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The Water Challenge: A problem well-known but not-so-well internalized

Where is Earth’s Water?

Atmosphere  Living things
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marshes
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Soil
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ice caps 69.0%
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Total global Freshwater Surface water and
water other freshwater

Credit: U.S. Geological Survey, Water Science School. https://www.usgs.gov/special-topic/water-science-school
Data source: Igor Shiklomanov's chapter "World fresh water resources" in Peter H. Gleick (editor), 1993, Water in Crisis:
A Guide to the World's Fresh Water Resources. (Numbers are rounded).

a) Water withdrawal, GDP pro-capita, and world population. b) The population of the world
and selected countries of Asia and Africa. c) Graphical concept of water scarcity, resulting
from a more than linear growing demand and a similarly more than a linear reduction of
clean water availability. (Boretti and Rosa, 2019)
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Water Quantity & Quality: 2 Sides of Same Coin
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The 17 Sustainable Development Goals (SDGs): But where to start?
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How dependent are the 17 SDGs on water sustainability?
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Clean water underpins the success or failure of every other challenge that we face.




The 17 SDGs: Clean water is the first step
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Environmental Matrix and Water

Ecological Carbon footprint
footprint matrix matrix

Environment
Performance
Matrix

Waste footprint
matrix

The term aqueous environmental matrix
encompasses

1. Precipitation

2. Surface water

3. Groundwater
4. Drinking water
5. Wastewater, leachates, sediment
pore water, and soil solutions.




Process Overview
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Need for Hydrological Modeling

Factors Water .
. Factors affecting demand
affecting supply <«—]  resources side
side management
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Figure : Hydrological modeling for managed basins
(Image source: https://github.com/iiasa/CWatM)




Data for Hydrological Modeling

Meteorological data

Precipitation Temperature
=29
D = U =z
Wind speed Evaporation

Topographical data

a—uy
L

Digital Elevation Model Land Use Land Cover

- Soil types and properties

Hydrological data

Reservoir inflows, outflows, storage

Streamflow and stage (depth)
and water level

Other data

o0 0 “"‘.

Drinking water Irrigation Industrial Hydropower

Water demands

=

Water quality parameters Historical flood extents
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What we expect from models as Earth Scientists and Engineers?
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Why to Combine Physics and Data?

Hydrological models

Data driven models Conceptual models

Precipitation

=

Streamflow

Machine
learning models

Temperature

+  Better predictive skills
- No physical laws

+  Conceptual representation of
various hydrological processes

- Typically designed for specific
region

+

Physically-based
models

Variable Infiltration Capacity (VIC)
Macroscale Hydrologic Model

Cell Energy and Moisture Fluxes
Grid Cell Vegetation Coverage

.- Variable Infiltration Curve
e =i - (1- A

0A A 1
Fractional Area
W W W,

Baseflow Curve

e

o<t
DE Qe
d

] WWe W
Layer 2 Soll Moisture, Wy

Baseflow, B

Physical laws
Large data requirements,
parameterizations
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Process-based vs data-driven modeling lens

e o | Karniadakis et al., Nature (2021)
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Karpatne et al., IEEE (2017)
Bergen et al., Science (2019)
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Function space by process-based models

a) WM Pars: Swax, ks, kg

AET PET P

b) abed
Pars: a, b, c,d i l T(ES)

(E4-E7) \
N I”

¢) Model equations

(E1):  AET = PET xS/S,,,
(E2): R =k xPXS/S,,
(E3): R, =k, xS

(E4): W=S+P
) W+b +b, Wxb
®s): y*b_ P s
> (G > ) r

(E6): R =W-Y pp
(B7): S§'=Yxe b,
(E8): AET=Y(l-e ")
(E9): R =(1—-0)xR,
(E10): G'=G+cxR,
(E11): R, =dxG

d) Model parameters

S,.er-Maximum soil moisture storage (mm)

k. : Surface runoff recession constant

k,: Groundwater storage time constant

a : The propensity of runoff occur before
the soil is fully saturated

b : Upper soil water storage capacity (mm)

C . Groundwater recharge coefficient

d : Groundwater runoff recession

constant

Peng et al., JHM (2016)

Functions explored
by current machine
learning methodologies

O -
Domain/

specific classes
of functions

The full function space

Bergen et al., Science (2019)
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Functional space by data-driven models
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Drawing Parallels: Parameterizations in Process-based vs data-driven modeling

Process-based Modeling

State space model:
S[t] = f(I[e], S[t — 1]: ©;)
Olt] = ¢(S[t]; ©))

a b
----------------------
u 112 i
X1 X2 :
U Y 'vz Iy
x L13 K 1
Y31
X3 !

Data-driven Modeling

LSTM model:

{c[t], h{t]} = f(x[t], c[t = 1], h]t — 1];6})
ylt] = g(hlt]; 6;)

t
c[t-1] ——>O— »CIt]
O Y
Y ¥ 5
h[t-1] r ~(0)~O—— hit]
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The Need and Challenges...

a  Object classification and localization

Machine learning tasks

Super-resolution and fusion

Observed and Reichstein et al., Nature (2019)

simulated ‘big data’
Pattern classification
Patterns and
> - ‘Kn,
o L OV e Interpretability - W knowledge

Earth science tasks

e Physical Consistency

. Velocity M
Statistical downscaling and blending b LI m Ited La be | S Sc%eaendggf ) Real-time critical

in some areas, not all

b eple e Computationally Demanding
=) e  Preservation of complex N & ‘ ®.
relationship in space and time o g ~
@% J Confidence
c Video prediction robustness
X Xen Veracity !
Uncertainty W
(b) (c) Inputs
representation
#00 S 3
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X o " " Knowle
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s .' ‘.’9 I." 85:*" . Real vs predicted humidity values i
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Reichstein et al., Nature (2019)
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Challenges and limitations of existing models

Training (Calibration) and Evaluation Gauge Locations

FloodHub = {5

@ GlofAS Calibration + Al Training + Eval (N = 1144)
® AlTraining Only (N = 2945)
® AlTraining + Eval (N = 1589)

O

4
N\
Global Flood Awareness System

Wi

&

Data-driven model

Coarser resolution of maps (which
limits decision making at urban scale)
Less representation and data
availability of Indian cities

Provides forecast wherever gauges
are available (limited coverage)
Doesn’t account pluvial floods
Reservoir operations are ignored

Hydrological Core: LISFLOOD at 3’ or
0.05°.

Number of Calibration Sites: ~500 in
CONUS and ~100 in India (lower
number of sites and shorter duration
of hydrological observations for India)
Parameter Maps: ~100 (14 are
calibrated parameters)

Dynamic Input: ERAS5 Surface
Variables
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Case Study-1: Lumped Physics Informed Machine Learning (PIML) model for monthly timestep

(Bhasme et al., 2022)
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Case Study-2: Improving the interpretability and predictive power of hydrological models:
Applications for daily streamflow in managed and unmanaged catchments (Bhasme and Bhatia, 2024)

0 e v Figure: (a) The SIMHYD model (Chiew et al., e =
2002); (b) Lumped PIML model; (c) i Q H
o neatios Semi-distributed PIML model without . .
reservoir; (d) Semi-distributed PIML model g
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Figure: Results for semi-distributed PIML without reservoir Figure: Results for semi-distributed PIML with reservoir
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Case Study-3: Enhancing Fluvial Flood Predictions through Physics Informed Graph Neural

Network

« Flow direction

Precipitation (Py,..,Py.))

Soil Moisture (SMy,..,SM;.,)
Potential Evapotranspiration
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- Graph neural network .
- Dynamic Inputs

=
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data
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« Land Use Land Cover Static Features
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Streamflow
Observed at each node
) depth
Pre-processing Post-processing
with upstream l with upstream area
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Observed Regression + Model L|Regression
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¥
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Figure: Distributed PIML for fluvial flood prediction
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Figure: Performance of distributed PIML model (Network is based on the GloFAS
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Understanding Nodes and Edges on a River Network
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Understanding Nodes and Edges on a River Network
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Developing Hybrid Hydrological Models
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Assessing performance on an Indian Catchment
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Study Area: Kantamal catchment (within Mahanadi basin)

Frequency: Monthly
Spatial Resolution: 15 arcmins (0.25 degrees)

Inputs: Precipitation (IMD), PET (GLEAM), Groundwater and Soil Moisture (SIMHYD)
Outputs: Streamflow (IndiaWRIS)
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Assessing performance of catchments within one US eco-region

NSE

Study Area: 34 CAMELS (minimal human influence)
Catchments in Ohio Region, US

Frequency: Monthly and Daily
Spatial Resolution: 3 arcmins (0.05 degrees)

Inputs: Daymet, ERA5, Soil Composition, LULC
Outputs: Streamflow (GIoFAS)

Train | Val | Test: 1980-1999 | 2000-2009 | 2009-2020

HUC Regions in the Continental US

=

i

17

10

o

i

14

2 ;
Tt

...
i
\gr

b
;M
. 15

NSE of monthly predictions vs GloFAS at catchment outlet

1.0

o

0.2

0.0

;o — ?

o

Train Val
1980-1999 2000-2009

Test
2010-2020

NSE

‘ Ll
a5 j—\Ru n T o

*a

NSE of daily predictions vs GIoFAS at catchment outlet

0.00

-0.25

-0.50

-0.75

===

o
o

o

o

o

Train Val Test
1980-1999 2000-2009 2010-2020




Training on data-rich basins...

Study Area: 493 CAMELS
(minimal human influence)
Catchments in Continental US

Frequency: Monthly
Spatial Resolution: 3 arcmins
(0.05 degrees)

Inputs: ERA5, Soil Composition,
LULC
Outputs: Streamflow (GloFAS)
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Testing on ungauged/basins

Study Area: 144 IndiaWRIS Gauges (>100 km2)
Catchments in Indian mainland Basins
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The Opportunities...

Data quality and availability

Figure: Global distribution of stream gauges (red crosses;
N = 32,091) along the river network (blue) identified by
GRADES. (Krabbenhoft et al., 2022)

Integration of satellite products

Need of higher resolution datasets for better modeling

Streamflow in mm/month
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Figure: Streamflow output at all pixels

Figure: Streamflow output at outlet while inputs are

at 0.25° degree resolution .
resolution

Citizen Science

Human
behaviour

*~~~ Indirect citizen
observations ~~.__

T, %
Direct citizen _---~ ¢ .. Hydrology

- Observations i . :\ g);% -«
E \ Citizen scientist i

B NFORMATION [ knowLeDGE |
,,,,,, _‘>- ————

Figure: Data—information—knowledge—behaviour—action workflow characterizing citizen
science projects for hydrological sciences. (Nardi et al., 2022)

when inputs are at 0.05° degree
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floodResQ at Glance

Flood Inundation Model Real Dynamical Process
(urban floods under heavy precipitation) (urban floods under heavy precipitation)
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Recovery strategies for

resilient infrastructure system
output layer  (Figure Source:

i https://cs231n.github.io/neural-networks-1/ .
ko g een® P github.fofneu ) (Bhatia et al., 2015)

Deep Learning based emulator for urban
flooding simulation

Damage quantification
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Side-effects of Adaptation
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Flood beyond water

Flood Volume (Million m3)
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The Unmet Water Challenge: Dominance of Human Factors

VL Very long river (>1,000 km)

L Long river (500-1,000 km)
M Medium river (100-500 km)
S Short river (10-100 km)

River status

Free-flowing rivers
(CSI = 95% over entire
length of river)

Good connectivity status
(CSI = 95% over parts of river) Impacted (CSI < 95%) No flow

HE v
T, Figure : Map of the world’s free flowing rivers

(Grill, G., Lehner, B., Thieme, M. et al. Mapping the world’s free-flowing rivers. Nature
569, 215-221 (2019). https://doi.org/10.1038/s41586-019-1111-9)

Most of the largest rivers worldwide
are managed but models do not
handle human factors well

Only 37% of rivers longer than 1,000
kilometres remain free-flowing over
their entire length and 23% flow
uninterrupted to the ocean.

34




A Vision for Integrated Physics and Machine Learning in Hydrology Models

MME MICE

Climate Multiple Model
Ensembles MME)

NCAR : Additional MICE
& MME (NCAR-CESM:
one of the CMIP models)
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