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Moritz Feigl!, Robert Schweppe?, Stephan Thober?, Mathew Herrnegger!, Luis Samaniego? and Karsten Schulz'

lInstitute for Hydrology and Water Management (HyWa), University of Natural Resources and Life Sciences (BOKU), Vienna, Austria

’Department of Computational Hydrosystems, UFZ-Helmholtz Centre for Environmental Research, Leipzig, Germany



Introduction UFZ) S0 simees TV

This study investigates automatic estimation of transfer functions for hydrological models.

This presentation aims to give some more detailed information in addition to the live
presentation and Is structured as follows:

Live presentation slide (used in the 2 min. talk)
Introduction

Study questions

Case study

Results

Conclusions
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Live presentation slide UF2) /
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Esusasat, 2021 Catchment to model space mapping == @ujurzeee ..
Learning transfer functions from data by symbolic regression
Moritz Fmgl' Robert Sthweppe Stephan Thober?, Mathew Herrnegger I.msSnmunlego and Karsten Schulz!
Unstitute for Hydrology and Water Management (HyWa), University of Natural Resources and Life Sciences (BOKU)
2 Department of Computational Hydrosystems, UFZ-Helmholtz Centre for Environmental Research contact: moritz,feigl@hnku.uc.ul
Distributed parameters are necessary for ?
Problem . i i
various types of models How do we estimate a spunully
distributed parameter field?
Deep learning model to .
Method o New transfer functions o N
enhance existing models ; ) 2 %
‘ arameter 1 = (31 x log(vy) + v ¢ i "r,r*
Parameter 2 = 31 — fovy + (v5 — 33)? v ¢W
Model parameters
£y t&i 7 guuges 222 gauges .
3 > =
Application Case study — Ay z.
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mesoscale Hydrologic Model Training Validation NSE
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Introduction - Transfer Functions UFZ) S0 rncs UV
Spatial predictor Model parameter

evation
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Transfer Function

—>» (1.3 + Iog(elevation)j —>

Transfer functions map geophysical catchment
properties to distributed model parameters




Introduction - Function Space Optimization (FSO)  urz HT/%
Feigl et al., 2020

« FSO: optimization method for transfer functions
« Uses a text generating Neural Network /3/
 Transforms search into continuous problem (oaesmaeon) ~§; ' (Caesmrar)
_ B *oi
» Successfully tested on a single catchment = o I
Inputs  Encoder Function Decoder Outputs
Space

FSO variational autoencoder
Feigl et al. (2020)




Introduction - Function Space Optimization (FSO)  urz Hy
Function Space Optimization

Optimization
Algorithm

v

Jele)-(Eleld)

(%

LOSS <
(e.g. KGE, NSE)

\)

) Transfer Function Parameter Maps

(0.2 *sand + 0.4

Hydrologlcal Model

Discha rge E Parts of the figure designed

by © Daniel Klotz

The FSO model optimization approach consists of the search

for the best numerical parameters while simultaneously

‘@ O, optimizing transfer functions using the VAE neural network.




Introduction - FSO parameter scaling UFZ) 18005,

Spatial predictor Model parameter

Transfer Function

[1.3 + Iog(elevation)]

value range: e.g. elevation [0, 3000]

i

scale to range: [0,1]

value range: e.qg. [0, 25]

!

scale to parameter range: [0,25]

All FSO TFs use scaled spatial predictors and are also scaled to the parameter range. To increase readability

these scaling functions are not shown. However, it is important to keep them in mind, as even simple looking

functions are in truth a bit more complex due to this scaling cascade. For example:

Scaling bounds: Transfer function:
KSat € [1.1,1000]cm/day Simple: KSat = sand - 0.7
sand € [0,100]% Full:

KSat TFs range in

‘@ O, \ trainig € [~5.61,8.48]
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H Y Wa

Parts of the figure designed
by © Daniel Klotz
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Research questions & Case study e Hy

1. Is it possible to use FSO to estimate transfer functions (TFs) in a complex
distributed hydrological model that are transferable in space and time?

2. How do FSO estimated TFs differ from the original mHM functions in terms of
performance and parameter fields?

Case study overview:
« Optimize TFs for 2 parameters of the mesoscale Hydrological Model
« Use 7 training basins and 222 validation baisins to test transferability

(OO
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Case study - mesoscale Hydrological Model (MHM) urz) ez 75005

Rs; ‘LP T )E’ Developed by Samaniego et al. (2010)
X

)

. E, 11J « Spatially explicit distributed model
ST &€, i ) i
! _* Uses grid cells as primary units
= T, 5 g e
 —5»¢q, ~ * Defines parameter fields with the
L1 —q Multiscale Parameter Regionalzation
— ) method (MPR)
Y >,
17
CVY /xﬁ
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Hydrol. Earth Syst. Sci., 21, 1769-1790, 2017 Hydrology and
www.hydrol-carth-syst-sci.net/21/1769/2017/

doi: 10.5194/hess-21-1769-2017 Earth System
© Author(s) 2017. CC Attribution 3.0 License. Sciences

A high-resolution dataset of water fluxes and states for Germany
accounting for parametric uncertainty

Matthias Zink', Rohini Kumar', Matthias Cuntz'-?, and Luis Samaniego'

' Helmholtz Centre for Environmental Research — UFZ, Department Computational Hydrosystems,
PermoserstraBBe 15, 04318 Leipzig, Germany
2INRA, Université de Lorraine, UMR1137 Ecologie et Ecophysiologie Forestiéres, Champenoux, France

We compare our results to a study by Zink et al. (2017) using the
same basins and time periods for training and validation.
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Case study - Benchmark Study

54° NE

52° Nk

50° N

10° E

Training basins
(Zink et al., 2017)
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— Optimizing mHM 100 times with 2000 iterations
— Using 7 gauging stations
— Validate 100 parameter sets on 220 Basins

1-0 i T 1 1 1 1 |
(a) A
0.8 | T
g 4
2 0.6} 7 : 2 ! vl >
~ > A
0.4} S
~ - f\
0.2 100 kmz@ i 1 y
8000 km?
0.0 1 ! ] 1 ] ! ) 3~
0.0 0.2 0.4 0.6 0.8 1.0 1.2 6°E 10°E 14° F
E./P — N T——
o/ 0.5 06 07 08 09 10
NSEjps0[—]

Validation basins
(Zink et al., 2017)
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1. Run FSO 5 times to estimate TFs in 7 large training basins in training time
(2000-2004) and assess their performance in test time (1965-1999).

2. Choose best FSO run by comparing the performance in 20 validation basins (full
time series) that were sampled from all 222 validation basins. Stratified sampling
was used so that the sampled basins are uniformly distributed across the budyko
curve.

3. Comparing the best FSO Run with the median performance of Zink et al. (2017)
In all 222 validation basins.

4. Assess non-FSO mHM parameter results.

Assess FSO Parameter fields and their difference compared to the original mHM

functions.
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Case study - Technical details — UFZ) S0 simees TV
FSO Runs: Important for completeness, but you can also skip them!

» Optimizer: Runs 1-4 Shuffled Complex Evolution (SCE), Run 5 DDS
» Estimate 2 sensitive TFs (Ksat and FieldCap) while optimizing 59 non-FSO mHM parameters
» Loss function for training and comparison is a power mean of NSE and log NSE:

2 :
LoSSpasin = (52 gbf) ,with ¢, = NSE and ¢, = log NSE
i
» The FSO optimization loss for all basins is the weighted mean loss, with weights =1 - Lossy4gin -

Zink et al.(2017) benchmark (important for interpretation!):

» Estimated 100 parameter sets in each of the 7 large training basins in training time (2000-20004) with 2000
DDS iterations (i.e. 700 parameter sets)

« Applied each set in the other 6 basins in validation time (1965-1999) and keep only those with NSE > 0.65.

* Apply mHM with these best performing 100 parameter sets on the 222 validation basins.

Zink et al. results > NSE values of 100 independent mHM parameter sets

We compare the median NSE from these 100 runs with our results. - Difficult to interpret, but gives a general
intuition of what can be considered “good” or “bad” performance.



From the previous test (EGU20, AGU20)

Case StUdy - TeChnlcaI detal IS we already knew that the DDS converged
to a local minimum very fast (<500
FSO Runs: _ iterations) and did not seem to be able to
 |Optimizer: Runs 1-4 Shuffled Complex Evolution (SCE), Run 5 DDS ? adequately solve this optimization
» Estimate 2 sensitive TFs (Ksat and FieldCap) while optimizing 59 non-FSC

_ . _ ) problem. Therefore, we switched to the
* Loss function for training and comparison is a power mean of NSE and 10g| g-g 4nd kept one DDS run for

comparison).

2 :
LoSSpasin = (52 ¢i6> ,with ¢, = NSE and ¢, = log NSE
i
» The FSO optimization loss for all basins is the weighted mean loss, with weights =1 - Lossy4gin -

Zink et al.(2017) benchmark (important for interpretation!):

» Estimated 100 parameter sets in each of the 7 large training basins in training time (2000-20004) with 2000
DDS iterations (i.e. 700 parameter sets)

« Applied each set in the other 6 basins in validation time (1965-1999) and keep only those with NSE > 0.65.

* Apply mHM with these best performing 100 parameter sets on the 222 validation basins.

Zink et al. results > NSE values of 100 independent mHM parameter sets

We compare the median NSE from these 100 runs with our results. - Difficult to interpret, but gives a general
intuition of what can be considered “good” or “bad” performance.



Case study - Technical details UFZ) S0 simees TV

FSO Runs:

» Optimizer: Runs 1-4 Shuffled Complex Evolution (SCE), Run 5 DDS

 |Estimate 2 sensitive TFs (Ksat and FieldCap) while optimizing 59 non-FSO mHM parameters
» Loss function for training and comparison is a power mean of NSTd log NSE:

1 | Asthis is the first study that automatically
2 6 - .
(1 . estimated TFs for a large set of basins, we
Losspasin EZ ¢ | *"™ wanted to keep it simple and only chose to
l

. o estimate two sensitive TFs.
* The FSO optimization loss for all basins is the Wergrreu rrearrooo, vwwrarvwergrmo— < mooop g

Zink et al.(2017) benchmark (important for interpretation!):

» Estimated 100 parameter sets in each of the 7 large training basins in training time (2000-20004) with 2000
DDS iterations (i.e. 700 parameter sets)

« Applied each set in the other 6 basins in validation time (1965-1999) and keep only those with NSE > 0.65.

* Apply mHM with these best performing 100 parameter sets on the 222 validation basins.

Zink et al. results > NSE values of 100 independent mHM parameter sets

We compare the median NSE from these 100 runs with our results. - Difficult to interpret, but gives a general
intuition of what can be considered “good” or “bad” performance.



Case study - Technical details

This loss function results in a model that has

N\
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FSO Runs: equally good NSE and log NSE performance.
» Optimizer: Runs I=4 Snurmeu COIMprex rauor (SCej, kurms DDS
» Estimate 2 sensitive TFs (Ksat and Fiel ) while optimizing 59 non-FSO mHM parameters

* [Loss function for training and comparison is a power mean of NSE and log NSE:

1
1 2 6
LoSSpasin = <§Z ¢i6> ,with ¢, = NSE and ¢, = log NSE
i

» The FSO optimization loss for all basins is thi weighted mean loss, with weights =1 - Lossy qsin-

Zink et al.(2017) benchr this formulation is taken from Zink et al. (2017)

* Estimated 100 parame .4 is technically only correct for NSE/log NSE > 9 time (2000-20004) with 2000

DDS iterations (1.. 70 g 1, cage that NSE/log NSE < 0: sgn(¢;) * ¢
- Applied each set in th{ _, 9 :sgn(o;) * ¢,

should be used inside the sum.

s Apply mHM With the \VIR ViUTe ] § 'Jbl IUIIIIIIIH LUV IJ(.AI UTNTTULUT OULULO VUIT U1V 244 vUurl ation baSinS.

Zink et al. results > NSE values of 100 independent mHM parameter sets

ep only those with NSE > 0.65.

We compare the median NSE from these 100 runs with our results. - Difficult to interpret, but gives a general
intuition of what can be considered “good” or “bad” performance.
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Case study - study basins ST, oo Ty VU

7 Training basins, 220 Validation Basins

Resolution:
Spatial predictors: 100 x 100 m
Model grid: 4 x 4 km

Spatial predictors:
Mean sand percentage (sand)
Mean clay percentage (clay)
Mineral bulk density

Aspect

Terrain slope

Elevation

Time series:

7 & 220 gauging stations
Calibration: 2000-2004
Validation: 1965-1999
Spin-up: 5 years

[cMon

7 Training basins 220 Validation basins




Results — optimization UFZ) S0 rncs UV

1.001
0.75- . .
i
- '
= — Run 1
2 0.501 JJJ ~ Run2
| — Run 3
_FJI — Run4
f — Runb5
0.25-
7 Training basins
0.00-
0 1000 2000 3000 4000 5000

lterations

Overview of loss per iteration of all FSO
optimization runs during training
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0.5+ o !*
0.0 I Ed Runt
051 B Run2
- Run 3
-1.04 ‘ Run 4
log NSE KGE L ;L;r:]jard
.01 o = —— __ . L — - parameter
0.5 E ) o o * E q * % * =* Time period
N B E3 vaidation
KSat parameter FIeIdCap parameter
Runl  dem-3.081 * (bd + cosh(slope)) cos(clay)/bd + tanh(slope)
Run2  aspect-2.96 * bd - 3.078 cos(cosh(dem) * cosh(dem))”2.95
Run3  -3.135 - cosh(bd) Ksat - (2.84 + ThetaS*cosh(bd))
Run4  logl0(aspect)-3.115 aspect - aspect-3.165

Run5  (0.385/(clay*asin(sand) — 1.0)) * 3.828 - (clay + cos(dem)) slope
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| B = == == =Es 0 = TEem T ==
0.5 o !*
0.01 I Ed Runt
05° Similar performance : o
1.0 ‘ Run 4
log NSE KGE L th;r:]jard
.01 o = —— __ . L — - parameter
0.5 E o . o * E q * * * =* Time period
N B E3 vaidation
KSat parameter FIeIdCap parameter
Runl  dem-3.081 * (bd + cosh(slope)) cos(clay)/bd + tanh(slope)
Run2  aspect-2.96 * bd - 3.078 cos(cosh(dem) * cosh(dem))”2.95
Run3  -3.135 - cosh(bd) Ksat - (2.84 + ThetaS*cosh(bd))
Run4  logl0(aspect)-3.115 aspect - aspect-3.165|~ 0.1 (scaled values)
Run5  (0.385/(clay*asin(sand) — 1.0)) * 3.828 - (clay + cos(dem)) slope \

Very different functions! We did not allow for constant values,
but it still managed to generate them.




Results — Sampled validation basins

Loss NSE
e === | e == ===
054
0.04 . ‘ .
051
1.0
|}
|
v
F
3 log NSE KGE
e :
0.0 v s .
L]
L ]
_05.
_10.
Run 1 Run 2 Run 3 Run 4 Run 5 Run 1 Run 2 Run 3 Run 4 Run 5

Sampled validation basins performance of all 5 runs.

Run

E Run 1
- Run 2
* Run 3
- Run 4
' Run 5

50
E Run 1
§ . M - Run 2
w .
© L] L] Run 3
e =)
' Run 4
— - s
O_
L ]
L ]
- . :
L ]
Run 1 Run? Run3  Run4  Run5
16.05 5.3 465 .65 276

Percentage bias of all sampled validation basins with
corresponding median values on the x-axis.

Run 2 NSE

1.00
! 0.75

0.75 050
@ ' 0.25
£ B 000
2 0.50 - :
© Basin area in km?
o
=3 O 1000
& () 2000
0.25 =
() 3000
() 4000
0.00 () s000
0.0 05 1.0 15

Aridity Index

Budyko curve position of sampled validation
basins and Run 2 performance

From this we can conclude that run 2, 3, 4 are very similar, but run 2 has the best performance.

‘@ ® \ - Focus on Run 2
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Results — Validation basins UFZ) ==

NSE (run 2)
1.0-
* | | |
L |
0.5 . |
L]
L]
w L]
@ 00 B Run2
| E3 Zzinketal. (2017)
0.5
1.0

Run 2 Zink et al. (2017)

Validation basin NSE of FSO Run 2 and Zink
et al. (2017) benchmark.

One FSO parameter set performs equally well as
the median of 100 optimized original mHM
parameter sets.

Caes A&
= /

7',{3,( _Points use
: e

d for sampling i g AP == et e
< 57 ‘}5: G Esri, Garmin, GEBCO, NOAA NGDC. and other-contributors.




Results — Parameter fields KSat UFZ) S50 s FT?W;

KSat runs 2-4 and default mHM run

Run 2 Run 3 Run 4 default mHM
5800000 A 200
5700000 — | 150
% 5600000 —
~ 100
5500000 —
5400000 —
5300000 —
[ [ [ [ [ | [ | [ [ [ [ [ [ [ [ [ [
4200000 4400000 4600000 4200000 4400000 4600000
0.100 ||
0.075 |
Very different fields. |
Run 2 and default show _ [ Fun2
somewhat similar = ERUM
. N Standard Parameters
spatial patterns.
0.025 | | /Z
. A A ]

0 50 100 150 200 250
Saturated hydraulic conductivity (cm/day)



Results — Parameter fields FieldCap
FieldCap runs 2-4 and default mHM run

5800000

5700000

5600000

5500000

5400000

5300000

o2
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0.5
0.4
— 0.3

— 0.2

0.1

0.0

Standard parmeter have a
much larger variabilty.

Run 2 Run 3 Run 4 Default mHM
E iy M]""": . el )
Le” PR
— g L
3 j P /ﬁ — |I
_ « W’@ g
% G, TR
* ko
[ [ [ [ I | I I I | |
4200000 4400000 4600000 4200000 4400000 4600000
500
400
300 [ run2
= Run 3
= Run 4
200 Standard Parameters
100
0
0.0 0.2 0.3

Field capacity (-)
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FSO is able to estimate TFs that can be used to transfer model parameters across

- I \
time and space! Our main goal!

FSO works with a very minimalistic setting - only 5 years data of 7 gauging
stations:

training median NSE = 0.77

PUB median KGE =0.69

Different TFs and resulting parameter fields lead to similar results -> physical
Interpretation is difficult at this point.

Larger number of training set will most likely significantly increase
performance and transferability.

Regularization with additional boundary condition (e.g. ET) seems to be
necessary to derive TFs that produce parameter fields that can more robustly
reflect the physical properties.
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