Toward Optimal Rainfall ¢ Hydrologic Correction of Precipitation to Close the Water
Budget in Headwater Basins

by

Mochi Liao

Department of Civil and Environmental Engineering
Duke University

Date:
Approved:

Dr. Ana P. Barros, Advisor

Dr. Wenhong Li

Dr. Andrew Bragg

Dr. Nathaniel Chaney

Dissertation submitted in partial fulfillment of
the requirements for the degree of
Doctor of Philosophy in Department of
Civil and Environmental Engineering
Duke University

2023



ABSTRACT

Toward Optimal Rainfall + Hydrologic Correction of Precipitation to Close the Water
Budget in Headwater Basins

by
Mochi Liao
Department of Civil and Environmental Eng ineering

Duke University

Date:

Approved:

Dr. Ana P. Barros, Supervisor

Dr. Wenhong Li

Dr. Andrew Bragg

Dr. Nathaniel Chaney

An abstract of a dissertation submitted in partial
fulfillment of the requirements for the degree
of Doctor of Philosophy in the Department of

Civil and Environmental Engineering
Duke University

2023



Copyright by
Mochi Liao
2023



Abstract

Quantitative Precipitation Estimation (QPE) is crucial in hydrology and water
resources research and applications. QPE remains the most pressing challenge due to the
lack of highresolution precipitation measurements amd, inconsistencies among
measurements across a wide range of hydrometeor sizes (e.g.; six order of magnitude from
haze to raindrops) and large measurement uncertainty that is technology dependent (e.qg.,
disdrometers, rain gauges, radars, satellite versusingbased, etc) and often
precipitationregime dependent as well. This is a more significant issue in complex terrain
because rain gauge networks are not adequate and radar measurements suffer from retrieval
algorithm uncertainties and observing geomeitryfacts that result from operations to
avoid ground clutter effects. In models, QPF (Quantitative Precipitation Forecasts) result
from incomplete model physics and physical parameterizations, coarse resolution that
cannot capture storm dynamics and oapdpic flows, as well as uncertainty in boundary
conditions. Therefore, QPE products are often associated with very large iarrors
mountainous regions. This is known from water budget analysis of hydrological prediction
at watershed scales that show ladjecrepancies between simulated and observed
hydrographs.

The overarching goal of this study is to investigate the spatiotemporal structure of
QPE error in observational data sets and develop a pHyessesl methodology to correct
QPE with the goal of mimizing water budget closure errors in headwater basins from
eventscales to the annual cycle. Traditionally, water budget studies estimate streamflow

as an integrated residual, and the estimated streamflow is compared against streamflow



observations to qntify the closure error. Statistical QPE error models on the other hand
rely on statistical assumptions about the underlying statistics and in the casedvivaaia
models lack the physical underpinnings that are needed for predictive studieswbrkhis

QPE error is estimated as a dynamic residual using a distributed hydrology model. The
underlying hypothesis is that the discrepancies between simulated and observed
hydrographs result from the convolution of hydrologic processes with rainfall doacic
therefore it is necessary to deconvolve QPE errors in space and time to develop robust
guantitative error models for correcting QPE. The principal research objective to construct
a general framework for predictive QPE error modeling in complex nerfais research
leverages IPHEX (Integrated Hydrology and Precipitation Experiment observations) in the
Southern Appalachian Mountains. Understanding stefgendence and missing physics

in the hydrologic model used for deconvolution is necessary towgmbving QPE error
estimates at multiple scales for both hydrologic operations and hydroclimatic studies, and
this is the third objective of this research. Presently work has been completed for
operational prediction of flood events in headwater basitisarSAM. Efforts currently

are directed to error modeling regionalization and extension to seasonal and annrual time
scales.

In the first part of this work, Stage IV (STIV), a commonly used combined-radar
raingauge NOAA product, is utilized to derive aereince precipitation product for the
SAM by merging IPHEX raingauge observations. The merging process consists fractal
downscaling for STIV data, bias correction, and geostatistical mapping techniques. In
addition, hydroclimatic corrections to capture thernal and seasonal cycles of observed

rainfall, and in particular the contribution of light rainfall (Liao and Barros, 2019).



Hydrological simulations are conducted to assess the hydrological performance of the
optimally combined QPE data show signifitdiscrepancy between simulated streamflow
and United States Geological Survey (USGS) streamflow observations. To resolve this
problem and close the water budget, a Lagranb&sed backtracking algorithm was
developed to deconvolve the signature of hyalym processes and estimate the siige
dynamics of precipitation error that contributes to the streamflow error. This inverse
process is hereafter referred to as Inverse Rainfall Correction or IRC. Hydrologic
simulations using IRC corrected QPE exh#ignificant improvements in Nasbutcliffe
Efficiency (NSE) scores at hourly timescales that are dramatically increased from less than
-0.5 to above 0.6 on average. Error attribution suggests that these hydrologic errors in QPE
data are conditional on mipitation regime, and specifically separating cold and warm
season processes. In the second part of this work, it is demonstrated that a predictive QPE
error model can be derived from the climatology of derived IRC errors. Specifically; Multi
Layer Percptron (MLP) network models were developed and applied to the 57 largest
floods in the Cataloochee Creek, a USGS benchmark watershed, from 2008 to 2017. The
results demonstrate a significant improvement in hydrologic response as the average NSE
is improvedfrom -0.4 to 0.5 consistent with the physicatlgnstrained IRC results.
Presently, the focus of ongoing efforts is on the regionalization of this approach with
emphasis on expressing deconvolution kernels in terms of geomorphic parameters,
precipitation egime, and eliminate systematic biases associated to measurement system
operations.

Simulatedhydrographs show that the rising limb is too early in almost every event

independently of storm regime and initial conditions. This behavior remains when the
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spdial resolution of the model increases85m. This error is embedded in the travel time
distributions used in the IRC, which imposes spi@oe errors in the rainfall corrections
resulting in excessive corrections along the stream network and overalbfstafnfall
toward the beginning of the eveurther analysis suggest that unrealistically saturated
river channel pixels cause rapid rising limbs and a Hillsisgeamway Connectivity
ParameterizatiofHSCP)is used to separate river channels from fiixels. Resulting
hydrographs are characterized with an improved rising limledyaing timing error by 2
hours, suggesting a need to investigating matieictureerrors proving to have great
impacts on hydrological simulations.

Model structure errocomes from a wide variety of sources, including but not
limited to model resolution, and smaltale physics parameterization. In the third part of
this work, the effects of model spatial scale and-gud physics parameterization on
hydrological simuldbn are analyzed. In hydrological modelifggherspatialresolution
does not necessarily produce better hydrological simulations against streamflow
observations due to the limitation of understanding and parameterizingssalalphysis.

It is true tha sub-grid physics are usually parameterized or not represented entirely at
coarse resolution in hydrological modeling and thus its effects on simulated hydrological
processes are not fully understood. This is especially the case in the streamway and along
the riverbanks where hillslope processes interact with river processes. After extensive
analysis, it is hypothesized that the rapid rising lané at leaspartially contributed by
inadequate representation of riverbank and floodplain storage, andtbatorssult from

poorly constrained barkill conditions, hereafter referred to as dynamic RiBank

Storage (RBS)A new RBS parameterization is developed argliminary results from
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this study suggest thitcan effectively delay streamflow traveiie forapproximately2
hours, which is significant as flash floods usually occur within a few hours after extensive
precipitation in mountainous regiarihe final component of the research plan is to assess
and improvemodel physicsn the hydrologic mode and to characterize the impact of
improved hydrograph simulation skill on QPE error modeling.

In the future workthe structure oQPE error modelslerived from the DCHM
incorporated withHSCP and RBS parameterization will bealyzed, and QPE error
models will beusedfor operational forecasting ithe Great Smoky National Park located

in the SAM.
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1. Introduction

Quantitatve Precipitation Estimates (QP&reessential for all water research and
applicationsln mountainous regionkjgh-resolution point measurements (e.g. raingauges)
are limited because of budget constraints and hard to access, while radar performance is
greatly influenced by the complex taim (e.g. high mountains and treem)d thugposes a
significant problem when it comes to estimating precipitation in the mountains. With the
rapid development of spatmsed and grourAdased radars, QPE has become widely
available in the last three deesd However,adarbased QPE imountainous regionegre
yet to be fully understoodespite continuous efforts to calibrate and improve radar

products using more sophisticated approaches as descri@@thimy, et al., 2016)

Errors in radatbased QPE come from multiple sources including hardware
calibration, retrieval uncertais and measurement limitatioffnagnostou, et al., 2001;
Borga & Tonelli, 2000; Nelson, etl., 2010; Prat & Barros, 2010a; Steiner, et al., 1999;
Villarini & Krajewski, 2010) On the other hand, errors in raingauges are usually
constrainedo a limited amounf maintained regularly. Therefore, merging raingauge data
and radabased QPE hdseen widely used to obtain optintagh-resolutionQPE data sets
(Tao & Barros, 2013; Sideris, et al., 2014; Seo & Breidenbach, 2002; Seo, et al., 1990;
Krajewski & Georgakakos, 1987; Seo, et, &018) One complication is that radar
measurement error are highly nstationary in pace and time because of issues
aforementionedArulraj & Barros, 2019; Wilson & Barros, 2014; Duan & Barros, 2017)
This isoneof the reason thdimited improvement is achieved from global error model in

(Seo, et al., 2018)t is expected to be a more significant issue in the moundaieso



inextricable interactions among regigeaomorplology, local meteorology, and orographic
precipitation. Wide spatial coverage is the dotdalged sword of radar measurements. On
one hand, high spatial availability provides valuable precipitadetain places where
raingauges are lacking. On the othand, radar measurement is an indirect measurement
of precipitation converting radar refledtir to precipitation estimateby averaging
reflectivity profileswithin the radar resolution. Therefore, uncertainties and errors at sub
grid level are not knownT o address the resolution issue anlihk radar pixel to raingauge
resolution downscaling techniques have been widely used over the past few detades

to mergingradarwith raingauge datan this proposal, fractal downscaliiBindlish &

Barros, 1996)is used todownscale rainfall to finer resolution before merging with
raingauge data. It is worth noting that fractal downscaling is based on the assumption of
spatial seHsimilarity from coarse scale to fine scale, tisteatistical properties at coarse
resolution are preserved at high resolution. Since fractal downscaling process is stochastic,

no calibration is required.

Studies have shown that gawugmrected QPE data can produce errors in
hydrological responses despitewnscaling and bias correctitimat have been carefully
done.In this proposal, the errors associated with hydrological responses are referred to as
hydrologic errors. To address these errors, we propose and demonstrate in this proposal a
hydrological corection of QPE that relies on hydrograph analysis to link spatiotemporal
rainfall structure and the observed temporal evolution of streamflow at the watershed outlet
usinga Lagrangiarbased backtracking frameworkhis process is called Inverse Rainfall
Correction (IRC) because errors are propagated from precipitation to streamflow while

precipitation corrections are derived from atrdlow. The goal is to derive QPE
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hydrologic correction fields for a large population of events ddammal on
hydrometeortmgy, which can then be used to develop diiaen QPE hydrologic error
models for general applicatiohe underlying premise of the proposed hydrologic
correction is thatQPE errors have a physical basis linked to weather, and weather
interactions withopography, and therefore erraodels can be generalized conditional on
the governing prapitation processed he proposed framework is applied to quantify and
characterizénydrologic errorsof two remote sensing QPE produfgsg. STIV, IMERG)

for largeflood events in the headwaters of the Southern Appalachian Mountaina ten

year period (2002017).

Using hydrologic error fieldderived for the large flood events from 2008 to 2017,
we proposea Physicallybased Atrtificial Intelligence (PAI) frameork consisting of a
weather regime classifier and a Q@tor model to understand the errors in various QPEs
products using machine learning. The weather regime classifier is based on Empirical
Orthogonal Functions (EOF) analysis from previol®C work, which suggested
significant differences between warm season precipitation and cold season precipitation.
The precipitation error model is a Multilayer Perceptron (MLP) that predias t
precipitation error using fiveommon characteristics of precipitatiements (e.g. basin
averaged precipitatiorventaveraged precipitationThe PAI framework is demonstrated
for warm and cold season precipitation in the Southern Appaladviountains (SAM)
using the 06 largest floods during 2008017 achieving large imppvements on Nash
Sutcliffe Efficiency (NSE) across most events with an average improvement of 0.75 for
warm season events and 0.42 foldceeason events. Corrected Q&&monstrate good

correlation at high elevation gauge locations. The probalfiitrga & Tonelli, 2000;
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Nelson, et al., 2010; Prat & Barros, 201@tribution function (PDF) of the predicted
precipitation errors generally follow a Gausslie distribution but varymoderately
across the seasons.éeThpatial distribution of errors indicates that basin geomorphology,
precipitation regime and QPEs errors are inextricably connected in complex terrain.

Results demonstrate tHaAl proves efficient in correcting hydrologic errors.

However,Hydrological bases (differences between streamflow observation and
hydrology model simulation) come from a wide ‘etyi of sources such as smsdiale
physics parameterization and model spatial resolutiorheadwater bassnlocated in
complex terrain, initial condibins and rainfall biases are known to have great itnpac
streamflow uncertaintiesThe initial conditions refer to the conditions of land surface,
namely soil moisture distributions. Despite the importance, accurate soil moisture
distributions are hard ot impossible to be known because of the lack of accurate land
surface descriptior(Liao & Barros, 2022pointed out that spadame discretization is a
significant contribution to unreasonable initial conditions. Sinceitiiferm discretization
is limited by the computational res@es (model resolutias 250m), overland flow caused
by the saturation of river network pixels would be significantly higher than what it should
be because river width is usually 2 to 10 meterthis region. As a result, the saturation of
river network pixels lead to extremely high rising limbs when next rainfall event comes,
which is observed in the results section in this work. To resolve this Bso&rsening
technique: HillslopeStreamwayConnectivity Parameterization (HSCP) is developed and
used at river channel pixels, effectively generatingguidb pixels at river channels. The
lack of pond representation also contributes to hydrological uncertainties. Satellite images

suggest that thBAM region is characterized with numerous ponds and oxbow lakes near

4



streams in headwater basins. This work also investigates the impact of these extra storage
units on hydrological simulation at different spatial scale. trAnsient storage
parameterizatinis added to the river network émldress the channpixel saturation issue
partially contributedby model discretization. From the physics perspectitransient
storage can attenuate the rapid overland flow generated from saturated \Mitkls.
transent storage parameterization, hydrological travel times are closer to real world
conditions suggested by better streamflow simulations. As a result, IRC artifacts are

significantly reduced.

1.2.Challenges and Motivation

Precipitationplays an essentiable in hydrology and water resources sciences.
Over the past two decades, sphesed and grourdased radars have made Quantitative
Precipitation Estimate (QPE) widely available. However, errors associated with these QPE
products are far from being fullynderstood especially in mountainous regidus to the
lack of direct measurements and significant uncertainties associated with indirect
measurementd.iao and BarrogLiao & Barros, 2019ganalyzed QPE errors in ground
basedradar data STIV in Southern Appalachian Mountains (SAM) and pointed out that
STIV contains significant latafternoon biases and climatological biases particularly
during cold seasons. The resulting product after bias correction demonstrates significantly
better agreement with raingauge measurements. However, hydrological response shows
large discrepancy against streamflow observafibia® & Barros, 2022)which illustrates
that a QPE product optimized at point scale might fudly capture the scale of
hydrological response. They proposed an inverse error modeling allowing error

propagation from streamflow backwards to QPE data based on travel time theory



originated from the inception of unit hydrograph theory more than 98 geg@(Sherman,
1932)to reduce remaining QPE errors in the already-boasected QPE product. Results
demonstrate that substantial errors are removed by the inverse error modeling. However,
even the bessimulated hydrograpltontains a rapid rising limb (seeigure 1-1 for
reference). It is worth noting that uncertainties in hydrological predictions stem from a
variety of sources including forcing (e.g. precipitation), parameter a&stim (e.g.
hydraulic conductivity), and model structural error (e.g. limited knowledge ofnesddl
processes), and many studies have addressed different sources of the hydrological
uncertaintiegMassmann, 2020; Renard, et al., 2011; Beven & Binley, 1992; Vrugt, et al.,
2008; Tao, et al., 20167 simple concept drawing of hydrological processes is shown in
Figure 1-2. In this work, it is assumed thparameters used in the hydrological model have
minimal uncertainties considering generally good hydrological performances in the
previous studiegTao & Barros, 2014; Tao & Barros, 2013)herefore, in this work,
besides precipitation errors, the impacts of model structural error on hydrological response
are also investigated. Specifically, two aspects of the model structural error are analyzed:
model resolution and sudrid physics parameterization the context of ydrological
modeling, sulgrid physics are likely to be poorly parameterized at high resolutienenr
entirely neglected due to the limitation in understanding ssaalle physics. Nevertheless,

the motivation comes from the initiative of hyperresolutland surface modeling in
terrestrial watefWood, et al., 2011along with the comment on that arti¢Beven &

Cloke, 2012) where these authors described the importance of high resolution modeling

and corresponding physics process representation.
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Figure 1-1. An example of hydrograph and its components.
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Figure 1-2. A conceptual drawing of hydrologitprocesses.

1.2.Research Objectives and Hypothesis

The overarching goal of this proposal is to reduce hydrologic errors in QPE data
and close the water budget at evstdle in headwater basins (with drainage area less than

200 knf). The specific reseeln objectives are as follows.

Research Objective 1- To develop a physicalipased framework to improve QPE

estimation in mountainous regions aiming to close the water budget in headwater basins.



Hydrologic modeling studies have shown that gacmgeectedradar QPE data
produce hydrological response despite bias correction and optimal merging of gridded and
point observationgLiao & Barros, 2022) These errors associated with hydrological
response are referred henceforth asdlpgic QPE errors. Clearly, the specific nature of
these errors will vary depending on the hydrologic model. There are numerous studies in
the literature focusing on QPE uncertainty propagation, effectively linking QPE
uncertainty to uncertainty in modsimulations hydrological variables (e.¢Tao, et al.,

2016). Here,the hypothesiss that the large uncertainty in hydrologic prediction due to

QPE uncertainty can be addressed by expanding the universe of observatiaresibkat

to correct QPE by merging quality hydrologic observations that are strongly, albeit
nonlinearly, tied to QPE, which are generally available, and which can be used to constrain
basin hydrology at a fundamental level by closing the water budget, e view the
hydrologic model as one component of a comprehensive algorithm that aims to merge
observations from hydrological variables dependent on rainfall constrained by realistic
rainfall-runoff physics to improve QPE. For this purpose, we usetabdited hydrologic

model that has been implemented for headwaters in the Southern Appalachian Mountains
(SAM) without parameter calibration, the DCHM (Duke Coupled surfatesurface
Hydrology Model, (Tao & Barros, 2014) and rely on highquality streamflow
measurements at benchmark watersheds. A hydrological correction framework that relies
on hydrograph analysis to link spatiotemporal rainfall error structure and the observed
temporal evolution of streamflow at the watershmdlet using a Lagrangidmased
backtracking technique was developed and demonstrated. Errors in streamflow simulation

are propagated backwards along water travel trajectories to precipitation. This process is



referred to as Inverse Rainfall CorrectioR@). The premise of the proposed hydrologic
correction is that QPE errors are associated with local hydrometeorology, and therefore
error models can be generalized conditional on the governing precipitation regime. The
IRC framework was applied to quantiéyd characterize hydrologic errors of two remote
sensing QPE products (e.g. STIV, IMERG) for large flood events in the headwaters of the
SAM over a teryear period (2002017). This work was published in Remote Sensing of

the Environment (Liao and Barrd¥)22) and is described in Section 3.

Research Objective 2 To develop a regional QPE ernorediction model foheadwater

basins.

The working hypothesisis that IRC climatology can be used to develop a
generalizable QPE error prediction model. Usirgylilgdrologic error fields derived from
large flood events in the terear period, a Physicalyased Artificial Intelligence (PAI)
framework consisting of a precipitation regime classifier and a QPE error model is
constructed for general applications (exgngauged basins). The precipitation regime
classifier is built on the error climatology from previous IRC work, which suggested
significant differences in QPE error patterns between warm season precipitation and cold
season precipitation. The predictranfall error model is a Multilayer Perceptron (MLP)
that generate precipitation errors using five common metrics of precipitation events (e.qg.
basiraveraged precipitation, eveateraged precipitation). The PAI framework is
demonstrated for warm and doseason precipitation in the SAM using the 57 largest
floods during 20082017, achieving large improvements on N&slicliffe Efficiency
(NSE) across most events with an average improvement of 0.22 for warm season events

and 1.2 for cold season events.|RArrected QPE demonstrate good correlation at high
9



elevation gauge locations. The probability distribution function (PDF) of the predicted
precipitation errors generally follow a Gausslike distribution but vary moderately
across the precipitation neges. The spatial distribution of errors indicates that basin
geomorphology, precipitation regime and QPE errors are inextricably connected in
complex terrain. Results demonstrate that PAI effectively reduces QPE errors and therefore
can be generalized fdwasinspecific applications. Arulraj and Barr@&rulraj & Barros,

2021) demonstrated the importance of systematic QPE errors introduced by radar
operations with some storm regimes sampled more often and more completelyhéran o

due to the need to reduce grotaoidtter. Elucidating and modeling the impact of observing
system operational errors on IRC climatology is ongoing work. This work is summarized

in Section 4 and isurrently under peer revie(iziao and Barros, 2023).

Research Objective 3 To generalize the QPE error model and nowcasting utility of QPE

by reducing hydrologic uncertainty.

Many event hydrographs simulated using QPE corrected by the PAI error model
exhibit rapid rising limbs (up to 3 hours faster thaseations). It is worth noting that
hydrological errors (differences between streamflow observation and hydrology model
simulation) come from a wide range of sour@@sark, et al., 2008,; Beven & Binley, 1992)

In headwater basins, extensive research has shown initial conditions and rainfall bias have
great impacts on streamflow uncertainties. The initial conditions refer to the conditions of

land surface, namely soil moisture. To reduce the impact of initial comslitithe

hydrologic model is run repeatedly (model spm) in the period before the event of

i nterest unt i | the simulated streamflow at

practice, after the first series of IRC corrections are developed, e for initializing
10



the model should be correct and the process restarted until there are no further changes in
the IRC. Note that due to complex unconstrained optimization algorithms, artificial timing
errors can be introduced by QPE algorithms asudised in Section 4 for the case of two
QPE product derived from the same radar measurements at different temporal and spatial
resolution. In this work, we find that despite significant improvements in hydrograph
predictive skill through the hydrologic IR@ersistent errors in the timing and steepness

of the simulated rising limb of the hydrographs (leading edge of the flood wave, or flood
front, sedrigure 1-1) remain that cannot be addressed by improving imtiatlitions. The
hypothesiss that these errors can be attributed to structural model errors, specifically the
missing sukgrid scale physical processes such as temporary hydrologic storage, release
and routing that are amplified by discretization (Liaal &arros, 2022). Birkhead and
JamegBirkhead & James, 2002pupled a dynamic bank storage parameterization with
Muskingum river routing and found rapid flood front can be delayed®y@urs. In this

work, a new parameteritian of river bank storage (RBS) is proposed aneksented in
Section 5. Hillslope and channel pixel connectivity is improved via a space coarsening
technique applied at river channel pixels to address the rapid rising limb partially
contributed by the uealistic saturation of entire river pixels, whose dimensions (i.e. model
resolution) are drastically larger than the width of real channels in this region (<20 m).
Upcoming work will focus on examiningolw improved model physics and model
discretization dect hydrological travel time distributiondRC climatology and the
architecture of the QPE error model derived from imperfect model physics and coarse

model discretization.
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The structure of this dissertation is organized as foll@®spter Error! Reference
source not founddemonstrates thgpatiotemporal error structure of a widely used radar
based QPE product StagelV by validating against IPKRtegrated Hydrology and
Precipitation Experiment(Barros, et al., 201§)raingauges. Subsequently, a-yiar
optimally radargauge merged QPE product is developed by removing radar biases at both
diurnal scale and climatological scalRelevant techniques to reduce biases are also
discussedn this chapter The outcome dataset was published in Duke Data Repository
(Liao and Barros, 2019 Chapter 3 proposes annwverse error correction framework
(Inverse Rainfall Correction, or IR@iming to reduce QPE hydrologic errors (Research
Objective 1)from waterbudgetclosure perspectiviey backward propagating streamflow
errors to precipitation errar§his chapter was publishedRemote Sensing of Environment
(Liao and Barros, 2022 hapter 4 describes the architecture ohaw QPE error model
built from a taxonomy of IRC errorsnabling automated QPE error correction based on
common rainfall metrics (Research Objective Bhis chapter is submitted td/ater
Resources ResearclChapter 5 aims to address some of the barriers in developing
hydrologially meaningful QPE (1) to assess flood front error dependence on model
discretization; (2) to implement a sghd scale RBS parameterizati@md hillslope
streamway connectivity parameterizati@¢B) to examine the impact of model resolution
and RBS pameterization on water travie distributions and IRC; (4) to derive new
IRC climatology and assess the impact of improved model physics on QPE error
predictability Chapter6 summarizes the major contributions of the dissertation and

provides insightsin future research.
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2. Error Diagnostics of STIV precipitation in the SAM

2.1. Introduction

Fresh water supplied by river is critical for mountainous regions. However, excessive
precipitation cause many hazards such as flash floods in remote areas.floddicty is

the predominate cause of death associated with natural disasters in the Unite@8tates

& Tapsell, 2000) Therefore, it is essential to monitor and predict flodd@dsnerally,
accurate estimates of precipitatiprovide key information to floodselevant assessments.
Hydrologists and meteorologists have made significant effotésdevelofing accurate
Quantitative Precipitation Estimates (QPE) over the past few decades. Even with the best
efforts toward improvingQPE quality, there still exists great degree of errors or

uncertainties.

Raingauges are widelysed to measure precipitatiand are considered as reliable QPE
references in many researche®wever, raingauge network isimited resourcen the
mountairs due to its hardccess. As an alternative, radar has been widsggito estimate
precipitation in the mountains. Due to various issues with radar (e.g. topography, radar
operation, retrieval uncertainties), significantly ers remain in the rada@PE dataln
thissectionof the proposal, a merging technique is described to optimally merge radar QPE
data with a raingauge network in Southern Appalachian Mountains to explore the error

distribution in radar QPE and to further improve the qualityadar QPE

2.2. Data Description
2.2.1. STIVPrecipitation Data

The NCEP/EMC (National Centers for Environmental Prediction/Environmental

Modeling Center) StagelV is a QPE product from the National Weather Service (NWS)

13



derived from the regional hourly aréhour multisensor (radar + NWS raingauges)
precipitation analyses (MPES), which is further improved with new analyses from River
Forecast Centers (RFCs) over the conieoms United States (CONU®)in & Mitchell,

2015) Due toground clutter effects and uncertainty in retrieval algorithms, StagelV data
sets have significant biases and errors in rainfall detection in mountainous regions as
previously stated. In this study, the PMM ground validation raingauge observations from
the southern Appalachians are used to correct StagelV. There is limited access for
independent evaluation to hourly Multiresolution Multisensor (MRMS) combined radar

and raingauges QPEs at 1%{#hang, et al., 2016juring the PHEXx IOP.

2.2.2 Raingauge Network

A high resolution raingauge netwwohas been in operation in thewhern Appalachian
Mountains(SAM)si nce 2007 in support of NASAOGs Pr e
(PMM) program ground validation activiti¢Prat & Barros, 2010aAlthough the total
number of gauges in the network has changed over time, a baseline network with a
minimum of 34 raingauges has been maintained in the Pigeon River Basin oveyés 10
reference period from 202018, occurring before, during, and immediately after IPHEx
(May 1 to June 15, 2014). A map of the baseline raingauge network with individual gauges
identified by numbers is shown lfigure 2-1, and detailed geographical coordinates of the
gauges are lied in Table 1. Typical raingauge measurement errors include deposition of
dust or foreign materials on the funnel surface that affect its wetting properties, clogging
of the piping and mesh filters that can occur in between maintenance visits, wingl, effect
and representativeness errors related to the location and density of the network. Turbulence

that develops under strong wind conditions decreases the number of raindrops that are
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captured by the gauge resulting in underestimation errors on dlee of 2-18% as
suggested ifWang & Wolff, 2010) The raingauge network is visited at least thrice per
year and careful maintenance is conducted including cleaning the raingauges and their
surroundings, and esite calibration to maiain operational errors below 3%. Although it

is difficult to identify and correct errors due to wind the rigorous maintenance protocol
provides assurance of the quality of the raingauge measurements overall. Locations with
strong winds in the IPHEx domaare not within the region selected for developing the
reference product, although such instances may occur. In this work, hourly rainfall
measurements are utilized to adjust rdosed QPES. igitu raingauge data are publicly
available and can be found at

http://dx.doi.org/10.5067/GPMGV/IPHEX/GAUGES/DATA301

2.2.3. Study Area

The Southern Appalachian Mountains (SAM) chosen as the study region because of
extensive studies done in the peegarding this area such as the Integrated Precipitation
and Hydrology Experiment (IPHEX), a grouadlidation field campaign in support of the
Global Precipitation Measurement Missi(Barros, et al., 2014)A high-density hidp-
elevation network of raingauges has been established for 15 years in this region. Previous
research using ground observatigWélson & Barros, 2014; Duan & Barros, 2017gve
demonstrated that there is substantahplexity regarding the precipitation regimes in the
SAM. One headwater basin with a history of landslide activity is selected for this study:
the Cataloohee Creek Basin (CCB, 128 kmP)etails of basin properties can be found in
(Tao & Barros, 2013; Tao & Barros, 2014 addition, a new data set generated by

merging raingauge measurements and operational Next Generation Weather Radar
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(NEXRAD) system observations in this regiinao & Barros 2019)is available and is

being used to derive a hydrologicattgrrected QPE data set as described in previous work
(Liao & Barros, 2022)The goal of the present study is to address the remained questions
in (Liao & Barros, 2022and to analyze the errors of various QPE datasets in SAM and to
develop a QPE error prediction tool for where observations are lacking such as in complex
terrain. The hydrologic model is the Duke Coupledatesubsuface Hydrology Model

or DCHM (Yildiz & Barros, 2007; Tao & Barros, 2013; Tao & Barros, 2014; Tao, et al.,

2016; Liao & Barros, 2022)

Network of Raingauges and Distrometers Elevation (m)
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Figure 2-1. Map of ground based observations. Locations marked by numbers only are raingauges; locations
marked by numbensreceded by P are disdrometers

Table 2-1. Index and coordinates for the raingauge stationkaeakin Figure2-1.

NO. Site ID. Lat. Lon. Elev. (m)
1 RGO001 35.39830 -82.91300 1156
2 RGO002 35.41750 -82.97140 1731
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11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

RGO003
RG004
RGO005
RG008
RGO010
RG100
RG100T
RG101
RG102
RG103
RG104
RG106
RG109
RG110
RG300
RG301
RG302
RG303PK
RG303S
RG304
RG305
RG306
RG307
RG308
RG309
RG310
RG311
RG400
RG401
RG402
RG403

35.38460
35.36830
35.40890
35.38210
35.45640
35.58610
35.58767
35.57500
35.56370
35.55340
35.55490
35.43210
35.49560
35.54810
35.72653
35.70552
35.72135
35.58610
35.76295
35.67010
35.69150
35.74597
35.65163
35.73027
35.68297
35.70273
35.76507
35.70273
35.65163
35.72135
35.51777

-82.91610
-82.99020
-82.96460
-82.97360
-82.94680
-83.07250
-83.06468
-83.08820
-83.10360
-83.11790
-83.08800
-83.(2910
-83.04040
-83.14820
-83.21692
-83.25595
-83.24675
-83.07253
-83.16222
-83.18287
-83.13190
-83.17148
-83.19952
-83.18237
-83.15003
-83.12263
-83.14042
-83.12263
-83.19952
-83.24675
-83.10113

1609
1922
1520
1737
1478
1495
1485
1520
1635
1688
1584
1210
1500
1563
1558
2003
1860
1495
1490
1820
1630
1536
1624
1471
1604
1756
1036
1756
1624
1860
925
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2.3. Methodology

2.3.1.Bias Correction
The framework adopted for derivitige IPHEXRQPEL.1 product is summarized in Figur2

R etnl Event Bias

Stage IV Downscaling ’ Coneciion ‘ Kriging 1 ’ StagelV 5
(4 km, hourly) STIVD STIVDB

(1 km, hourly)
Climatology " StagelV pgyc

Bias Correction (1 km, hourly)

Figure 2-2. Workflow to generate climatological corrected QPE data

First, fractal downscaling was used to generate high resolution hourly Staatel¥m

from the original StagelV product. Downscaling to 250m resolution was also conducted
for modeling applications (denoted as Sg)VAlthough the 250m product was not stored

as part of the reference product, it can be generated at any time if needsd. Aft
downscaling, bias correction and Kriging were applied consecutively to modify the
downscaled Stageb/to Stagel\bek at the hourly timescale. The StageBék data were
subsequently evaluated against the raingauge climatology from 2008 to 2017, and a
climatology corrected version StageBkc was obtained to correct systematic radar

measurement errors conditional on rainfall regime.

i Eventscale

Collocated hourly raingauge measurements and downscaled StagelV estimates can be

related using linear regressios fallows:
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where'Y represents radar measuremeisrepresents raingauge observatienand
I are respectively the slope (conditional bias correction) and the intercept (systematic bias
correction). For each hour, collocated pairs of Stage®gtimates and raingauge
observations within a radius 0f= 5 km centered on the StagelWixel were identified if
more than two raingauges measured nonzero rainfall. In the first phase, regamal |
square linear regression was applied subsequently to all Stag®lgls. Assuming
homoscedasticity, bias correction was applied only to the StageXel estimates within

NG deviation (one standard deviydingscae) of t
1 Climatology

The second phase of bias correction aimed to eliminate the systematic bias identified
by comparing the diurnal and seasonal cycles to thge&f gauge climatology, which
showed how radar measurement geometry results in systetatdction errors depending
on rainfall regime, thus varying with tiref-day and season. Specifically, this relates to
missing shallow rainfall due to overshooting errors in the Southern Appalgétidra)

& Barros, 2017; Duan & Barros, 2017; Wilson & Barros, 20Er this purpose, the
following corrections were added for rainfall below and above a threshold X, where
X=2mm/hr in the Pigeon River Basin. When raingauge measurements are less than 2mm/hr
and Stagel\b estimates are nil, the StagelWalue was replaced by the raingauge
observations, here termed Light Rainfall Correction (LRC). Furthermore, for each hour, nil
Stagel\b estimates where raingauge measurements are greater than X=2mm/hr were

identified and replaced by the mean of the corresponding collocated raingauge
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measurements, hereafter Mean Rainfall Correction (MR@lly, when more than 2
raingauges measured rainfall, the anomalies for each pixel were spatially distributed using

Kriging as dscribed below Global Rainfall Correction (GRC).

2.3.2.Geostatistical Interpolation (Kriging)

The Ordinary Kriging (OK) estimator is a weighted linear unbiased estimator that
predicts (interpolates) values of a variable at a specific location usightesdased on
the spatial covariance structure of the variable assuming an unknown constant mean value
and minimizing prediction variance. In this case, the rainfall differences among raingauge
measurements and Stagekvat all raingauge locations werelaslated and denoted as
"Ow at gauge location i. To generalize the interpolation to any location within a domain
of interest, a continuous model to describe the covariance structure of the data is necessary.
A commonly used semiariogram model ishe spherical model, which exhibits linear
behavior at the origin. A review of different types of semivariogram models can be found
in (Li & Heap, 2008) (Mélicke, et al., 2018analyzed in detailhe differences of several
commonly used semivariogram models. They point out that, given the same variogram
parameters (nugget, sill and range), spherical models reach the maximum for
comparatively shorter gpial lags (see Figure 1 iiMalicke, et al., 2018) and thus are
suitable to capture strong spatial dependencies over short distances as in the case of
orograghic precipitation (see aldd/icBratney & Webster, 1986jor detailed description

of spherical model):

rQ 6 6 6 — -- ,0R Q Q )
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5,00 Q (10)

, (11)

(12)

whereQis the rangeQis the lay, 0 is the number of available gauge locations, and
0 andd are the sill and nugget values. Neglecting local variability and measurement error
at the spatial scale of the downscaled radar and raingauge (point) measurements, the nugget
is consant and equal to ze(®iggle & Ribeiro, 2007) The rainfall difference at a target

point % & & is calculated using a weighted linear combination of all available

differences with constraints of unbiased estomnat
g ® B Ow , (13)
B _ P, (14)

Optimal weights can be obtained by solving the following equation by employing

Lagrange multiplief :

o8 T p r
€ E € g & 8

Er s o (15)
p E p ™ ‘ &

In this study, OK spatially distributes the differences between available raingauge

measurements and radar data, which helps to generate modified radar rainfall fields
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2.4. Statistics of STIV Error Structure
2.4.1. Evaluation Metrics
Standard performance metrigdcBride & Ebert, 2000; Wang, 2014#)cluding bias,

the rootmeansquare error (RMSE), false alarm ral@'Y, probabilty of detection § Q)

threat score (Y)Y and Heidke skill score'@"Y)Yare used to evaluate the corrected
downscaled hourly rainfall. An instance when both radar product, R, and the observations,
0, exceed a specified rain rate threshold is claskiis a hit"Q); the estimate is classified

as a missy ) if the 0 matches the criterion and the R misses the criterion, and a false alarm
("Og if the 2 matches the criterion and themisses the criterion. The performance metrics

are determined byoenbination ofGs, 0 s and'Od:

85 QOi-B 0 Y, (16)
YO'YO -B &Y, (17)

0Y —Hht "OY p, (18)

00 —ft 00 p, (19)

ry T Yy p, (20)

oYY 2 L — hp "OYYp, (21)

where @ is the overall number of zeros (when neither radar data nor raingauge
measurements match the threshold criterion)YP6f 0.5 implies that the criterion is
satsfied at least 50% of the time, and a higher value is indicative of superior performance.

A'Y'Y @ as indicative of performance similar to persistence, meaning predicted values
22



in the next hour are the same as values at the previous@otidéscriles the fractional
improvement of the corrected IPHEX estimates over StagelV. $M\¢@& a normalized
score, it facilitates comparison among different data setsSOAfidf 0 means that the
performance is not better than random chance. Note thedidjauges are used in the
development of the reference rainfall (RR), meaning that evaluation of RR against the
raingauges serves to verify whether the -step correction consisting of unbiased
estimators (linear bias correction, detection climatology &K) is also an unbiased
estimator, and whether detection statistics, and thus characterization, of spatial

intermittency improves.

2.5.Results
2.5.1. Eveniscale Evaluation

Eventscale evaluation of Staged¥k is presented for comparison to raingauge
measurements in the IPHEx domain during the I0P (ZiBt@1 to 201406-15). The most
intense rainfall across the Pigeon River Basin was observed during the passage of a frontal
system on May 15th, 2014, and thus howdgle evaluation metrics are preseritedhis
event(hourly rainfall fields at hour YY represent the accumulation of rainfall during the

previous hour).
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Figure 2-3. Raingauge data comparéo downscaled Stagel\blue triangles), corrected
Stagel\b (Stagel\bg, green circles), and after Kriging (Stageik¥, red diamonds).

Figure2-3 shows that bias correction alone does not significantly impact the rainfall at 06
UTC (Coordinated Universal Time) (left panel) due to the high spatial varyadfiliainfall

and high rainfall amounts within the domain, suggesting that the homoscedasticity
assumption is inadequate for this field. Bias correction is effective for the more moderate
and less spatially variable rainfall at 07 UTC (right panel). Irhbmdses, the most
significant improvement is the outcome from OK resulting in unbiased rainfall fields.
Cumulative rainfall curves during the IPHEx IOP at two selected raingauge locations (see

Figure2-1) on the western ridges (left panel) and eastegesdright panelare shown in

Figure2-4.

OORainfall Accumulation RG309 OORainfall Accumulation RG008
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Figure 2-4. Cumulative rainfall curves at selected raingaugieshe western ridges (left
panel) and eastern ridges (right panel), during the IPHEXx IOP.

The spé#al rainfall fields at 07 UTC are shown in Fig@®, including the original StagelV
field at 4km resolution, the downscaled Stage@if 1 km resolution, Stageb¥ after bias
correction, and Stagebéx after OK. Note the significant increase of precijaa in the

inner mountain region between 8823.0 W and reduction of precipitation elsewhere.
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Figure 2-5. Spatial rainfall fields on 20185-15, 0607 UTC.
2.5.2. Climatology Evaluation

Upon generating 1@ears (2008017) of the RQPE fields one hour at a time
(Stagel\bek), error analysis was conducted at the raingauge locations with a focus on the
statistics of the diurnal and seasonal cycles of rainfall (mean and variance):

BO ¢ & Qil £ Q¢ 8®g & ¢ Q& @DEYO T G

Né "0 ¢ & QIQD QEWi7QM 06 &

OO QOB "QMEE I TN 'QEEDREY O T8 &
Analysisof the diurnal cycle on a seasonal basieaty bias patterns linked to radar
operations, particularly terrain blockage, radar beam overshooting, and excessive
attenuation that may vary from hour to hour but when evaluated over a long period of time

indicate localized errors in space and time tbfiect the site hydrometeorology. Light and

shallow rainfall is a particular challenge in the region of st(idlyan & Barros, 2017;
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Arulraj & Barros, 2017; Duan, et al., 2015)he peak number of missed railf
corresponds to about 5% of the total number of hours for each season in the late
afternoon. The missed events correspond to both light and moderate rainfall, and
occasionally to isolated heavy rainfall likely associated with isolated thundersiboms.
improve the climatology, the StageJ\product was modified applying the B= of

corrections described in Section 3.2Iastrated by Figur@-6: LRC, MRC and GRC

The new climatologically corrected StagelVDBKC fields have significantly more
accurge diurnal cycles when compared to raingauges. This process is illustrated in Figure
2-6 for one raingauge in the western ridges (left panel) and another in the eastern ridges

(right panel).
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Figure 2-6. Diurnal cycle of rainfall (mean and + standard deviat@erpssseasons and
gauge locationsRaingaugeecordg(blue); Stagel¥sk (black); Stagel\dskc (green).

Bias in original Stagely are more significant over the western ridges (right panel) at
all times of day, reflecting the impact of cloud immersion and sdedder enhancement
of low level precipitation over the ridgéBuan & Barros, 2017)with mid-day bias being
a problem across the regiPhrulraj & Barros, 2019)Overall, analysis of the Stagaiskc

fields demonstrates that the climatology corrections work well for mean rainfall. This is
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also the case with regard to the missed detection errors. Bigusbows the diurnal cycle

of missed precipitation at two selected gauge locations (top row) in the winter (January
February and Marchi JFM) in StagelV that are preserved in Stage(Wlack) and
Stagel\bsk (cyan). These missed precipitation events correspond to instances of very light
rainfall (< 1.5 mm/hr). at the raingauge locations, as shown in the bottom row After
applying the LRC and MRC climatology corrections, the missed detection problems (cyan)

in Stagel\bek are largely eliminated for the Stageb«c fields (green).
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Figure 2-7. Diurnal cycle of missing precipitation in the eastern ridges (RG003) and in the
inner region (RG103) for each of the RR products
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2.5.3. Summarized Statistics

Mean values of the performance metrics (defime8ection 2.3.4) of hourly
downscaled corrected rainfall at the 34 reference raingauge locations during the IPHEX
IOP in 2014 are shown in Figu2eB8 with "Y"#nd"O"Y ®alculated for rainfall rates >
1mm/hr. Stagel¥skc data sets have much lower bias and RMSE than the downscaled
StagelV with values below 0.1 mm/hr at all times. NMt&dnd"O"YS¢ore consistently >

0.5 for Stagel¥ekc.
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Figure 2-8. Performance metrics (Section 2.3.4) of Stage(Wlack) and Stageldskc
(green) during the IPHEX IOP.

When integrated over the 4@ar period, the averaged seasd@a¥ and Y'Y
statistics of STI\ekc demonstrate significantly better performance compared to STIV
for all hours of the day (Figui29). Moreover, there is no decreaséYfitfend with
increasing precipitation rate threshold (Figg#0), which indicates that the climatology
correction isvorking for the heavy rainfall amounts that tend to be linked to localized

thunderstorm activity as well as for light rainfall. Finally, the average errors of seasonal
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rainfall accumulation for each raingauge over the/&ér period for StagebBékc were

calculated as follows:

114 r 14 14 1 ALJ \\ e, AN B!
00 a0 a D QuEQ—

(37)

and similarly for Stagely. Figure2-11 sltows the diurnal cycle and seasonality

distribution of Y 0 "Y&nditional on rain rate. TH¢ 0 "Y@nerally stays below 0.1

mm/hr except in the early morning and in the late afternoon in the cold season. In part,
this error could be related to snowfathich is not properly accounted for as the

raingauges are not heated. A synthesis of the cumulative errors of rainfall at all locations
is provided in Figur@-12 (top row), and for contrast the same analysis is provided for
Stagel\b. Note the seasonalae errors are mostly in the warm season (AMJ and JAS)

and on average remain below 0.5% except at Purchase Knob (indices 20 and 21, Table 1),
and over the western regions for stations (30,31,32,33,34) where raingauges with
different temporal resolution aoellocated. The larger errors correlate with the higher
resolution raingauges (i.e. smaller tips), which suggests the errors can be attributed to
temporal resolution. In other words, shburly variability can cause errors in rainfall

intensity and consently rainfall accumulation data. Nevertheless, the errors do not
exceed 2% in all cases. Overall, the performance metrics and error analysis show that
the methods are applied correctly and that they are successfully integrating the raingauge
observatios to the downscaled radar product. However, this does not mean that the
reference product approaches the true rainfall with the same metrics, $tich¥O

0.1mm/hr. Error analysis against independent measurements at other locations within the

regionof study will be discussed later in the section 3.4.
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Figure 2-9. Diurnal cycle of mean HSS and TS statistics as a function of season for the
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entire network over the 1gear reference peril (20082017).
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Figure 2-11. Diurnal cycle of2 - 3 & hourly timescale and seasorstale2 - 3 %
conditional on observed rainfall rate Stage(Wlack); Stagel¥skc (green).
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2.6. Conclusions

Radar products have insufficient resolution for comparisonnagaaingauges. A

fractal downscaling framework is used to preserve the spatial statistics of rainfall fields and
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obtain high resolution data sets. Subsequent results have shown that radar data contain
significant biases, especially in complex terrain sRiarrection and Kriging are applied to
reduce the biases in the radar rainfall products and significant late afternoon biases in
Stagel\b are removed. These techniques have well solved the problem of high biases over
western ridges. The 1kar climatolog analyses indicate that the previous bias correction

is not sufficient, therefore a slight and extreme rainfall correction are employed in the bias
correction scheme. Results suggest that the application of this scheme can greatly reduce
biases in Stagelyfor missing precipitation, providing an unambiguous method to correct
radar biases, especially at high elevations. Performance metrics such as ThredY3¢ore (
and Heidke Skill Score&J"Y) dre on average > 0.8 and close to 1, respectively, for various
rainfall thresholds over the 3&@ar period, and > 0.5 at the event tiszale (hourly). The

root mean square erro¥ (0 "Yj@t the gauges is below 0xim/hr and 0.5% for seasonal

scale accumulations. Evaluation against an independent disdrometer data set consisting of
disdrometers at various locations indicates large overestimation errors (~30%) in the inner
mountain region and at low elevations during tPHEx IOP. Error analysis shows that
overestimation is tied to leeside and low elevation rainfall organized by-valigpy

features in the inner mountain region during the passage of synoptic scale events, and to
unwarranted spaefdling when only isdated convective activity is present. Based on this,

a second version will focus on correcting low elevation rainfall using information from low
elevation disdrometers and from NWP model simulations. Spatial intermittency will be
addressed through modifiédctal downscaling methodology conditional on the perimeter

of precipitation features (i.e rain support of rainfall clustef@iogueira & Barros, 2015)

in StagelV).
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3. Toward Optimal Rainfall: Hydrologic QPE Correction in
Headwater Basins

3.1. Introduction

Quantifying orographic precipitation at the spatial and temporal scales that reflect
governing meteorological processes requires high spatial and temporal resolution
observations and models that can capture the complexifyremfipitation processes
including the diurnal cycle. Satelltgased quantitative precipitation estimates in
mountainous regions suffer from the compound challenge of imperfect measurements,
coarse resolution, and often long revisit times, thus missingunaterestimating
precipitation (Barros & Arulraj, 2020) Improvements of satellteased QPE via
integration and correction with growésed observations are limited to regions where
raingaugs and radars operate, but eventhiwse circumstances capturing the spatial
variability of rainfall is plagued by inadequate sampling and radar operational range
(Barros, et al., 2000; Prat & Barros, 2010b; Duan, et al., 2018 is the caséor high
elevation headwater catchments, and especially those in the blind zone of-lgasedd
radars(Arulraj & Barros, 2021; Lakshmanan, et al., 2012; Tabary, et al., 20h&)e the
skill of hydrologic pediction is lacking(Tao & Barros, 2013; Tao, et al., 2018jJore
generally, even in the case of smooth topography, assessment of satellite based QPE in
terms of hydr ol ogi c model s 6 gmphs fevealstlaoge si mu |
bias leading to very large @k discharge and timing errof@/u, et al., 2017)To address
this issue, we propose and demonstrate in this manuscript a hydrological correction of QPE
that relies on hydrogrépanalysis to link spaetme rainfall features and the observed

temporal evolution of streamflow at the watershed outlet via travel time (TT) distributions.
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The strategy is to develop large data sets of spatial hydrddaged correction
fields for a lage population of events conditional on season and storm regime, akin of
deriving a climatology of orographic QPE error (Fig8+ga) over a tefyear period similar
to (Duan, et al., 2015which can be used subsequently tolimfahe development of data
driven error models for general application (Fig8+&b). The underlying premise of the
proposed hydrologic correction is that precipitation estimation errors have a physical basis
linked to weather, and weather interactionshwdpography, and therefore ermodels
can be generalized conditional on the governing precipitation processes @id)réhe
proposed framework is applied to quantify and characterize the error climatology of two
remote sensing QPE products for lfipod events in the headwaters of 8&M over a

tenyear period (2002018).

36



[
1 |
1 1
i Fractal Hydrologic !
i 2 Downscaling QrE, Model IRC E
1 1
i Parta / i
! Hydrologically !
] Corrected QPE, O !
1
i t Hydrograph E
! Hydrologic b
i Correction :
1
! Repeat i
: until equilibrium !
i i
1 I
1 I
1 I
1 I
‘ |
i Space-time Hydrological . :
! Colrections Fully Hydrologically !
! AT IRC :
E s QPE%RC - QPE, Corrected QPEp :
| | !
__________________________________________________________________________________ ,

Partb Season

1

1

1

i

i Generalized QPE Error

H Modeling Conditional on

E Hydrometeorological Regime
]
1
1
1
]
1

Rainfall

Figure 3-1. Proposed framework aimed at quantifying (a) and modeling (b) tice-8pee
structure of QPE errors

DEM (m)

o 2018

b 429

() Raingauge
network

. Streamgauge

Figure 3-2. Geographic location, topography, stream network, andgairge network in
the Pigeon River Basin (PRB) in the Southern Appalachiamsi4ins, US

37



3.2. Data Description
3.2.1. IPHEXx Baseline Rainfall $TIV pekc)
A comparison between STIV and the IPHExyEarraingaugeonly climatology

revealed significant biases at specific times of day, which also exhibit seasonality,
indicating a preferential impact for shallow precipitation systems and isolated intense
convection in radar operations and viewingetry as discussed abayeulraj & Barros,

2017; Duan & Barros, 2017; Wilson & Barros, 201#) (Liao & Barros, 2019)they
optimally merged IPHExaingaugeonly measurements with STIV rainfall downscaled to

1 km resolution (STIY) to capture the orographic enhancement at high elevations, light
rainfall, and the seasonality of the observed diurnal cycle of rainfall intensity. The merged
product, hereafter referred to as IPHEx baseline rainfall, was obtained by successive
application ofBias corrections anKriging at hourly timescales, followed [Gorrection

of the diurnal cycle at seasonal scale. The merged-8THNEX product at 1 kimesolution

was downscaled to 250 m for hydrograph analysis (83dy).

3.2.2. IMERG
The Integrated MulisatellitE Retrievals for GPM (Global Precipitation

Measurement mission, IMERG) V6 algorithm provides precipitation estimates over the
majorityofthela r t hds s ur f a c-stellteymeasarengntsnIFERGUsla GRM
Level 3 algorithm that combines GPE@&ngaugeneasurements, and various infrared and
passive microwave estimates to derive a uniformly gridded rainfall préduéiman, et

al., 2014) The nominal IMERG data are available at Hadurly temporal resolution and
approximately 1&km spatial resolution. Here, IMERG Final Run VO6B data are spatially
downscaled from 10 km to 250 m (referred to as IMER&er theSAM for hydrograph

analysis.
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3.2.3. MRMS
The MRMS (MultrtRadar/MultiSensor) product is a national seamless QPE data

product at high spatial (1 km) and temporal (30 min) resolution which includes data streams
from multiple radars, rabgauge observationssatellites, upper air observations and
numerical weather prediction modé€khang, et al., 2011; Zhang, et al., 2014; Zhang, et
al., 2016)Although there are MRMS data products available at higher temporhltresp

the timescales in this study are tied to the temporal resolution of the reference, baseline,
and satellite products for intercomparison purposes. Despite the operational complexities
and poor coverage of gauges and radar in mountainous regiofMRWME QPE product
exhibits better performance against independent measurements thaonigd@PE
because it incorporates most of the available gainge data at higher temporal and spatial
resolution. MRMS data at 1 km resolution are downscaled to 2&@noted as MRMS

and used as the reference QPE product for selectedttakes. Note that MRMS retains

by-andlarge estimation errors linked to radar operations in ungauged mountainous terrain

3.3. Methodology
For hydrograph analysis in this workeviollow (Lee & Chang, 20053nd rely on

shallow subsurface flow (topsoil layer) travel time distributions produced by a
distributedhydrology model during and after a rainfall event until the recession limb of
the hydrographecovers to nearly prevent conditions, neglecting other contributions.
Overland flow is not used because surface runoff can only be observed next to the
channel network at high elevations, and it infiltrates into soils shortly, thus introducing a

disconthuity in the trajectories. e hydrologic model is the Duke Coupled surface
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subsurface HydrologModel or DCHM(Yildiz & Barros, 2007; Tao & Barros, 2013;

Tao & Barros, 2014; Tao, et al., 2016ad & Barros, 2022)

First, the flood event is simulated by the hydrologic model to generate the
hydrograph at the outlet and flow velocitiegx,y,z), v(x,y,z), w(x,y,z)d) each grid
point(x,y,z)as a function of timéduring the event. Seconi, map the Lagrangian
trajectories associated with the shallow subsurface flow, a particle representative of an
infinitesimal water control volume is released at every subsurfacegind in the
model 6s first | ayer bel stepdtadiossthe antiré ace a't
watershed. This amounts to a release of approximately 600,000 particles for the CCB
over a 24hour period. Each particletravels on the grid at the shallow subsurface flow
velocity from the source grigoint (i.e. runoff prodcing area) where it is launched to the
outlet gridpoint. The simulated trajectory for each particle is saved along with tags
regarding source location (gfjzbint where it originates), time of release, and travel time
tr. Multiple particles from diffenet source locations can have the same travel time,
which is the basis for the simulation travel time distribution that encompasses the number

of trajectories contributing to the hydrograph at the outlet as a function of time.
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Figure 3-3. Conceptual graph of distributing water differentle discharge differendetween streamflow
simulation and observatiaas denoted wd(t) in this study.

Figure 3-3 shows a conceptual hydrograph with the discharge timessg(t)
corresponding to the sum of runoff control volumes generated at different tiacessts
the watershed and with travel time distribution definedas (t ti). The triajectories link
the runoff at the outlet to the runoff source in the watershiee differencaevd(t) between
the observed and simulated streamflow over the grbetween two consecutive discharge
observations ( i.e. the monitoring interviadpresents the fraction of runoff produced at the
source that does not infiltrate, percelagvaporate, or is stored as it moves through the
basin along its path. Errors in precipitation forcing propagate to the runoff , and therefore

wd(t) can be attributed to precipitation error, which is the focus of this work.

0 O o O o Yo (19)
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The subscripts wiand i "Qéaréfer to observed and simulated discharge,
respectively. The distribution of travel times is derived by Lagrangian tracking of the
runoff (Section 4.1, and FiguB4a). The strategy for thevarse rainfall correction (IRC)
using hydrograph analysis is to follow the trajectories backward from the outlet to the
source locations at timg and apply a correction to redueel at timet. Thus, the
distribution of travel times pinpoints where runajénerated at timé& in the basin
contributes to the streamflow at the outlet as a function of tirhe.rising limb represents
fast hydrological response closely tied to surface runoff, specifically overland flow and
shallow subsurface flow. Slow hydoglical processes govern the recession curve

associated with deeper subsurface flow, that is interflow and baseflow (Bigbje

Given that rainfall corrections applied at any time priaorwoll have implications
on all hydrologic processes at futummés along the trajectories, new simulations of the
entire event are conducted after each new correction is applied, and thus a recursive process
is necessary. Assuming that antecedent conditions are well kttewecursive IRC takes
place &er the hydologic model produces the first simulated hydrograph. Depending on
distance from the outlet and the original spaweee distribution of rainfall, the discharge
encompasses runoff contributions over a wide range of travel times. Contributions
associated wit slower hydrologic response in small basins only become significant later
in the event, that is after the hydrograph peaks. Accordingly, at a time of interéste
window of widthT is selected to capture the runoff contributions to the rising liibeo

hydrograph with travel times spanning the time betwesTdt-T.
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Figure 3-4. a) Example oftravel time distribution TT(t)b) Conceptual relationship
between the effectiveness of the backward adlicbrrection andime.

If T is too large, source areas are far away from the outlet, and rainfall corrections
have limited impact on the hydrograph due to long time of travel and highneamity of
soil moisture dynamics. If T is too short, the raihfcorrections are not effective and
significant improvement cannot be achieved. In Figsda, the minimum travel time for
particles isw and hencel must be greater thah becausev represents the minimum
runoff travel time to the basimutlet. A 4 value betweery and w captures fast
hydrological response; avalue betwee andw represents slow response. Here, the
width of the window4 is the difference between the check ticoand the timing of event

rainfall initiationw ,”Y @ @ 8The larger thd, the higher the spag¢ane complexity
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involved (e.g., longer rainfall duration, increased number of trajectories and potential
source areas, and nonlinear changes in soil moisture). The discharge voluna¢stedidu
integrated between two observations ( O -te} af@ distributed uniformly over the
window "Y and the rainfall is corrected over the previous “WQ anodel timesteps. Thus,

the total rainfall volume correction TRC for tirséep index is given by:
YYd "0 Qo 20 0b &t 0 pfe (20)

Thens runoff source areas at time ( "Q 'Q oare identified using the Lagrangian
trajectories corresponding to thedistribution @ t @ -T}. The corrections are applied
backwards staring at the outlet along the trajectories from the shortest to thetlonlest
local rainfall correctiol.RCis obtained by distributing the TRC over $murce areas with

the same travel time proportionally to the local rainfall tensity Rl as follows:
I OQEiawdQ Qo B Y@ Q Qo (21a)
0 Y& Q Qo
VY& Q QarYa z'Y @ Q Qof O Q¢ iwd @ Qo (21b)

wherej is source area index=(, ns) andad is the model spatial resolution. Since rainfall
is highly correlated at short distances, an impact area dinskm@)around the grid element
corresponding to the source ajeadefined where the rainfall correction is uniform (e.g.,
m=3 in this studyafter the rainfall correlation length {iiao & Barros, 2019) Finally,

the corrected rainfall intensificis calculated as:

YOo@m Qo 0YSm Q Qo YO Q Qp (22)
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The IRC is executérecursively until the changes in the desired error metric (e.qg., relative
error'Y ‘Qdo not exceed a piimmposed tolerance (e.gdRE<1%). The relative errol 00)

is defined as:

YOO

(23)

When the model timstep (It) and the discharge measurement intefvagtare different,

it is necessary to interpolate the residuals to the model resolution to enhance the
effectiveness of the IRC. To capture the full range of time scales of raumniaif

response, the IRC is applied recursively over multiple windows for different phases of
rainfall-runoff response as shown in Fig&®&a. Window 1 represents the period before

the rising limb. Windows 2 and 3 target the early and main stages of devatopitiee

rising limb, respectively. Windows 4, 5, and 6 on the recession limb are selected based on
curvature changing points linked to the time of concentration of the watershed, the
termination of surface and shallow subsurface runoff contributiomgetstteamflow, and

the shift to subsurface runoff contribution only. The general implementation of the

recursive framework is depicted in Figu&b.
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Figure 3-5. a) Example of IRC windows guided hiynescales of dominant hydrological
processed) Diagram depicting the stepsthe IRC recursive framewark

3.4. Insights into Hydrologic Errors
3.4.1. 2014 May 18 event

The IRC was applied to the rainfalinoff response in two basins located in Bige
River Basin (CCB and EFPRB) for the May'"%ontal system during the Intense
Observing Period during IPHEx. The DCHM was reinitialized by repeating simulations
until internal equilibrium is reached for six weeks prior (ApiiMay 14, 2014) driven by
the IPHEx GV baseline product (e.g. SBE¥c). Spinup was conducted repeatedly until
the flow difference between the last and the current iteration is negligible, and the
hydrologic system reaches an equilibrium state, yielding small and stable simulated
streamflow differences. The final hydrologic states at the end of the finalupgeriod
are used as the initial conditions for the May' #vent simulation. Note the hydrologic

model is uncalibrated, and the rainfall product used for-gpimvas not coected and
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therefore initial conditions are not optimal because this would require application of the

IRC to the period before the May"1Bvent and repeating model spip.

Figure3-6 portrays a typical TT distribution for 2014 May"évent derivedrbm
the 2D velocity fields produced by the hydrologic model. The strong correlation between
particle arrival times and discharge at the outlet is the basis for the IRC. The model
generated particle TT(t) encompasses a wide range of temporal scalesnghtsdiand
slow processes, with a significant early peak and a long tail. This shape results from the
spatial heterogeneity across the basin, and it emulates the Gamma distribution rather than

the exponential distribution often used in the GIUH as reviesalier

Travel time PDF
0.0]4 L L] L] L] L] L] L]
0.012 F
o 0.01
= 0.008 |
]
S 0.006 }
1™
-»

0.004 f

0.002

Hours

Figure 3-6. Empirical Travel Time PDF TT derived for the CCB (Fig. 2) based on
hydrologic model simulations of the May'1,32014 event using STBékc data

The workflow of batch recursive IR€rrections for each window shown in Figure
3-5b is replicated in Figurg-7 to demonstrate the improvements in streamflow simulation
after each iteration for the May"52014 event. The agreement between the simulated and

observed hydrograph is monitdrasing the Nasutcliffe Efficiency (NSE):
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B
B

0"YO p (24)

where n is the total number of time steps;d¢) the simulated discharge at timye ¢ (o)

the observed discharge at tideand0d  the mean observed discharge, the agreement is

very close.
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Figure 3-7. IRC application in the CCB for the May 1 &vent. Wxyi x is theiteration
index, y is the window index as illustrated in Fig.7. WOO isathginal simulation
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Figure 3-8. a) Temporal evolution of corrected rainfall accumulation for the M&y 15
2014 event. b) Total nafall residuals postIRC rainfall Wxy minusSTIVpgkc).

Forcing the hydrologic model with the IPHEx GV baseline rainfall before any
correction is applied (priRC) results in severe streamflow overestimation with a negative
NashSutcliffe Efficiency (NSE~ -0.73, WO0O) in the CCB. The IRC results reached a
stable model NasButcliffe efficiency coefficient NSE of 0.84 after 3 iterations (i.e., W34).
Figure 3-8 shows the corresponding spatial distribution of rainfall accumulation and
rainfall residuals. Theainfall accumulation comparison indicates that IRC corrects
effectively for radar overestimation at low elevations in the btiode of grounébased
QPE. Assessment of how the IRC impacts QPEamigaugelocations is important to
demonstrate the valtslded by the IRC relative to the IPHEXx baseline- Brel posiRC
rainfall at the IPHEx gauge locations is compared in Figs®eshowing that the IRC
results in improved estimates on the ridges where the gauges are located. Further results
are shown in flgure S4 in the Supplementary Material). By distributing total rainfall
correction RC (Eqg. 20) uniformly for each tirsgtep within the backtracking window, the
same correction is applied to sources near (short) and far away from the outlet)(long t

which potentially introduces excessive corrections along the stream network at low
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elevations. It is not possible to evaluate this assumption due to the laakguge

observations inside the watershed at low elevations.
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Figure 3-9. IRC rainfall accumulation curve at ragauge locations in the CCB (western,
inner and eastern regians

Hydrograph simulations for the EFPRB watershed exhibit the same general
characteristics as for the CCB. After 3 iteraipan average NSE of 0.7 is reached from
the original-0.29, indicating a substantial improvement. Note that the rapid rising limb of
the simulated hydrograph in Figuser for the CCB is an artifact that also appears for the
EFPRB. The IRC experiments shothat the representation of complex interaction
processes between hillslopes and the receiving river channels in tie¢chmation valleys
where soil thicknesses are much deeper pose a significant challenge. The difficulty in
estimating initial soil moisire conditions along the channel network despite-spiis due
to the dimensional breakdown betweeiD Ihannel routing and 2D lateral hydrologic
processes at the model grid resolution that contains the channel, and the temporal scale gap

between the maal timestep and the time interval between streamflow observations.
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3.4.2.Systematic IRC results

To independently examine the utility of the methodology to improve precipitation
products, the IRC is applied systematically to selected storm events thid @s extreme
flooding based on the historical streamflow record independently of the type of storm, thus

ignoring the underlying meteorology, or skill of the nominal precipitation product.

A total 37 events corresponding to the highest single flookisgeetween 2008 and
2018 were selected for systematic IRC in the CCB, and an additional 12 events were
identified for the EFPRB. The skill metrics used to evaluate the hydrologic simulations

before and after IRC are summarized in Table 1.

Table 3-1. Evaluation metrics used in this study.

Metric Description/Unit Formula/Reference

Mean of the rainfall event
Mean /
(excluding zeros) (mm/h)

Standard deviation of the rainfall
Std /
event (excluding zeros) (mm/h)

peak timing diff. = simulatiorn
EPT Error in Peak Timing (minutes)
observation

peak volume diff. = simulation

EPV Error in Peak Volume (ffs)
observation

NSE NashSutcliffe efficiency Eq. (24)/(Nash & Sutcliffe, 1970)
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KGE Kling-Gupta efficiency Eq. (25) /(Gupta, et al., 2009)

EV Error in area under the hydrogray Eq. (26)

In addition to the NSE, the KlinGupta Efficiency (KGE, Table 1, Eq.25 below;
(Gupta, et B, 2009) is used to assess the IRC impact on hydrological simulations
illustrated in Figure3-10 by contrasting the IRC results for STdkc and for IMERG
against the standard product SBIVThe KGE measures the distance from the point of

ideal perfemance (KGE=1(Knoben, et al., 2019ps follows:

0 "00 p i p — P — P (25)

where r is the correlation¢ &is the standard deviation in obgations,, i othe standard
deviation in simulations,i -ois the simulation mean, ahd &is the observation mean. The
NSE measures the magnitude of the error variance relative to the variance of the
observations at the desired thseale (hez the timeinterval of observations, i.e. 15 min),
while the KGE decomposes the efficiency into correlation, variability bias quantified in
terms of the standard deviation, and bias quantified in terms of the mean. The relative
volume error (EV) is the fference between the time integral of the simulated and observed

hydrographs over the event discharge volume:

%6

(26)

The mean and standard deviation of the rainfall event are derived using the basin

average rainfall time series and zeros are not considered in the cafcuaénerally,
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outliers are related to severe overestimation of Sad¥ data. This can be explained by

overcorrections attempting to solve the overshooting issue of STIV data. Error metrics for

all simulated events before and after IRC are shown in TaBléutliers are highlighted

in grey) for STI\bekc in the CCB. Tabl&-3 summarizes the error metrics for IMER@

the CCB, while results for the EFPRB are presented in Ta&#leThe definition of the

metrics is available in Table 1. Numbers in paresitheepresent SThékc IRC W34. RR

i's the

deviation

Table 3-2. Summary of rainfall properties and hydrgical responséeach event is

me an

rai

nfal/l

i ntensity

labeled with an index according to Figure S6) using SEkY.

for

Index| STIVoekc | RR | Urr | EPT | EPV | KGE | NSE | EV
Al | 20171023 (gig% (451:82) (igg) (55?6(; (-c?.gg) (-3'7134}) (8383)
A2 | 20170403 (gﬁ) (32523471) (:128) (22?'24; (-c?.'gf) (-3'53?) (gigé)
A3 | 20080218 (Z:gg) (ggg) (igg) (18:;) (-g,..gg) {-302.575 (é:gi)
Aa | 20100503| 30q)| €56 | a0y | (6.4) | (0.60) | (0.3D) | (0.08)
AS | 20111223 (2’132) é;ﬁ% (jgg) (559'2‘; (_g.'jf) 6-201-441% (-%-%%)
A6 | 20170318 (%2) é:%) (-(1)5) (-%g) (813(13) (8133) (-%.?c))i)
AT | 20080130) 5g)| i | (150)| (29) | 0.31) | 0.03)| (0.30)
A8 | 20090218 (%8451) (gﬁ) (41128) (zlé;) (j::%,é) (:222471) (8:%)
AS | 20030420 (iiﬁ) é:g?) (jgg) (gig) (-c}.f% {-1037624% (8:%)
A10 | 20091027 (ig;) (g:gg) (:28) (326?'1(; ('3_'?5’) -(%-sé?é? (é:gg)
A1l | 20111123 (i:g) (gigg) (:gg) (211.61) (-c}.'52§) -(%)(.)63? (82?2)
a12 | 20111221) 2o | 573 (135)| (18) | 067 | (0.38) | ©03
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A13 | 20111227 35| (Ta6)| (150)| (08) | (0.20)| (1.03)| (0.42)
BL | 20110613 | g 30| 360y | (30) | (0.6) | (066) | 0.32) | (013)
B2 | 20001225 o 01)| (29 | (30) | (27) | (0:84) | (0.74) | (0,08
B3 | 20090610 é:gg) (3385) (:24218) (Zg:g) {8.'552) (:cl)l.gg) (:8:;18)
B4 | 20100515 ('o7)| (261)| (0) | (27| (0.69) | 041 | (0.1
85 | 20100717| iy | 700y | (120) | (13)| 001) | ©.91) | (0.06)
86 | 20110711| 4| 729 | (12 | (1) | 066)| ©.10)| (016)
C1 | 20100408 | (370, 342)| (00) | (0.0) | (0.88) | (0.50) | (001
C2 | 20110619| el 20| (105) | (39) | (069) | (023) | (017
cs | 20110715 | ooo | e ooy | (ad) | ©0.70)| 038) | .01
c4 | 20171008| 50| 3.19)| (1) | (6.6) | 068) | 038) | (029
C5 | 20090811 éiZS) (Zﬁgg) (igg) (g;) (_8.'551) (:(1).?3) (giig)
C6 | 20001118 (1"37 (1:88) (igg) (8;) (82‘71) (8:231(7)) (:8:82)
C7 | 20100805 | (& 30| 7 om| (1%) | (87) | (06| 057 | (019
C8 | 20100821 (2245%) é:?g) (332) (:Sl.?s) (8:33) (8;3) (Zgﬁgg)
C9 | 20110225 (421:471;) (g:%) E-lezoc; (:(1)'.2) (8?2) (8;;) (:8:(13421)
C10 | 20110412 (i:gg) (%2) (228) (:8'.2) (8:22) (85% (Zgﬁ)
C11 | 20110428 (g:gZ) (i:ég) (:182) (-%.L;) (8:22) (8:22) (-%.%2)
C12 | 20110616 (Zfsi) (gfé) (:;g) (fs%) (8:33) (8:32) (38133)
C13 | 20111216 (igg) (ﬂ;) (-16305) (-%)g) (8:22) (-8-.551) (‘%-%)c‘)‘)
DL | 20110301 300)| @10 (90) | (01) | (062) | (0:20) | (001
D2 | 20080226 'y | 5 7g)| (75) | (01) | (0:60)| 0.32)| (0.06)
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263 ] 2.46 | -165 | 11.2 [ 0.00 | -1.65 | 0.28
(1.81)| (2.24)| (-150)| (1.6) | (0.74) | (0.57) | (-0.02)

171 ] 173 | -150 | 7.9 | -0.90 | -7.61 | 0.94
(1.16)| (1.54)| (-60) | (-0.2) | (0.82) | (0.71) | (0.13)

269 | 2.84 | -195 | 6.6 | -0.47 | -476 | 0.82
(1.75)| (2.44)| (-75) | (-0.2) | (0.68) | (0.35) | (0.21)

D3 | 20080319

D4 | 20091014

D5 | 20111104

Table 3-3. Summary of rainfall properties and hydrolodicesponse of all events in
CCB using IMERG.

IMERGp | RR | Urr | EPT | EPV | KGE | NSE EV

384 | 472 | -195 | 32 | 056 | 0.07 | 0.14
(3.53)| (4.92)| (-105)| (3.9) | (0.78) | (0.56) | (0.05)

1.99 | 1.76 | -15 | 23 | 083 | 0.67 | -0.01
(1.96)| (1.74)| (0) | (-1.8) | (0.89) | (0.78) | (-0.02)

525 | 489 | -180 | 21.3 | -0.76 | -6.50 | 0.58
(4.46) | (3.58)| (-135)| (4.2) | (0.44) | (-0.32) | (0.03)

257 | 378 | 60 | 25 | 068 | 035 | -0.01
(2.44)| (3.67)| (0) | (0.1) | (0.82) | (0.74) | (-0.04)

7.38 | 10.26| -195 | 236.9| -12.20 | -255.59| 2.78
(3.38)| (5.22)| (-180) | (34.6) | (-1.28)| (-9.61) | (0.31)

1.39 | 118 | 15 | -9.6 | 0.03 | -0.55 | -0.61
(1.83)| (1.55)| (-90) | (0.7) | (0.81) | (0.74) | (-0.14)

219 | 128 | -75 | -1.9 | 061 | 0.44 | -0.16
(2.03)| (1.44)| (-75) | (-0.2) | (0.77) | (0.53) | (-0.01)

1.67 | 1.79 | 540 | -3.4 | 021 | -0.16 | -0.45
(1.90) | (1.83)| (540) | (-1.5) | (0.75) | (0.68) | (-0.14)

057 | 077 | 45 | 35 | 027 | -1.01 | -0.33
(0.72)| (0.89)| (-30) | (-0.4) | (0.69) | (0.40) | (-0.08)

204 | 168 | 60 | 104 | -0.31 | -3.36 | 0.78
(1.64)| (1.43)| (-15) | (0.2) | (0.93) | (0.92) | (0.06)

5.40 | 6.63 | 225 | 65.7 | -4.32 | -49.25 | 1.66
(4.38)| (5.02)| (-225)| (8.8) | (-0.14)| (-2.73) | (0.25)

113 | 142 | -135 | 29 | 034 | -013 | -0.15
(1.12)| (1.31)| (-60) | (-0.4) | (0.79) | (0.57) | (-0.03)

0.71 | 1.05 | -1005| -3.6 | 0.27 | -4.70 | -0.39
(0.99) | (1.19)| (-165) | (-0.1) | (0.37) | (-1.05) | (-0.16)

0.66 | 0.53 | -555 | -19.0 | -0.77 | -1.45 | -0.87
(1.86) | (0.97)| (-75) | (3.2) | (0.46) | (-0.24) | (-0.16)

1.81 | 1.93 | -150 | -12.0| -0.13 | -0.25 | -0.30
(2.04)| (1.59)| (-60) | (10.1)| (0.67) | (0.43) | (-0.08)

1.74 | 1.83 | 210 | 5.0 | -0.48 | -1.32 | -0.47
(1.77)] (1.82)| (30) | (-3.1) | (0.61) | (0.38) | (-0.19)

20171023

20170403

20080218

20100503

20111223

20170318

20080130

20090218

20090420

20091027

20111123

20111221

20111227

20110613

20091225

20090610
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20100515 1'17)| 0.66)| (19) | (59)| (064 | (0D | (029)
20100717 (37| 0.37)| (75) | (1.6) | 0.74)| (051 | (0.08)
20110711 (828) (8:?18) 6—67155) (:g:é) (-8.'571) (Zi:gg) (:8:2421)
20100408 (4" | (3.28)| (80) | (0.7) | (0.80)| (0.66) | (0.13)
20110619 éﬁ?g) (gécl» 6—13005) (%7?)) (-8.'538) (:1:?1411) (:8:%)
o 38 210/ 58 don 0| 0%
201711008 3 70)| 214 () | (65| ©077)| (0.76) | (010)
20090811 (1::232) (12%%) (71955) (:ﬁ) (-8.'275) (-g-gll) (-g-ff)
20091118 (8232) (8228) (:Igg) (231?) (:8282) (_-121.5003 (:8:‘;_)2)
20100808 (5756 | (3.57)| (00) | (9.6) | (0.42)| (0.38) | (027)
20100821 (825% (2:?3) 2195(; (:8:411) (-8.;322) (-3-%) (:8:%)
20110225 (gﬁgg) (g:gg) (:4712) (:g:Z) (8:;12) (8%2) (Zgﬁgg)
20110412 (gﬁ) (gigg) (2%2) (137.5 (:(l)igi) (12241533 (gigé)
20110428 3000 | (4'51)| (120) | (1.8) | (0.58)| (0.03) | (0.05)
20110616 (50| (7'16) | (0) | (0.7) | (0.78)| (0.61) | (0.08)
20111216 (1'% | (7.4 (198)| (3.9) | (029)] (1.78) | 009
20110301 20 | 251y | (120)| (65) | (0.40)| (0.21) | 00D
20080226 (1°g0)| (3.85)| (168)| (14) | (039)| (012) | ©11)
20080319 1 76)| (1'62)| (15 | (05) | (079 | 047 | (0.13)
20091014 1'30)| 1'10)| Co0) | (05) | (04 | (0.05) | (0.30)
20111104 000 | 173y (108) | (12) | ©.71)| (©50) | ©.02
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Table 3-4. Summary of rainfall properties and hydrological response of all events in
EFPRBusing STI\bskc.

STIoekc | RR | @re | EPT | EPV | KGE | NSE | EV

20100121 | 50 | (6| (1s0) | (11) | 083 | ©66) | (0.0
20111223 | 3051 | (3:30)| (268) | (48 | ©41) | (034 | 049
20081113 (gigé) é:%) {is%(; (-%jl) (-8-'??5) (zg:gi) (3:2411)
20091024 | o0y | (1agy| (138) | (31) | ©87) | ©81) | 006
20091028 (ig;) (ig% (:Zg) (Zig) (gigg) (8:85) (8:82)
20100322 | T50) | 57| o0y | 1) | ©89) | (081 | (0.10)
20100409 | > ¢ | 785y | (195 | (0.) | (089 | ©67) | (004
20100822 (igg) (ii% (Zggg) (-3?.'61) {8.'385) (:2:% (:8:8(13)
20110504 | o | o) | 60) | 10) | ©73) | 041 | (019
20110726 (g:gi) (g:ﬁ) (:28) (-%.?L) (8:22) (:8222) (8:4513)
20110731 | 30y | e.a9)| (163) | 33 | ©39) | 057 | 049
20110814 é:g% (?1:%2) (-1620% (:;:g) (8223) (8%91) (8:3%

Note the inferior performance of STdvand STI\bekc for cold season events
(green triangles), and the significant improant after IRC for all cases Figure 3-10
(gray symbols) for the CCB. Interestingly, the downscaled IMER&hibits better
performance for the cold season events than 5TIWe attribute this behavior to the fac
that the coarser resolution IMERG resolves the lagde structure of frontal cold season
precipitation systems, and therefore it does not miss rainfall. Thepgdd¥échieves skill

metrics like STN\Ain the EFPRB before and after IRC. This neutralitagflects the fact
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that there were no IPHE®RIingaugs used to integrate into ST$\o produce STI¥ekc in

EFPRB.
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Figure 3-10. Scatterplots of KGEmetric of simulated CCB hydrographs using different
products for the events described in Table 2 ($ER¢) and Table 3 (IMERG).

Overall, the post IRC products outperform the nominal rainfall products
substantially for most events. The simulated hydrographs using thegxEINRC product
and MRM$S are equivéent (not shown). Error analysis of the systematic hydrological
simulations suggest that the IMEB@nderestimates moderate and heavy rainfall rates
(Table 3). Interestingly, the timing of the rising limb of simulated hydrographs in IMERG
driven simulatios is close to observations despite, or because of, the coarse nominal spatial
resolution (e.g., 10 km). This is explained by the previously mentioned decrease in missing
rainfall errors: IMERG captures active rainfall conditions over larger areas and thus
exhibits less (rawon, rairoff) intermittency compared to STHdased products with
higher nominal resolution (e.g., 4 km). The overcorrection of radar overshooting artifacts
in the inner region of th&AM pointed out by(Arulraj & Barros, 2021)explains the

overestimation of convective rainfall by STdVFigure3-11 synthesizes graphically the
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error metrics in Tables 2 and 3 for SBBéc and IMERG, respectively. Note significant
improvement for postRC simulations in all ratrics, except for the rising limb of the
hydrograph (top right) that shows no significant decrease in the time to peak errors. Finally,
the event water budget error is quantified by EV, which is on average 3%, and even the
least successfully corrected emts fall within £20%. Therefore, despite model
discretization, uncertainty in initial conditions, and constraining routing to shallow runoff,
the IRC closes the water budget at exarale within the range of uncertainty of the

streamflow measuremenidarmel, et al., 2006)
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Figure 3-11. Error metricssummaryCircles correspond to warseason events; triangles
correspond to coldeason events.
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For STIVbeke and STI\b the fractonal areantensity histograms differ
significantly in the 515 mm/hr range conditional on the hydrometeorological regime as
illustrated for two events in Figu@12a-b. This is consistent with evedependent bias
corrections applied byLiao & Barros, 2019)with a shift from moderate rainfall {3
mm/hr) concentrated in smaller areas to light rainfall (< 2 mm/hr) across a large fraction
of the watershed for the March 18, 2017 event (Fi§ut2a). The differences between the
spacetime STIVpand MRMS show a similar shift but of smaller magnitude. Interestingly,
the STI\bekc areaintensity histograms do not chandgcatter plots of pixebased hourly
rainfall (Figures3-12c-d) suggest large overestimation of rainfall intgnsit STIV-based
products compared with MRMS for the same two events. There is a significant change for
IMERG postIRC on March 18, 2017 with large increases in rainfall rate but only small
adjustments for the April 3, 2017 event, whereas corrections M sdc are small and
subtractive for both events, similar to a bias correction (see Figure S5 in the Supplementary

Material).
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Figure 3-12. Eventscale histograms of rainfall intensity (mm/h) in the CCBMarch
18, 2017 (a) and on April 3, 2017 (b).

The simulated hydrographs corresponding to the storm events in Bid2rare
shown in Figure3-13. STIVp outperforms MRMS$ and STI\bekc for the 201703-18
event. The8 4 ) 6 hydrograph exhibitsraimproved recession limb with an NSE of 0.97
and KGE of 0.96. Given that the corrections are small as discussed above, the significant
improvement in hydrologic response reflects the changes in the spatial distribution of
rainfall over time and consequgnhonlinear changes in rainfallinoff processes across
the CCB. IMERG severely underestimates the event, and even with the large increases in
rainfall intensity, the runoff volume is severely underestimated and the hydrograph skill
remains low. By contst, IMERG performs best for the April 3, 2017 event, while the
large overestimation errors in STIV are retained by $&k¥ andare corrected podRC

but the rising limb is too fast suggesting that corrections are not sufficient.
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Figure 3-13. Hydrological simulationsising various QPE produdbefore (left) and after
(right) IRC for the frontal system (a) and the convective system (b) over the CCB.

3.5. Conclusion

Empirical Orthogonal Function (EOF) analysof the differences between
3 4) 6 and STI\bekc product was conducted to explore the dependence of the modes
of error on event rainfall properties (event mean rainfall intensity, standard deviation,
duration), streamflow observations (time tolpeathe observed hydrograph), and weather
conditions. The joint dependence for the first (PC1, 50% of explained variance) and second
(PC2, 16% of explained variance) principal components coefficients is examined in Figure

3-14.
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Figure 3-14. EOF analysis of residualg 34)6 701 34) 6

conditional on hydrometeorological regiraed event metrics

Seasonality defines the joint dependence of the first two principal components, PC1
and PC2. For cold season events (Octdbarch, blue symbolsyainfall lasts longer with
lower mean rainfall intensity, and the hydrographs have longer times to peak. Most cold
season events are in the A and D sectors with positive PC1. By contrast, for warm season
events (AprilSeptember, red symbols), rainstorare short duration events with higher
mean rainfall intensity, and hydrographs with shorter times to peak. Warm season events
are in the B and C sectors with negative PC1. Points corresponding to very large PC1 or
PC2 values represent events with poorrbiahic simulation due to severe QPE errors,

errors in initial conditions, or a combination of both. Figure S6 in the Supplementary
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Material is an augmented version of the scatter plots in Figu with every event
independently labeled for easy idéicttion in Table 2. Note that the classification as cold

or warm season based on average cold and warm months is somewhat arbitrary. The cold
events mixed with warm season events in the C quadrant in Bgireorrespond to the

passage of tropical stostate in the fall, that is in the late hurricane season. Thus, while
those events are classified as ficold seas:

precipitation processes are in the same class as the warm season events cluster.

Three events thalo not follow the overall alignment described above are identified
in Figure3-14 (top left) and highlighted in bold font in Table 2. The first two events are
associated with extreme weather. Event (A4) in May of 2010 (thus a warm season event in
our binay classification) is associated with an atmospheric river from the Gulf of Mexico
that supported the persistent development of mesoscale convective systems in the warm
sector of a slownoving cold front to the west of the SAfWoore, et al., 2012; Durkee, et
al., 2012)Event (C4) in October of 2017 is associated with the remnants of Hurricane Nate
by then a tropical depression as it crossed the mountains exdEathjectory. The third
event (B2) is a moderate raiffavent on December 15, 2009 during a warming period
after a major snowstorm, thus a ranmelting snow event. Despite the significant
improvements in error metrics after IRC, the hydrographs demonstrate the dependence of
the IRC skill on the antecedemgdrometeorological conditions (Figusel4). In the case
of A4 and C4, the rainfall used to spip the model prior to IRC was not corrected to
account for intense rainfall in the previous day, which reset the soil moisture initial
conditions to near satation. In the case of B2, the presence of snow on the ground is not

accounted for, and therefore and the contribution of snowmelt to runoff response is not
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simulated resulting in large errors in the recession limb of the hydrograph. The large
correctionto rainfall targeting water budget closure is not realistic since it aims to account
for both rain and snowmelt. This is equivalent to having a composite storm hyetograph
with the first part associated with the rainfall event and a second part assedthted
snowmelt. Because the rainfall stops well ahead of the snowmelt, it is not possible to
correct the effective rainfall without having identified the antecedent conditions and the
presence of a snowpack. It is therefore critical to classify comprelegngine weather
regimes and antecedent conditions associated to each flood euwaplément the IRC
framework. Operationally, this problem would be resolved by the successive IRC

application of the QPE timseries.

The first two principal components P@td PC2 identified by EOF analysis of the
differences between prand posiRC IMERGo explain 64% and 20% of total variance,
respectively (Figure S7 in Supplementary Material). However, seasonality and
precipitation regime alone are not unambiguous iflass due to the severe
underestimation of IMERG precipitation rates, and events in the transition seasons (March
April-May and SeptembédctoberNovember) appear mixed. Information about the
large-scale background weather information is critical in ti@se not just for identifying

outliers.

Due to discretization and the limitations in capturing sreedlle (sulgrid scale)
processes discussed in Section 5.1 above, soil moisture is overestimated near the streams
as illustrated in Figure S8 in the Supplentary Material. Consequently, rairdalhoff
response alonthe stream network is governed by saturaBapess overland flow as the

rising limb of the hydrograph emerges, which introduces excessive corrections that
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increase with stream lengthand#hdror e ar e | arger near the be
at the relatively high spatial resolution of 250m and for small basins such as the CCB and
the EFPRB, the error associated with this artifact accounts for less than 5% of the basin

area.

QPE correcons are calculated using an inverse rainfall correction (IRC)
methodology based on travel time theory and the geomorphic unit hydrograph as a
conceptual model to calculate the pathlines of runoff control volumes from the location
where they are generated the watershed outlet using a distributed hydrology model.
Time-varying rainfall corrections are inferred from the differences between simulated and
observed hydrographs at the outlet of the watershed, which are mapped across the
watershed by Lagrangianatktracking to the runoff source areas. Because nonlinear
interactions between rainfalunoff and storage are transient, the corrections are applied
recursively unti/l the shape and volume of
1%). The framework is demonstrated for grodmaged radar and satellite QPE associated
with 50 stormsncluding the 49 largest observed floods 2Q088 in two headwater basins
the Southern Appalachian Mountains, USA. Analysis of the rainfall corrections shows very
large improvements in hydrologic prediction with efficiency skill improving from below
0.5 © 0.6 at hourly timescales on average, bounding event runoff volume errors with a
mean of 3%, reducing time to peak errors by half an hour on average, and improving the
QPE at gauge locations with correlation up to 0.99 (error metrics are reported is Z,able

3, and 4; summary statistics are shown in Figure S9 in Supplementary Material).

The systematic IRC simulations were conducted using the nominal rainfall products

(the IPHEX GV baseline rainfall and IMERJx0 drive the hydrologic model for the model
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initialization (i.e., spirup). Therefore, for the results presenitedhis sectionthe initial
conditions are affected by the uncorrected QPE. Implementafi@an error prediction
modelto correct the original products should lead to improved estimati@antecedent
conditions. Ultimately, a sequential spip IRGerror prediction iterative framework is
required until the skill of hydrologic forecasts using corrected rainfall products consistently

meets desired science and application requirements.

Hydrograph analysis relies on raintalinoff dynamics simulated using a specific
distributed hydrology model (e.g., the DCHM in this study), which begs the question of
whether the corrected rainfall fields are model deleat. The resultéor the various
products preand posiRC show that simulations driven by quality QPE (e.g., MBMS
produce a hydrograph with high NSE, and that IRC application preserves skill with only
incremental improvements in QPE and hydrograph skill (e.g., IMERGthe April 3
event and STIWekc for the March 18 event). The error analysis revealed strong clustering
of eventscale error with season, storm regime, and antecedent conditions, all of which are
independent of the hydrologic model structure. Nevertheless, whenigireabQPE is
characterized by large errors, for instance when underestimation of rainfall intensity
impacts transient soil moisture processes, nonlinear interactions among -ramdéil
processes at different tinseales pose a bound to improving sfeallg., STI\bekc for the
April 3 event), and thus it is expected that the IRC outcome will depend on the interplay
of runoff generation mechanisms (shallow runoff, interflow, and baseflow, and soil
moisture) as represented in the model. In this caseysamdle approach to generate TT
distributions generated by various models can be used to quantify uncertainty in IRC

corrections tied to model structure. Further, a rlbdel ensemble of hydrologic QPE
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corrections would enable mapping propagation of QREertainty conditional on different
parameterizations of physical processes as well, and thus enable attribution of uncertainty

amplification and or suppression to specific model structural elements.

Previously, (Arulraj & Barros, 2019; Arulraj & Barros, 2021demonstrated
significant improvements in satelliteased QPE of light and moderate orographic rainfall
regimes conditional on the vertical structure of the precipitable water and hydrometeors in
the lower tropsphere using coupled machilgarning and physical models. In this work,
the proposedRC was used to improve QPE for heavy orographic precipitation events
leading to large floods. Error attribution analysis shows strong organization of QPE
corrections (e. QPE error) conditional on seasonal weather and rainfall reginese
results establish a solid foundation for improving QPE over mountain besBection 4,

a datadriven predictive QPE error model worked asadto-end framework for general

applicationis developed by utilizing results from systematic IRC.
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4. Toward Optimal Rainfall: QPE Error Modeling in
Headwater Basins

4.1. Model Formulation

The overall framework (Figurd-1) to develop the QPE error prediction model
consisted in constructing aeather regime classifier that separate warm season
precipitation from cold season precipitation using EOF analysis, building a QPE error
prediction model for grountlased radar/spadmsed radar using advanced neural
networks, the specifications of whiek controlled by basin geomorphology, and local
hydrometeorologyThe solid dark rectangle on tlep left represents the precipitation
regime classifier that can identify major precipitation regimes following the previous work
on Inverse Rainfall Correcth (IRC, Liao and Barros, 2022). Subsequently, irbthtéom
left panel, QPE errors (defined as the difference between original QPE arlR@ost
product) in each precipitation regime are independently decomposed and eigeravalues
are used to inform QPE rer prediction model. The solid dark rectangle on riaét
represents an ensemitlased MLP networks that predict QPE errors using common
rainfall metrics such as basaveraged rainfall{ ), event rainfall mearid ), event rainfall
standard daation (O ), event peak rainfall@ ) and event duration ).'Y represents
common rainfall metricdisted above QPE”' is the postAl product. DCHM is the
hydrological model used in this studpuke Coupled Hydrology ModglThe déail of

Hydrological evaluation can be found in the Supplementary Material.

Hourly STIVpekc rainfall data and error corrections derived from the IRC

framework(Liao & Barros, 2022are used to train the error prediction modteils worth

69



noting that multiple error prediction models are needed as rainfall events are drastically
different across the seasons, and this should be reflected in the weights of neural networks.
For a season type, rainfall time series can be constrastadanultiplication of eigenvalues

and eigenvectors. The underlying assumption is that the 2D spatial eigenvectors remain the
same for a given season type. Subsequently, common rainfall characteristics (e-g., basin
averaged rainfall, rainfall standard detion) are utilized to predict eigenvalues. Predicted
eigenvalues are then used to derive QPE errors. A MLP network is used to link the common

rainfall characteristics and QPE errors

Cor”
4 )

Precipitation regime

classifier
r"'..-’ “\ Hydrological
Precipitation Precipitation evaluation
regime 1 regime 2 .

= Decomposition —

gope~f(A) £gpe~f(4) DCHM

Figure 4-1. Physicsguided Artificial Intelligence (PAI) framework aimed at predicting
QPE errordbee

Previous work has demonstrated that two significantly different precipitation
regimes exist in this region with a sample size of 37 events for Cataloochee Creek Basin
(CCB,Liao and Barros, 2022). For this study, a total of 72 flood events was identified. The
EOF decomposition process was repeatedly domweait scaldo classify precipitation
regime in this work. Figurd-2 shows the phasgpace diagram of PC1 and PC2 oémtv
scale IRC error. Results discussed in Section 4 confirm the two distinct precipitation

regimes identified by Liao and Barros (2022) for 57 events. The difference between 72 and
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57 is because of discarded events and discarded events are discussatim Skettion
4.1. Precipitation regime 1 occurs from April to late September (referred to as warm season
precipitation regime, 26 events), and most events in precipitation regime 2 are from early

October to late March (referred to as cold season pratgitregime, 31 cold events).

Rainfall events of the same season type are combined together. Hourly original
rainfall fields and corresponding IRC rainfall fields are used as inputs for EOF analysis

defined in Eq.1.
- Bng;iQij © " (1)

Where_ represents thé'iorder eigenvalue, is the spatial field of QPE residual

errors (e.9.Y'YOw “Y'YOw), 00 '@ the I" order eigenvector, arid is the mean

error field. Forthe MLP training phase, eigenvalue time series and 2D eigenvector fields
are derived by decomposing QPE error fields for warm and cold season regimes separately,
and retaining the first three EOFs to explain more than 60%hefvariance as
recommended by Hair et al(2009. In the warm season, the first three principal
components explain 46%, 19% and 13% of the variance, respectively for a total of 78%. In
the cold season, the first three components explain 63%, 12% and #Bf& \adriance,
respectively, for a total of 83%. During the test phase, the eigenvalues predicted by the
MLP networkusing simple rainfall metriodsee Figure 4.) along with the 2D eigenvector

fields are used to construct QPE error fiddperEq.1.

The basis for estimating eigenvalues instead of directly estimating QPE error stems
from the ties between QPE error and loleaddform andgeomorphology in this study

region,and measurement errors suchragar operational biases to ameliorate greund
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clutter for exampleg(Liao & Barros, 2022). Therefore, estimating QPE error directly would
require multiscale complexnput parameterslescribing basin properties and regional
setting which wouldunderminghesimplicity of the proposed framework and increase th
complexity of error prediction network (e.g., more layers, more nodes and less
interpretability). Instead, the interactions between basin geomorphology and local
hydrometeorology for the same precipitation regime at small headwater basin scale (~100
km?) are captured by associating tfRC-basedspatial eigenvectors to the precipitation

regime

An artificial neur al network is a dat a
relationships between input and target datasets. It is done through a recursitienalgor
known as training, which minimize the cost function defined by the difference between the
outputs and targets via gradiatdgscent approaches aiming to reduce the mean squared

error with each iteration of training.

The neural network used in this warnsists of 5 input nodes, 1 output node and
two hiddenlayer with 12 nodes. The 5 input nodes are: basgraged hourly rainfall,
event rainfall mean, event rainfall standard deviation, event maximum rainfall, event
duration. The 1 output node is: eigatue. The selection of a 4®hde hidden layer was
made according tfFletcher & Goss, 1993vho proposed a number ranging from 2n+1 to
¢t ® &, where n and m are the number of input nodes and the number of output nodes,
respectively. However, the best choice of the number of nodes is obtained through trial
anderror simulations. In this study, best results were obtained using a heeerof 12

nodes. Input nodes are combined with bias to generate input fuictiaich represent
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the neural network functional form. As the formula suggésts, BD -H-indicate

a linear relationship betwesnand” .

(2)

Where e is input node[d is the number of features in the inputsis the weight
associated witle and{}is the bias. To capture the nonlinearities between the inputs and
the targets, a nonlinear activation funct.'rs also applied to the prior to producing the

final outputs, namely the eigenvalues

The activation function selected for this work is the tangent sigmoid function,
which is widely used in neural netwk model§Rezaean Zadeh, et al., 2010)he function

used in this work produces output betwekmand 1:

F - 3)

4.2.Intermediate Results
4.2.1. Precipitation regime classifier

The IRC framework (Liao and Barros, 20223s applied systematically to the 72
largest flood events over the-$8ar period from 2008 to 2017 in Cataloochee Creek Basin
(hereafter CCB). A complete EOF phaiagram of 72 events is shown in Figur@ S
Events with exceptionally large PC1 or PC2 arerofassociated with severe detection
errors. Additionally, events characterized wittirequentprecipitation regimeg in the
period for which data are availab&nd thus limited in sample size (ea@mospheric rives)
are not included to build the datadriven QPE error modetlue to the lack of
representativeness of the d&aerall, nost of the discarded events are cold season events

with potentially complex surface conditigrspecifically presence of a snowpack on the
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ground Among the discarded evisn two (circledand with a letter in Figured-2) are
carefully investigated and discussed later in this section. The hydrologic model time step

is dt =5 min and the streamflow monitoring time intervadds= 15 min.

EOF decomposition is applied to the event QPE error fields (defined as the
difference betweeB 4 ) 6 and STI\bekc QPE totals) . The first and the second order
principal component explain 57% and 20% of variance, respectively. EpgEndence on
precipitation regime is illustrated in Figut€2. It is worth noting that each poimt Figure
4-2 represersoneevent EOF decomposition is carried out at the event scale to distinguish

the dominanprecipitation regimes.
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condtional on precipitation regime amyentcharacteristicen the CCB.
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The top left graph in Figur4-2 indicates that seasonality can suitatiganize he
first two princpal components, PC1 and PC2to cold and warm seasoavents
corresponding to frontal activity, mesoscale convective systems andtrexical
cyclones Points associated with larger PC1 or PC2 values indicate events with inferior
hydrologicflood simuldion because of errors in QPE, initial conditions, or a combination
of both. The first two principal components have different signs for warm and cold season.
Most cold season events (Octolddarch, blue symbols) have positive PC1 and most warm
season evds (April-September, red symbols) have negative PC1. Furthermore, cold
events often last longer with relatively lower mean rainfall intensity while warm events are
characterized by short duratiand more intense rainfallhese results serve as the basis
for precipitation regime classifidrereafter April-September events are considered as one

regime (warm season events) and all the other events are classified as cold season events.

Outliers ¢ed dots vith PC1 > 200 and blue dotsttvPC1 <-200) in Figire4-2 top
left graphare carefully examinedevent (A) in October of 2017 is associated with the
remnants of Hurricane Nate by then a tropical depression as it crossed the Southern
Appalachians on a MIE trajectory. Event Ashould beclassified thereforas a warm
season eventEvent (B) in May of 2010 is governed by an atmospheric river from the Gulf
of Mexico that supported thegersistentdevelopment of successive convective systems
(Moore et al. 2012; Durkee et al. 2012). Event B should be subdiindadre than one
event. For simplicity, such events and other events with significant errors (mostly due to
missed detectignare excluded from the analysi8mbiguous eventgred dots th
200>PC1 > 0 and blue dotstiv-200<PC1 < 0) are mostly in Febryaand in April.

February events are often associated with complex surface conditions such as partially
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frozen soilsand the acceleration of snowpack melt during the passage of warm fronts, thus
increasing runoff production not related to the warm fraecipitation proper (see for
example, Kuligowski and Barros, 1998)n April, antecedent precipitation that impacts
initial soil moisture conditions in the hydrologic model plays an important role in
determining flood respons&he April ambiguouseventsareretainedin this study given

that they are low in number and relatively closer to PC1 = 0 than the olRireaby, QPE
corrections for 57 from the original 72 flood events remain for analyspegipitation
regimeclassifierusing synoptic weatheonditions including frontal and tropical cyclone
activity (Catto and Pfahl, 2013; Lagerquist et al., 2020) as well as storm propagation
(similar toKim and Barros2001) rather thn using calendar dates would allow foore
complete integration girecpitation regime and dynamic synoptic contedependently

of antecedent conditiongdowever, the simple separation in to warm and cold season

events is more suitable to achieve the sample sizes needed to MLP training.

4.2.2 EOF decompositions and eigenvae predictions

The eigenvaluesind eigenvectorfsom hourly rainfall EOF decompositions based
on Eq. 1for the 57 flood events from Section 4fe shown in Figure-8: cold season
events (top left paneind row @ and warm season events (top right pamel row B. The
spikes with large (positive) or (negative) eigenvalues are associated with significant
overestimation and underestimatidine large negative spikes in the P§&eries for cold
season everdsd the corresponding positive eigenvector fieldadicate general
overestimatiorof "YY'Ow for cold seasoQPE, suggesting overcorrection by Liao and
Barros (2019)The first three principal components are denoted as PC1, PC2, and PC3.

For warm season events, PC1, PC2 and PC3 explain 8%atd 13% of the variance
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respectively. For cold season events, PC1, PC2 and PC3 explain 63%, 12% and 8% of the
variance respectively. The cyan color spike in the cold season PC1 panel is 2013 December
22" event, which is heavily overestimated by S#a\dc. The yellow color spike in the

warm season PC1 panel is 2014 Jund #9ent where STIWskc is drastically
underestimating the rainfall. The 2D eigenvectors suggest significant differences between
the two precipitation regimes especially in the firseoldOF map. Notice the IRC artifacts

near the highest order stream due to the lack of reliable rainfall information (e.g. raingauges)
at low elevations. Nevertheless, areas with IRC artifacts only account for about 7% of the

basin area
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Figure 4-3. The series of eigenvalues for all cold season events (top left panel) and warm
season events (top right panel) and corresponding EOF maps

The eigenvalues derived from EOF analysis describe the temporal chatiasteri
of QPE errors while eigenvectors reflect spatial characteristics of QPE errors. Since the
underlying assumption is the stationarity of eigenvectors in given season (cold or warm),

predicting QPE errors is equivalent to predicting eigenvalues. AaillibP model is then
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employed to predict each order of eigenvalues using common rainfall statistics. The

eigenvalue prediction results are as shown in Figute
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Figure 4-4. Scatter plots of predicted eigealues against true eigenvalues at hourly
intervalsfor all cold season events

Figure 44. suggests a good match between predicted eigenvalues and actual
eigenvalues for the first principal component. However, for the second principal
component, thearrelation coefficient is medium to low and it probably requires more than
common rainfall statistics to capture the complexities of second order eigenvalues. This is
generally true as higher order principle components are usually more noisy with less
interpretability and this is an important reason what only the first three principle

components (in total 80% variance explained) are used in this work.

4.3. PAI Simulated QPE Error

Hourly rainfall errors are calculated using the predicted eigenvalue amd stat
eigenvectors similarly to what Eq.1 suggests. Error corrections are applied to tag spin
period of each event if there is any precipitation above 7 mm/hr. Then, using the final state
of the spirup period as initial conditions for the target eventlofeed by PAI error
correction for the target event, the resulting hydrograph of the target event is then

compared against original STd¥kc results (without any PAI corrections) as shown in

Figure 4-5. Black scatters represent streamflow observations) ftdSGS. The green
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envelop represents the ensemble of 20 rainfall error fields predicted by PAI framework
considering the random initial state of the gradient descent algorithm (The green dashed
line is the mean value of the green envelop). The entire gmezlope is closer to the
observation than the original STdskc simulation, indicating PAI framework can capture

rainfall heterogeneity.
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Figure 4-5. Hydrograph analysis of original STh¥kc (red line) ad PAI predicted rainfall
3 4) 6 (green dashelihe) for warm(row a) and cold season events (row b).

In Figure4-5, the green envelope represents the uncertainty of the PAI framework
mostly due to the randomness in the initial weights andgf@bnost impossible to
eliminate because of highly nonlinearities involved in the cost function. Generally, PAI
has better performances for warm season events rather than cold season events. This is
partially because the complexities involved in cold geas/ents such as mixing rain and
snow, and complex antecedent lesudface conditions. This issue is further investigated

and addressed in the Section 4.3.

Cold season has excessive bias compared to warm season in this region based on

the results fronf{Liao & Barros, 2019)Figure4-6 describes IRC corrections conditional
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on rainfall intensity, which also suggests that cold events (32 in total) have strong bias with

a magnitude ofl mm/h for light rainfall (<7mm/h) whereas warevents (25 in total)

exhibit no such strong bias signal.
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Figure 4-6. Thenumber of basin pixels (hourly scaf@dttedas a function of precipitation
difference (denotes a9, difference between baseline and corresponding IRG.data

Based on the results in Figudes, a simple and consistent bias correction of
1mm/h is applied to cold season events and the correspondingpsperiods. No bias
correction is utilized fowarm season events. The summary of the hydrologic simulation
performance metrics usiri{jing-Gupta Efficiency (KGE, Table 1, Eq.25 belo{Gupta,
et al., 2009)are shown in Figuré-7 by contrasting the PAI results f&TIVpskc and for
IMERGp against thebaselineproduct STI\bskc. Control QPE used ifrigure 47 is
34)6.34)634) 6 and) - %2 'are PAI corrected STKY, STIVpekc and
IMERGp data, respectively. Note the significant improvementildied by the PAI

products identified by green, red symbols (solid symbols are mostly above hollow
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symbols). A couple of STlyekc data points (solid red symbols) are significantly lower
than the 1 to 1 line because of over correction for lower elevatiotise process of
developing STIVgekc datasets from STIY datasets (Liao and Barros, 2019). The solid
blue symbols and hollow blue symbols are heavily mixed, indicating limited improvements
on IMERGo datasets possibly due to its original coarse resol@iar skill metrics that

are used to evaluate the hydrologic simulations before and after PAI are summarized in

Table4-1.
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Table 4-1. Summary of rainfall properties and hydrological respaisdl events in CCB.
Numbers in parenthesis represéfity'Ow .

STIVpske NSE KGE EPV EPT EV
20171023 | -4.14(0.27) | -0.78(0.62) | 59.0(15.2) | -135¢135) | 0.97(0.16)
20170403 | -4.52¢1.60) | -0.60(0.02) | 20.4(11.8) | -150¢150) | 0.61(0.32)
20110301 | -0.93(0.07) | 0.23(0.49) | 6.3¢4.0) | -150¢105) | 0.13¢0.26)
20100503 | -6.92¢2.31) | -1.15¢0.25) | 54.4(31.5) | -90(-90) 0.75(0.39)
20111223 | -21.49¢3.92) | -2.43¢0.45) | 50.4(17.7) | -120¢120) | 0.80(0.20)
20170318 | 0.33(0.32) | 0.41(0.36) | 5.0¢6.4) 0(15) 0.36¢0.39)
20171008 | 0.39¢1.42) | 0.56(0.02) | -7.9(4.6) 540(525) | 0.01(060)

20080130 | -21.90¢1.71) | -2.28(0.07) | 18.7(3.6) | -165¢165) | 1.41(0.29)
20080226 | -0.35(0.47) | 0.32(0.70) | 1.6¢0.9) -105(75) | 0.17¢0.01)
20080319 | -1.65(0.45) | 0.00(0.74) | 11.2(1.2) | -165¢150) | 0.27¢0.05)
20090218 | -6.67(0.13) | -1.21(0.42) | 12.7(3.7) | 495(510) | 0.96(0.14)
20090420 |-13.29¢11.57)| -1.59¢1.43) | 9.2(8.4) | -135¢135) | 0.63(0.57)
20090610 | -1.20¢1.02) | -0.32¢0.21) | -5.0(5.0) | -840¢180) | -0.46(0.44)
20090811 | -1.62¢1.69) | -0.01¢0.02) | 3.7(3.8) | -150¢150) | 0.65(0.66)
20091014 | -7.61¢1.37) | -0.90(0.12) | 7.92.9) -150¢150) | 0.93(0.43)
20091027 | -25.30(0.63)| -3.03(0.72) | 36.0(2.1) -90(-30) 1.76(0.08)
20091118 | 0.40(0.60) | 0.54(0.51) | 0.7(0.4) -120(60) | -0.08¢0.05)
20100717 | 0.34(0.53) | 0.34(0.44) | -4.3(:3.8) 120(120) | -0.38¢0.31)
20100821 | 0.12(0.42) | 0.39(0.58) | -29(-2.0) -90(-105) | -0.30¢0.19)
20110225 | 0.41¢0.52) | 0.69(0.10) | -1.3(5.8) | -120¢120) | -0.14(0.48)
20110412 | 0.22(0.12) | 0.61(0.47) | -0.9(0.4) -90(315) | -0.14¢0.09)
20110616 | 0.20(0.72) | 0.34(0.71) | -6.1¢1.9) 75(75) | -0.42¢0.20)
20110711 | -1.68¢0.33) | 0.070.47) | -4.0(2.7) 15(-15) -0.42(0.27)
20111104 | -4.76(0.30) | -0.47(0.53) | 6.6(1.8) | -195¢135) | 0.82¢0.12)
20111123 | -10.58¢1.08) | -1.20(0.30) | 21.1(3.8) | -135¢135) | 0.92(0.36)
20111216 | -0.71¢0.38) | 0.08(0.12) 1.8(1.2) | -135¢105) | 0.10(0.09)
20111221 | -22.52¢0.96) | -2.42(0.14) | 23.3(3.9) | -150¢150) | 1.03(0.07)
20111227 | -15.80¢8.70) | -2.52¢1.79) | 9.9(5.6) | -165¢165) | 0.31(0.19)
20120309 | -13.28¢0.09) | -1.76(0.30) | 17.0(2.8) -45(15) 0.73(0.02)
20120810 | 0.19(0.71) | 0.48(0.84) | -2.9¢1.0) -45(-60) | -0.30¢0.09)
201212D | -10.22¢0.32) | -1.44(0.17) | 24.2¢5.9) | -180¢165) | 1.01¢0.46)
20130211 | -5.53¢1.38) | -0.46(0.18) | 7.2(2.0) “135(90) | 0.48(0.26)
20130222 | -0.03(0.40) | 0.33(0.80) | 2.6¢0.9) 30(60) 0.13¢0.14)
20130226 | -5.48(0.22) | -1.06(0.54) | 16.6(0.6) | -150¢45) | 0.36(0.18)
20130305 | -3.08(0.49) | -0.44(0.73) | 21.5(0.4) | -120¢120) | 0.37¢0.10)
20130319 | -8.94¢1.46) | -1.15(0.03) | 11.4(4.2) | -105¢105) | 0.54(0.20)
20130324 | -6.02¢0.87) | -0.94(0.01) | 14.7(4.8) | -150¢150) | 0.46(0.14)
20130412 | -4.61¢2.40) | -0.70¢0.27) | 16.6(11.7) | -60(-60) 0.51(0.36)
20130419 | -2.60¢1.21) | -0.35(0.00) | 7.8(4.7) | -180¢165) | 0.24(0.12)
20130720 | -1.20¢1.47) | 0.10(0.02) | 5.6(6.4) | -105¢105) | 0.05(0.09)
20130808 | 0.42(0.18) | 0.66(0.61) | -3.0(0.9) -60(-60) -0.11(0.14)
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20130921 | -2.94¢0.94) | -0.52(0.02) | 11.8(6.9) | -120¢120) | 0.99(0.68)
20131222 | -14.10¢3.30) | -1.43¢0.15) | 84.1(35.1) | -150¢135) | 1.48(0.82)
20140219 | -2.76(0.12) | -0.40(0.64) | 6.7(¢0.6) -105(90) | 0.24¢0.18)
20140407 | 0.25(0.68) | 0.41(0.70) | 12.2(7.1) | -105¢(90) | 0.21(0.08)
20140429 | 0.84(0.86) | 0.87(0.90) | -2.0¢17) | -120¢120) | -0.11(0.09)
20140619 | -0.65¢0.59) | 0.07(0.09) | -7.0(6.9) 15(15) -0.49¢0.47)
20140808 | 0.53(0.63) | 0.47(0.53) | -4.0(3.5) 75(60) -0.28¢0.23)
20140906 | 0.25(0.34) | 0.30(0.36) | -5.1(4.9) 30(15) -0.29¢0.25)
20141224 | -3.93¢0.20) | -0.56(0.12) | 116(-8.1) -150(90) | 0.91¢0.47)
20150202 | 0.10¢0.50) | 0.51(0.17) | 6.4(6.1) | -150¢150) | 0.15(0.47)
20150404 | -0.11(0.12) | 0.66(0.69) | -2.3(1.6) 75(:60) | -0.26¢0.21)
20150407 | -0.74¢0.07) | 0.68(0.62) | -2.1¢1.0) 60(-75) | -0.29¢0.20)
20150929 | -1.37¢1.35) | -0.19(-0.18) | 4.0(4.0) -165(¢165) | 0.83(0.83)
20151119 | -0.37(0.49) | 0.35(0.56) | 5.6(4.2) 15(15) 0.30¢0.26)
20160216 | 0.63(0.63) | 0.76(0.83) | -1.5(2.7) 75(:60) | -0.04¢0.12)
20160407 | -0.24(0.12) | 0.43(0.57) | -3.6(:3.0) -45(-30) | -0.34¢0.27)

Table 4-2. Summary of rainfall properties and hydrological response of all events in CCB using IMERG

Numbers in parenthesis repres@ip ‘O'Y "O

IMERGp NSE KGE EPV EPT EV
20171023|  0.03(0.40) 0.55(0.57) 45(7.0) | -165(-150) | 0.15¢0.16)
20170403|  0.67(0.29) 0.83(0.60) 2.2(1.2) -15(15) | -0.01(0.21)
20110301| -4.99(0.02) -0.78(0.58) | 24.9¢0.1) | -120¢90) | 0.38¢0.22)
20100503|  0.35(0.17) 0.68(0.55) 2.5(6.4) -60(-30) | -0.01(0.11)
20111223| -228.28¢ -11.30¢8.67) | 181.6(144.7)] -195(180) | 2.71(2.06)
20170318| -0.55¢1.35) 0.03¢0.23) | -9.6(-11.9) 0(30) -0.61¢
20171008|  0.61(0.54) 0.60(0.62) -8.5(6.8) 150(165) | 0.07(0.18)
20080130|  0.44(¢0.69) 0.61(0.15) 1.9(4.0) | -75(-105) -0.16¢
20080226| -1.73(0.18) -0.11(0.52) 5.7(0.2) | -165¢150) | 0.27(0.04)
20080319| -0.40¢0.91) 0.36(0.20) 2.8(6.4) | -135¢120) | -0.27¢
20090218| -0.16¢1.23) 0.21¢0.27) 3.4(6.2) | 540(540) -0.44(¢
20090420| -0.95¢0.53) 0.28(0.38) -3.5(3.1) -15(-15) -0.32¢
20090610| -1.32(-1.28) -0.48(0.50) | -5.0(5.0) | -210(840) | -0.47¢
20090811| -0.41¢0.40) -0.45(0.21) | -7.2(5.1) 795(795) -0.48(
20091014| -4.48(2.65) -0.34(0.05) 2.4(15) | -300(240) | 0.78(0.61)
20091027| -3.95(0.63) -0.44(0.80) 11.2(0.4) -30(:30) | 0.85(0.12)
20091118| -11.00¢11.45) | -0.75(0.74) | -3.6(3.6) | -720(720) | -0.59¢
20100717| -1.43¢1.37) -0.65(0.63) | -6.9(6.9) | -480(480) | -0.78¢
20100821| -1.69¢1.14) -0.68(0.26) | -5.1(4.7) | -690(690) | -0.61¢
20110225| 0.26¢0.79) 0.460.02) 3.9(6.3) | -75(-120) -0.30¢
20110412 -12.13¢10.74) | -1.82(1.62) 17.2(8.3) | -270¢165) | 0.30(0.37)
20110616| -1.14¢0.48) -0.19(0.06) | -10.9¢8.6) 135(0) -0.69¢
20110711 -4.97¢4.77) -0.61(0.61) | -4.1(4.0) | -615(615) | -0.64¢
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20111104] 0.27¢0.82) 0.33(0.08) -35(4.8) | -30(-105) -0.26¢
20111123 -49.25¢18.45) | -4.32(2.12) | 65.7(38.8) | -225¢195) | 1.65(0.93)
20111216| -9.41¢5.89) -1.69¢1.29) 7.8(5.1) -195(90) | 0.25(0.18)
20111221 -0.13¢0.82) 0.34(0.14) 2.9¢4.7) | -135(90) -0.16¢
20111227 | -4.70¢2.46) 0.27(0.58) -3.6(2.7) | -1005¢135) | -0.39¢
20120309| -0.31¢0.08) 0.09(0.65) 5.5(2.7) 15(30) | 0.16(0.29)
20120810| -1.14¢0.79) 0.02(0.09) -4.9(-4.6) 60(60) -0.52¢
20121220| -6.99¢0.62) -0.85¢0.04) | 16.0(5.8) | -255(240) | 0.81(-0.46)
20130211 -14.96(2.21) -1.55(0.03) 14.8(4.6) | -150¢135) | 0.69(0.28)
20130222| -9.51¢1.18) -0.97(0.17) 9.8(2.1) | -150¢150) | 0.50(0.00)
20130226 -40.63(2.01) | -3.96(0.12) 475(7.6) | -150¢150) | 1.11¢0.01)
20130305| -29.81¢3.75) | -3.36(0.55) | 84.4(287) | -150¢120) | 1.21(0.30)
20130319 -17.26(4.04) | -1.98(0.57) 17.4(6.2) | -315¢165) | 0.72(0.28)
20130324| -1.44(0.28) -0.01(0.44) 5.7(0.9) | -150¢150) | 0.09¢0.10)
20130412| -1.48(0.30) -0.04(0.38) 8.8(3.9) -60(-60) | 0.20(0.02)
20130419| -1.05¢1.17) 0.20(016) -8.0(-8.2) -15(-15) -0.42¢
20130720| -0.77¢0.57) 0.06(0.09) -8.1(7.9) 75(120) -0.35¢
20130808| -1.48(0.98) -0.20¢€0.10) | -6.2(6.1) | -420¢120) | -0.56¢
20130921 0.74(0.87) 0.55(0.74) -4.8(-3.3) -15(-30) -0.19¢
20131222 -89.58(55.84) | -5.82(4.36) | 240.0(201.9) -210¢150) | 3.49(2.77)
20140219 0.40¢1.43) 0.70(0.14) 1.7¢5.4) | -105¢105) | -0.17¢
20140407 0.20(0.81) 0.33(0.81) 12.5(3.9) 60(-75) | 0.25(0.01)
20140429 0.38(0.53) 0.49(0.57) 3.9(3.6) | -135¢135) | -0.23¢
20140619 | -1.53(1.46) -0.22¢0.23) | -7.4(7.4) | -270(270) | -0.65¢
20140808| -0.92¢0.86) -0.14¢0.13) | -7.4(7.3) 195(240) -0.64¢
20140906 -0.85¢0.78) -0.27¢0.20) | -7.0¢6.9) | -570(165) | -0.60¢
20141224| -31.17(0.28) -3.28(0.45) | 37.6(3.8) | -180(-150) | 2.66(0.14)
20150202| -2.39¢0.54) -0.27(0.28) | 15.7¢4.0) | -180(165) | 0.24(0.46)
20150404 | -18.74¢19.27) | -2.29¢2.31) | 18.0(17.0) | -225(255) | 0.58(0.65)
20150407 -2.11¢1.79) 0.43(0.49) -3.4(3.2) -60(-45) -0.39¢
20150929 0.53(0.50) 0.73(0.2) 1.6(1.4) | -135¢135) | 0.12(0.16)
20151119 -3.41(0.50) -0.72(0.54) | 16.6(4.9) 15(180) | 0.78(0.32)
20160216| -0.33¢1.00) 0.48(0.30) -4.5(-5.6) -30(0) -0.33¢
20160407 0.01¢2.41) 0.58¢0.29) 1.0(35) | -120(¢105) | -0.14(0.22)

The KGE measures thgistance from the point of ideal performance (KGE=1;

(Knoben, et al., 2019 s follows:

0 00 p
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where r is the correlation¢ ¢is the standard deviation in observations;othe standard
deviation in simulations,i -ois the simulatia mean, antl: &is the observation meahhe
relative volume error (EV) is the difference between the time integral of the simulated and

observed hydrographs over the event discharge volume:

%6

(7)

Generally, outliers are related to severe overestimation ofggid\data. This can
be explained by overcorrections attempting to solve the overshooting issue of STIV data.
Error metrics for all simulated evertefore and after PAI are shown in Table 2 (outliers

are highlighted in grey) for STBAkc. Table 3 summarizes the error metrics for IMERG

It is worth noting that warm season events (circles) have superior performance than
cold season events (trianglés) all data products, and the substantigbiovements after
PAIl in Figure 47. Figure4-7 also suggests that IMERQunderestimates cold season
events potentially because of its coarse resolufigure4-8 summarizes the error metrics
demonstrated in Tdes 2 and 3 folSTIVpekc and IMERGp, respectively. Figuret-8
suggests moderate improvements for post PAI simulations in all metrics, with the exception
of time to peak errors (Top right). Finally, the event water budget closure is calculated by
EV, which is on average 20% for post PAI products, and even the least successfully
corrected events fall within +60% f& 4 ) 6 and £80% for) - %2 '. Therefore,
despite model discretization, initial conditions uncertainties, and IRC artifacts, the PA

framework moderately improves the water budget closure for these large events.
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Hydrologic response of events with available MRMS data are demonstrated for
comparison purposes in Figude. Post PAI products generally show a correction of the
flood peakmoving towards the observation despite KGE index goes down slightly in a few
cases. Moreover, when original products have equivalent performance as the observations
(in terms of over/underestimation), PAI framework maintains the performances well and
doesnot introduce excessive corrections, which proves the stability of the PAI framework.
Given that IRC corrections are small as suggested in Figiige.g. cold season
corrections are concentrated neanm/hr), the improvement in hydrographs reflects tha
PAI extracts critical information from IRC results and perform descent corrections on the
complex spatial distribution of rainfall over time. IMERG severely underestimates most of
the events with a few exceptions where significant overestimation ocalrss the 2014
12-24 event. This can be explained by its coarse resolution and spatial averaging in the
complex topographyGuilloteau & FoufoulaGeorgiou, 20203uggested that the effective

resolution of IMERG data of thiggion could be as low as 80 km.
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Figure 4-8. Hydrological simulations using various rainfall produd#$E valuesare
displayed in this graph corresponding to pi@étl product.

The simulations irFigure 4-8 are characterized by an early rising limb that is
brought by highly saturated pixels along the streams ultimately caused by model
discretization and the challenges in capturing-guidh scale processes aforementioned.
Relevant sil moisture maps are illustrated in Figurel$d the Supplementary Material.

The rainfall accumulation maps shown in Figu® suggests that PAI framework

preserved certain amount of artifacts from IRC due to discretization. Since the artifacts are
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conentrated near major channel pixels, only-5@8%6 of the total basin is influenced by

the artifacts.
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Figure 4-9. Event rainfall total accumulation map (Unit: mm) for various rainfall products

In Figure 4-9, PAI framework effectively correct STh/and IMERG without showing
excessive corrections even though the framework is trained based opsiTINaNnd
3 4) 6. These results validate the generality of the PAI framework noesextent,

indicating its transferability to other QPE products

It is worth noting that the PAI framewolkereafter PAI 1)s developed using
STIVpekcand3 4 ) 6 ,therefore relying otPHEX rain gaugéemporarymeasurements.

To explore the gemality of the PAIlframework architectureanother PAIQPE error
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predictionframework (PAI 2) was built using ST and3 4 ) 6 Subsequently, both
frameworks are applied to ST#Vand the results areomparedin Figure 4-10. For
consistency,lte hydrdogical performance is evaluated with respec® t ) 6usingthe
KGE index. The majority of the solid symbols (PAlusing STI\bskc and3 4 ) 6 ) and
the hollow symbols (PAI 2, using STiand3 4 ) 6 are well mixed except a few events
when PAI 2 is significantly worse than PA| indicating that PAI 2 framework can
effectivelyand independently via the hydrologic IRGpturethe information added by the
IPHEX rain gaugenetwork to STI\éskc (Liao and Barros2019) for most of the events
An examination of the events win®Al 2 is inferior to PAI lindicates that these are

severely underestimateahd,or missedcold season eventsptured by IPHEX raingauges
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Figure 4-10. Scatterplots of 0 "OQKIing-Gupta Efficiency) metric of simulated
hydrographs usindifferent products (see legend)
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4.4. Conclusion

A Physicsguided Artificial Intelligence (PAI) based QPE error prediction
framework is developedising hydrologic QPE errors derived fmolRC. The PAI
framework consists of a weather regime classifier derived (koo & Barros, 2022)and
a simple MultiLayer Perceptron (MLP) model to link QPE errors to common rainfall
characteristics. Specifically, QPE esare decomposed as eigenvectors and eigenvalues
using EOF analyses. By assuming seasonally unchanging eigenvectors, equivalent to
assuming stationary interactions between QPE error structure and basin geomorphology,
QPE errors are predicted by predicteigenvalues alone. Results from the MLP section
highlight the predictability of eigenvalues and thus QPE errors using rainfall characteristics,
achieving desired correlation coefficients when compared to original eigenvalues. Due to
the high nonlineariti® involved in minimizing MLP cost function, an ensemble approach
is used to predict eigenvalues, and the resulting hydrograph envelop reflects the

uncertainties introduced by the randomized initial weights in the MLP module.

The PAI framework is demonsteal for grounebased radar (i.e. Stage IV data) and
satellite QPE (i.e. IMERG data) with 60 largest observed floods-20Q8 in a headwater
basin in Southern Appalachian Mountains, USA. The improvement in hydrologic
efficiency skill (NSE) is significantrbm below-0.6to above 0.4t hourly timescales. The
water budget error is bounded within 20% for most of the events, except a few events being
above 60% due to imperfect initial conditions and severe errors in QPE data (error metrics
are itemized in Talkel 2 and 3). Error attribution analysis suggests that cold season events
generally have slightly insignificant improvement than warm season events due to

complexities in estimating antecedent surface conditions and errors in QPE data itself. In
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fact, IRC amlyses suggest that cold season events have a pronounced peak bias
approximately-1mm/hr for light to medium rainfall €Zmm/hr), which is the reason a
simple bias correction is used before the application of PAI framework for cold season
events while notdeployed for warm season eventbe generality of the PAI framework
suggests it can be applied to any areal QPE datasets and achieve reasonable improvements
regardless of the presence of raingauges. This is particukeful for ungauged basins,

but future work needs to be done to test the transferability of the proposed framework to
ungauged regions with similar hydrometeorology and geomorphology. Regionalizing this
framework globally can provide invaluable information about the spatiotemporal structure
of precipitation errors across the vast majority of remote areas, providing critical insights
into operational applications for the entire globtowever, hydrologic barriers in the
process of developing hydrologically meaningful QPE (constrained to adget closure)

need to be investigated and the impacts of these barriers on the said QPE need to be

evaluated. In section 5, these issues are discussed in detail
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5. Barriers to Developing QPE Constrained to Water Budget
Closure

5.1. Introduction

It cannever be overemphasized thaturate Quantitative Precipitation Estimation
(QPE)is crucialin hydrology and water resources research, particularly in complex terrain
where flash floods resulted from heavy precipitation are frequent. Liao and Barro¥ (2022
introduced a physiebased QPE error correction framework (i.e. Inverse Rainfall
Correction, IRC) aiming to reduce QPE uncertainties by back propagating water budget
errorsor hydrologic errorérom resulting streamflow to stronghglated (albeit nonliearly)
precipitation through a Lagrangian tracking scheme, achieving water budget closure at

event scale in headwater basins (<156)km

It is worth noting that hydrologic uncertainties stem from a wide range of sources
such as parameter uncertainties, glagtructure uncertainties and forcing uncertainties
(Clark, et al., 2008; Beven and Binley, 1992). T¢gstionaims to explore and solve the
barriers involved in developing hydrologically meaningful QPE (i.e. constrained to water
budget closure) followig theIRC approach firstly proposed by Liao and Barros (2022).
The IRC approach was developed in the light of addressing QPE uncertainties from water
budget perspective in the hydrological grpne where QPE products generally have
substantial errors du® ground clutter effects and the nature of high heterogeneity in
precipitation while fully utilizing streamflow information from USGS which are generally
available in the mountains. Among the sources of hydrologic uncertainties, this work
specifically foazises on model structure uncertainties since the hydrological model (Duke
Coupled Hydrology Model or DCHM) used in this work is uncalibrated and the goal of

this work is not to derive Operfectd QPE
93
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on congructing hydrologically meaningful QPE from the water budget perspective in

hydrologically grayzone area.

In the context of model structure uncertainties, model spatial resolution is known
to have significant impact on simulating hydrological responsehagher resolution does
not necessarily produce better hydrological simulations against streamflow observations
due to the limitation of understanding and parameterizing ssoalé physics (Shrestha et
al., 2006; Haddeland et al., 2002; Munoth and G@l9; Huang et al., 2019; Omer
Ekmekciojlu et al ., 2022). Al though few wo
on hydrological simulation in complex terrain, it is expected to see model resolution has a
more pronounced impact on simulating streamftiue to high spatial variability of climate
forcings and topography in the mountains. Another critical source of model structure
uncertainty, which has been an enduring challenge in hydrological modeling, is the
description of smalscale physics (Pechhwidis et al., 2011; Kirchner, 2006; Grayson et
al., 1992; Beven, 1996; Arulraj and Barros, 2021). In mountainous regions, variety forms
of River Bank Storage (RBS) exist such as abandoned channels, stream nearby ponds and
oxbow lakes, allowing for substidal attenuation and storage during flood waves. Despite
the importance of these additional storage units, few researches studied the impact of RBS
in modifying streamflow response in complex terrain most likely due to complicated
distributions of these atage units. In this work, a novel dynamic RBS parameterization is
proposed to account for RBS effects on flood attenuattamthermore, unrealistic
saturation of the entire river channel pixels also contributes to the rapid rising limbs in
hydrographs aeatworld channel width (<20m) is significantly smaller than model spatial

resolution. A grid coarsening technique: Hillsleépgeamway Connectivity
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Parameterization (HSCP) is implemented at the river channel pixels to alleviate this model
structure isse. Two geographically disparate headwater basins: Cataloochee Creek Basin
(CCB) and East Fork Pigeon River Basin (EFPRB) located in the Southern Appalachian
Mountains (SAM) are selected to analyze the impact of RB& HSCPon simulating

hydrological respose conditional on model spatial resolution

5.2.Description of Model Structure Errors

The overall strategy (Figuré-1) to explore and resolve hydrological model
structure uncertainties with the goal of improving hydrologically meaningful QPE is three
fold. First, DCHM is evaluated at both high (i.e. 85m) and low (i.e. 250m) spatial resolution
for selected warm and cold season events for the study basins (i.e., CCB and E-PRB).
Hillslope-streamway Connectivity Parameterization (HSCP) is utilized to septeiver
networks in realitySecond, the effect of River Bank Storage (RBS) implementation on
hydrological responses is analyzed at different spatial resolution. Third, Inverse Rainfall
Correction or IRC (Liao and Barros, 2022) is applied to variousehs®tups as described
above conditional on factors such as spatial resolution, RBS parameterization and basin
geomorphology. Subsequently, the effects of these factors on altering hydrological
response and thus the derivation of hydrologically meanin@RE are thoroughly

investigated
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Figure 5-1. Overall framework of developing hydrologically meaningful (i.e. water budget
closure) QPE aimed at reducing hydrologic uncertainties.

5.2.1 Hillslope-Streamway Connectivity Parameterization (HSCP)

Liao and Barros (2022) pointed out that spacee discretization is a significant
contributor to unreasonable initial conditions. At coarse spatial resolution such as 250m,
overland flow caused by the saturation @krinetwork pixels is significantly higher than
reality because river width is usually within 2 to 20 meters in this region. As a result, the
saturation of river network pixels lead to extremely fast and high rising limbs when next
rainfall event comes, drthis phenomenon is demonstrated in previous results in Liao and

Barros (2022).

Prior to investigate the impact of model resolution on hydrological simulation, a
coarsening techniqueillslope-streamway connectivitparameterizatioris applied to
preciptation input fields at stream pixels to account for the unrealistic saturation coverage
of stream pixels due to space discretization. This coarsening technique is demonstrated in
Figure5-2. The area adjacent to river channels (denoted as green lingg) aliannel
pixels is combined with hillslope pixels that contribute to the river channels, effectively

enlarging the precipitation collecting area of hillslope pixels. Precipitation intensity of the
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enlarged area (denoted as orange lines) is calculateavénaging the precipitation
intensity of river channel pixel and hillslope pixels. Precipitation falling in the area
constrained by the parallel dark dash lines is considered as direct precipitation on river

channels.

b

== River channel

Figure 5-2. Demonstration of hillslopstreamway connectivity parameterization.

For simplicity and universal utility, the HSCP is done for the highest two orders of
channel streams (The highest Strahler stream order is 4 and 3 for CCB anB EFPR

respectively). The total impacted area accounts for approximately 5% of the basin area.

5.2.2.Spatial Resolution

In distributed hydrological modeling, a firegsolution model is usually favorable
for its better description of spatial heterogeneity. desvy, due to unknown physics, some
studies show that high resolution model results are generally comparable to (and sometimes
slightly worse than) coarse resolutimodel results (e.g¥ mer Ekmekci 0)J | u et

Moreover, it is impractical to include every details of the catchment physics.

By modeling at both high (i.e. 84m) and low resolution (i.e. 250m), this study

explores the scaling effect of hydrological modeling in mounkaisins illustrated in
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Figure5-3. All forcing inputs and land cover inputs are bilinearly interpolated from 250m
to 84m except DEM, which is directly calculated based on SBuaitle Radar Topography
Mission (SRTM). SRTM data are blinearly averaged to ab260m and 84m resolution
DEM. At coarse resolution, due to incomplete and inaccurate description of the catchment
(e.g. excessive smoothing), hydrological model tends to have relatively poor performance.
At fine resolution, hydrological simulation suffeir®m inaccurate parameterization and
generally unknown physics (e.g. deep percolation). In this study, spatial resolution of 84m

and 250m are used as representatives of high and low resolution, respectively.

4 Resolved scale

Model performance

Figure 5-3. The scaling effect in hydrological modeling.

5.2.3 Dynamic River Bank Storage Parameterization

Hydrological biases (differences between streamflow observationyaindlogical
model simulation) come from a wide variety of aspects. In hatgwbasins, initial

conditions and rainfall biases are known to have great impacts on streamflow uncertainties
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(Li et al. 2009). The initial conditions refer to the conditions of land surface, including soil
moisture distributions. Despite the importaragurate soil moisture distributions are hard

if not impossible to be known because of the lack of in situ measurements.

Accurate description of physics is essential in estimating streamflow in
hydrological modeling. In the SAM, numerous oxbow lakes, poadd meandered
channels are found in the satellite images. However, these storage units were not
represented in the DCHM, resulting in accelerated hydrological response thgn Peali
schematic representation and satellite image are shown in FigudeBonstrating these

extra storages.

a)

Pigeon'River\\

P

41— 1000m
M Trees
Rangeland
M Built Area
Crops

Figure 5-4. A compilation of pictures: a): Satellite imagesG€B and EFPRBD): Land
Cover, and c) a schematicawing of ponds in the Pigeon River basin

In this work a simple dynamic RBS parameterization is used to explore the
attenuation effects of RBS. Specifically, a transient storage is added to the river network
to store excessive surface runoff when precipitation ocdums.transient storage state
function use in this work is described in the H).
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0io oo —— (6)

Where FT is the total storage expressed as water equivalent depth, Fs represent the
current storage state ranging from 0 to 1, FsO is the initial storage or previous time step
storage state, and OF isthverland flow value. The release rate of the water storage

governed by Eq. (7
| O p "Oio @)
Wherewis a parameter that controls the speed of the storage releaseisaad
partitioning coefficient separating newlgenerated surface runoff into two parts:
attenuated surface runoff which is immediately stored in the transient storage, and surface
runoff that continues to move in river channels, specifically,0 "@oes to transient

storage andp | 2 0 "Glows in gream channel. Therefore, the FsO update equation is

as follows

Oimo6o Omo p @ — (8)

Based on equations (6), (7) and (8), the three state parameters,arsDFs, all

have a minimum of 0 and a maximum of 1 constrainedhysips.

5.3.Results
5.3.1 Hillslope-Streamway Connectivity Parameterization (HSCP)

DCHM initial conditions are derived from a modelrsup run thatwas conducted
repeatedly until the flowdifference between the last and the current iteration is negligib
and the hydrologic system reaches an equilibrium state, yielding small andstabéted

streamflow errors. The final hydrologic states at the end of the finalggeeriod are used
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as the initial conditions fotargeted precipitation everdimulaion. The spiRup is

approximately 45 days prior to event of interests.

The HSCP is systematically applied to tBeindependentextreme events in
Cataloochee Creek Basin (CCB) and East Fork Pigeon River Basin (EBEIR&}pd from

2008 to 2017A comparisn demonstrating the impact of HSCP at different scales is shown

in Figure5-5.

':,_f_n_' 30 CCB 30 CCB 50 CCB

E 40

3 20 30

S

£ 10 | 0

0 | )  'I

“ o A A " " A A A 0 A A A " " A A 0 " A " A

“ 00 03 06 09 12 15 18 21 20 23 02 05 08 11 14 17 07 10 13 16 19 22 01 04
2014-04-07-HH 2015-02-02-HH 2017-10-23-HH

E 60 EFPRB 80 EFPRB 100 EFPRB

"'E == 250m Original

= e |e0 = : 250m HSCP

ES == 85m Original

2 40 50 — - 85m HSCP

£ 20

g 20

: 0 ) 0 I o_ 1 2 A a " 2 1

“ 11 14 17 20 23 02 05 08 22 01 04 07 10 13 16 19 20 23 02 05 08 11 14 17

2017-04-03-HH 2011-04-28-HH 2011-12-23-HH

Figure 5-5. The impact of HillslopeStreamway Connectivity Parameterizat{etSCP) on
streamflow simulation

In Figure 5-5, with the implementation of HSCP, streamflow is dramatically
reduced with the major contribution coming from overland flow as the differencesdret
recession curves are smalt 85m resolution, the dimension of DCHM pixels (i.e. 85m)
is closer to rivewidth than at coarse resolution (i.e. 250m), therefore the application of
HSCP does not improve or significantly change hydrological outpnticating the
necessity of accurately representing strdalfislope connectivity especially at coarse
resolution.It is worth noting that the differensén hydrographsetweenresolutionsare
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contributedby initial conditions whichareimpacted by model spinp precipitation and
spacetime discretization (e.g. stream density is different at different resolutpajial
resolution does not show a definitive impact on hydrological simulation, that is higher
resolution does not guarantee better hydrological simulation using the same model
parameters. The statistics including normalikédg-Gupta Efficiency(N-KGE) (defined

in Eq.1) and water budget error (defined in Eq. 2) are demonstrated in Section 4.4.

N-+"' %

h0'MihQ "00 p i p — p — (1)

where r is the correlation¢ &is the standard deviation in observatignsothe standard
deviation in simulations,i s the simulation mean, and ¢is the observation mean.
Whereas the KGE ranges from negative infinity to GIE ranges from 0 to 1 with ®.
correspond to KGE=0 and with O correspond to K&iffmity. The relative volume error
(EV) is the difference between the time integral of the simulated and observed

hydrograph®ver the event discharge volume.

5.3.2 Spatial Resolution and Dynamic RiveBank Storage

Given the importance of accurately describe stradisiope connections, HSCP
is active by default hereafter. The parameters involved in RBS parameterization are the

same for 85m and 250m resolution for consistency.
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Figure 5-6. The impact of River Bank Storage (RBS) on hydrological simulation. RBS
parameters are the same across the basins and resolutions for simplicity.

RBS parameterization effectively delays the rising pointhef hydrograph by
reducing the generation of surface runoff over river channel pixels. In reality, when
excessive surface runoff is generated, some of the runoff is stored in these storage units
such as ponds and abandoned chanfiéls.statistics including(GE and water budget

error are demonstrated in Section 4.4.

5.3.3 Inverse Rainfall Correction

Following Liao and Barros (2022), IRC is systematically applied to all events. For
comparison purposes, HSCP and RBS parameterization are both effectived (labele
Physicsimproved) and the effect of IRC can be independently analyzed as shown in Figure
5-7, meaning IRC simulation (labeled a$RC, which stands for PhysigsiprovedIRC)
went through IRC process with HSCP and RBS already implemented in the DQ®{M
lines represent simulations with HSCP and RBS parameterization from previous sections.

Thick lines represent IRC equilibrium state also with HSCP and RBS parameterization
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