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Method || Results

Problem statement

Streamflow forecasting incorporates various parameters

Meteorological data, Hydrological models, and Historical data;

Importance of streamflow forecasting

Flood and water resource management, environmental monitoring, climate change

adaptation, and informed decision making;

Challenges in poorly gauged basins

Data scarcity, climate variability and change, human intervention, and inadequate

infrastructure:

accuracy

Geo-spatiotemporal models, mesoscale data, Attention-based networks
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Improve forecasting accuracy

Geo-spatiotemporal features

Meteorological data (such as temperature, precipitation, humidity,

Remote sensing

and wind speed):

Geographic locations, time stamps, and related attributes

Data Preprocessing

-

Cleaning the data, normalizing the data, and dealing with

missing data

Feature engineering

Cascade dimensionality reduction for feature extraction, Cross-

correlation analysis, Feature selection

Model development

Advanced algorithms, optimization, and validation for geo-

DlmenSIon Reductlon

spatiotemporal modeling.
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Hydroclimate data sheets
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Adopted methodology

Time series

Data cell for features

{F1, F2, ..., Fn} I
g Time slice Convert high-dimensional geo-spatiotemporal data into
= lower-dimensional representations (Spatiotemporal
L. Space ) that still capture essential variability.
Longitude
Why High Dimensionality is Problematic?
............. > S — —
Geo-spatial correlation Temporal correlation Geo-spatiotemporal correlation

- LTI —
< L
y o — ~ Y |
Y ~ - . C Correlation
K / .
. R High

vy é I}HIN-‘:.... @ LR @

- R

E— - IOW

Medium

Time 1 Time 2 e Time n

Visualization of interdependencies among geo-spatiotemporal data, highlighting the
complex relationships and interactions between dimensions

*  Computational Complexity:

Time slice Data cell for a feature

Location

High-dimensional datasets significantly increase computation cost and processing time.

*  Opverfitting Risk:

With many features (spatial grid points over time), machine learning models can become prone to

overfitting, degrading prediction accuracy.

Redundant Information:

Satellite-derived data often contains redundant information (spatial correlation) across adjacent grid

points.

*  Curse of Dimensionality:

As dimensions grow, data points become sparse, causing performance deterioration and reducing
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Proposed Framework

aF)

Multi-Head
Attention

Multi-Head
Attention

Multi-Head
Attention

—)( Add&t.\'orm ]

L Add& Nom )
4

g Add & Nomm J

Y

[ Feed Forward ] o

[ Feed Forward ] o

( Feed Forward ]

> Add&Nom |
T

> Add &Nom |
]

> Add &Nom |

Transformer Encoder Blocks [

v

v

v

[ Transformer Decoder

)

Distribution Head

}

12-month ahead

streamflow prediction

123 4567 891011

12

Data fusion for daily flood forecasting
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Two-year test dataset, Case study 1
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Back-tested probabilistic daily forecasting
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Back-tested probabilistic daily forecasting
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Back-tested probabilistic daily forecasting

-— Ground truth 25% PI1 75% PI Forecast start
x10% —— Forecast median 50% P1 95% Pl =~ Look back
1
o4t f
24
© |
> K ﬁ"“ I
D gl R I
2 : T 1 i T" (a)
“-f’ f H‘»“ ;NI 4
ol ol b ‘v-_,\__;’w L\..u.___N \\___. ‘\_. ‘\__. '\.___,___,.__.J
0 50 1(10 150 200 250 300 350
Time step
. (@)
© i
mn } [
> It e
r th l 4 (b)
S ol R I
i3] fo ru f ¥
< SR WILE.WA
ok -o"""" \NL_,"‘\N_,‘\A..\_,&__J i‘\_u\—r h'\_j\"\_.~_._—“
0 100 200 400
Time step
(b)
1.00
Q
=2 0.75
g 4
= 0.501 i tl (C)
=1 I t
E 0.25F *“'"-'i !
0,00k e M&____.__,‘L_.U\-_J\_.__‘.A
0 100 20() i()O 4 (] 0 )[)(}
Time step
. (©)
) 1
2, | -
o 4
> s th
= I\ o (d)
22 rh‘- 1 I '
. N W N -
ok \'\'\.-Jll"\_.,x.._.__;\ﬁ\,-.ﬁ ‘\——-___I‘-f-" \'\-\J\\.\\u\_,q_n ’
0 100 200 300 400 500 600 700
Time step
(d)

Back-tested probabilistic daily flood forecasting
results for separately trained models of

<-.
™ PLSTM network
\ with different look-back periods corresponding to
\ forecast horizons:
< - 7-day forecast (372-day look-back)
- 30-day forecast (395-day look-back)
<----“s
R TS 60-day forecast (425-day look-back)
J— 180-day forecast (545-day look-back)
<_—_— ’

Introduction || Method W

(EGUsr, 2025

April 2025

151748




Conclusion

* SageFormer exhibited superior performance in terms of forecast sharpness (lowest MPIW) and overall accuracy
(lowest CRPS) across all forecasting horizons, emphasizing its capability to reliably predict flood events even months in
advance.

* Informer offered significant computational advantages, achieving accuracy comparable to Transformer but with reduced
complexity, making it particularly suitable for resource-constrained operational contexts.

» Attention-based models effectively calibrated their uncertainty estimates, as indicated by PICP values closely matching
nominal prediction intervals (75-95%), thus offering valuable decision-making support during extreme hydrological
events.

 PLSTM, despite generating wide prediction intervals, consistently underperformed in capturing critical peaks and failed
to provide precise uncertainty quantification, demonstrating inherent limitations of recurrent architectures in extended
probabilistic forecasting scenarios.

* SageFormer, Transformer and Informer maintained stable performance across increasing forecast horizons, likely
benefiting from their autoregressive architectures and progressively enriched historical context, underscoring the
importance of attention mechanisms for managing long-range hydrological dependencies.
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