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Hydrology: what peculiarities for D.A.?

djhe Water. Cycle

y
\
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_Water storage
in ice and snow

Evapotranspiration
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Hydrology: what peculiarities for D.A.?

Some ‘classical’ applications of hydrological sciences

Cross-dciplinary themes

Engineering design (water structures and infrastructures)
Water resources management
Natural hazards and extreme events (floods, droughts, ...)

Land-atmosphere interactions (lower flux boundary condition
for weather and climate modelling)

Water-related environmental quality

Eco-hydrology
Socio-hydrology
Hydrogeochemistry

Water security



Hydrology: what peculiarities for D.A.?

3 VI I T T . T ‘.tk
Akt

'!j'ﬁ-«anm e,

Most of the complexity
resides not in the flow itself,

but in the environment that
contains/constraints the flow,
and in the forcing.

Py S CS—— S TR .=, - U——
W Borehole
05— © Resistivity Point

HEC-RAS 6.0 River Flow
Simulation System

04

. . g TransmluMly (mI;!ay)‘ .
Determination of aquifer parameters using geoelectrlcal

sounding and pumping test data in Khanewal District, Pakistan

Gulraiz Akhter and M. Hasan



Hydrology: what peculiarities for D.A.?

The most important
governing equations in “
hydrology are convergent in  state

nature (quick loss of memory
of initial conditions) ,w—/\/w/
V—t\f“\’\,\\—\/\,\

time

A divergent system
(e.g. Atmosphere)

If the model is ‘wrong’ A convergent system
(poor structure, bad (e.9. Soiliie
parameters) it will rapidly
converge back to the

‘wrong’ solution, after
state update with D.




Hydrology: what peculiarities for D.A.?

Some key variables (e.g. soil
moisture, evapotranspiration,
river discharge, land surface
temperature) are routinely

measured at the ground with

a very poor spatial coverage

http‘s?://“.i_‘s?vr‘nn.geo.tu'wiermwac.at “

,,,,,,, iy e Lt
Greor Serown

MIIE1 GROC statons with monthly duts, sl dets derved Yom dasly data (Stetus 21 June 2021)
Kottanz: Glodal Runot Data Centre, 2021

International Soil Moisture Network 4
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Hydrology: what peculiarities for D.A.?

New and long-flying satellite missions provide
seamless estimates of those variables that

are poorly gauged at the ground, but they are
themselves the output from D.A. systems with
highly variable, non gaussian, errors structure.

490 JAMITIS AND Sy
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Retrievals invert these equations to obtain soil moisture. with corrections for vegetation.
roughness and surface temperature

Courtesy of D. Entekhabi, MIT




Hydrology: what peculiarities for D.A.?

A pletora of problem/application specific models,
with different level of conceptualizations and largely
unknown model biases.

LISFLOOD

Bl stributed Water Balance and Flood
I Simulation Modet

Revsod Usor Manual




Forcing data

M ain / preC/;if/:Z;tion)
sources .of Geophysical
uncertalnlty \ Model (and its ‘non- inversion

observable’ parameters)
(e.qg. aquifer conductivity)

States
Observation
Data

Bayesian estimation ‘




1. Improving remote sensing of land
surface: dynamic (Kalman-based) filtering

Forcing
Data

Model “

* A linear example with a
i minimalistic model:
W Filtering clouds from
P Meteosat-SEVIRI Land
Surface Temperature

Observation
State estimation Data * A non linear example
with a global,

Improved
State estimation




A pure filtering example:

F//Z"@/’/hg C/OUd- CO/? Z"G/??//?GZ"GO’ LST A dynamic cloud masking and filtering algorithm for MSG retrieval of

land surface temperature

observations from MSG-SEVIR/ BARONCINE § CASTELLL £ CAPARKIN st KT

Civil amd Environmcatal Engiscormg Depastment, Umiversty of Florence, via § Marts
3, Plorence, Naly

°K

Clouds
are
usually
much
colder
than
land

g surface

e o st s o o e e 0 e o o et s o R o il e o st s o o e e 0

==

Thermal Infrared Retrieval of LST




Incoming short-wave radiation

Tk = aka_l + ﬁSk + (%%
Tk = LSTk + Wi,

SEVIRI Land Surfce Temperature retrievals, 3km res., 30’ revisit

Partial relaxation of Gaussian measurement §
error hypothesis: PDF(wy,)
 w;, comes from the mixture of a

‘standard’ N(0,R*) Gaussian noise ad a
‘much larger’ (non-0 mean!) cloud Cloud

contamination error. Contamination

 Which error component is active at time k
can be ‘detected’ with the innovation:

_— {R* if Te — LST, < 8(R* + Q)
=

oo otherwise



. : _ . 1
R, = IR if Ty — LST, < S(R* + Q) /2

oo otherwise « Kalman Gain is zero in this
case, and the observation is

discarded!

N

Temperatura K]

y".
G |
q | (
‘ ) ‘ l

0600 0500 1200 1500 1800 2100 0000 O03.00 0600 0900 1200 1500 1800
Central Europe Local Time [UTC-1]

Model prediction
Valid LST

Cloud
contaminated
(not used)

Reliable Analysis
(Pf <R +Q



Table 1. Amount of validated LST estimates with different cloud-masking algorithms. as a
percentage of the 533 724 total land pixcls at SEVIRI resolution of the 28 ground-truth

MODIS-bascd maps used for validation, and corresponding crror statistics based on 384
validation pixels with less than 50% MODIS cloud cover.

LST [K] - 24/06/2004 10:30 UTC

T T

Over all Over all validation pixels 38}

validation with less than 50%,
pixcls MODIS cloud cover RMSE (K) R o8
MODIS + Static 100% (333 724) 67.1% (358 390) 0 1.0 § 3786
SEVIRI + Static 49.8% (265 911) 44.9% (239 492) 3.25 0.52 —
SEVIRI+CMKF 54.8% (292 569) 48.3% (257 651) 3.19 0.59
(rctained raw 37.2f
GSW cstimatce) |
SEVIRI+CMKF 78.3% (417 846) 60.7% (324 171) 333 0.54
(valid posterior 368}

cstimaltc)

36.6 -t " . L L n i 296
125 13 135 14 145 15 155
Lon

Figurc 5. Enlargement of the map shown in figurc4 over Sicily. Boxed pixcls identify
regions where the LST retricval was based on modcl prediction only, having recognized the
GSW cstimates as being too cloud contaminated.
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Sate estimation with sequential non-lienar filtering:
Enhanced Soil Moisture products from the SMAP mission

Data SetID: SPLASMGP

SMAP L4 Global 3-hourly 9 km EASE-Grid Surface and Root Zone Soil Moisture

s \X/ORLDVIEW

S Active -“

Faor Zene Sod Mottes L4 127
matamtanesus)

JAMES Journal of Advances in
Modeling Earth Systems’
Research Article & Open Access @) ®

Version 4 of the SMAP Level-4 Soil Moisture Algorithm and Data
Product

Rolf H. Reichle g% Qing Liu, Randal D. Koster, Wade T. Crow, Gabrielle |. M. De Lannoy, John 5. Kimball
Joseph V. Ardizzone. Dayid Bosch, Andreas Coliander. Michael Cosh, Jana Kolassa, ... See all authors «

02 September 2019 | https://doi.org/10.1029/2019MS001729 | Citati 35



NASA/TM-2015-104606/Vol. 39

>

Technical Report Series on Global Modeling and Data Assimilation,
Volume 39
Nawdad 1). Koater, Elitor

Land Boundary Conditions for the Goddard Earth Observing Sys-
tem Model Version 5 (GEOS-5) Climate Modeling System —
Recent Updates and Data File Descriptions

Emission (Radiometer)

Sarith P Mabasgm, Bandl 1) Koater, Gregory K Walker, Lowrence L. Takacs, B )1 Reicle, Gabviellr Dy
Camnory, (g Law, im o, ot Max J Seares

SMAP L1C_TB observations

Distributed ensemble Kalman filter (EnKF)
NASA GEOS-5 Catchment land surface model
Surface meteorological forcing from NASA
GEOS-5 Forward Processing system
Precipitation corrections with NOAA Climate
Prediction Center “Unified” global, 0.5 degree
gauge-based product

[] ]
Figure 3: Catchment-CN (top) primary vegetation types, and (bottom) secondary vegetation
types.



Assimilating Microwave TB in a hydrologic
model resolving water, carbon and energy
balance of the soil-vegetation layers
improve the Level 2 original SMAP-Soil
Moisture product by:

- Downscale the from the nominal 36km
resolution of the TB data to the 9km™*
resolution of the distributed DA system

- Extend the estimate from the top 5 cm
(influencing the mw emission) to various
depths down to 100 cm

- Extend the estimate to regions where the
TB data decorrelate with soil moisture
(high vegetation, terrain slope
variability)

:
g
2
2
3

-

Level-2 Quality Mask

* Intended
resolution of the
merged active-
passive product
before radar failure




2. State estimation with dynamic (Kalman-
based) filtering and sparse observations

Forcing ==
Data i -

o
N WS

o Near-realtime flood
mapping with

_ assimilation of river

Model | a\ stage data (sparse

in space) and high-

Observation /'GSO/UZL/.O/?

{ State estimation J Data multispectral water
extent (sparse i

time) i

Improved
State estimation




https://doi.org/10.5194/hess-2021-125
Preprint. Discussion started: & * e\/ le
© Authors) 2021, 03 ) l

Simultaneous assimilation of water levels from river gauges and
satellite flood maps for near-real time flood mapping

Antonio Annis'2, Fernando Nardi'?, and Fabio Castelli?

Model error covariance estimated
by perturbing hydrologic input
(precipitation) and more
uncertain model parameters
(channel and floodplain
roughness, terrain elevation)

River gauge observations are
very sparse. Need of filter
localization to avoid spurious
error growth in limited-size
ensemble sampling

Hydrology and &
Earth System =
Sciences ¢

Discussions

EnKF Scheme

Quasi-2D hydraulic
model

......

Satellite Image flood extension
(Sh§2212

Stage gauges (SG) § 2.2.1.1

SG emmors § 2.2.3.1

Observations

Updating step



Case study: Nov. 2012 flooding of the Tiber valley (upstream of Rome)

Tevere a Nazzano Tevere & Ponte del Grillo

= Available data:

—— Landszat scquisition time

* 5 half-hourly water
stage records from
river gauges (4 inside
the flooded area)

VBB 00,»00500\09300 S 00.50“ PP Ba ,,00109
PSR ki Ll SRRt e

« 1 flooded area map
from Landsat (partly
cloudy) near time of
flood peak

A Ref gauge stations

[:I Domain

Water detected from Landsat
,'/// Landsat extension

A Gauge stations - Urban areas

©  Model boundaries Elevation

[mas.li]

— Alto : 1500

I: Basins B

I: & — Basso: 0
Domain

— Rivers



Localization applied in the EnKF update step (takes advantage of the
perfectly predictable flow direction along the channel network)

Along-channel distance

:

D Floodplain cels
g 2 Channel cells
g’ ((l.k ) - St I
1/3 | &

. Beunding cells
B

Tobs — Tk e . ‘ Floodpiain cells
e Lye S Ll S Lobs e . nearest t k-cell
obs uc

Lk —Tobs

. P & P S
Tigo—Tobs ’ obs =~ Lk > Lde

The ‘standard’ EnKF update is applied to the river gauges cells
first, water level in neighboring cells is then updated as:

Al Zobem) $0( L) * mk—a}obs = - Ah(Eobsa)“g(Tka) oy t—xk
Ah(zg) = —m"rnmi 0o ———————————

Tobs,d—Tobs,u
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Water depth profiles along the main channel

Time = 51 hours (2012/11/13 - 13:00) Time = 51 hours (2012/11/13 - 13:00)

1:;,0 40 60 80 160 12;0
Time = 61 hours (2012/11/13 - 23:00)

1 I 1
40 60 80 100 120 140

Time = 61 hours (2012/11/13 - 23:00)

40 60 80 100 120
Time = 72 hours (2012/11/14 - 09:45)

140 40 60 80 100 120 140
Time = 72 hours (2012/11/14 - 09:45)

1 I 1 I I I 1
40 60 80 100 120 140 40 60 80 100 120 140

Distances [km] Distances [km]
® Obs. == ASS. 1SG mean B OL ensemble ASS. 1SG ensemble
- OL mean == ASS. 1SG mean [ ASS. 1SG ensemble

> Flow direction



Assimilation of Landsat flood extent alone

'
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Clear reduction of flood extent uncer
Accuracy?



Assimilation of Landsat flood extent alone

Effects of flood extent assimilation on water stage at river gauges

Stimigliano Nazzano Ponte del Grillo

»- :
| A’ 3

|

8

20 40 60 80 20 40 60 80 20 40 60 80
Time [hours] Time [hours] Time [hours]
== Obs. SG level —— OL mean OL ensemble
® Obs. Sl level == ASS. SG mean . ASS. SG ensemble

Quite short persistence of D.A. benefit

(... convergent system!)




Benefits of joint assimilation of ground water stages

and satellite flood extent

Landsat overpass

e

w
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=== ASS 4SG
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Spread of the ensemble flood extent (km?)
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3. Geophysical inversion as a causal
Identification and quantification tool
(true backward reasoning)

Forcing data

(e.g.
precipitation)

Geophysical
Model (and its ‘non- /[7 Ve/"S/.On ® Land
o o oters) subsidence
/nduced by
States excessive
State estimation Observation
Pata groundwi

Improved
State estimation




Inverse problems: Reasoning backwards

Most people, if you describe a train of events to them
will tell you what the result will be. There are few
people, however that if you told them a result, would
be able to evolve from their own inner consciousness
what the steps were that led to that result. This
power is what | mean when | talk of reasoning
backward.

Sherlock Holmes,
A Study in Scarlet,
Sir Arthur Conan Doyle (




Hydeogeology oumal {2021] 22629649
Mtpc/dol.org/10.1007/510040-020-02255-2

Study area -

Numerical modelling of land subsidence related to groundwater
withdrawal in the Firenze-Prato-Pistoia basin (central Italy)

—

+ Matteo Del Soldato’ - Lorenzo Solari? - Riccardo Fanti' + Gaddo Mannori” - Fabio Castelli*

Mattia Ceccatelli’
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Satellite SAR interferometric estimates
surface deformation velocity
ENVISAT 2003-2010 Sentinel-1 2015-2017

‘ .«1 ~E vfsmmd& 71
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Line of Sight
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o ": ‘“ WS\'A"TI 1p-town : “," ,_7.~s B_gneu Vu ﬁ\u

Vertical

. Legend © 999-.50 + 50-999
[mm/year] 220--499  « 100-199
« <200 ¢ -199-199 * =200
-199--100 + 2.0-499




Variational Data Assimilation Framework

Underdetermined
iInverse problem:

Aquifer parameter Forcing data
- . (precipitation, ~h 1
estlm.c:ted WI'Fh D.A. N ol Non Iln.ear.lehonov
(spatially variable): regularization is
. Hydraull.c. used
conductivity Coupled surface
e Elastic and hydrology — groundwater
inelastic skeletal TeeE!
storagg Satellite
coefficients surface
States: .
deformation;
Grounwater budget
wells data.

Aquifer deformation

Estimation of
abstraction-induced
deformation




Tikhonov regularization (general definition)

In the simplest linear inverse problem: find @ such that G(x)0 = z
the problem may be ill-posed (e.g. underdetermined system of
equations due to a larger number of model parameters than
observations, or collinear observations).

the inverse mapping operates as a high-
pass filter that has the undesirable
tendency of amplifying noise

This tendency can be alleviated by adding a regularization term to the
square residuals to be minimized

1G6 — z||* + ||Ir0|* 6 =

Tikhonov matrix



Tikhonov regularization in a D.A.
(Bayesian) framework

Solve the ill-posed inversion of G(x)0 = z, given:

—_

* 0O, = a prior estimate (expected value) of the
unknown parameters 6
) pare _ Need to be
« Q = the covariance of the unknown 6 : .
« P = the covariance of the data z prescribed.

Find the minimum of:

1(66 —z)"P(GO — 2)|| + 11(6 — 6,)" Q(6 — Bp)|

0 = (GTPG+ Q)" (G"Pz + Q08,) = 0, + (G PG +

In this case, the T|khonov matri
factorization of the co



Compare Tikhonov Linear Inverse with Kalman Filter Update

8 =6, + (6"PG+ Q)" (G"P(z - G8y))

Hint: K, = PyHT(HP H" + @)™}
G=H

... or the dumped, minimum length, weighted Backus-Gilbert
Generalized Inverse

0 =0,+ (C"W,G + 2W,) (" W4(z — GO,))

In non-linear ill-posed problems, F(x,0) = z
a Variational (iterative) approach is use
the minimum of:

|(F(x,0) — z)" P(F(x,6



a) Initial parameters b) Calibrated parameters
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How much the improved state estimation ‘explains’
the measured ground displacement spatial pattern?

10°51E

Sentinel-1 data
N [mm/year]
o <200
« -199--100
-9.99--5.0
-2.0--499
-1.99-1.99
2.0-499
5.0-999 — =199 --10.0
10.0-199 -9.99--5.0
0.4 0.6 . >20.0 -4.99--25
False Positive Rate (FPR) 1 Pistoia aquifcr - <25




How much the improved state estimation ‘explains’
the measured ground displacement dynamics?

Pl ey (Eat i) i ENVISAT 2003-2010

Historical comter (West side)

Sentinel-1 2015-2017




Means, motive, and
opportunity

Means, motive, and opportunity is a
popular cultural summation of the three
aspects of a crime needed to convince
a jury of guilt in a criminal proceeding.

Motive: Aquifer deformation physics.

Opportunity: Spatial and temporal coherence of subsi
groundwater dynamics.

Means: The geophysical inversion
groundwater abstraction ha
measured amounts o



Forcing data

(e.g.
precipitation)

Geophysical
Model (and its ‘non- n Version
observable’ parameters)
(e.g. aquifer conductivity)
States
State estimation Observation
Data

Bayesian
estimation [

Improved
State estimation

4. Geophysical

Inversion and state
estimation together

(for the reasons recalled in the
introduction, many D.A.
solutions in hydrology need to
address both).

Common approaches:

« Filter augmentation

 Variational




4. Geophysical
Inversion and state
estimation together

Forcing data

(e.g.
precipitation)

Geophysical e An example of
Model (and its ‘non- //7 Version

observable’ parameters) SCIte| I ite VG I D.A. fOI‘
(e.g. aquifer conductivity) . .
mapping surface, soll

States moisture-controlled,

[ State estimation } Obsgrq\iztlon e n e rgy ba I q nce a n d

soil/atmosphere
interaction.

Bayesian
estimation [

Improved
State estimation




@QAGU PUBLICATIONS

Water Resources Research

RESEARCH ARTICLE Coupled estimation of surface heat fluxes and vegetation
[0 IzRoIEwROTaa 7 dynamics from remotely sensed land surface temperature and
Special Section: fraction of photosynthetically active radiation

Patterns in Soil-Vegetation-
Atmosphere Systems: S. M. Bateni', D. Entekhabi?, S. Margulis3, F. Castelli4, and L. Kergoats

Guiding principle:
Land Surface Temperature (LST) diurnal dynamics bears

information on soil moisture and its control on surface
turbulent fluxes




Soil moisture controls the partinioning of available
surface energy (Net Radiation minus Ground Heat

Flux) among Turbulent Latent (evapotranspiration)
and Sensible Heat Flux

A

LST LST

v
v

Hour of day Hour of day

LE
‘x 1 FLUX LI FLX N\t RUX =3 AU

WET SOIL




Multivariate 1D-Var

State estimation as a time-continuous initial value problem

dx
E =F(x,0,u) +w teE(tyty) x(ty) = xg
Zz=G(x)+v

0 is the ‘non-observable’ parameters set

Global penalty function with adjoined model constraint
through Lagrange multipliers

Assimilate a number of observations z; = z(t;), tx € (to,
k =1,.., N through the minimization of:

J(x,0,4|z) = (6 —0)rp(0-8) +



Global minimization by setting independent variates to zero

aj, _
/ax =0
V26 =0
8J(x,6,4|z;) =0 mmp »
/al =
r dx
Forward Model = F(x, 0,u)
Backward dA4 OF
Adjoint Model 4¢ — _)‘a —I';(G(x) — 2, )6(t — ¢

Parameters o _ 5 4 G
Update

Euler-Lagrange Equations
\

It



Assimilation of remotely sensed Land
Surface Temperature (LST) and Fraction of
Photosynthetically Active Radiation
absorbed by vegetation (FPAR) from
MeteosatSG-SEVIRI

(geostationary, 15’ revisit, 3km resolution)

Forward model

Heat diffusion into the soil
with b.c. provided by surface
energy balance

C(‘?Ts(z. t) 0 ( oTs(z, t))

ot

dLAl
a =1.5204¢4(1—ga )X




Multivariate penalty function

J(T" LAL Ra EFS, EFCgcg,A1 ,AZ) —

+2N:Jﬁ [Ti (0, t)—Tobs:i (0, t)]TK;1 [Ti (O, t) —Tobs,i (O, t)]dt

N
+> "[FPAR —FPARqps | Kep) s [FPAR —FPARsys] + (R—R') K, (R—R')
=1

N N
+Z(EF51 —EF Si)TKE_Fl(EFSi B EF’Si ) +Z(EFCi —EF G )TKE_FL(EFCi _EF,Ci)
=1

i=1

N / : ‘
_ / & JTsi(z,t) O JTsi(z,t)
I\ —1 o
+(eg¢q) Ke, (€g-€g)+ E J Jo A1, [c " 5 (p B )] dzdt
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Figure 4. Retrieved values for the specific leaf area of the green biomass (c;) over four periods.
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Figure 11. Maps of average daytime latent heat flux (Wm™?).
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RESEARCH ARTICLE Variational assimilation of streamflow data in distributed flood
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Figure 2. Digital Elevation Model (DEM) and river network of Arno basin used in the simu- Drai glefels
lations. Black circles indicate the available flow measurement stations. DEM is plotted at
the resolution employed in the simulations, i.e.,, 500 m.



Hindcast experiments with 16 recorded high-flow
events, assuming rainfall can be perfectly predicted
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peak flow at
downstream

gauge
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Predicting
floods is
not just
predicting
rainfall!
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Basin-average
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(local updates need to efficien
propagate

One key simplification with
respect to other ‘fluid flow’
problems:

Knowing the drainage structure,
the problem may be reduced to
a system of coupled ODEs

Multivariate 1D-VAR
instead of 3D or 4D-VAR
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D.A. of river flow can improve state estimation at
hillslope level (hillslope runoff and initial soil moisture)?

<<»  Analysis increment of hillslope
~ - runoff
}&'a\,

% .. Difficult to adjoin, but at least mass
' conservation and rainfall distribution need
to be maintained

*Analysis increment of river flows through

network

® Data of river



Mixed VAR — Particle Filter

Montecarlo sampling of
Antecedent Soil Moisture,
rainfall interpolation

J Analysis increment of
hillslope runoff

Likelihood —

- Analysis increment of river

flows




Prediction updates with different D.A. windows
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Prediction error reduction with D.A. as a function of

prediction lead time
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Figure 12. Hillslope runoff (m®s™ 'km™ ?) of the high flow event Eq at the final instant of the fourth assimilation window. (a) Is the back-
ground map (open loop simulation), (b) is the analysis map (data assimilation simulation), and (c) is the analysis increment (analysis minus
background). Black circles indicate the position of the gauge stations. (d) Is the cumulative rainfall height (mm) at the same instant.



Concluding remarks: (some) trending topics

Models

Hydrologic Digital Twins: Toward holistic, application
independent, hydrological modeling

Data

New types of data: UGC (User Generated Contents),
Opportunity, Citizen's science.

D.A. Technigues

Inclusions of Al-Learning algori
of D.A. in physically-b
repeated steps i



