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Welcome!

Global Hydrodynamics Lab (PI: Dai Yamazaki) is a part of
Global Hydrology Group in Institute of Industrial Science, The University of Tokyo.

Yamazaki lab is in U-Tokyo Komaba-2 Research Campus in central Tokyo.

Our studies mainly focus on the dynamics of land waters on the global scale,
using modelling, remote sensing, and data integration approach.

What is Global Hydrodynamics?

“Global Hydrodynamics” is the study of the dynamics of terrestrial waters over the entire Earth.

It focuses on the movement and storage of the surface and sub-surface waters at multiple temporal and spatial scales from local to global, including rivers,
lakes, wetland, soil moisture, and groundwater. It also covers their interactions with related earth surface processes, such as precipitation, evaporation,
coastal and ocean dynamics, biogeochemistry, and climate change.

We extensively use modelling, remote sensing, and data integration approaches to cover the entire globe, while we also respect in-situ observations to
determine important processes in global hydrodynamics and to ensure the robustness of the model conceptualization.
In addition to natural hydrological cycle, we also assess the impact of the terrestrial water variability to the human well-beings (e.g. flood, water resources,

ecosystem service), and try to understand the reactions of the society (i.e. water resources and hazard management) and their feedback to the global
hydrodynamic system.
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Who are we?

Our lab is one of the world-leading hydrological science bridgeheads, consisting of researchers
and students with multiple backgrounds (Earth science, civil engineering, geography, spatial
information science, computational science, etc.)

All research staff members belong to Institute of Industrial Science, while we also commit to
education in the Department of Civil Engineering (Grad School of Engineering) and in

the Graduate Program of Environmental Sciences (Grad School of Arts and Sciences).

How to join us?

We are always looking for new group members with passion, talent and grit. If you love nature and v,
the Earth and want to understand them with data and model, please join us!

You will have the chance to work on frontier science challenges on global hydrodynamics, combining
the model, remote sensing and data integration approach. We are happy to work

with you to understand, describe and predict the dynamics of land waters across various

spatial and temporal scales.

If you are interested in, please contact us by email ( yamadai [at] iis.u-tokyo.ac.jp ).
We are happy to chat about potential research projects and research life in our group.
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Pl: Dai Yamazaki
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CaMa-Flood: Global river hydrodynamics model
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Streamflow

(a) Simulated depth at 0.25deg resolution

(b) Downscaled depth at 500m resolution
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Integrated Land Simulator (ILS)
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How Global Flood Simulation Works

Leon Adamski Jiachao Chen Dai Yamazaki

The Needs & Challenges of Global Flood Simulations

A unified physical framework for globally connected floods

The water cycle operates as a planetary system. Ocean temperatures drive evaporation; atmospheric
circulation determines where storms form; snowmelt in mountain ranges controls river discharge months
later. Understanding the macroscale patterns of flood risk, how it varies across regions, how it responds to
a changing climate, and where it will intensify in the future, requires simulating these planetary-scale
processes within a single, coherent physical framework.

Global hydrological modelling is done through a cascade of different models, each bringing their own errors and uncertainties.
We need to address them to improve accuracy, efficiency and uncertainties in hydrological modelling.
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Meteorological variables serve as the forcing data for Solving flow equations is computationally demanding, Large-scale topography is mainly derived from satellite
flood simulations. Their prediction and projection rely on especially at the global scale. Topography, a key observations and is affected by errors such as absolute
corresponding models; however, simplified simulation boundary condition, must also be represented efficiently bias, stripe noise, speckle noise, and tree-height bias,
schemes and sensitivity in initial conditions introduce over large domains. which can compromise the accurate simulation of flow
biases and uncertainties into the simulated results. | routing and flood inundation.

Rigorous Bias Corrections & Elegant Simplification Scheme

Global flood modeling is fundamentally a trade-off between accuracy and efficiency. We seek to reduce errors in the data
while embracing necessary simplifications to develop efficient representations that retain the key physics of flood processes.

Bias corrected runoff data for climate change impact studies

Variable Infiltration Capacity (VIC)
Macroscale Hydrologic Model
el Ensrgy and Moisturs Fluxes
61 Coll ogtaton Coverage

NASA Earth Exchange Global
Daily Downscaled Projections
(NEX-GDDP-CMIP6)

Inter-Model Consistené&\ Structural differences among global
climate models lead to divergent

future projections, complicating the
identification of robust climate
change trends. By constraining
model outputs with reanalysis data
and generating runoff through a
land surface model, we significantly
e, / improved consistency across flood
- simulations.
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Efficient global hydrodynamic representation scheme

+ Unit Catchments + Grid—Vector Network: Represents fine-scale river networks within
coarse grids, enabling efficient global simulations without losing key hydrological
connectivity.

+ Sub-grid Floodplain Parameterization: Compresses high-resolution terrain into sub-grid
parameters, preserving inundation dynamics without explicit fine-scale computation.

+ Local Inertial Solver: Captures essential hydrodynamics, including backwater effects, at
a fraction of the cost of full dynamic-wave models.

+ FLOW Upscaling Method: Automatically derives river networks and hydraulic
parameters from high-resolution terrain while retaining critical topographic information.

S ANSE e
Coarse River Network

Floodplain Depth [m]
3 5 8

Flooded Fraction [%] 5
Floodplain elevation profile Inundation at 0.25 deg Inundation at 500 m

Bias corrected topography products (MERIT DEM / Hydro)

More accurate DEM & hydrography maps for flood simulations.

* MERIT DEM identifies the major sources of elevation error and corrects them through the
integration of multiple remote sensing datasets.

* MERIT Hydro builds upon MERIT DEM by incorporating multiple hydrographic datasets to
constrain flow directions, while using long-term satellite observations to identify river
locations and widths, thereby deriving a more realistic representation of global river networks.

* These advancements provide a more reliable topographic and hydrographic foundation,
leading to improved accuracy and credibility in global flood simulations.

Old topogra hy

MERIT DEM / Hydro

i

Flood depth [m]

Global Hydrology Group / Yamazaki Lab Key references: Yamazaki et al. (2009) global river network and sub-grid topography; Yamazaki et al. (2011) physically based floodplain inundation dynamics;

tokyo.ac.jp - https://global-hydrodynamics.github.io Yamazaki et al. (2013) local inertial flow equation and vector-based river network ma mazaki et al. (2017) MERIT DEM; Yamazaki et al. (2019) MERIT Hydro.
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Development of Baseline Topographic Data for River Model
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Representing River Infrastructures in Global Flood Model
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Regulation of rivers by human beings are not well represented in global models.

Dams

“More than 2.8 million dams worldwide .ha alreai 4
,,t_ranﬁf?rmed rivers from natural to managed systems.

Dams store water during rainy seasons
and release it gradually, reducing floods
and maintaining dry-season flow. They
provide enormous benefits, but
fundamentally change the amount or
seasonality of river dlscharge

Levees

{eeps water in the channel until the level
Qes above the levee crest, at which point
thg protected area floods suddenly.
\Levkes: They change the river width, river
dept and whether the flood happens.

The river dlscharge regulated by humans is largely different from natural one. However, traditional
global model did not consider the human intervention.

Representing human regulation in global river model

Levee Protection Scheme Reservoir Operation Scheme

We developed a globally-applicable levee protection
scheme for CaMa-Flood by simple parameterization and
global estimation of levee locations.

(@)
"’"f: / tiver center
evdst

ge—— VSt
| levhgt

elevtn

The levee is represented in a simple
physical scheme in a global river model
CaMa-Flood. Only 2 parameters were
required; levee height from the river top
elevation and the distance from the
river centerline to the levees. The levee
height is estimated from flood
frequency analysis.

elevtn: river top elevation
rivwth: river width

rivhgt: river channel depth
levfrc: levee unprotected fraction
levhgt: equivalent levee height

rivhgt

rivwth

()

. The distance between rivers and levees is decided
depending both on observational data and other
proxies. To extract the distance from rivers to

. gm_ levees even in the regions where the observation is
L = ) not sufficient, we propose using the distance from
P— the edges of urban and cropland areas to the river
= =B centerline (named land-use distance) as a proxy for
o the distance from levee locations to the river
i 4B centerline

The model now correctly soors
distinguishes protected areas |3
from truly flood-prone ones ¢
globally. For example, the .
fraction of levee-protected ~ °©
river reaches was 81% in U.S.,
87% in U.K., 89% in China, 83%
in New Zealand, Japan 77%.

SO0 150°00°

River reaches
—— Unprotected
—— Protected

BSOOW  90M00W  4500'W 000" ASO0E 90°00E.

BSO0E 180°00"

With levees, flood maps become more .
realistic. Flood hazard maps in the US
shows with levees (C-L) the model
correctly identifies protected areas
while without levees (C-N) vast areas

are wrongly predicted as flooded (red).

We developed a Satellite-Based Target Storage (SBTS)
reservoir scheme for CaMa-Flood that works for any dam
worldwide, using satellite images and machine learning
instead of inaccessible operational data.

The dam storage was separated into

three areas and estimated in different @ Reservoirwater storage soning
ways. Storage is divided into Flood - -
Control, Water Supply, and Dead
Storage zones. Machine learning
estimates flood storage capacity for Al S0
any dam. Monthly satellite images of

water area provide seasonal storage

targets, no in situ data needed.

Zone2 + Flood storage capacity (FSC)

() Monthly inflow and target storages (b) Simulated reservoir outflow and storage

Center Hill Dam:_monthly inflow

Outflow (1000 m3s)

Storage (km?)

197901 197907  1980-01 1980-07 198101 198107 198201  1982-07
—: Inflow —— D22 —— SBTS —— Observation

Adding SBTS brings simulated discharge in line with what is actually
observed downstream, while without dam operations in the model,
floods are overestimated and dry-season flows are too low, because the
model treats rivers as if no dams exist. The example is in Center Hill Dam,
U.S. Without adequate reservoir representation (D22, grey) simulated
discharge diverges from observation (black). SBTS (purple) closely tracks

real storage and outflow. Two new Yangtze mega-dams

were assessed without any
public operational data. The
two mega dams reduced high
water levels by 1.2-6.0% and
increased low-season levels by
11.0-36.2%, flood control
impact comparable to Three
Gorges Dam due to the
upstream position intercepting
headwater runoff.
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Aqueducts in a hydrological model
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Satellite Data Assimilation into River Routing Model
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Estimation of underwater river topography using satellite

Wersimy «®

Xiaoyu Sun DEIREINErEL]

Hydrodynamic models help satellites “see” hidden river variables

Satellites observe the river surface from space.
Hydrodynamic models translate these surface signals into hidden river variables below the water.

Recent satellite development has produced an increasing number of river Hiddenichaninel geometry comtrols watsclevel and fiooding
surface observation products. i
‘ * These products provide surface variables such as water surface elevation, & :
"~ Height river width, and water surface slope.

; * Advantage: Dense spatial coverage across large river systems

However, satellites cannot directly observe below-surface information; by using
< ,MTQQ“ hydrodynamic models, these surface observations can be transformed into
estimates of hidden river variables such as bathymetry.

Bathymetry controls the relationship between water level, storage, and Flow capacty Lty
SWOT river surface observations conceptual diagram  (uss)  discharge, which are important for flood hazard and water resource assessment : ..

Inferring the under surface variables through scale-mismatched satellite observations is a big challenge
in global hydrodynamic model.

Satellite-observed water variables

Width i

Challenges

Inverse Problem: River bathymetry variables can’t be
directly calculated by simply reversing the hydrodynamic
model equations.

Scale Mismatch: Satellite observations are measured at fine
river nodes or reaches, while global hydrodynamic models
represent rivers using coarse grid cells, often around 10 km.
Simplified Model Channel: Real rivers have complex cross-
section shapes, but global models often use simplified
channel shapes.

To improve our understanding of global below water river variables, this study uses global
hydrodynamic models to estimate hidden river bathymetry from satellite observations.

Floodplain

River Channel

Constraining effective channel depth with SWOT water surface elevation

This research aims to constrain the channel depth parameter of CaMa-Flood model
at sub-basin scale using SWOT

Could model-SWOT WSE bias reveal depth error?  Dense SWOT supports reliable matching Red star: CaMa grid outlet
Blue point: Satellite observation
v o s -
SWOT\““'““““/ \------------7/CaMa | : N
e il
CaMa Channel depth ) ) i 3> Y
IR L\f\wsz‘},» gl
Negative WSE bias Positive WSE bias i A% \ N
AWSE = WSE ¢y, - WSEgyor< 0 AWSE = WSE ¢y, = WSEgyor> 0 1 .
River bed is too low River bed is too high i )
Channel depth overestimated Channel depth underestimated

Previous satellite products: Track-based observations = Nearest point may be far
WSE bias guides sub-basin depth calibration SWOT: Wide-swath 2D observations = Nearest point must be close (reduced mismatch)
_____________ . e SWOT reduces matching uncertainty, enabling more representative matching to outlet.

E Previous Depth | » - Research Depth E
§ DuHe'o® | { B=He Qt4Ho | Large WSE bias remains in default CaMa-Flood simulation
HO: Calibrated effective depth offset for each sub-basin (2) Node-level WSE bias (baseline) (b) Sub-basin mean WSE bias
o T T T T T T T TS oS s s oS o s s s 1 . N = 2217 SWOT nodes | o k = 97 sub-basins | mr¢ i
| Bias quantification \ © 2217 matched.CaIV!a g"f‘f
! X -
: To extract the part of bias which reflects the channel bias most, 1 5 2 E - grld level HO is unidentifiable
! selecting the 50% observation with minimum standard deviation. | s g * 97 sub-basins (Predefined hydrological units)
Grid level: o \ £ oz > tractable, hydrologically meaningful
Extract stable WSE bias signal | ok 2+ 66/97 sub-basin mean absolute bias is
B Sub-basin level: ) 28 larger than 1 m
" . Average mean absolute bias (MAB) | bias is | h
MMAB IS used as the target variable ‘ 110 -105 100 -05 -90 -85 -80 -75 110 -105 100 -05 -9 -85 -80 -75 « = WSEbiasis arge, eterogeneous
. for calibrating depth parameter (H0) ‘ Longitude () Longitude (*)
: Subbusi baves ia'n'ﬁa'!ram; PNl ‘ SWOT-based channel depth calibration substantially reduces WSE bias
- a, aseline alibratec (<) DIS r\bu ion Summar . . . .
_________________ . fe)_Baseline MAS o) Callbrated MAB TR Y The maps show the spatial distribution

Improues 54 136

B SR of mean absolute WSE bias of default
and calibrated parameters settings

* Sub-basin MAB drops 39%

! GP + LCB acquisition

|
|
|
. :I Bayesian optimizer
|
I
|
I
|

Latitude (°)

Suggest HO (HO, MAB) 1 >
bl el . oIt . ” L g (94/97 improved)
{ s .
., CaMa-Flood | WSE ! Sub-basin ' * : * Improvement magnitude tracks
. simulation . ! MAB extraction | (TR TR ra—— [ TR T v a—s B oo initial bias severity (R? = 0.79)
' \ Longitude (°) Longitude (°) (Ho=0)

| Iterate until convergence — Calibrated HO
: GP: A Bayesian surrogate model with uncertainty estimates.
' LCB: An acquisition function favoring low uncertain predictions.

Future work: Improve the identifiability of satellite-constrained channel depth
by separating geometry effects from other variables influence.

Global Hydrology Group / Yamazaki Lab http://hydro.iis.u-tokyo.ac.jp
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Detecting Human Impacts on River Discharge Using Satellites
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Link to paper E=3

Why is it important to understand human impact on rivers?

Human Activity Reshapes the Global Water Cycle
To ensure sustainable water resource management, it is important to understand when, where, and how much water people are using.

Human society and the water cycle interact with one another.
By modifying the water cycle to make it more accessible for human use (orange sections in Figure 1), river
flow rates, water quality, and morphology deviate from their natural state.

* Construction of dams and levees for power generation, irrigation, and flood control alters river flow

rates and channels.

* Water flow decreases due to water withdrawals for agriculture, industry, and domestic use.
Changes in the water cycle (white and light blue arrows in Figure 1) also have various impacts on human
life.

* Water shortages occur due to reduced flow caused by low rainfall.

* Flood damage increases due to higher runoff rates resulting from urbanization.

Figure 1 The global water cycle including human

SN RO

Why Monitoring Human Impact on River Flow is Difficult Using Traditional In-Situ Methods

@

&3

Practical reasons: Model uncertainty: g T
» Sparsely distributed networks - in situ gauging stations are * Simplified physics and poorly constrained parameters 8 H
unavailable for many regions. introduce errors in discharge estimates. g 5

* Global availability of gauging stations is in decline Political reasons: § §

» Using standard hydrological gauge stations is time- * Geopolitical tensions may limit cross-border sharing of p %

- : ; 2 €

consuming and labor-intensive. data. RIVER DISCHARGE ESTIMATION FROM REMOTE SENSING g

An opportunity: Satellites provide spatially dense and global coverage and could bridge these gaps in ground-based measurements and models.

Can we detect changes in river discharge caused by human activity without relying on in-situ observation?

Surface observations to Discharge using Satellites: McFLI
McFLI (Mass-conserved Flow Law Inversion) estimates river discharge

While satellites are limited to surface observations, by inverting satellite observations across multiple cross-sections along
McFLI enables estimation of river discharge below  areach, without gauge data.
the water surface. Satellites measure river width at each cross-section. With SWOT,
for any p cross sections, we can write e.g water-surface elevation change, and slope also become directly

Sl o observable.
The unobserved low-flow channel geometry is solved simultaneously
with discharge through the inversion.
Mass conservation links all cross-sections. McFLI applies this
alongside the Manning equation to reconstruct discharge from
surface signals alone.

» Simultaneous consideration
of space and time.

* For every p cross-sections
there is a single conserved
discharge (Q) at each time.

* Reduces Q unknowns from p
to 1 at each time.

Figures 3 and 4 McFLI applies the Manning equation simultaneously across p cross-sections (yellow lines), with a single conserved Q at each time step (Courtesy of
Mike Durand, OSU & Colin Gleason U-mass)

Study: Using Landsat to Estimate River Discharge and Detect Human Impact

Satellite-derived discharge has the potential to capture human-driven flow changes along the Yellow
River without in-situ data.

Ishikawa et al. (2025) applied BAM (Bayesian AMHG-Manning), a McFLI-based algorithm, to satellite-observed
river width extracted at ~500 m intervals to assess whether satellite-based discharge estimates can capture

eyt

4 IREN Ll

y |0 lnlatetlelinws! s hiidd s |

$550 45740 38 30 25 20 15 10 05 00
Distan 0’

natural and anthropogenic streamflow variations in the Yellow River, without in-situ calibration. @ -l @ -
- 2000 " --2000
» Fig. 5a-b: BAM discharge estimates closely match gauge observations, capturing both discharge increases at i o o = ’
tributary confluences and declining trends in irrigated sections. o0 i so00 ok
* Fig. 5c-e: Spatial discharge change maps reveal a downstream decline between S2-S16, co-located with s ool
major irrigation districts. i i
* Reliability is greater in reaches with high seasonal width variability, where anthropogenic signals are more w;m‘ > o el ' b s

distinguishable from natural variation.
Figure 5 Longitudinal discharge profiles (a-b) and spatial discharge change maps (c-e) along the
Yellow River (Ishikawa et al., 2025)

Expanding the Future of Satellite Detection of Human River Impact with SWOT
SWOT, launched in 2022, can extend this approach globally, monitoring reach-scale discharge changes in regions with no ground-based gauges.

el i

* SWOT measures:
» 2D water surface elevation at high resolution (10-100 m)
* Water level, slope, and area estimated simultaneously

* First satellite specifically designed for river measurement

* Reuvisit period of 21 days; global coverage

* Uses radar (SAR), not optical, so works through clouds

* No previous satellite could directly measure discharge;
SWOT provides it at the product level

(Plain, 2023, NASA Earthdata)

Figure 6 SWOT satellite configuration

Global Hydrology Group / Yamazaki Lab



Hydrodynamic controls on river biogeochemistry
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Rivers are active reactors emitting huge amount of carbon to the atmosphere.

Global inland water emissions of carbon = 1.9 x 10%> gC yr?

Rivers, lakes, reservoirs, estuaries, and floodplains

GLOBAL CARBON BUDGET OF THE ©0e .
LAND TO OCEAN AQUATIC CONTINUUM (LOAC) Why inland-water ~ process terrestrial carbon CO, to the atmosphere.
i i ? . . .
oo e Thecumaigera | These emissions are comparable to major human-related
Rvers 05 Esuares  Nand-water carbon emission benchmarks, highlighting their global environmental
065 015 emission of about 1.9 x

1015 g C per year shows importance_

that inland waters are a

Inland-water CO, emissions influence climate, acidity, and
oxygen dynamics, with important consequences for aquatic
ecosystems and the services they provide.

Storage on land

One-year emissions equivalent to

Storage in LOAC

Rivers &
Waterways

Emissions over 1,000 Emissions from all Emissions of 17%
large coal power plants U.S. passenger cars, as much CO, as all
(1GW) annually times 20! human activities!
H

5 4 : ‘ St © <>

_; | MAY 23, 2026

Satellite and Google map images showed the Zambezi River spills onto floodplains during the rainy season, creating
large open water surface for carbon emissions.

We aim to provide a more realistic global representation & estimate of carbon emissions from rivers

Integrating a carbon routing module into the CaMa-Flood river hydrodynamic model

Anthropogenic inputs from land can substantially influence downstream nutrient cycling through | Current representation of carbon exports from terrestrial

rivers, with impacts large enough to alter regional to global biogeochemical budgets. 1 ecosystems through the land—ocean aquatic continuum.
B IARivler N. (mgN m2 year) C

90N

50 —r AN deposition  (mgN m- year-')

Lok NPP: net primary production
R,: heterotrophic respiration
POC: particulate organic carbon

DOC: dissolved organic carbon

IS
8

g
8

3

River N (TgNyear) 3>
N

CO, evasion to
atmosphere

60's F
{, e s
o %0's -

1860 1880 1900 1920 1940 1960 1980 2000 T T T T haons T t
0 60E 120E 180 120W 60W 0

T T T T T T T
0 60E 120E 180 120W 60W 0

Year
Time series of the globally inputs of riverine nitrogen (A), changes in riverine nitrogen export (B), and nitrogen

deposition in the ocean (C). ._g:ic‘::';:”)‘s;‘s ;gz ,' 0, ::(l:)‘g:t'to
. . t
DW ANPP (A Vrﬁ(Z.Cm*yeay:') EW ANPP (Climate) o eyear Fw /\NPP(Nutnents)r Geme o)\ trient- coas
- e'd o ° o = ¢ B 2 induced . POC burial
. P » 30N . g
G 9 o) i : NPP Terrestrial ecosystem Inland water network
o ] / -+ increase . DOC enters rivers from runoff leaching from soils and is
20 20 30's bt ¢
o W oes{ Lz 0.27 Pg C! transported through the inland water network. During transport,
s 50 I 50 . 20 -1 - . . .
T e e e B e s year DOC decomposes into CO,, which accumulates in river water.

The distributions of NPP changes from contributions of all effects (D), climate (E), and nutrients (F). When dissolved CO, becomes supersaturated relative to the

. . ) atmosphere, it is emitted through air-water gas exchange.
However, the fate of riverine inputs depends strongly on inland-water processes, including P 9 9 9

river—floodplain connectivity, transient storage, mixing, and in-transit transformation. Therefore,
representing hydrodynamic controls explicitly is essential for realistic simulation of river
biogeochemistry and land-to-ocean carbon transfer.

Knowledge gap: Existing large-scale river carbon
models do not explicitly resolve floodplain
connectivity, transient storage, water temperature, or
channel-floodplain exchange.

New floodplain-explicit carbon routing model

[ Low discharge Floodplains: “Passive” pipe or Key point 1: Hydrodynamic rep_rt_esentation Key point 3: Routing rules of CO, and DOC
[ High discharge f 4 “Active” reactor'?1 ' (water depth) of DOC decomposition + Lateral DOC/CO, input from runoff
Channelfidodplair’. dDOC/dt = -kpocDOC; kpoc = vi/d *+ Downstream DOC/CO, advection (bidirectional)
exchange—- A Key point 2: Hydrodynamic representation Local channel and floodplain DOC/CO, exchange

GXW\ 4_‘:? B :‘:7:1\ (velocity&slope) of air-water gas exchange A: water surface area  S: riverbed slope 1:
== =z Fcoz=Keoo(Pcoz water—Pcoz,ai ALL d: water column depth  eD: energy dissipation \
\‘\{(p:::“f::’,‘;e'/ 1. Turbulent-diffusive exchange (S<=0.01) lllffﬂuptakel Vejlocitv :inoc_:: decomzosiﬁon f?te.t E
“Amce\pipe" © Keop = 2,841*S*V +2.02 : flow velocity so0’ 9as exchange velocity|
Uptake, stor‘agte,‘de‘gassing, oxidation 2. Bubble-mediated gas exchange (S>0.01) A, d, V, S differ in river and flo_odplain, leading to distinct
* Inkggo = 1.18In(eD) + 6.43; eD=g*S*V Kpoc and Kggo, and therefore different Feo,

Global Hydrology Group / Global Hydrodynamics Lab / Yamazaki Lab (1L &%) https_//gloztatf_’;]/jgg’:ésr'jfr#:sogmjﬁ'{g
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The Development of the Macro-scale Sediment Model
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Satellite-based estimate of river suspended sediment
without calibration requirement
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Flood Risk Studies in Global Hydrodynamics
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Impact of Climate Change and Climate Variability .

on Extreme Flood § |
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Does climate internal variability affect extreme flood occurrence?

Flood risk will increase in the future due to global warming.

A large increase in flood o
frequency is projected in ‘
Southeast Asia, Peninsular

o NGk 5
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India, eastern Africa and the : ™ N
§MHirabayashi et al. 20137

northern half of the Andes.
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Recently, many severe flood events have happened in the world,
including Typhoon Hagibis in Japan.

Total rainfall by Typhoon Hagibis was
10% increased by global warming,
according to climate/weather model
simulations. [Kawase et al. 2021]

Extreme floods could be enhanced not only by climate change

but also by climate internal variability.

Climate variability has a global impact on river flow and flooding. High SSTs play an
important role in feeding moisture into storms, assisting in storm intensification
and causing heavy rains and then severe flooding.[Trenberth et al. 2015]. South
Asian countries, including Bangladesh, are highly vulnerable to floods caused by
climate change and climate variability.

o Severe Flood
Severe flood likelihood

Chaotic weather effect
+

Climate Change effect
+

|
Chaotic Weather

Climate Variability effect T T

Conceptual Figure
PR VI TS| S |

Time
Climate change projection studies may not be able to properly determine under
what conditions extreme floods may be enhanced. [Zhai et al. 2018]. In this
context, attribution of climate change and climate variability impact on extreme
flood occurrence may reveal when and how the risk of flooding increases.

Here, we qualitatively assess the climate change and climate variability impacts on extreme flood,

using large-ensemble climate simulation datasets.

Assessing climate variability impact by large-ensemble climate simulation

<Method>

We used d4PDF large-ensemble climate simulation for attribution
d4PDF has large-ensemble data (60 years * 100 ensemble) 12— v

to assess the occurrence probability of extreme events. 1 pp—— I 1
d4PDF is usually used for attributing the impact of climate _ o, | qmmm— - |
change, by comparing the historical and non-warming Cool Hot |

Probability
o
>

experiment.
Probability distribution by large ensembles
enables to assess, for example, how much
the occurrence probability of extreme heat 3 2 4 0 1 2 3
wave is increased by climate change. SAT anomaly @Japan (Jul-Aug) [K]

o

We found d4PDF was also used for investigating climate variability impact,
especially those related to atmospheric response to the SST perturbations.

Sea surface temperature patterns Sst
(lower boundary condition of d4PDF) 15
are shared among all ensemble
members and all scenarios. So that,
El Nino and La Nina years are
consistent in all d4PDF simulations.

Historical climate simulation

Non-warming simulation

14

1 ‘?‘50 1 ‘?‘/f) 19‘86 1 9‘90 ?O‘()O 7()“\ (¢}
Monthly mean SST for Historical and Non-warming
Climate simulation
We compared the occurrence probability of extreme precipitation in El
Nino years and La Nina years, and calculated how El Nino enhances the
occurrence likelihood of Extreme precipitation events using FAR method.

uantitatively assessment: Fraction of Attributable Risk (FAR) & its variation

FAR: Originally used to assess the anthropogenic influence on change of extreme events. (Stott et al., 2004)

FAR for ONI

FAR = 1 — Pyr/Pyat(onr)
PR = Pxar(oni)/Puar

FAR for Climate Change
FAR = 1= Pyar/Purs(r)
PR = Pygty/Prar

FAR for ONI + Climate Change

FAR = 1 — Pyar/Purs(ont,)
PR = Pyrg(ont,ty/Pnar

3 groups: 3 groups: 9 groups:
t=1951-1970 ONI 2 0.5 ONI 2 0.5 t=1951-1970
=1971-1990 —-05<O0NI<05 —05<ONI <05 X t=1971-1990
t=1091-2010 ONI < -0.5 ONI < -0.5 +=1091-2010
FAR for ONI + Climate Change <--------- Puis(on120.51991-2010)
FAR for Climate Change < Pyis(1991-2010)
1951 2010
Standard <~ Pyar Time
FAR for ONI < Pxat(onrz05)

Scenario (1951-2010)
AGCM 100 100

Historical (HIS) Non-warming (NAT)

Global Hydrology Group / Yamazaki Lab

<Result>

First, we assessed the occurrence probability change of extreme
precipitation by severe typhoons in Japan regions.

Positive ONI and climate change can increase the
likelihood of accurrence of extreme precipitation in
Japan, respectively. In recent years, climate change
plays a larger role, and the joint impact of climate
change & ONI > 0.5 can further intensify the risk of
extreme precipitation.

ONI distribution (1D 20yr Precipitation, whole Japan)

statistic: 0.151 — onssiaoo

os{ p-value: 0.001

All the
monthly ONI
from 1951 to

Probabilty

‘ Time\ONI | <=0.5 | -0.5~0.5 >=0.5 All ONI
. b’ b_lz_t (; ‘f(;le ’ 1951-1970 | -0.007 -0.542 0.281 -0.048
£ L} nsi index
obabllity density o ¢ 1971-1990 | -0.394 0.471 0.390 0321

25 K 0w )
0290 O 0267

FAR to climate change: 20-year return period precipitation all over Japan

0399 ) FAR for Climate Change in 1991-2010
0505 FAR for ONI when ONI 2 05

1991-2010 -0.416 0.178
All Period -1.038 0.001

FAR increased in El Nino
years (ONI>0.5), suggesting
extreme rainfall is more
likely to occur.

Joint impact of climate [Z0.625 ] FAR for ONE+ Climate Change when ONI 2 05 in 1991-2010

change and El Nino is also
suggested.

—_—— ey _ "
. > |00 in recent years, climate change plays a larger role in the occurrence of

extreme precipitation compared with ONI, while the impact of ONI is also non-negligible.
Nar |8  The joint impact of theac two factora can further intcnsify the risk.

<Ongoing Study>

We are also assessing the impact of climate change and climate
variability on large river flood, focusing on Ganges-Brahmaputra basin.

Is a large river flood more difficult to capture compared to
precipitation?

Atmospheric processes can spawn
heavy/extended precipitation with the
potential for flooding, but much of the
resulting  impact is  ultimately
controlled by hydrological process [Frei
et al. 2000].

For extreme precipitation analysis, the
precipitation  location and hazard
location are the same for any basin.

Tributary

Main River Channel

Mouth o River

For large river, the number of tributaries and their flowing timing into a
river affects the likelihood of flood. The topographic features and size of
the catchment play an essential role in tributary flow timing by affecting
the various runoff components (surface and subsurface) and their timing.
Moreover, precipitation Location and timing and river hazard location and
timing are very different.

http://hydro.iis.u-tokyo.ac.jp
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Global Floodwave Duration Dynamics

Application of a wavelet based and scalable algorithm.

A flood is more than just how high the water rises

Flood risk is not only controlled by peak discharge.

When we picture a flood, we usually think about how high the water gets. But the floodwave
duration (how long the water stays high) matters just as much. A floodwave that drains in
two days and one that lingers for months affect people very differently even if they reach the
same peak. We present a floodwave duration extraction framework, applicable to all rivers
around the world using a single automated and scalable method.

Historic flash long flooding along the Guadalupe River in Ingram, Texas. Credit: Anadolu via Getty Images

Why floodwave duration matters?

G People & homes ‘ Agriculture Infrastructure Ecosystems

The length of time that river flow stays high controls how long

Longer floods mean Long floods harm Roads, bridges, and Habitats change and communities, farms, infrastructure, and ecosystems remain under stress.

more damage and crops, soil, and utilities are stressed fish & wildlife are »M . d i hel derstand flood i ts that k-b d

fiaalth ik, food Secimity. forlonger affected! eas.urmg ura |on- elps us understand flood impacts that peak-base
metrics alone can miss.
—— Water level ——= Onefixed threshold Why floodwaves are hard to define?
N . : - ]
( A. Flashy river B. Broad river C. Confluence Rivers have different floodwave shapes. Some respond quickly to rainfall and
(short flood) (long flood) (double peak)

> return to normal within days, while large lowland rivers may remain high for

X e g months. A single fixed threshold can identify high flow, but it cannot fully
_§ E _«E describe the timing, shape, and persistence of floodwaves.
Q 53 Q
= = i Our key idea: We use wavelets to separate short-term flow noise
= - - from the slower seasonal flood signal. This allows the start, peak,
Time Time Time o
Same peak height, Same peak height, One fixed threshold does and end of each individual floodwave to be detected
different duration. different duration. 2 A not work everywhere. automatically and consistently at global scale

Development of wavelet based algorithm and extraction of floodwave durations at global scale

| What is a wavelet? Wavelets are small waves that can be  Algorithm steps: Standardize discharge, apply wavelet Discharge time series decomposed using
| stretched, squeezed, and slid along a time series to identify  transform, identify dominant flood signal, reconstruct and = wavelet-based algorithm

| specific signals. detect flood wave, extract duration.
= e s
1. Short wavelet 2. Stretched wavelet 3, Wavelet slides 4. Strong matches | o River discharge Wavelet separates o Start and end - c' 1 "
detects short events detects long events along the hydrograph produce high power the flood signal of flood detected ‘ | ‘ ‘ H “ \‘ | “

- —

w J seasonal Startof Endof
* J\/\/\ ‘ flood flood flood

A\« J " 1

N ¥a ‘ fA P $ ‘

]

noise » ot » ;

fi= i

How it works (example) wavelet moves i time

|

|

1

|

|

|

| > N
| River ischarge W W JWV SATA L Time V\/\\\/\_’ B
|

|

I

|

I

short duration long duration

Discharge

(hydrograph) -y . Time
viogra e Woveesseprtethelong e e B
‘h* e ‘;I" Ve Ao seasonal flood signal from
short-term fluctuations. erbriieise:

seasonal wave rises above the
baseline and ends when it returs.

Time » N e
Wavelet analysis separates flood signals, identifying the start and Decades of daily inflow data are used to
end of each flood. create a map of flood strength.

Demonstration of how a wavelet decomposes a hydrograph

» Along the Amazon network, flood duration increases from headwaters to the
main stem as upstream drainage area grows (inset 1a). At confluences,
different flood seasons can suddenly lengthen the combined floodwave (inset
1b). Andean rivers start short and fast, but approach ~205 days on the main
stem,pattern shown by other rivers in the catchment (inset 1c).

* Flood duration is also variable on yearly basis
Interqnnual Va(iabil't of Flood Duration (1980-2000)

100 150
Duration (days)

10 20 30 40
Interannual CV of flood duration (%)

» Year-to-year variability of flood duration (%). Bright areas flood for very
different lengths each year.

> large basins display less variability Take-home message
« Flood duration reveals a hidden dimension of flood risk that peak discharge
Blue—green rivers have shorter floodwaves; yellow-red rivers have longer floodwaves. The red box alone cannot capture. Mapping it globally helps identify where floods are short,
highlights the Amazon basin, where we test the downstream pattern in detail. Iong, or highly variable.

Global Hydrology Group / Yamazaki Lab https://hydro.i tokyo.ac.jp - https://global-hydrodynamics.github.i
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Evaluation of carbon pricing policy through IAM

WRE AW ER e LBk

BERFRHARICAETT: A=K -TIAO VT BREEMFA TORYMEH
—R TSV T BEE RENRA RS BEHRL . BREIHIARLSATOET,

H—IRU TSV VT BE (UTCPEE) &, £ELED m'%‘ v wvl"”‘i'iéli" ““““ ]
BT HRENEH R RBMZIE D, ZRICE>TH " -
HEDITHDEILERIBEKTT . MRFERRT 57=6 § Ny =
CIESEEOERBBARDONET., 2022F1=%. BA ' ¢ 4_. //
THC-PERDEBRLELBIGXY—T 1ERITIHE . S c- Pi&a)ﬁﬁvno -
LERBCC-PRERFGEABEFESNTNET, . . |

SRBELRATATND

BRREFA~ORELRREBCOMHISNL CEELGBERILFET,  FREHOKE —o

= Mitigation :T MWF ‘ TCFD (RIZEEMFFIFRETIRI74—R) . TENBFIZK
 Adaptation H‘H BEBAE2SLBEBERICETT 570D H AR

pualuses — oo BEEBE e CE T, 2<O R TOFD TR SN B0 DEEDE
”m EREBR R A BT AT S B YRS IHET B
DI R BEHDERNIFEMETERAADRELED TLET,

P

Bt R R E O i :,i%lf.vlllsllilll||||||“||||||||||H|mw

Climate Policy Initiative (2022)

— AR TSV T BERERR BRI EOHEERAERFETILTERL, BRI FIVLTESH
FHLET RERROERECNFZWEIISEIELTBRERETEIN?

TCFDLDIFBATI RV JIIEFEDC-PEERDELEEZ T, R FBMREICIREET HEEZIONETT . MA T, CPBERICKSE LR FR
MEAEMIREANDEEZR T IEOLENTFEORRMEELESRBEINT. REDBENEITEIENEZLONET . ZDKSIC
CPEUREEMIREICIXEELEFEADHY. EVDHEEAEZEET A ETIYMRNERIEBEDIRSIZDUMNBEHFEINET,

MEFMMEETILERNEA—ARY - TSA OV ITBEREBRRRRETIRED S

BTN ERETHOREERERTHAEEETTILIAMZE — o
WBLT. C-PRELH RERMTIEEDHEERESEHRT S, e -—

BRFDOETILORE EHARDETIV N 4@;@4 3
BRITERARREMERBRNONNE | HFEEEREEIFI—FIAMIIIZ 5L pe %
BLLTEZohTHY. BELENER T MAREMORELS AMRCRE:  TaL?

tEe%

DEBERBTTECLVEA ST, L nAKIISLE . |
ﬁiﬁ[];ﬁﬁmﬂﬂﬁ Bip E O RE 44 (a -—- Enargy l Price

fi"miﬁﬂﬁ (p: )

: el REMRRHAREE CRRRLGER | | | ROLKC IR LaR ANL1ts—
%m (max)n,—t Ter: 9,(}@ az) at+1 (1 8a, + CK¢ i - o
‘ BRI MR s - o i firfitda
jlﬁ'] m;@i%&q_yst bo . P RIEEMIE, r: HFE . i &ﬁ%g!&ﬁ
| sete O (xp @) = x2+pa, i i =
§A i ﬁmo)fﬁﬁi:h smEnn || Kook} T Z.;“kzo(l Ty Pea =ik il E-RE
e e ERTRRICT BET EFPIH T A MIODREISESE, AVTRI AR TRERET BT LIS
s LR EISh )R M DR ATEEAD L EEHA FEET L CRRARC L,
e e T ;ﬁ"i"g"i"@'l """
R (UEﬁﬁxﬁs 2 BETTIVAPE ~SECO#SEILLISAL -
g m——— BETFIVRAMEL — HEos—t, BRORFEES SR RATLRE o8
g""‘ e TBERTFTIOVRAVNEY & FEss—D . RERERBYDREMEERBTEEE AR O
;“ " Gatbon piobon poondn & ®*§m?ﬂki @Klﬁ'&miﬁﬂﬁ .
8" W o BTITARARY B )
N ", B ‘ Y ==l B
2" - - | & wrrovx i |
E i e e 55 % } =Y | L ot LR
F 3. S s | 2. @«
N " S o | 3 .l
WELEIAMERLNT, RER@E  F- 2. B g
LR EEDBEFRE L -, 17 . ] 5 wrrmace. S -

RS, RTRE :
o BANELLASE ORISR R A BT+ R ARk DT B CHB R R AR S

BAEYZETILETES-, 100$/mtC¢DEMTS MN(@D) . KELRICERTELVLEEZAEND (D), TLT. REBLR
SFUADTTHMLE, Z2CIHIAS L TRELRFMIGKELEINZEIENTES (D),

Global Hydrology Group / Yamazaki Lab http://hydro.iis.u-tokyo.ac.jp

https://global-hydrodynamics.github.io



Hillslope water dynamics control land cover heterogeneity
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Water dynamics can shape land cover distribution at hillslope scale

Why at the hillslope scale?

Although the climatic altitude impact has been thoroughly
studied, discussions over the hillslope hydrology control on the
land cover are still lacking. At the hillslope scale, driven by gravity,
water drains from ridge to valley, causing the water availability
contrast between highland and lowland.

Water regulates vegetation growth

Vegetation growth can adapt to different levels of water availability.
However, under extremely dry or humid conditions, the growing
process will be greatly suppressed. This leads to the formation of
some typical landscapes in the flat regions: a clear boundary exists
between vegetation types in the highland and lowland.

Represent the heterogeneity in land surface model (LSM)

An accurate representation of the land cover heterogeneity in LSM is important. Although the conventional high-resolution approach can
make accurate representation, it also causes huge computation costs. In this concern, a more computationally efficient manner is desired.

Climatic gradient

Gallery Forest -

e

In the topograph|cally flat regions, some typlcal Iandscapes are assumed to be formed by rldge to vaIIey water flow.

An efficient method to represent the hillslope land cover heterogeneity

A method to efficiently represent hillslope impact on

land cover heterogeneity in LSM

Based on the topographic data MERIT-DEM (Yamazaki et al.,
2017), a unit-catchment can be evenly discretized into 10 height
bands, each band is represented by the dominant land cover type.
The 10 height bands will be used to approximate the realistic
land cover distribution.

How to find landscapes affected by hillslope water

dynamics: an example of gallery forest

Using the above method, an effective representation of the
hillslope land cover heterogeneity is shown in a flat unit-
catchment. The lowland area is dominated by the tree ecosystem,
whereas the highland area is dominated by the grass ecosystem.
The landscape location is confirmed with the google static map.
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Close view of a unit-catchment identified as gallery forest located
in western Congo.
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The realistic land cover distribution is represented by 10 height bands.

Search for the hillslope-affected landscapes at the

global scale
Overall, the proposed method can accurately search the locations
of 4 types of landscape in the world.

HORK Global distribution of landscapes formed by hillslope effect
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The number of locations differs among the 4 landscape types.

Future work

By applying the proposed hillslope method to the LSM, it is
expected to simulate the land surface process almost as accurately
as the conventional method. In addition to that, the new method
is supposed to largely save the computational cost, which makes
explicit land surface modeling possible at the continental or global
scale.

http://hydro.iis.u-tokyo.ac.jp/

https://global-hydrodynamics.github.io/



Benchmarking the skill of global river flood models

O
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Challenges in evaluating global river models

Global River Models (GRMs) have rapidly advanced, but lack a standardized and comprehensive evaluation framework

WHY BENCHMARK EVALUATION IS NECESSARY ?

Global river models are widely A standardized benchmark
used for flood risk assessment framework is necessary for:

HOW DO WE EVALUATE A RIVER MODEL ?
N We compare model simulation
with observations at the same

location and time, and quantify s W wm. i and real-time flood forecasting. v Comprehensive model

how well they agree (point- ¢ Users need to know how evaluation

scale evaluation) accurate each model is and v Fairintercomparison among
whether the resulting risk different models

information is reliable.

River discharge changes significantly depending on
location. Even a small mismatch between the observation
point and the model grid (e.g. main channel vs. tributary)
can lead to large differences.

Metrics such as NSE and KGE provide only an overall performance
score. However, they do not clearly indicate why the model
performs poorly, or which process should be improved.

— Observed

Model A: Model B:
Good timing, biased Good average, misses peaks

&
3 T Gosamteh
e —— Model - Observation s
Bad match ame
gauge — |
—/\ o — Observed integrated
Time ) - . 2 score
RS T i Modelufid CHALLENGE Q: Limited observation coverage i — Model A _
: . o . ]
Qo & Dot River discharge observations are sparse and unevenly3 — Model B NSE = 0.70

distributed globally. This makes globally consistent and KGE = 0.58
fair evaluation difficult, especially in data-scarce regions.

Result: Large difference
Qobs # Qumodel

Time

We developed a benchmark framework that addresses these challenges by integrating multiple observations and evaluation methods

Benchmark methods and findings

The benchmark framework automatically compares river model simulations with Our benchmark framework delivers three major advantages

multiple observation datasets using standardized evaluation procedures. by overcoming key challenges

It combines multiple evaluation metrics to assess model performance from different perspectives @ : Improved spatial coverage

rather than relying on a single score. The framework provides a comprehensive and reproducible Integration of satellite observations substantially expands global evaluation coverage.
assessment of Global River Models across different regions and datasets. -> e.g. Africa, Amazon, Artic -

* Good model performance: Europe, the Amazon basin, (©

and central Africa g
METHODS BENEFITS * Poor model performance: several Asian regions, mainly &

due to difficulties in reproducing water level variability

n % = d -0.3
Simulations Observations (integration of satellite data Greatly expands spatial coverage | « virtual water level | |I- o5
. 2 L Models may correctly reproduce average water levels m2 ° @ € os
! * River discharge (GRDC, allocation) especially in data-scarce regions while still struggling to capture realistic river dynamics observation station] \[* =0/
CaMa-Flood Other models . £ | hydrow 1
| | output (.binary) (if any) Water Surface Elevation (hydroWEB, allocation) Ml Spatial distribution of KGE for WSE
=) * Water Surface Area (GIEMS, rescale to 0,5 deg) . A using VIC-VC
£ T ] = 0: More comprehensive model evaluation
5 1 Gauge selection (By upstream area & data length) Multlple complementary metrics reveal different aspects of model behaylor.
& 1 = el e -> Asingle score cannot capture model strengths & weakness across metrics
= Integrated in | Modified N e - - nggc‘*\ o o Pl o @ o o @ o s 3 Runoff forcing used to drive
a @ty e @ e @ e
© the system | by users /?\.\ /("'\‘ /./f\‘ g CaMa-Flood river model
= g, ' - __
© ~ . .
= : 5 o e: Meaningful comparison
v 1 among models and forcing
| Reformatting (Time series of variables to be compared at selected gauges/grids) | N datasets
— . - ﬁrrors cause'd by Model performance and
M points and ranking depend strongly on
Model assessment (Evaluate the simulations by various model performance metrics) model observational grids . g dep ely A
— P 1 forcing datasets and metrics.
(Individual performance) X
Key metrics Evaluate how well each model reproduces observations -> Rankings are not
Temporal variability: r (Pearson correlation coefficient) > consnste-nt across forcmgs
Overall performance: KGE (Kling-Gupta Efficiency) NSE (Nash-Sutcliffe Efficiency) g and variables
Magnitude error: Pbias (Percent bias) RMSE (Root Mean Square Error) g0 « Some forcings perform well
-> Absolute performance of each model ¥ for river flow variability but
1 poorly for low-flow conditions
—Model comparison | L yese gy shows
] (Evaluate the simulations by comparing model performance metrics) han ERAS
c (Relative performance) than . o .
<< Compare models against each other using benchmark metrics * No single metric is sufficient
Key metrics Comparable performance x - to fully evaluate a model
Delia inde ~ metrics to diagnose model Y phameia st TS
Measures the change in eval z’ Basaine moel behavior from different . .
metric relative to the baseline model ) £ @ perspectives Key Contrlbutlon o
Improvement index " i v i Our benchmark framework enables a global, comprehensive, and fair
Measures improvement relative to £ H More informative evaluation luati f ri del rti bett: del d | t d
the optimal metric value S and clearer guidance for EUEILEITI @1 [YEL [nlelel=lis, Slfpfpeidity [r=nfEr ieeE CRUYAERImEis £
Quantile index 5 / : ’ model improvement more reliable flood risk information
2 i
L | Measures the change in quantile 3 ol Moy model = (©).* — P N
(percentile) position Evaluation performance Author: Alexis TSUJI A
c s Internship Student — ENGEES / Utokyo IIS FUture perspeCtlve
-> Relative performance across models " y . . .
g | will contribute to the development of reproducibility-level evaluation methods for Global River
© 1 S Models using CaMa-Flood simulations and Python analysis tools. The work will focus on identifying
E = = = C2.(mi - o which hydrological phenomena (seasonality, high flows, floods, extreme events) are correctly reproduced by the
g Visualization {0 model and how model performance varies across regions and datasets. The long-term objective is to improve the
] Spatial distribution (point/grid) & Summary(pdf/cdf) Comparable metrics to show interpretability and reliability of global flood-model evaluation beyond traditional aggregated metrics such as NSE
> & Overall assessment (heatmap, only for comparison metrics) which model is better \E”d KGE. )

http://hydro.iis.u-tokyo.ac.jp
https://global-hydrodynamics.github.io
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Revealing water flow in mountain streams

Understanding water flow in mountain streams is important for explaining runoff processes and
improving flood prediction in the entire catchment

Water Flow in a River Catchment ® Mountain streams transport water, sediment, and nutrients from hillslopes to downstream rivers, linking river

Precipitation

ecosystems, sediment balance, and biogeochemical processes. Measuring mountain streams helps understand
how hillslope features control runoff and flood response.

® Rainfall flows from hillslopes into streams and then through river channels. Hillslopes and large rivers are relatively
well studied, but mountain streams in between are still difficult to observe and model.

Stream can be easily measured at smaller (< 0.1 km?) and larger scales (> 10 km?)
v' Stream < 0.1 km2: can be measured by triangular weir
or orifice (because the stream is small enouth)

v’ Stream > 10 km?2: can be measured by
<«— hydraulic engineering techniques
(because the stream is large enough)

& JEE— (2003)

It is difficult to simulate water flow in small mountain streams at the 0.1-10 km?2 scale

Hillslopes and small catchments (< 0.1 km? scale)

4
/ For the 0.1~10 km? scale \

Because of the existence of
step—pool structures. Common
p measurements in mountain

',\'Q streams are difficult.
g%‘%é;;;:ﬁ To overcome this challenge, we

Why difficult at the Target mountain streams in this study
0.1-10 km? scale? (at the 0.1 to several km? scale)

$

Small mountain streams often
contain step—pool structures.
water speeds up at steps and

slows down in pools.

Previous experiments used

artificial simplified or channels, proposed a method to .
H QAN R A
but this complex topography and Qb LIHTENK accurateIY measure mountain
flow make real mountain streams ERRDAT YT T— L stream with complex step—pool  ssokssiEmsemT 55RO Lk
difficult to simulate. KIH - HHEF DR —igmisi £) structures.
e P We tested this method in a 12 m reach of upper Aono River and explain it below.

Simulating Mountain Streams Using High-Resolution Topographic Data

Quick and Dense Stream Measurements Analysis of the Reproduced Flow Field
Topographic Measurement Using LiDAR and Leveling Survey N e Elevaton. Water Leve and EnergyLne_ CT 05526 CtiON Along Streamline
Field observations were conducted in a 12 m reach of the upper Aono River. Above-water I ¥ s3 T satiomincowss| The streamline crosses the

Bed Elevation L80-W40

—wermeowo || fOUr target steps (S1-S4),
2 VterLove 40 W20 ! >
S4  oopeeasne | with background shading
mesiioms | showing water depth. Bed
elevation, water surface
elevation, and energy slope
were compared along this
line for the three survey-

| density cases.

terrain was measured by smartphone LiDAR, while the underwater streambed and water
surface were measured by high-density leveling survey. 02
(a)

Elevation [m]
)

6 8 10 12
Distance along streamline [m]

Compare simulated and observed water surface elevation distributions

(a) L20-W10 (c) LBO-W40

T ia : (a) L20-W10 (high observation density)
of o - 0 (b) L40-W20 (medium density)

Nl *‘\‘% 4 - W\ - (c) LBO-W40 (low density),

I P PR s e le e

5 (d) results from leveling survey

Yim)

Upstream Downstream
@Fle mmmmX-aisficiope  ases Yoou = = = Step locations , oiouze (0 omerve st .
[E=——— Fig4-5domain Cross-section with velocity observations e jom “, ! - ‘\\ .‘;1\\\\\\ Ve
Overview of the coordinate-setting method for riverbed topographic surveying §7“’ 1 ’“ " I ‘||!'§i\\\“\.\\ \\\\.:‘ )-n‘“\“\‘k\\ High v 33cm

We measured both the streambed and water surface at about 1200 pointsina 12 m x5 20 2 W \es and Medium X 4.2cm

m stream reach. Using 10 cm spacing in cross-section and 20 cm spacing along flow line, e T T Fow *S9En
the survey was completed in only 2 days (~10 hours)
Testing Different Measurement Densities Errors are smaller with high-density measurements

. . . * High-density topographic data (a) L20-W10 (c) L80-W40
To evaluate how manual survey density affects the simulation results, We tested three -

L . ) N reproduced the observed water 1
manual survey densities: L20-W10 (high-density) used 20 cm x 10 cm spacing, L40-W20 depth with an RMSE of 3.3 cm

gr(r;edlum d‘ensuy) used 40 cm x 20 cm spacing, and L80-W40 (low density) used 80 cm x < Errors increased as survey density E
cm spacing.

become lower (epecially for L40-

W20, L80-W40).

High-density measurement is important
in mountain streams simulations.

¥ (m)

Reproduce Flow Field Using Hydraulic Model
LiDAR and leveling survey data were combined to build a
high-resolution 3D topographic dataset. This dataset was
used in the iRIC/Nays2D model to simulate 2D flow.

Global Hydrology Group / Yamazaki Lab hitp://hydro.iis.u-tokyo.ac.jp

https://global-hydrodynamics.github.io
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Preventative WASH management through citizen science in the province of the Philippines

RKERS (WIFHEE - BHE)

MEBERCRKBH

TA)E A TIITRENHELRBERE?SL, TNITLAL AT AT LKCEBHICHRT LN TS 850 - B O
EBALK - HEBEEEDAONDT —INRRETEHAE T, PO TLAI0RELTHSEEEITIE, WEREN R KETEHL T
STHY, FHNERNIHLVIRRIZH S, MNEFO AR LRAETH, URELEK- BRYCTILERET I8 TICE AU EA T TERL
D ETIED, BE, BENEVWT —IRELFTRETH 2., 22 THARRHETRAM L SN EINN S 53 CEMEL OB ITK
BET, A= 7427 ) r—va G2 FALATRMFNCHAELHE TS EITV, FREIEOWASHIRIEEE * RT3,

MWASHY X :Water, sanitation and hygieneDBE T, Z 2 KANDTI LR, ML OZRE, BETE -HELRLCERALTUYDITRE
ElHITEFrEi-tnRBBYRENEF T2 2 BAIL LT\ 5, (UNICEF, 2016)
XPRBBLEFTRAT D TATREDFEEMRSERL > THET — I DREX I -> TS, ARA BB TREZ LT
ETCH5, (FHRTETEH S0, 22 TIESilvertown (2009) R1E~ AL (2016) LY E LR - EH)
FEROKF ARRI - 1TEOLRVABT L KERENE ISR EN DN
EROZRBRIKFNA L THN ST L L TR, FATERKDFTLREEILTWEIBENHS

-3 0 (a) Using a plastic pipe utlet for a well pump (N=3) _
g $ - _ &0 B RN P K& KA ATE (A)
- =T==1 £, B e winerme (0) BRKLTHANDTSRF V7 AT DRE
. G wovs on o () WEETOLI—ELTRAA T IcRE
'g w L o = ! (CFU/mL) (CFU/mL) (C) HEKEBAD/ N YIEFH TH SR F] A

ok ST = 3 i e C ERDESELBVBAL T SRAKO—HT

N e g : RIS BB MRS,
2 ‘ £, £ o ; CFSE, v —, AR, REICE->TIIRAKYL
[% 200 i 5 ssg - ¢ WEltl;Z;:ta cloth filter . wgr;;/_:loch filter . THAIN, BRERLZVWHBEKIZZLDH T
e mOji o ¢ | Saw g Coliform 0-10_Colifoim 0-TNTC LWTRBRABLURGRABSRE, MEMTRE
. wi I _L 'Ua =~ e = i (CFU/mL) (CFU/mL) EE%EM
i o e o e el « @EETLI—DRE (b) X/ VTV TORE (c)
‘ 12 doT, KIBEI Y ARSEBEKS 0,

WES K FEE R, ARNOKMAL E

72T, KT ERE : N —s RN
e - 8 Original well water Water in a bucket %%’E%gﬁﬁ_ﬂ L’ ‘7"‘9:,‘:‘{-75 Z;ﬁ’gﬁ%ﬁu’c,

ﬁﬁ”ﬁ:ﬁk;}ﬂ( (BRAKL L'(E%/\, HEKEZAET E. coli 0 E coli 0-TNTC = . NS - 4
RIBLERA), ¥R K, BLUHF K | oot 30 iom__somie RATERETH B (T1—YE)T1) LI TIRY,
‘ BRTEZS (772—9E) 70 %

PHRE KR, pH, EREER (EC) , RIBRE M
(TDS), KiGH, KiGE

m—;"s—-%#(D:\’—«an’cﬁ%T%ﬂJm%L BB EIR FH EDIRET
FENDFY/T+—v2 U %,%H’%WASHE-i“Li NILGKR (FEEL) CAILEGR(ZERY) TENEIN TS

. *
s i Ta;rHandwash | _..-m Sou

Refillable one- gollon water boughf from local companies
Drmk
exclusively for drinking and cooking.
Water that is pumped up from groundwater and stored in
Tank a stainless steel/plastic tank. Water is supplied to a

KFBHEE—FEITEZ TN,

‘‘‘‘‘‘‘

faucet using gravity.
Tap- Water from a faucet exclusively installed in a = . . -
Handwash handwashing area for students. I . R
Water from a faucet installed in o kitchen, garden, etfc. ¥ @ £” N
Tap- . . . 7
for washing dishes, watering plants, and any other 8
General o
activities. ) )

< Washroom Water stored in a bucket in a washroom.
g Well Groundwater that has been pumped up.

| REHZ: 7T MR ILER LA ILER T LE6IE
HOKGF>TILEREL, KEDOIERELLE
SHMB KR, pH, EREEE (EC) , WEMRBELY

L (TDS), KigH, KiGHE B K
NUBRTIIFENFRVRAICHERTSKEKRS, LTI -5 9/77J<fwojiﬂ%ﬁb R
NILERTIIZEBRBZORRIN P, RO EHCBERDEAAENMT VTR,

| FE-RECRBORBAEICLY, I~ FR~EAL NILOWASHEIRKNE T —#IE LTV,

Washroom

Tap-General

2T A TIACHH DRAEO LI FRBRB K BREE 773y TOER
mttmﬁmiﬁrlkﬂfuﬁh‘ HIBDKBRIE)RIMK e A D BLLTIRABIUHTES

Anything that is harmful to people/environment?
What can we do about those hazards?

#Please just imagine to protect your family.
##1t's ok if it’s NOT scientifically correct. Funny ideas are welcomed.

Examples from my students in Japan:
|. No garbage separation

- Make a video to show how to. ; . L& S (2024) pBARLE-BRRAREET) I —
2. Road is not flat, my grandma will get injured. LD %ﬁ

“>Make a robot to repair the road. * - 2. w)LTs \ﬁg_ S to\/7°1lﬁﬁf,®1@/\'7—7
>Ask my grandma to go to the gym. \. 3. PIN—TF4ZRHvarr Ly F—ay

We will use this for research purposes. < N Sfa N s
’So.pleasedoNOTputpersonolinfo. ‘ TR A>I— 2y Ffﬁiﬁﬁ‘ﬁ<’f:€)1 ?573_/%%
HART—REITE LTV,
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How can we simulate the complex water flow in continental rivers?
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High-resolution & high-accuracy global topography datasets
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