatzoglou et al.,, 2018; Mufioz-Sabater et
al,, 2021; Funk et al., 2015; Thrasher et al,, 2022). Their spatial completeness is valuable,
but the reservoir analysis still inherits forcing uncertainty and cannot recover

unobserved releases or withdrawals.
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Forecasting, Baselines, and Evaluation

Hydrological forecasting now includes statistical, tree-based, recurrent neural,
transformer, and hybrid models. Yet data volume and validation design often matter
more than architectural sophistication. A monthly series with missing observations
and a short uninterrupted training sequence may not contain enough independent
events to estimate high-capacity models reliably. Benchmarking against persistence
and seasonal persistence is therefore indispensable.

Recent applications compare statistical and machine-learning approaches for
water-level, inflow, drought, and flood forecasting, while repeatedly identifying
lead-time-dependent degradation (Monteiro & Costa, 2018; Barbetta et al, 2017,
Pham et al., 2021; Weng et al., 2023; Yu et al., 2023).

Probabilistic and robust forecasting studies show that uncertainty should widen with
the forecast horizon and should be evaluated alongside point accuracy (Leffrang &
Muller, 2024, Barbetta et al,, 2023; Astagneau et al,, 2024; Papacharalampous & Tyralis,
2020; Zou et al.,, 2023).

Multi-step forecasting research distinguishes recursive, direct, and sequence-based
strategies; each imposes different data demands and error-propagation risks (Solgi
et al., 2021; Jeon & Seong, 2022).

Machine-learning reviews and benchmark studies likewise recommend
chronological evaluation, strong simple comparators, and transparent metrics
(Kratzert et al, 2018; Gauch et al,, 2021; Nearing et al,, 2021; Shen, 2018; Tyralis et al,,
2019; Chen & Guestrin, 2016; Lim et al., 2021; Makridakis et al., 2018; Bergmeir et al,,

2018; Knoben et al., 2019; Mosavi et al., 2018; Hyndman & Khandakar, 2008; American
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Society of Agricultural and Biological Engineers (ASABE), 2015). Random forest and
XGBoost offer nonlinear response functions and variable-importance summaries,
whereas SARIMA supplies a parsimonious seasonal structure. Deep recurrent models
can be effective in data-rich hydrology, but their success does not justify fitting them
to an underpowered reservoir series (Gauch et al, 2021, Nearing et al.,, 2021, Shen,

2018; Tyralis et al., 2019; Chen & Guestrin, 2016; Breiman, 2001).

Climate Scenarios and Decision Use

CMIP6 expands the set of coupled models and socioeconomic forcing pathways
available for climate-risk analysis. Reservoir applications typically require bias
adjustment, multi-model ensembles, and scenario framing because raw model
output does not reproduce local distributions exactly. Trend-preserving corrections
and ensemble spread are particularly important when results are used beyond the
range of observed operations.

Recent reservoir studies use CMIP6 and related ensembles to examine inflow,
reliability, vulnerability, water quality, and adaptive operation under climate change
(Onyutha, 2024; Zhang et al, 2022; Azadi et al., 2018; Adeniyi, 2020; Nguyen et al,,
2020).

African studies report substantial spatial heterogeneity in projected precipitation and
runoff, which cautions against transferring conclusions among basins (Chiarelli et al,,
2016; Alemu et al., 2023; Schilling et al., 2020; Quan V. Dau & Kittiwet Kuntiyawichai,

2020; Golfam & Ashofteh, 2022).
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Research on adaptive reservoir management increasingly treats projections as
conditional stress tests rather than deterministic operating forecasts (Mateus &
Tullos, 2017; Sang et al, 2023; Azadi et al, 2021, Op de Hipt et al, 2018; Faye &
Akinsanola, 2021).

The scenario architecture used in this study is consistent with CMIP6 experiment
design, scenario-based forcing, multivariate bias adjustment, and downscaled daily
climate products (Thrasher et al,, 2022; Eyring et al., 2016; O'Neill et al., 2016; Cannon,
2018). Because no future release schedule, demand series, or storage—-area curve was
available, the projections are reported as conditional surface-area scenarios rather

than reservoir yield forecasts.

African Water Security and Small-Reservoir Evidence

Water-security research in sub-Saharan Africa emphasizes that physical scarcity,
infrastructure, institutional coordination, informal access, and unequal exposure
interact. Remote sensing can reduce an information gap, but actionable governance
still requires local ownership, accessible indicators, and a path fromm anomaly
detection to field verification.

Recent regional work links hydrological monitoring to questions of access, collective
action, climate adaptation, and distributional risk (Bisung, 2021; Dery & Bisung, 2022;

Cecchi et al., 2020; Mutanda & Nhamo, 2024, Banda et al., 2022).
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Materials and Methods

Study Area

Gurara Reservoir is located in north-central Nigeria within a seasonally wet tropical
setting. The reservoir serves regional water-resource functions and is subject to
pronounced wet- and dry-season hydroclimatic forcing. The analysis used a
reproducible reservoir boundary and a recurring-water footprint of 55.837 km?2
derived from the Joint Research Centre surface-water occurrence product. The
footprint was used as a physically interpretable ceiling for surface-area estimates and

projection intervals.
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Figure 1

Location and analysis extent of Gurara Reservoir, Nigeria

Gurara Reservoir Analysis Footprint

Latitude
(degrees north)

Reservoir seed
T.77E,9.69N

Longitude (degrees east)

Active JRC-derived recurring-water footprint: 55.837 km2

Note. The map was generated by the implemented project workflow from the
analysis geometry and contextual basemap layers.

Research Design and Data

The design comprised six linked stages: Earth-observation extraction, quality control,
cross-sensor index assessment, hydroclimatic analysis, horizon-specific forecast
evaluation, and CMIP6-informed scenario simulation. Landsat 5, 7, 8, and 9 supplied

the January 2001-April 2026 monthly record. Sentinel-2 observations supported
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recent cross-sensor comparison. CHIRPS supplied rainfall, and TerraClimate supplied

precipitation, minimum and maximum temperature, actual and potential

evapotranspiration, and PDSI. Five NEX-GDDP-CMIP6 models under SSP2-4.5 and

SSP5-8.5 produced ten scenario members for 2026-2030.

Table 1

Data sources and analytical roles

2026-2030

perturbations

Dataset Period . / Role Principal caution
resolution
Monthl Jan Clouds, sensor
Landsat 5/7/8/9 Y ~ | Primary water-area | transitions,
2001-Apr. 2026; 30 |,. .
surface reflectance - time series Landsat 7 scan
gaps
Sentinel-2 surface | Recent overlap; | Cross-sensor Not field ground
reflectance 1020 m comparison truth
JRC Global Surface | Historical Recurring-water Historical .
mask and 55.837 | occurrence is not
Water occurrence o
km? ceiling bathymetry
Cridded-product
Monthly, . . .
CHIRPS 5001-2026 Rainfall forcing b|§s and scale
mismatch
. Monthly, Temperature, AET, | Modelled gridded
TerraClimate 2001-2026 PET, PDS variables
. Conditional .
NEX-GDDP-CMIP6E Monthly scenarios, climate Scenario and

model uncertainty

Note. AET = actual evapotranspiration; PET = potential evapotranspiration; PDSI =
Palmer Drought Severity Index.




Figure 2

End-to-end monitoring, forecasting, and scenario workflow

Gurara Reservoir Research Workflow
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Satellite Processing and Quality Control

Monthly surface reflectance composites were filtered using sensor quality-assurance

information and an explicit clear-observation requirement. NDWI, MNDW!I, and AWEI

variants were calculated from sensor-appropriate bands. Candidate thresholds were

evaluated for physically plausible water delineation and agreement with Sentinel-2

during overlapping valid months. Months that failed the valid-pixel criterion were

retained as missing rather than converted to zero or automatically interpolated. This

decision prevented cloud contamination from being

contraction.

interpreted as reservoir



Nl Innovation Lab

‘;\\7 NESTAFRICA
»

MNDWI was selected for the final series because it provided the strongest practical
balance of cross-sensor correlation, bias, and error. Agreement was summarized with
Pearson correlation, mean bias, MAE, and RMSE over paired valid months. Because
both sensors observe reflectance rather than surveyed shoreline position, the

analysis uses the term cross-sensor agreement rather than accuracy validation.

Trend, Seasonality, and Climate Association

Long-term monotonic change was assessed with the Mann-Kendall test and Sen's
slope (Sen, 1968). Monthly climatology was computed from all valid observations
grouped by calendar month. Climate association was assessed using Pearson
correlation and Kendall's tau on concurrent valid pairs. These analyses were
descriptive. No causal claim was made because operating decisions, abstraction,

reservoir geometry, and lagged basin processes were unavailable.

Forecast Models and Chronological Evaluation

The modelling series preserved the project-defined chronology: training through
December 2018, validation from January 2019 through December 2021, and testing
from January 2022 onward. Persistence and seasonal persistence formed the
benchmarks. The statistical candidate was SARIMA(1,1,1)(1,1,1)1.. Random forest and
XGBoost models used lagged water area, calendar-season terms, and available
hydroclimatic covariates. Tree models were fitted directly by horizon to avoid
recursive error accumulation.

Performance was evaluated separately at 1, 3, 6, and 12 months using RMSE, MAE,

coefficient of determination, mean absolute percentage error, Nash-Sutcliffe



Nl Innovation Lab
’

AF“' NESTAFRICA
»

efficiency (NSE), and Kling-Gupta efficiency (KGE). Model selection prioritized the
held-out test period and retained simple models when they outperformed more
complex alternatives. The longest continuous valid run contained only 23 months;
therefore LSTM, GRU, and transformer results were not presented as defensible

evidence.

Operational Forecast and CMIP6-Informed Scenarios

The selected SARIMA specification was refitted through April 2026 to generate an
operational May 2026-April 2027 forecast. Ninety-five-percent prediction intervals
were clipped to the physical range from zero to 55.837 km?. For 2026-2030, monthly
CMIP6 series were bias-adjusted against 2001-2014 observations using
calendar-month ratios for rainfall and PET and additive correction for temperature. A
SARIMA baseline was combined with a ridge-regression climate-response term. Five
thousand simulations propagated statistical and climate-member uncertainty.

Three planning scenarios were reported. The central case retained bias-corrected
climate inputs; the dry stress test multiplied rainfall by 0.85 and PET by 110 and
added 1 °C; the wet stress test multiplied rainfall by 115 and PET by 0.95 and
subtracted 0.5 °C. Values after April 2027 are explicitly long-range conditional

scenarios, not operational forecasts.
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Results

Observation Availability and Cross-Sensor Agreement

The analysis covered 304 calendar months, of which 196 produced valid Landsat area
estimates (64.5%). Missingness was therefore 35.5%, and the longest uninterrupted
valid run was 23 months. This availability supported descriptive analysis and
parsimonious forecasting but limited the effective sample size for high-capacity
seguence models.

Seventy-three months had paired valid Landsat and Sentinel-2 estimates. For the
selected MNDW!I workflow, Pearson correlation was .540, MAE was 3.463 km?, RMSE
was 6.838 km?, and the mean Landsat-minus-Sentinel-2 bias was -0.967 km?2. The
near-zero average bias relative to the footprint was encouraging, but the error
magnitude indicates material month-level boundary disagreement.

Table 2

Cross-sensor agreement and data completeness

Indicator Value Interpretation

Calendar months 304 January 2001-April 2026

Valid Landsat months 196 (64.5%) M|SS|.ng. months retained
as missing

. . Constrains

Longest continuous valid

un 23 months seguence-model
complexity

Paired Landsat-Sentinel-2 73 Cross-sensor comparison

months sample

Pearson correlation 540 Moderate same-month
agreement
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Indicator Value Interpretation

MAE / RMSE 3463 /6.838 km? ﬁ?ﬁ;rriimen  month-level

Mean bias -0.967 km? Landsat lower on average
Best composite

MNDWI agreement score |.625 )
agreement; selected

NDWI: r / MAE / RMSE /| .462 /5128 / 9594 / -3.843 | Composite agreement

bias km?2 score = .384
AWEI(nsh): r / MAE / RMSE | .760 / 6.841/13.022 / 3588 [ High  correlation  but
/ bias km?2 larger errors; score = 318

Note. Agreement metrics compare two satellite products and do not constitute field
validation.

Figure 3

Landsat and Sentinel-2 cross-sensor comparison

Landsat-Sentinel-2 Water-Area Agreement

Mean absolute difference (km?)

mndwi hdwi awei_nsh
Water index
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Long-Term Change and Seasonality

The valid Landsat observations show a strong positive monotonic pattern across the
full record (Mann-Kendall 1 = .431, p = 319 x 1071®). Sen's slope was 1.817 km? year.
However, the record begins before the present impoundment reached its later
extent; the statistic therefore combines construction, filling, hydrological variability,
and subsequent operations. It must not be interpreted as an externally forced
climate trend.

The seasonal cycle was pronounced. Mean surface area was lowest in April (27.285
km?) and highest in August (43.908 km?), a mean seasonal amplitude of 16.623 km?2.
The rise into the wet season and contraction toward the late dry season provide a
physically plausible pattern, although the timing of releases and abstractions could
modify individual years.

Figure 4

Monthly Gurara Reservoir surface-water area, January 2001-April 2026

Gurara Reservoir Monthly Surface-Water Area
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Note. Gaps indicate months that did not satisfy the valid-observation criteria; they
are not zero-area observations.
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Figure 5
Monthly climatology of Gurara Reservoir surface-water area

Monthly Surface-Water Climatology
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Climate Associations

Concurrent rainfall association was weak: CHIRPS rainfall had Pearson r = .037 and
Kendall 1 = -.052 (p =.285), while TerraClimate precipitation had r = -.036 and 1 = -.063
(p = .226). Mean temperature had r = -144 and Kendall 1 = =146 (p = .003). AET had a
small positive association (r =.094; 1 =149, p =.003), and PET was weakly negative (r =
-.045; 1 = -.092, p =.066). PDSI had the largest absolute association (r = —.454; 1= -.271,
p = 541 x 108). The sign of PDSI should be interpreted within the TerraClimate
convention and the mixed structural history of the reservoir, not as a standalone

causal effect.
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Variable n Pearsonr Kendall 1 P
CHIRPS rainfall | 196 0.037 -0.052 0.285
TerraClimate o4 -0.036 -0.063 0.226
precipitation

Minimum 183 0123 -0161 0.00121
tempe rature

Maximum 183 -0102 0140 0.00484
tempe rature

Mean 183 0144 0146 0.00348
tempe rature

AET 183 0.094 0149 0.00282
PET 183 -0.045 -0.092 0.0662
PDS 183 _0.454 20271 5.41e-08

Note. p values refer to Kendall's tau. These are descriptive same-month associations,
not causal estimates.
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Figure 6

Correlation of monthly surface-water area with hydroclimatic variables

Climate Correlation with Reservoir Surface-Water Area
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Forecast Performance

Forecast skill was horizon-dependent. On the held-out test period, SARIMA ranked
first at one month (RMSE = 8.014 km?; MAE = 5.393 km?; NSE = .075; KGE = .516) and
three months (RMSE = 9.648 km?; MAE = 7.011 km?; NSE = -.341; KGE = .317). Seasonal
persistence ranked first at six months, while persistence ranked first at twelve
months; both had RMSE = 9.836 km?, MAE = 5.029 km?, NSE = -.292, and KGE = .088.
Negative NSE at longer horizons indicates that predictive value was limited despite

competitive ranking among candidates.
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Best held-out test model by forecast horizon
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Horizon |\, el n RMSE MAE NSE KGE

(months)

1 sarima 52 8.014 5.393 0.075 0.516

3 sarima 52 9.648 7,01 -0.341 0.317
seasonal_

6 persisten | 42 9.836 5.029 -0.292 0.088
ce

12 E’eerS'Ste” 42 9.836 5.029 -0.292 0.088

Note. Errors are in km?2. The model labelled best is the highest-ranked candidate
under the implemented multi-metric comparison; negative NSE indicates limited

predictive skill relative to the observed-mean benchmark.

Figure 7

RMSE comparison across forecasting models and horizons

Test RMSE by Model and Forecast Horizon
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Operational Forecast

The May 2026 point forecast was 41.890 km?, with a 95% prediction interval from
29.449 to 54.331 km?. The point forecast rose through the 2026 wet season, reaching
55.639 km? in December, before declining to 40.936 km? by April 2027. The April 2027
interval widened to 19.735-55.837 km? and reached the physical upper bound,
illustrating how rapidly uncertainty dominates at longer leads.

Table 5

Operational SARIMA forecast from the April 2026 origin

Month Forecast (km?) Lower 95% Upper 95%
May. 2026 41.890 29.449 54.33]
Jun. 2026 44.776 29.334 55.837
Jul. 2026 42.992 26.009 55.837
Aug. 2026 44504 26.574 55.837
Sep. 2026 45.930 277.335 55.837
Oct. 2026 53.645 34.536 55.837
Nov. 2026 55292 35.754 55.837
Dec. 2026 55.639 35.723 55.837
Jan. 2027 54.890 34.627 55.837
Feb. 2027 53.765 33177 55.837
Mar. 2027 46.640 25.740 55.837
Apr. 2027 40.936 19.735 55.837

Note. Intervals were constrained to the physical range 0-55.837 km?Z.
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Operational surface-area forecast, May 2026-April 2027

Gurara Reservoir 12-Month Surface-Water Forecast

50 1

4\

30 A1

Area (km?)

20 A
—— Observed

95% interval

—&— SARIMA forecast

~

2021

CMIP6-Informed Scenarios Through 2030

2022

2023 2024

2025

2026

2027

Scenario annual means remained relatively close compared with their uncertainty. In

2030, the central annual mean was 50.120 km?, the dry stress-test mean was 47.936

km?Z, and the wet stress-test mean was 50.899 km?Z2. Thus, the dry-wet separation in

annual means was 2.963 km?2. By contrast, the annual-mean uncertainty bands were

broad and the monthly upper tails frequently reached the 55.837 km? footprint

ceiling.

Table 6

Projected 2030 annual mean surface-water area by scenario

Scenario Mean Lower 80% | Upper 80% | Lower 95% | Upper 95%
Central 50.120 26.190 55.837 13.224 55.837
Dry 47936 23.554 55.837 10.702 55.837
Wet 50.899 27.562 55.837 14.903 55.837
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Note. All values are km?. These are conditional scenario outcomes, not operational
forecasts.

At the final scenario month, December 2030, the central and wet point trajectories
reached the 55.837 km?2 physical ceiling, while the dry trajectory was 54.797 km?Z2. The
lower 95% outcomes ranged from 14.763 km? in the dry case to 20.639 km? in the wet
case, confirming that end-of-horizon uncertainty is much larger than the separation
among scenario point trajectories.

Table 7

December 2030 conditional surface-area outcomes

Scenario Point Lower 80% | Upper 80% | Lower 95% | Upper 95%
Central 55.837 31.481 55.837 17.695 55.837

Dry 54.797 27983 55.837 14.763 55.837

Wet 55.837 35.005 55.837 20.639 55.837

Note. All values are km?; horizon = 56 months; confidence label = low. Upper

outcomes are bounded by the 55.837 km? recurring-water footprint.
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Figure 9
Monthly surface-area scenarios through December 2030
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Growth of projection uncertainty with lead time
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Discussion

What the Satellite Record Reveals

The Gurara record demonstrates the principal strength of satellite monitoring: it
reconstructs a long history where consistent in situ records are not available to the
analysis. The observed annual and seasonal dynamics are large enough to be
operationally relevant, and the monthly climatology supplies a transparent seasonal
reference. However, the same record also demonstrates why remote sensing must
be quality-aware. More than one third of months were invalid, and even two modern
optical sensors disagreed by several square kilometres in individual months.

The positive Sen slope should be read as a history-of-impoundment statistic. A trend
beginning in 2001 crosses a major structural transition from pre-impoundment
conditions to the later reservoir state. Detrending or fitting one stationary process
across that transition would not remove the underlying regime change. A future
causal study should separate construction and filling, stable-operation years, drought

episodes, and any known rule changes using documented intervention dates.

Why Simple Forecasts Remained Competitive

SARIMA's short-horizon advantage is consistent with a system dominated by
autocorrelation and seasonality. Its deterioration by three months and the return of
persistence-based winners at six and twelve months reveal a limited predictive
information set, not a failure of machine learning alone. Tree ensembles cannot infer
release schedules or basin state that are absent from their inputs. With only 23

consecutive valid months at maximum, recurrent and transformer architectures
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would be particularly vulnerable to memorization, unstable validation, and
exaggerated apparent skill.

The negative longer-horizon NSE values are substantively important. Ranking first
among candidate models does not imply adequacy for consequential operating
decisions. The correct interpretation is that six- and twelve-month point forecasts
should be used as broad seasonal references, accompanied by uncertainty and

updated whenever a new valid observation becomes available.

Climate Signal and Scenario Interpretation

Weak same-month rainfall correlations do not establish that rainfall is unimportant.
Reservoir inflow integrates rainfall over space and time, antecedent soil moisture,
routing, and upstream abstractions. Conversely, the stronger PDSI association may
reflect persistent basin water balance, seasonal covariance, and the structural
evolution of the reservoir. Lagged distributed-basin predictors and observed inflow
would be required to distinguish these mechanismes.

The modest separation among 2030 scenario means relative to their uncertainty
suggests that scenario forcing is not the dominant source of near-term predictive
variance in the present framework. Data gaps, model residuals, unknown operations,
and a capped area response are at least as important. The scenario envelope should
therefore support stress testing for example, whether monitoring or
demand-management thresholds remain robust across dry and wet cases rather

than claims about the exact surface area in a future month.
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Implications for Reservoir Monitoring and Management

A practical implementation should operate as an evidence ladder. First, compare
each new valid satellite estimate with the month-specific climatology. Second,
classify departures using both point estimates and cross-sensor disagreement. Third,
update the short-range SARIMA forecast. Fourth, escalate persistent anomalies for
field verification using gauge levels, intake observations, and operator logs. This
design uses satellite information to target scarce field effort instead of treating a
remotely sensed signal as an automatic operating instruction.

For planning, managers can use the central, dry, and wet trajectories to test whether
decisions remain acceptable across plausible climates. Examples include timing
supplementary surveys, scheduling shoreline inspections, anticipating intake-access
constraints, and prioritizing data acquisition before uncertainty becomes too wide.
Storage, yield, and release decisions require additional calibration to bathymetry and

operating constraints.

Strengths, Limitations, and Future Research

The study's strengths are its long observation window, explicit missing-data
treatment, independent sensor comparison, chronological out-of-sample testing,
inclusion of persistence baselines, horizon-specific evaluation, physical clipping, and
transparent separation between operational and scenario products. The reproducible
output tables allow every value reported here to be traced to the implemented

workflow.
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Five limitations bound interpretation. First, surface area is not storage; without an
area—elevation—-volume relation, volumetric change cannot be estimated. Second,
cross-sensor agreement is not ground truth. Third, optical imagery remains
vulnerable to clouds, haze, shoreline vegetation, and mixed pixels. Fourth, the
climate analysis omits observed inflow, releases, abstraction, groundwater exchange,
and operating rules. Fifth, the series contains structural change and limited
continuous data, reducing the reliability of high-capacity and long-horizon models.

Priority future work should collect bathymetry, gauge level, inflow, release,
abstraction, and water-demand data; obtain GPS shoreline observations across wet
and dry seasons; incorporate Sentinel-1 radar to reduce cloud gaps; evaluate
state-space models that propagate observation error; test lagged and
catchment-aggregated climate predictors; detect operational regimes explicitly; and
establish pre-registered rolling-origin validation. Only after a sufficiently long,
contiguous, and independently validated series exists should deep sequence models

be compared.

Conclusion

This study provides a comprehensive, uncertainty-aware account of Gurara Reservoir
surface-water dynamics from 2001 to 2026 and conditional trajectories through 2030.
MNDWI produced the most defensible cross-sensor series, revealing pronounced
seasonality and a positive long-term change dominated in part by reservoir
establishment. SARIMA offered the best short-horizon performance, whereas simple

persistence remained difficult to beat at longer horizons. Climate correlations were
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generally weak except for PDSI, and scenario differences were smaller than the
expanding uncertainty envelope.

The principal result is therefore not a claim of precise long-range prediction. It is a
defensible monitoring-and-forecasting framework that exposes data gaps, compares
methods honestly, and makes uncertainty visible. Coupled with bathymetry and
operating records, the same framework could evolve from surface-area intelligence
into reservoir storage and decision support. Until then, its appropriate role is

screening, seasonal context, anomaly detection, and conditional planning.

Data and Code Availability

The processed datasets, model-evaluation tables, forecast tables, scenario outputs,
figures, and executable analysis scripts are available in the associated Gurara project
repository. A public repository URL and archived DOI should be inserted before

submission.
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