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Hydrologic models achieve high NSE in seasonal catchments but are
worse at simulating interannual variability

High Seasonal
Variance
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1) LSTM: Kratzert et al. (2024)

2) LSTM: Arsenault et al. (2022)
3) LSTM: Ruzzante et al. (2026)
4) LSTM: Kraft et al. (2025)
LSTM: Yang et al. (2025)

HBV: Seibert et al. (2018)

7) PREVAH: Kraft et al. (2025)

8) FUSE: Addor; Kratzert. (2019)
9) VIC-GL: Schnorbus (2018)
10) dHBV: Song et al. (2025)

1) LSTM: Nearing et al. (2024)
12) COSERO: Klingler et al. (2021)
13) SAC-SMA: Newman et al. (2017)
14) mHM: Mizukami et al. (2017)
15) VIC: Newman et al. (2017)

16) NHM: Regan et al. (2019)

17) MGB: Siquiera et al. (2018)
18) GloFAS: Nearing et al. (2024)

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite

high Nash-Sutcliffe and Kling-Gupta Efficiencies

Sacha Ruzzante'!, Wouter Knoben?,
Thorsten Wagener3, Tom Gleeson',
and Markus Schnorbus!

"University of Victoria, Canada

PICOA.12
EGU26-932

2University of Calgary, Canada
SUniversity of Potsdam, Germany @l@




Caravan-CMIP6

CMIP

Coupled Model
Intercomparison
Project

Bias-corrected multi-model ensemble E

. . . *
climate projections for:

Caravan -\ MELS-CH  CAMELS-DE

CAMELS = CAMELS-CL CAMELS-GBv2' |
CAMELS-AUS-VZ ) \ViEls.cOL CAMELSIND %
CAMELS-BR : : s

Large-sample hydrologic models poorly simulate Sacha Ruzzante'!, Wouter Knoben?, | 'University of Victoria, Canada PICOA.12 Read the JO ]
interannual variability in seasonal catchments, despite | Thorsten Wagener?, Tom Gleeson',  |?University of Calgary, Canada EGU26-932 paper: :+hil-
high Nash-Sutcliffe and Kling-Gupta Efficiencies and Markus Schnorbus! SUniversity of Potsdam, Germany @"E”E bern:




What are ‘seasonal regimes’: where is the
climatological benchmark NSE high?

Takhini River near
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Benchmark NSE = 0.89
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Streamflow time
series decomposition

* Remove seasonal cycle
and divide the remainder
into high and low Fourier
frequencies

* Decomposition is
orthogonal:
Z(Q) =
a?(Seasonal)
+ o?(Interannual)
+ o?(Irregular)
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Seasonal,
nterannual, and

rregular variance
ractions

High Seasonal
Variance
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Catchment Subset
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Performance in
highly seasonal
catchments is:
— Significantly Better
«— Significantly Worse
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|

Interannual Variability
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Why: What explains this behaviour?

Two obvious reasons:

The NSE prioritizes high flows, so low-flow
processes are poorly represented

In seasonal regimes, the signal-to-noise ratio of
the interannual variance is Tow, making model
calibration and evaluation more difficult

But is that all?

Model optimization aI%orithms can bias training
away from seasonal catchments

Model structures often do not include the causes
of interannual variance in seasonal catchments

Data quantity and quality is often lowest in highly
seasonal regimes (tropical, alpine, and polar
climates)

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




Conclusion: Current generation of models struggle to
simulate historical interannual variability in seasonal regimes

- Continued reliance on the NSE and
KGE risks perpetuating this problem

- Raises concerns about using these
models for forecasting and climate
change projection

Seasonality

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies
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Where is the climatological benchmark
KGE high?

Tropical monsoon, alpine, and
polar regions - same as NSE

In fact, the benchmark KGE is
related to the benchmark NSE
by:

Benchmark KGE
KGE., =1—+2+.,/2 X NSE_, 061t0-04
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What about other decomposition
methods?

((a)  Fourier Method |[(b)  STL Decomposition  |[(c) Classical Decomposition
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Classical and STL
decomposition give
similar results
Classical
decomposition tends to
underestimate
interannual variance
and STL tends to
overestimate it.
Classical and STL
variance fractions do
not sumto 1
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variance
fractions

click me
to see
data

High Seasonal
Variance
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Rhoads Fork Near Rochford, SD (USGS 06408700)
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Ysyry Paraguai (Paraguay River) at Asuncion, Paraguay, (GRDC 3368100)
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Rangitaiki River at Murupara, Aotearoa (New Zealand), (GRDC 5863120)
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Cochiguaz River (El Penon, Chile), (Direccion General de Aguas 4313001)
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Syr Darya (Tyumen-Aryk, Kazakhstan), (GRDC 2316200)
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Mawheranui River (New Zealand), (GRDC 5867710)

900 = |0%(Q) = 4147
600
300

Q(m°/s)

|Uz(interannual}fUE[Q} = D.U?I

Y T e e t ai Y o e et T et ek e e T P W

Interannual

o’(seasonal)/o*(Q) = 0.05
B i e T e i i i i i e e L WP PR

Seasonal

(]
l o’(irregular) /6*(Q) = D.B?l back to map:

Irregular

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




Little Barachois River (Newfoundland, Canada), (Water Survey of Canada 02ZK003)
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Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
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Ugab River (Namibia), (GRDC 1258202)
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interannual variability in seasonal catchments, despite
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Dark Canyon at Carlsbad (New Mexico, United States), (USGS 08405150)
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Gieddejohka River (Leirpoldvatn, Norway), (GRDC 6731750)
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Haliya River (Telangana, India), (Camels-IND 04012)
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Niger River at Dire (Mali), (GRDC 1134700)
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Orinoco River at Puente Angostura (Venezuela), (GRDC 3206720)
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Ubangi River at Bangui (Central African Republic), (GRDC 1749100)
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Large-sample hydrologic models poorly simulate
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50000

Irrawaddy River at Pyay, Myanmar, (GRDC 2260700)
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Talgar River at Talgar (Kazakhstan), (GRDC 2314400)
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Takhini River near Whitehorse (Yukon, Canada), (Water Survey of Canada 09AC001)
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Santa Cruz River at Charles Fuhr station (Santa Cruz, Argentina), (GRDC 3276800)
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Purus River at Canutama (Amazonas, Brazil) (ANA 13880000)
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Lonza River at Blatten (CAMELS-CH 2269)
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_ena River at Stolb (GRDC 2903430)
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Cooper Creek at Cullyamurra Water Hole (CAMELS-AUS-v2 A0030501)

|0%(Q) = 43871.71

Q (m°/s)

o(interannual) /o?(Q) = 0.43

Interannual

Seasonal

o°(irregular) /a*(Q) = 0.54’

back to map:

Irregular

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




Tweed River at Norham (CAMELS-GB 21009)
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Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




VER DES CREOLES, Mauritius (GRDC 1689350)
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Teshio Gawa at Pompira, Japan (GRDC 2587081)
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Pontevilar, Galicia, Spain (CAMELS-ES 1605)
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Models achieve higher NSE in seasonal catchments but are worse at
simulating interannual variability

1.00+ 1) LSTM: Kratzert et al (2024), n = 531

o ® ° 2) LSTM: Arsenault et al (2022),n =79
%> © 3) LSTM: Ruzzante et al (2026),n = 176
o 0 O 4) LSTM: Kraft et al (2025), n = 98
N\ e, ! 5) LSTM: Yang et al (2025), n = 3167
e 3&5";,6 6) HBV: Seibert et al (2018), n = 671
88 7) PREVAH: Kraft et al (2025), n = 98
1579 9,42 8) FUSE: Addor, Kratzert (2019), n = 576
9) VIC-GL (Schnorbus, 2018),n = 84
10) 6HBV: (Song et al, 2025),n = 1131
11) LSTM: Nearing et al (2024),n = 3752
12) COSERO: Klingler et al (2021), n = 454
13) SAC-SMA: Newman et al (2017),n = 671
14) mHM: Mizukami et al (2017),n = 492
® highly seasonal catchments (median) 15) VIC: Newman et al (2017),n = 670
16) NHM: Regan et al (2019),n = 1340
17) MGB: Siquiera et al (2018),n = 33

® non-seasonal catchments (median)
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Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




Models achieve higher - but are worse at
NSE in more seasonal predicting interannual
catchments variability

LSTM: Ruzzante et al (2026)
LSTM: Arsenault et al (2022)
LSTM: Kraft et al (2025)
LSTM: Kratzert et al (2024)
LSTM: Nearing et al (2024)
LSTM: Yang et al (2025)
OHBV: (Song et al, 2025)
COSERQO: Klingler et al (2021)
FUSE: Addor, Kratzert (2019)
GloFAS (Nearing et al, 2024)
HBV: Seibert et al (2018)
MGB: Siquiera et al (2018)
mHm: Mizukami et al (2017)
NHM: Regan et al (2019)
PREVAH: Kraft et al (2025)
SAC-SMA: Newman et al (2017)
VIC: Newman et al (2017)
VIC-GL: (Schnorbus, 2018)

mean monthly correlation

0.5 f 0. 0.5
seasonality seasonality

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




Caravan-CMIP6

Coupled Model
Intercomparison
Project

10 large-sample 12 climate models Four scenarios Many variables

datasets

e ACCESS-ESM1-5 * Historical (1850- * Precipitation

 Caravan * CNRM-CM6-1-HR 2014)  Temperature (min,
* CAMELS e CanESM5 e SSP1-2.6 max, mean)
e CAMELS-AUS-v2 « EC-Earth3 (‘Sustainability’)  ET (various)
« CAMELS-BR * GFDL-CM4 » SSP 2-4.5 (‘Middle  Humidity (RH, vp,
e CAMELS-CH x * INM-CM5-0 x of the road’) x dewpoint)
« CAMELS-CL  |PSL-CM6A-LR  SSP 5-8.5 (Fossil- * Radiation (net,
« CAMELS-COL « MIROC6 fueled shortwave,
« CAMELS-DE e MPI-ESM1-2-HR Development) longwave)
e CAMELS-GB-v2 e MRI-ESM2-0 e Air pressure
e CAMELS-IND  TailESM1 * Wind speed
UKESM1-0-LL
interannual variability n seasonal catchments, despite PIco Al (K> soper: |

high Nash-Sutcliffe and Kling-Gupta Efficiencies



Caravan: SPEI-12 under 3

C warming

- -aiF

-

\| Minimum SPEI
3°C above preindustrial conditions

Lessthan-5 -5to-4 -4t0-3 -3to-2 -2 or more

SPEI—‘I%Q\—month Standardized Precipitation Evapotranspiration Index

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-AUS-v2: SPEI-12 under 3°C
warming

- Mostly SPEI [-3,-2) | - el condiions
(return periods ‘ " Less han s
between 40 and 700 . 403
years) , . St02

* Victoria region mostly
[-4,-3) (return periods
between 700 and
30,000 years)

e Some catchmentsin
Western Australia to
see SPEIl as extreme
as -4.2 (return period
of -70,000 years)

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-BR: SPEI-12 under 3°C warming

* Mostly [-4,-3) (return
periods between
700 and 30,000
years)

* Amazon basin to
values mostly
[-5,-4), with most
extreme values of -

5.3 (retu rn periOd Of pre:irtljstrialconditions
2m years)

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-CH: SPEI-12 under 3°C warming

* Mostly [-4,-3) (return
periods between
700 and 30,000
years)

* Less extreme
droughts projected
over alpine regions
['3"2)

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies

30-year minimum SPEI
3°C above

preindustrial conditions
® |essthan-5
e 5t0o4
® -4t0-3
® -3t0-2
-2 or more
Missing




CAMELS-CL: SPEI-12 under
3°C warming

* Mostly [-4,-3) (return
periods between
700 and 30,000
years)

* Less extreme
droughts projected
near Santiago [-3,-2)

e Most extreme
droughts predicted
in Atacama desert

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies

30-year minimum SPEI
3°C above
preindustrial conditions
® Lessthan -5

S ormoe
NES

SPEI-12: 12-month
Standardized
Precipitation
Evapotranspiration
Index




CAMELS-COL: SPEI-12
under 3°C warming

* Mostly [-4,-3) (return
periods between
700 and 30,000
years)

* Less extreme
droughts projected
near Pacific coast [-
3,-2) i

preindustrial conditions
® Lessthan-5

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-GB-v2: SPEI-
12 under 3°C warming

* Mostly [-4,-3) (return
periods between
700 and 30,000
years) in southern
England

e Somewhat less
extreme in Wales,
Northern England,
and Scotland

preindustrial conditions
® Lessthan -5

SPEI-12: 12-month Standardizei Wrem pitation Evapotranspiration Index

Large-sample hydrologic models poorly simulate
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-DE: SPEI-12
under 3°C warming

* Mostly [-4,-3) (return

periods between
700 and 30,000
years)

30-year minimum SPEI
3°C above

preindustrial conditions
® Lessthan-5
e 5to-4
® -4t0-3
* -3t0-2
-2 or more

SPEI-12: 12-month Standardized Precipitation Evapotranspiration Index
Large-sample hydrologic models poorly simulate Read the JO ]

interannual variability in seasonal catchments, despite : L
high Nash-Sutcliffe and Kling-Gupta Efficiencies




CAMELS-IND: SPEI-12
under 3°C warming

* Droughts expected
to remain similar to
historical conditions

30-year minimum SPEI
3°C above

preindustrial conditions
® Lessthan-5
e 5t0-4
® -4t0-3
* -3to-2
-2 or more

Large-sample hydrologic models poorly simulate

SPEI-12: 12-month Standardized Precipitation Evapotranspiration Index
interannual variability in seasonal catchments, despite
high Nash-Sutcliffe and Kling-Gupta Efficiencies
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