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Background: role of hydrologic modeling in FIRO

Weather/Climate Hydrology Engineering/App
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CW3E Hydrologic Monitoring/Forecasting: Basic Framework
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CW3E Hydrologic Monitoring/Forecasting: Forcing Data Engine
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CW3E Hydrologic Monitoring/Forecasting: Forcing Data Engine

Reanalysis + Reforecast (Hindcast) NRT Monitor Short Fcst Seasonal Fcst
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Dataset Res Freq Domain Period Latency Format Sub-folder
NLDAS-2 0.125° hourly CONUS 1979- 3-4 days Grib-1 nldas2
HRRR 3 km hourly US 2021- hours Grib-2 hrr
Stage-IV 4 km hourly US 2002- realtime: hours Grib-2 stage4
archive: 10 days

PRISM 4 km daily US 1979- provisional: 1 mon NetCDF  prism

recent: 6 mon

WestWRF 9 km hourly WUS 10 days lead hours NetCDF  westwrf
¢ CCA 4 km monthly CNRFC 6 monlead 5 days NetCDF cca
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CW3E Hydrologic Monitoring/Forecasting: Forcing Data Engine

QPE improvement (work in progress):

* Hourly gauge-based estimates with site
QC

« Sampling bias

» Orographic

* Snow undercatch

* Freezing level (precip phase)
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CW3E Hydrologic Monitoring/Forecasting: Reanalysis

Comparison with monthly unimpaired flow 1979/01-2020/12
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CW3E Hydrologic Monitoring/Forecasting: Reanalysis
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CW3E Hydrologic Monitoring/Forecasting: NRT Monitoring
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CW3E Hydrologic Monitori
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CW3E Hydrologic Monitoring/Forecasting: NRT Monitoring
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CW3E Hydrologic Monitoring/Forecasting: Forecasting
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CW3E Hydrologic Monitoring/Forecasting: Forecasting

EnKF

EnKF state update 1s a weighted sum of inputs:

i@ =’ — ! (i)
X X, _I_,Kt(Zt Htxt )
=wx' D +wz
x 1 z 1

x':  prior estimate (ESP)
x"' @ posterior estimate (merged)

z: additional forecast info

How to determine weights: if CCA forecast explains 7 of the variability, then the combined (fused)
forecast ensemble should have its spread reduced by 72, therefore:

w=1-r and w=r’
\ 13



CW3E Hydrologic Monitoring/Forecasting: Forecasting
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CW3E Hydrologic Monitoring/Forecasting: Forecasting
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CW3E Hydrologic Monitoring/Forecasting: Forecasting

Monthly monitor/forecast updates:
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Data-Driven Alternative Modeling: Machine Learning (ML)

Machine Learning: statistics on steroids Runoff Hydrology:
* Any inputs, any predictive connections, ¢ Many processes at many spatial and
any functional relationships, exhaustive temporal scales — what matters at what

extraction, ... time/location/scale/circumstance?
« Requires data for training, over-fitting, = * Low dimensionality: watershed runoff is
curse of dimensionality, ... the primary target)
» Lack measurements to verify assumed
physical processes

 Still need tuning against data

N
|

. Are you sure? Can you verify?
\é, Why so dependent on training?



Data-Driven Alternative Modeling: Machine Learning (ML)
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How we’re trying to improve inflow modeling:
* Data
 Better QPE/QPF (orographic, undercatch, sampling bias, phase, etc.)
 Long-term consistency (bias correction, data-driven approaches)
* Modeling
 Physical process based modeling (at fine scales)
 Data driven modeling like ML (at watershed and daily scales)



Data-Driven Alternative Modeling: Machine Learning (ML)
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Ming Pan:
 Lead hydrologic modeling/forecasting research at CW3E since 2021
» Background in hydrologic modeling, remote sensing, data assimilation
» Research scholar at Princeton University before joining CW3E
* PhD in hydrology from Princeton University (2006)



