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ABSTRACT

CALIBRATION AND EVALUATION OF WRF -HYDRO MODELING
SYSTEM FOR EXTREME RUNOFF SIMULATIONS:
USE OF HIGH-RESOLUTION SEA SURFACE TEMPERATURE (SST)
DATA

Keél é -, Berira Miaan
Master of SciengeCivil Engineering
Supervisor: Prof. DKs mai | Y¢cel

February 2022146 pages

This study investigates the impact of the sp&imporal accuracy of four different

sea surface temperature (SST) datasets on the accutaeyWdgéather Research and
Forecasting (WRFMHydro systemto simulate hydrological response during two
catastrophic flood events over the Eastern Black Sea (EBS) and the Mediterranean
(MED) regions of Turkey. Thredaily-updatedand high spatial resolution external
SST products (GHRSST, Medspiration, and NEESH) and one coarseesolution

and timeinvariant SST product (ERARNd GFSSST for EBS and MED regions,
respectively) already embedded in the initial and the boundary conditions datasets of
WRF model are used in deriving neanface atmospheric variabldsough WRF.
Eventbased calibration is performed to the WR¥ro system using hourly and
daily streamflow data in both regianswo different calibration methodaamely
stepwise and automated calibratiomre applied for the calibration process.
Dynamically Dimensioned Search (DDS) Algorithm is utilized as the automated
calibration algorithm to investigate the improvements in hydrograph simulations
alternative to the stewise approach. Theaincoupled modelsimulations for

independent SST events are conducted to assess the impact -tfig§&Ed



precipitation on simulated extreme rundifespite the fact that manual calibration
shows better performance with fewer iteration numbers, results show that the
processbased automated calibration approach considering the impact of parameters
on the hydrological behavior exhibits a promising performance, particularly in the
EBS region.Some localized and temporal differences in the occurrence of the flood
events wih respect to observations depending on the SST representation are
noticeable. SST products represented with higher -@asslations (GHRSST and
Medspiration) revealed significant improvement in flood hydrographs for both
regions. The GHRSST dataset sh@asibstantial improvement in NSE (~70&80y

KGE (from 0.06 to 0.3with respect to the invariable SST (ERA5) in simulated
runoffs over the EBS regiorReduction inRMSE up to 20%and an increase in
correlation from 0.3 to 0.8 observed for the same regiThe use of both GHRSST

and Medspiration SST data characterized with high spetiporal correlation
resulted in runoff simulations exactly matching the observed runoff peak of3390 m

by reducing the overestimation seen in invariable SST (GFS) MEieregion.In
addition, the KGE values are increased from 0.1 to 0.3 for the hydrographs generated
with high-resolution SST simulationBnproved precipitation simulation skills of the
WRF model with the detailed SST representation show that the hydhsgod
GHRSST and Medspiration simulations show better performance compared to the
simulated hydrographs by observed precipitation.

Keywords:Calibration,SeaSurfaceTemperature, WRF, WRRydro
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et ki sini de]D¥® temgilida r b&ajmi @t iod arak gzl emler e

ol ayl arénén meydana gel mesinde baze mekans

-arpmaktadeéer . Daha y¢ksek -apraz korel asyon
DYS crenleri, her i ki b°l ge ri -gel itkame& én g
sajl améktér. GHRSST veri seti EBS b°l gesi ¢z
-%z¢é¢negrl ¢kl ¢ DYS '"ye (ERA5) g°re, NSE' de ( -
°nemli gel i kK me |RMSBE'dg %20yeesandn azalma ve korelasyonda

0,3ten ' e Dbi J | amd&iksek nsekansatamansal korelasyona sahip
GHRSST ve Medspiration DYS wverilerinin kK ul
-%z¢éinerl ¢kl ¢ DYS sim¢glasyonunda (3FS) g°or ¢l

ol arak g°zI| emlo&knears étyd me taakméem | ar ak ekl eken a

WRF model i i -erisinde tanémlanmék y¢ksek

sim¢gl asyonl ar éné gel i ktirmick GHRSST Ve M
hi drografl arénéen, g°zl em lyaarjaé kleé yia sel as idnmashl ae
perfor mans gesterdijini kanéetl améxkt ér . E k

simégl asyonl aré sonucunda ejeel erdidehcer . Or og
0.306a bir ar tMakn uge® z | keamliebnrmai skytoinruun daha az vy
daha iyl perfor mans g°stermesine raj men, |
czerindeki et ki sini di kkate alan s¢re- baz
kalibre edilmk mo d e | Ozelligl&kk EBS bokyesi@de umut verici bir performans

sergil ediljeinmg Xzl r .
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Extreme weather events result in devastating flood catastrophes with casualties in
today's world. As the climate warms, more water vapor is pumped into the
atmosphere, increasing the severity of rainfall events. With the changing climate, the
impact of flaod disasters may be worsened over ti(Aden & Ingram, 2002;
Hirabayashi et al., 2013; Trenberth, 1999)

As aresult, reliable flood forecasting is critical for various operational purpdses.
most crucial components of an accurate flood forecasyisigimare considered as

an accurate estimate of thepatial distribution and thimtensity of heavy rainfall
events andts associatechydrologic responsgRyu et al., 2017; Yucel & Onen,
2014) In this regard, Flood forecasting applications based on hgdro-
meteorological modeling framework that integrates the atmosphanel the
hydrology are becoming more preval@dtinstmann & Stadler, 2005%election of

the Numerical Weather PredictioN{VP) model and the input datasets driving the
boundary andhe initial conditions have a profound effect i@ accuracy of the
shortterm predictions; hence, better operational flood forecasts clearly require
improved NWPRbased forecas{®one et al., 2004)

The ocean/seatmosphere interaction is the startipgint that determines the
climate distribution of the entire Earth. With this interaction, change in the
atmosphere determines the regional climate types and the distribution of these
climates on the planet with the effect of the Earth's daily and ammonament,

ocean currents, winds, and topogragBigg et al., 2003)SST is one of the most



influential variables in this mentioned interaction. The rays of the sun, which passes
the atmosphere and reach a few meters deep in the seas, are storedaiertlas w

heat energy. However, this stored energy is transferred back to the atmosphere by
wind, waves, and vertical atmospheric changes (temperature, humidity, momentum)
on the sea surface. Especially when sudden temperature increases are seen in the air
the temperature, humidity, momentum flows at theae@sphere interface may
become so fast and intense and result in heavy precipitation events around the
existing area.

Studies conducted particularly over the coasthitd steeply varyingopography
address the fact that an accurpégameterizatioof the linkagebetween the land

and atmosphere systems is required to demonstrate changes in water and energy
fluxes and sites for a moreealistic flood predictionTo improve the reliability of

such modeling systems, it is necessary to consider factors affecting this linkage.
Therefore, the SST representation in the modeling systeegasdedas one of the
factors having gronounced effect on water and energy fluxes in the lbsve
atmosphere. Therefore, the condition of the §83 a substantial impact tre state

of meteorological forcing variables in such NWP models, as the sea acts as a water
and energy source fdroth the atmosphere and the land surfaebeaupin et al.,

2006; Vecchi & Harrison, 2002Accordingly, providing high accuracy SST input

to thelower boundary is crucial for accurate precipitatioodeling hencedor better

flood forecasts throughydrologicalmodels.

The WRFHydro is a distributed, mulphysicshydrometeorologicainodelsystem
created by the United States National Center for Atmospheric Research (NCAR) to
address major water challenges, includopgrationalflash floodmonitoring The
WRFHydro modeling system is capable of running in boffiine (oneway
between atmosphetand) and online (two-way) modes, which connects the
atmospheric and hydrological processes. According to its overallicgugbal,
WRF/WRFHydro modeling system is designed to simulate overland flow,
subsurface flow, channel routing, and vertical energy fluxes between the land

atmosphere through conceptual giysially-basedconcepts Many studies have



utilized this modehg system to examine the model's performance and applicability,
including flood predictions, water balance, and water management studies across the
globe(Kerandi et al., 2018; Li et al., 2017; Naabil et al., 2017; Wehbe et al.,.2019)
Despite thestudies compare the impact of different sourcepretipitation input

(i.e., comparing observed and simulated) on rusiofiulation and agree that further
improvement in the precipitatisimulation skills is still needed (Givati et al., 2016;
Senatoreedl., 2015; Sun et al., 2020), not many studies have investigatethet

of the spatietemporal resolution of various SST sources alerrunoff predictions

of WRFHydro modeling system via theimprovements in the simulated
precipitation.

Another facto having an impact on the accuracy of the flood forecast is the proper
calibration of the hydrological modeling system. The calibration process is defined
as tuning the parameters defined in the model system to capture the real system
behavior. Unlike thgparameters that can be measured with th&tintechniques,

most of the parameters within the hydrological models conceptually represent the
real physical processes that are susceptible to the basin charactisptzset al.,

1998) The complexity b the hydrological models increases with the factors
including parameterizations, fundamental calculation unit definition, domain size,
resolution, etc. Therefore, the calibration of the model parameters for an accurate
representation of the hydrologicatopesses is a salient challenge, especially for
physicatbased and distributed hydrological models, including WAREro. In
addition, due to the complexity increase, the longer computational time demand of

the model becomes another issue.

The organizatiomf this study is as follows: In Chapter 1, the introduction, paet
literature reviewas abackgroundor the studyand the objectives of the studye
provided. InChapter2, the methodology followed throughout the studgluding
the study area, dataseand model descriptionsare explained. In Chapter 3,
precipitation results simulated with the WRF model are givetherfirst section.

Then the WRFHydro calibration ad the SST analysis are included in the following



sections. In Chaptet, the discussiobased on th&ndings of the study is provided.
Lastly, In Chapteb, the key outcomes of the studye highlighted and the
recommendation for the future path is ireded.

1.2 Literature Review

SST primarily affects the heat and the water fluxes at the |lbeendary of the
atmosphere; hence there is a significant relatiorsttyween the variabilities of SST
and convective extremeA.higherSST valuegenerallyindicates more moisture in
the air and that the lower layers of the atmosphere are warmefrequently causes
increased precipitation and convection tot#srrari et al., 2020)Even the small
fluctuations in SST (x1 K) might significantly and riokearly alter the intensity of
supercell growth throughout the sébfiglietta et al., 2017)It is also stated that 1

of SST increase resulted in a 2 mm/d prec¢
region(Roxy, 2014) Accordingly, enhanced modeling 8ST fields in the Weather
Research and Forecasting (WRF) system significantly improves the simulation of
atmospheric flow dynamics and boundary layer procg&ssatore, Furnari, et al.,
2020)most notably precipitation forecag&hang et al., 2015)
Since the precipitation falling on the ground surface is generally driven by lower
atmospheric boundary conditions, fluctuations in SST are crucial in determining the
heavy precipitation intensiiBaltaci, 2017; Turuncoglu, 2019ven the steady rise
in SST may result in amplification of the precipitation extremes with the convective
characteristics over the coastline (Meredith, Maraun, et al., 2015), whereas the rapid
and anomalous oscillations in SSTs, may result in mesoscaleatime system
thunderstormgSenatore et al., 2014As a result, reliable precipitation predictions
from NWP models may be improved by giving higtcuracy SST input to the lower
boundary condition.
Many places in Turkey faceevere flood risks becarif the country's unique
geography, which is bordered by water on three sides and has one of the most
complicated terrains anywhere in the world. The Eastern Black Sea (EBS) and the



Mediterranean (MEDjegionshave been among the most susceptible placesms

of flood riskin Anatolia(Gurer & Ucar, 2009)Using highresolution NWP models

in the EBS and MED regions is important for flood predic{@amera et al., 2020),
where asteadyincrease in SST may causbruptaugmentatiorof the extreme
convectivesourced eventgvercoaslines(Meredith et al., 20155tudies performed

in the Anatolian Peninsula agreed that the 8&dtuationshavea significant effect

on observecheavyrainfalls (Turuncoglu, 2015)Bozkurt and Sen (201kyate that
increased SST in winter and spring has no impact on precipitation formation in the
EBS, while the MED shows a strong response to SST increase during the same
seasonsConversely, the EBS shows strong sensitivity to increased SST compared
to the MED in the autumn season. Additionally, the study conducted for flood events
that occurred in the EBS region, Arhavi, on 24 August 2015 elucidates that as a
consequence of thedreased SST, strong moisture convergence resulted in heavy
precipitation activitygeneratinghe flood even{Baltaci, 2017)SST forcing is often

seen as arucial elementin the development of heavginfall events, notably over

the MED area(Cisneroset al., 2016; Furnari et al., 2018; Rebora et al., 2013;
Robinson et al., 2012Mediterranean SSdlsohas anmpacton severe precipitation

and flooding in Central Europe, accordingolosciuk et al. (2016)

Despite its importance and possible ugfhce on the accuracy of runoff predictions,
therehas been a scarcitf studiesevaluating alternative SST input datasets and their
effect on anticipated runoff accura@hen et al., 2009; McCabe & Wolock, 2008).
Studies that utilized high-resolution SST inputs and implemented parameter
calibration in the/RFHydro modeling system runofiredictiors have particularly
remained limited with the study &enatore, Furnari, et al. (20280nd Senatore,
Davolio, et al. (2020)

WRF-Hydro modelis mainly calibrated using streamflow observatiQins et al.,

2020; Varlas et al., 2019There are different approaches followed in the literature
for the calibration of the WRHydro modeling system. The stegpse calibration
approach that minimmes the number of runs to address the computational time issue

was suggested byucel et al. (2015)This approach was widely used for the WRF



Hydro calibration in the literatur@uan & Kumar, 2020; Galanaki et al., 2021;
Givati et al., 2016Kerandi et al., 2018; Kilicarslan et al., 2021; Li et al., 2017; Liu
et al., 2020; Naabil et al., 2017; Sun et al., 2020; Wang et al., .28adyionally,
various automated calibration techniques were implemented to find the optimal
parameter set sucls ghe PEST algorithrfFersch et al., 2020; Silver et al., 2017; J.
Wang et al., 2019)Stepwise Line Search Algorith@Kim et al., 2021) and the
Dynamically Dimensioned Search (DDS) AlgorithrfAbbaszadeh et al., 2020;
Cerbelaud et al., 2022; Lahmetsal., 2019; Yin et al., 2020; J. Zhang et al., 2020)

In addition, the combination of stepise and automated calibration approaches is
utilized by Senatore et al. (2015)n this study, first, the WRFHydro model is
calibrated with the stepiise appoach to refine the parameters that the model is most
sensitive to, then the PEST algorithm is used to calibrate this set of parameters by

automated approach.

DDS algorithm is a broadly used optimization algorithm for distributed hydrological
models simiar to WRFHydro with high computational time and resource demand.
The major advantage of the DDS algorithm is that the only constraint defined in the
algorithm is the iteration number specified by the (Eelson & Shoemaker, 2007)

Due to its motivatia to converge to the neaptimal set of the parameter within the
userdefined computational time and with fewer iterations compared to the broadly
used Shuffled Complex Evolution algorithiduan et al., 1992)it is preferred for

the physical and distsuted models with a high degree of complexity and extended
run time (Abbaszadeh et al., 2020; Arsenault et al., 2014; Lahmers et al., 2019;
Lespinas et al., 2018; J. Zhang et al., 2020)

1.3  Objectives of the Study

In this study, ® expand on thargument, different SST products are utilized in the
WRF/WRFHydro modeling frameworks to see the impact of the temporal and

spatial resolutiorwise improved representation of the S&T the simulation®f



extreme precipitation causing significant floodgeio the catchments afoastal
regionsin Turkey. In this context, basins and events fralifferent geographic
regions as EBS and MED represented with humid and sami climates,
respectivelyare chosen to see the SST impact on the hydrological response
Another objective of this study is compareéwo different calibration methodologies

from the literature for the calibration process of the \AHRfro in terms of the
resultant performance of the model. Accordingly, fitlsg @libration of themodel

is manually employed with stepwise approaclsuggested by ucel et al. (2015)

Then, the DDS algorithm is selected as an automated optimization technique for the
calibration application with the same set of parameters and ranges used in manual
step-wise calibration. Depending on the recorded data availability, hourly or daily
streamflow observations are used for the calibration of the selected past flood events

in the Eastern Black Sea and Mediterranean regions.






CHAPTER 2

DATA & METHOD

2.1 Study Area & Events

In this study, flood events caused by hegigfall events that took place in the EBS
and MED regions, which have different climatic characteris@ées simulated
Figurel depicts 3km domains (d029f theWRF modekencompassingothregions,

as well as chosen basjm@ssociated channel networks and the locatiomainfand
stream gauge stations.

The mountains that run parallel to the sea in the reatitern section of Turkey block
humid air currents, where the EBS arelatsated Theyreach elevations above 3000
m, creating a&omplexlandscape with steegoped features. River systems respond
swiftly to moderate rainfall events due to their small basiaracteristicandsteepy
features, resulting in flash floods. Tbkemate of thearea has humidharacteristics
receivingprecipitationin all seasong§Turkes, 1996)According toBaltaci (2017, it

has the highest annual mean precipitation recorded in Turkey, surpassing 2200 mm
The typicalMediterranean climate is seen over MED region, with predominant
semihumid features, with a wet wintandspring and ary summe(Turkes, 1996)
Average annual precipitation is recorded886 mm at the MED coastlines;
however jt may reach up to 1500 mm in the Taurus Mountéingkes, 1999)In
both regions, the effect of the sea and the compleagraphic
characteristicendicate that bothlocations have a significant orograpleffect
reliance and effectivenergysupplies for convectivprecipitation Due to the fact
thathigherSST affectsthe watercontentin theair, itis critical in the development

of flash floods in locations withteepterrains, such as coastal areas.



In this study, two significanpast flood events are selected for the following
modeling practiceOn August 2#, 2015, it waseported 32.4 millimeters of hourly
precipitationa total of 135 mm of rain felluring 24 hours over ArtviArhavi
provincein the EBS region. As an alternatiegent on December 1§ 2018, the
Antalya-Ovacik station reportedhourly precipitation of 53.1 mm, while receiving a
total of651.7 millimeters on the same day. This wasHhbaviest rainstorm ever
recordel over entire Turkey(Kaya et al., 2019) This recorded value was
aroundthree times greater th&mtalya city's monthly average rainfall in December
(265.3 mm) (Pilatin et al., 2021) A typical mesoscale convective sanwas
observedor the event that occurred over the EBS area in the summer, whereas a
frontal system wadominating for the event that occurred over the MED region in
the winter.

For themodel performance evaluatiostreamflow datérom the EBS stationsof
D22A049, D22A079, D22A08Arhavi provine),and D22A147 (Hopa province),
as well as the MED stationsf DOBA071, DO9A095, and EO8AOGBe selected
(Figurel andTablel). Each calibration event ifiablel is run for 10 days to allow
the model to warm upAverage streamflow observatioria M%s) collected by the
State Hydraulic Works (SHW) of Turkey are provided at daily timedtapéve of

the stream gauge stations (D22A0D22A089, and D22A147 over EBS region;
D09A095 and EO8AO08 over MED region) aathourly timestepgor two of the
stations (D22A049 over EBS and D08A0O71 over MED). However, the hourly

streamflow data at these two stations are limited and only avaatbte2016.
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Figurel The outer and nested domains (dO1 and d02) of the WRF model for the EBS
and MED regions are displayed in the-tefi. The boundaries of the selected basin,
their outlet points (stream gauge stations denoted as blue dots), channel network
grids in the WRFHydro model, and the meteorological station (denoted as a green
triangle) are shown in the zoomed maps with the -néglolution topography layer

in the background for the EBS region (toght) and the MED region (bottom).
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Tablel Drainage areas and calibrated event periods of each selected basin over

EBS and MED regions.

Drainage
Area
(kn?)

Region  Station

Calibration Event Periot

Start

End

D22A049 175.8

08/27/2016
09/20/2017
10/19/2016

09/06/2016
09/30/2017
10/29/2016

D22A079 85.8

EBS

10/19/2016
10/01/2018
06/24/2019

10/29/2016
01/11/2018
07/04/2019

D22A089 71.5

08/27/2016
09/20/2017
10/19/2016

09/06/2016
09/30/2017
10/29/2016

D22A147 41.9

08/27/2016
09/20/2017
10/19/2016

09/06/2016
09/30/2017
10/29/2016

DO08AO71 98.3

01/09/2015
03/07/2017
03/23/2015

01/19/2015
03/17/2017
04/02/2015

MED EO8A008 164.5

01/09/2015
03/07/2017
03/23/2015

01/19/2015
03/17/2017
04/02/2015

DO09A095 164.6

01/21/2014
01/09/2015
03/23/2015

01/31/2014
01/19/2015
04/02/2015

2.2  Weather Research and Forecast (WRF) Model

The Advanced Research WRF model version(8Kamarock et al., 2019¢reated
by National Center for Atmospheric Research (NCA&tilized to simulate the
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forcing data of the WRHMydro model for the choseminfall events. This forcing
dataset includes hourly precipitatigeressuretemperature, wind speed, incoming
long- and shorwave radiation, and humidity outputs.

WRF model is a nohydrostatic mediurscale weather forecasting model that has
been recognized as suitable for extreme weather applications with advanced
numerical techniques, muktiustering capabilityand multiple physics options. It
encompasses a number of interconnected physical approaches that calculate
meteorological processesjch athe model in which convective clouds and
precipitation are calculated, longnd shorwave radiation calculati@to determine
atmospheric and surface warming, the boundary layer level wherédarnde
atmosphereinteraction is modeled, and the land surface hydrometeorological
processeslThe microphysical model used for largeale precipitation calculations

has equabns that predict air temperature and different hydrometeor classes (snow,
rain, ice, and hail). The corresponding bands of the electromagnetic spectrum are
used in long and short wavelength radiation calculations. At the lowest level and
limit of the WRFmodel, the NoahMulti Parameterization (NoaNlP) land surface
model (LSM) calculates the sgilantatmosphere relationships between ldued

and the atmosphere.

A two-way nesting model setup with spatial resolutions-kifrbfor the outer domain

(d01) and3-km for the inner domain (d02) is implementedhis studyas illustrated

in Figure 1. Kilicarslan et al., (2021provides comprehensive information on the
domainextents for both regions.

The sensitivity study performed IBuzenli et al. (20203howsthat the GFS initial

and boundary datas¢NOAA, 2015)was themost representativéor the MED
region while the European Centre for MeditRange Weather Forecasts (ECMWF)
ERAS (ECMWEF, 2020)yrovided the most representative dataset for the EBS region
for the WRF model.Therefore these two datasets are also utilized in the current

studyin both regions
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2.2.1 Sea Surface Temperature Field Update in WRF Model

Along with the timeinvariant SSTs (ERA5 and GFS), three additiatzly-updated

SST datasets are employed in this sensitivity analysis: 1) MedspiratiorHidtra
Resolution Foundation Sea Surface TemperafQERSAT, 2012)2) The Group

for High-Resolution Sea Surface Temperature Level 4 Wigh Resolution
(GHRSST)(Team GHRSST2010a, 2010h)3) RealTime, Global, Sea Surface
Temperature (RTG_SST_HR) represented by the National Centers for
Environmental Prediction (NCEP), National Oceanic and Atmospheric
Administration (NOAA) (NCEP & NOAA, 2014) Medspiration, GHRSST, and
NCEP SST datasets are available in daily time step and have high spatial resolutions
of 0.022°, 0.01°, and 0.083°, respectively. Medspiration, GHRSST, NCEP, ERAS5,
and GFS will be used to refer to the simulations performed with different SST
products utilize in this work hencefortilable2 depicts the simulation dates for the

WRF model utilizing these SST products for eaokeof study.

Table2 Forcings used in the SST simulations and their run periods.

Forcings Run Periods
Region SST Initial and
Boundary Start End

Products Conditions

ERA5S
GHR
EBS ERAS — 08/17/2015 08/27/2015
_— Reanalysis
Medspiration
NCEP
GFS
GHR GFS
MED 12/10/2018 12/20/2018

Medspiration ~ Forecast

NCEP
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Given the absence of buoy measurements across the study regions to verify the
accuracy of SSTatasetsit is proposed to utilize the average croesrelations as

an indication of true signg¥ilmaz et al., 2014)presuming no othesharedspatial

and temporal signal exists between the S&idtasetqi.e., higher average cress
correlationaneansa better product).

Additionally, to examine the precipitation simulated by various SST products, the
root mean squared error (RMSE) and the mean absolute error (MAE) of the
precipitation for each SS3imulationare determinedomparedto the pointbased

precipitation records

2.3  WRF-Hydro Model

The integrated hydrological model system named VAy#ro (version 5.1.1) is
operatedn this study(Gochis et al., 2020The WRFHydro hydrological modeling
system is an enhanced version of the abmeationed WRF modeWith the
traditional tdimensional NoaMP LSM that incorporates overland, saturated
subsurface, channel, and groundwater flow into a modeling structurd.SIWen

the WRFHydro model is the same as the cdemensional LSM (NoaMP)
operated in the WRF modeAccordingly, the hydrological modeling system is
operatedover the nested domain of WRF (d02) with a 3 km resolufidrere are
two options available in the modeling system configuration for the feedback
mechanisms between WRF and WR{dro model as uncoupled and coupled
modes Figure?2). There is only onavay feedback from the atmosphere to land in
uncoupled moderhe meteorological inputs for this mode can be creatdteWRF
model or othesourcessuch as radar arghtelliteprecipitation can be useA.two-
feedback mechanism is created between thesgthesic and the hydrological model
for the coupled modeEnergy and moisture fluxes are generated ftoelWRF
Hydro model to the WRF model. In this case, surface hydrological processes
contributeto the formation othe precipitation mechanismdhis linkage between
WRF and WRFHydro modelds established through the LSM.
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WRFHydro model disaggregates the LSM grids into kigbolution routing grids
after the moisture states are computed for the land surface cdlurims study
LSM grid resolution is defined as 3 kfsame as the WRFEnd disaggregated into
routing grids witha 250 mgrid sizein bothregions

Gridded .
Meteorological Analyses/Re-analyses/ Weather and Climate
Nowcasts/Forecasts Prediction Models
One-way coupling Two-way coupling

WRF-Hydro Driver and
Data Assimilation Components

Conservative regridding and downscaling tools

Overland & Water
Channel Management
Flow Modules
Routing
Modules

Integrated Hydrological Models

Figure2 Integrated hydrological modeling system structure of WHEro model
Gochis et al., 2020

Column Subsurface
Land Flow
Surface Routing
Modules Modules

o
5
> S
3':4-a
(Vp)
L
n;:c%"

The system also has a simple reservoir or lake offset algorithm. Soil moisture, soil
temperature, surface temperature, snow water equivalent, intercepted water amount,
energy and moisture fluxes on the surface are calculatedL\8ith (Figure 3).
Surface runoff is described in the LSM as excess filtration (net precipitation),
whereas subsurface runoff is defined as flathin the soil colume. These variables

are calculated by instantaneously solving the energy and water balance equations for
the Edimensional soil/plant column. In the model, the surface soil structure consists
of four different soil layers of 10, 30, 60, and 100 cm, respectiltalgpresents the

soil characteristics in 16 different categories, obtained from tkm STATSGO
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database. Land cover céesare generated from the Moderate Resolution Imaging
Spectroradiometer (MODIS) Modified IGBP -2@tegory land cover dataset.
Oveland and subsurface routisghemesor the entire domains are activated, while
the channel routinggchemeis only turned onover the defined basins. For the

conceptual groundwater module, the pssugh option for the bucket model is

activated.
/ Column Land Surface Models Terrain Routing Modules Channel & Reservoir Routing Modules
( Overland flow, Subsurface flow Hydrologic & Hydraulic |
¥ Al
2l “'“‘ul;u J 1 el 2- way
T Ee—— ‘
} —1 Coupling
?\::pol::a‘:mas"iarz'::; Output Variables: Output Variables:
5 'Ip o p/S i1 Stream inflow Streamflow
SO’ mo'sk;ge ol (I:e Surface water depth River stage
R:‘:g’;ac nowmelt Groundwater depth Flow velocity
Soil moisture Reservoir storage & discharge

Radiation exchange
Energy Fluxes
Plant water stress

Figure3 WRFHydro Physics components and output variables list for each module
Gochis et al., 2020

By using the WRFydro Preprocessing tools gSampson & Gochis, 201%) an
ArcGIS environment, a highesolution routingstack including flow accumulation,
flow direction, channel definition, etc. iproduced with the hydrologically
conditioned digital elevation model (DEM) called HydroSH&@hner, Verdin, &
Jarvis, 2008)

2.3.1 Calibration of the WRF-Hydro Model

WRF-Hydro calibration runs are performed with the WRF meteorological forcings
updated with the observed precipitation. Using the hourly point observation
precipitation data frorthe Turkish State Meteorological ServifldGM), the spatial

distribution of tle observed precipitation is produced with the Inverse Distance

Weighting method, and map layers are created in netCDF format. The precipitation
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field in the WRF model outputs is replaced with the hourly precipitation layers.
NetCDF commands (NCO) are utéid during the course of this process. The leave
one-out method is used to evaluate the interpolated precipitation. In this method, one
rain gauge is removed from the interpolation at each step, and the interpolated value
is calculated over the position thfe removed rain gauge. For each rain gatige,
same procedure is performed. Interpolated precipitationatateompared to rain
gauge point measuremetg calculatinghe RMSE and MAE statistical metrics.
Calibration of the WRHydro is carried out for three events in each basin (seven
basins Table 1) at hourly or daily time stepslepending on the availability of
streamflow data. The validatiorf the calibrated parameters setperformed with

the SST simulations. lie D22A049 basin othe EBS region and DO8A071 basin

of theMED region, hourly streamflow data for two heavy precipitation events in the
2016 and 2017 hydrologic years are usedditrate the modelhile otherevents

are calibrated on a daily bagisblel). For the validation proceg®ith SST events

hourly streamflow data isnly available for the MED region, whereas the daily
streamflow is used for the EBS region.

For the accuracy evaluation of the model, statistical metrics such as bias, root mean
square error (RMSE), correlation coefficient (RRashSutcliffe Efficiency (NSE),

and KlingGupta Efficiency (KGE) are calculated between observed and simulated
runoff to find theoptimalmodel parametesets Bias quantifies the degree to which
hydrograph volume is underestimated or overestimated aeahpathe observation
hydrograph. RR represents the &ngy between observed and simulated runoff and
determines the hydrograph performance in terms of timing and shape. Likewise,
KGE, NSE and RMSE are the metridhat are sensitive to thgolume and the
distributionof the hydrographand they indicate the hydrograph's overall @upta,

Kling, Yilmaz, & Martinez, 2009)This statistical analysis is conducted using hourly

or daily time steps, depending on teeporal resolution dheobserved seamflow

data.

The calibrated parameter settbE WRFHydro model is then validated for SST

simulations over both regions. WR¥ydro model is forced by meteorological
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forcings constructed using the ERA5 and GFS SSTs, as well as three additional
daily-updated SST datasets namely Medspiration, GHRSST, andiCEP.
Additionally, similar SST events are modeled by substituting observed precipitation
in WRF precipitation

2.3.1.1 Manual Step-wise Calibration

First, the model is calibrated manually using a stege approach allowing the
model to first simulate the wateallance in the basin and then distribute the amount
of water accurately over tim&(cel et al., 201p At each step, a common parameter
valueis determined for all three events, andrtliteis passed to thaalibration of the
following parameter. This was done based on the visual scanning of hydrographs
and the calculated statistics.

Depending on the hydrological function of the parameters in the modelataey
divided into two groups as the onesponsible fronthe hydrograph volume and the
shape. At the initial stage, the parameters that determine the hydrograph volume,
including the infiltration factor (REFKDT), the surface retention depth factor
(RETDEPRTFAC), and the deep drainage coefficient (SLORE) céibrated.
Then, at the second stage, the surface roughness coefficient factor
(OVROUGHRTFAC), the channel Manning roughness scaling factor (MANN), and
the saturated hydraulic conductivity factor (LKSATFANtrollingthe time of the

peak and the tempordistribution (shape of the hydrograph) are calibrated.

Certain parameters (REFKDT, SLOPE, and MANN) are classified as the global
parametergdefined as a fixed value for the whdRFHydro domain and specified

in tabular value format. Othgrarametersre classified as pixddasedparameters
(RETDEPRTFAC, OVROUGHRT, LKSATFAC), allowing parameter values to be
changed for each pixel throughout the model dontaithis study,hose pixelbased
parameters are tunned over the defined basin boundaries.

First, the calibration of the infiltration factor (REFKDiB)performed. The REFKDT
significantly affects the infiltration of the precipitation through the soil column;
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therefore, it plays a decisive role in distributing the total surface runoff into the
surfa@ and subsurface runoff (Schaake et al., 1996). The soil absorbs the
precipitation until it reaches to saturation level. The parameter value is defined in a
table and assigned as constant for the whole model domain. The default REFKDT
value is defined as.@ in the modelwhile the value range is between 0.5 and 5.0.
Secondly, another parameter that controls the total runoff vohaneed aghe
surface retention depth parameter (REDEPRTFAS)calibrated After the
saturation level is exceeded, rest of the precipitation falling on the ground starts to
build up on the surfaceWhen the ponded watdextrafiltration) exceeds the
predetermined water retention depth, it is diveréedthe surfacerunoff. The
REDEPRTFAC, on the other hand, is defined in the model as the multiplier of this
water retention depth value, which is assumed to be 1 mm over the whole domain.
While the default REDEPRTFAC value in the model is 1.0, the value range
determined for calibran is 0.010 (in increments of 0.1). The last parameter
controlling the runoff volume included in the calibration is the deep drainage
coefficient (SLOPE). This parameter determines the rate of the water passage
between the soil column and the conceptuatket model developed to represent
groundwater within the model. Its default value is defined as 0.1, and the calibration
process is performed in increments of 0.3 in the range €.0.1

At the last step of themanualstepwise calibration, the paranegs controlling
temporal distribution of the runoff volume are calibrated. The surface roughness
parameter (OVROUGHRT)mpactsthe speed of the infiltration excess water
transmitted over the surface until it reaches the channel network ghdsurface
roughness values adefined in the model according to the MOEAS land use
categories. Calibration of this parameter was performed in increments of 0.3 in the
range of 0.11.0. Second, calibration of the tabular Manning's roughness coefficients
for all stream orders is performed with a scaling factor (MANN) with 0.5 increments
in the 0.52.0 value range. MANNbarameter is responsible fraime time of flow
conveyance througiut the channel grids. The higher the MANN value, the longer

it takes for the wateto reach the basin outlet, resulting in a dedathe pealflow
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value at the basin outlet. Finally, the calibration of the saturated hydraulic
conductivity parameter (LKSATFAC), which controls the redistribution of the
infiltrated water in the lateralgne, is performed. The default value of this parameter

is defined as 1000 in the model. Calibrations is performed for the values of 10, 100,
1000, and 10000.

2.3.1.2 Automated Calibration

Besides stepwise calibration, the automated calibration method is also implemented
in the scope of this study to take into account many distinct combinations of values
between the parameters. Since the \WHRfAro model is a complex and gtizhsed
model, thesimulation time is longer compared to other hydrological models in the
literature. Therefore, one of the concerns in this study is capturing the optimal model
parameter set in th@ossible shortest time. In this regard, the Dynamically
Dimensioned Searc{DDS) optimization algorithm, commonly preferred for
complex hydrological models ameferred by NCAR for WRfHydro model
calibration, is selected for the model calibrat{@olson & Shoemaker, 200.7)he

main factor in deciding on the DDS algorithnthat it can give better results with a
limited number of iterations compared to other algoritlidteang et al., 2020)The
pseudecodeof the DDS algorithm is given iRigure4. As an objective function,

KGE is calculated and optimized between the simulated and observed streamflow in
each iteration.

As a summary of the algorithm given above: The only stopping criterion in the DDS
algorithm is the number of iterations specified by the user. The algorithm starts with
a global search, then adjusts this search size dynamically, reducing it to a more local
size as the iteration sequence gets closer to the end. This transition is achieved by
reducing the number of elements in the parameter set both dynamically and
probabilistically. In this way, it aims to find the best possible global result according

to the maximum number of iterations determined by the user depending on the
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available time and computational resources. It is worth noting that the purpose of
this algorithm is not to achieve the global optimum refbiison & Shoemaker,
2007)

STEP 1. Define DDS inputs:
» neighborhood perturbation size parameter, r
(0.2 is default)
» maximurn # of function evaluations, m
« vectors of lower, xX™", and upper, X™,
bounds for all D decision variables
« initial solution, x” =[x, ..., Xp)

STEP 2. Setcounterto 1,i=1, and evaluate
objective function F at initial solution, F(x"):

o Fpest = F(x%), and x*** = ¥

STEP 3. Randomly select J of the D decision
variables for inclusion in neighborhood, {N}:

» calculate probability each decision variable is
included in {N} as a function of the current
iteration count: P(i) = 1-In{i)/In{m)

« FORd=1, ... Ddecision variables, add d to
{N} with probability P

» IF {N} empty, select one random d for {N}

STEP 4. FORj=1, ..., Jdecision variables in
{N}, perturb th““ using a standard normal random
variable, M{0,1), reflecting at decision variable
bounds if necessary:
o X" = 1P 4 gN(0,1), where o) = r{x™ - x
o IF x"™" < xj’“'”,l reflect perturbation:
: .lxl_i:nw;“%mn:ax{.xjmm - @NDB‘H_} .
X =T, set T =X
o IF ™" > x™, reflect perturbation:
- xjnﬂ'f - (ﬁmax } {xjnew . xma.x}
= |F x]m _{)qmln, set xjn - xjma

STEP 5. Evaluate F(x"*¥) and update current
best solution if necessary:
* |F F(x"™™) < Fyaq, update new best solution:

* Fpest = F(X™") and ™ = ™

STEP 6. Update iteration count, i = i+1, and
check stopping criterion:
« IFi=m, STOP, print output (e.g. Foes: & X™)
* ELSE goto STEP 3

")

M

Figure4 Pseudocode for DDS algorithfiiolson & Shoemaker, 2007)
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The same parameter ranges determined for the incremental calibration are also
defined in the DDS algorithm. For cases with a similar number of calibrated
parameterset (with sixparameters), the recommended iteration number for the
algorithm to find the ptimum set is noted as 2(QDolson & Shoemaker, 2007)he
number of model iterations performed in previously performed stepwise calibration
method is approximately 60. In order to compare the two different calibration
methods in terms of the number t&rations, the DDS algorithm was started with 60
iterations, and this number is increased to 100, 150, and 200. The automated
calibration is performed for one event for the D22A049 basin from the EBS region
and the DO8AQ71 basin from the MED region.
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CHAPTER 3

RESULTS

3.1 WRF Model Results

3.1.1 Evaluation of SST Datasets

In this study, two types of SST products are used: first, SST products (ERA5 and
GFS) with coarse spatial (0.25°) resolution #mely remaineatonstant throughout

the run time second, products with higher spatial (0.022° for Medspiration, 0.01°
for GHRSST, and 0.083° for NCEP) and temporal resolution (daily updated). The
spatial distribution of each SST product during the course of thaayQun is
represented ifrigure 5, while the temporal change of the spatially averaged SST
values for each product is shown kgure 6. All products represent higher
temperatures{300 K) over the western part of the EBS compared to the eastern part
of the seg~297 K), except the NCEP SST, which shows an even distribution of
temperatures~B05 K) over the sea surface. Temperature variability between the
products isgreaterover MED compared to EB&gion (Figure5). However, the
temporal dstribution of the SST products is consistent with each other, except for
ERA5 and GFS, which have constant temperature valwesaghout the run time
(Figure®b).

The cosscorrelation between each product and others is calculated and averaged.
Results show that average temporal ciasselations over the MED (0.7®84) are
greater than EBS (0.24.60), whereas the spatial average crusselations over the

EBS (0.480.83) are greater than the MED.{1-0.39) Among the higkresolution
products, GHRSST (0.61) has the highest spatiotemporal-coosdation among

other products. Medspiration (0.54) and NCEP (0.36) follow the GHRB&Iuct
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This order is the same fopth regions. Overall, the results show that @&¢RSST
is thebestwhile theNCEPIs the least performingsST productg$or the events and
regionsexamined in this study.
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Figure5 Temporally averaged spatidistribution of SST products of ERA5/GFS,
GHRSST, Medspiratignand NCEP: (a)d) across MED and (e)i (h) over EBS

regions
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3.1.2 Evaluation of Precipitation Simulations for SST Events

The mean of RMSE and MAE statistics are calculated between the interpolated
(produced by IDW method), simulated precipitations with different SST preduct
and the available point observations over the EBS and MED re(@iahke3). Both
statistics of the interpolated precipitation for EBS and MED are better compared to
the simulated precipitations. Among the higisolution SST simulations, GHRSST
precipitation has théowest MAE (~0.81) and RMSE (~1.89) values in the MED
region. TheRMSE values of the simulated precipitations are greater than the
interpolated precipitation over the MED region by 41%, whereas it is %29 greater
than that of the EBS region. Overalgththe RMSE and MAE valueagsdicate that

the precipitation produced by the interpolation is more accurate compared to the
simulated ones with the different SST products. Therefore the uncertainty added to
the precipitation input of WRydro is higher for th&/RF model compared to the

IDW interpolation technique.
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Table 3 Comparison of mean absolute error (MAE) and root mean square error
(RMSE) values calculated for precipitation observations from rain gauges,
interpolated and modeledvith ERA5/GFS, GHR, MED, and NCEP SSTs
precipitation data extracted from the same rain gauge locations.

Region Precipitation source MAE RMSE
Interpolated Observatio  0.240 0.954
ERA5SST 0.334 1.297

EBS GHR-SST 0.347 1.369
MED-SST 0.341 1.370

NCERSST 0.327 1.302

Interpolated Observatio 0.466 1.165
GFSSST 0.868 2.129

MED GHR-SST 0.808 1.885
MED-SST 0.825 1.943

NCERSST 0.812 1.901

Time series of the basin averaged simulated and observed precipitation for the SST
events overD22A147 and DO8AO7basins are given ifrigure 7 (a) and (b)
respective}, while thestatistical measures obtained for each ®8&ntin both
basinsareshownin Table4. Figure7 (a) shovs the precipitatiortime seriefrom
08/17/2015 00:00:00 UTC to 08/27/2015 00:00:00 Ufb€241-hours.Thehighest
precipitation at D22A14#% recorded at th&78" hour, or 08/24/2015 09:00:00 UTC
as26.3 mm of rain. Howevethe highest precipitation quantity over the whole EBS
region is reported &2.4mm at 0824/2015 00:00:00 UTQvithin the boundary of
D22A049. In spite of this, as shown figure 7 (a), the D22A147 basiaverage
precipitationis calculated a46.1 mm during the 16Bhour, which coincidesvith

the event peak tinmg over the EBS regionAlso, it can beinterpreted thatthe

simulations with alternative SST datasets are able to approximate the broad pattern,
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exceptthe primary peals are generated a few houmsarlier than observegeak
However, notwithstanding the poor statistical measfo@selation of 0.040.03 and
largeRMSE of 3.195.30 inTable4), it is dearthat incorporating high-resolution

SST product increases the simulation accuracgrrespondingto the actual
precipitation This result is validparticularly forthe Medspiraion simulation In
addition, it is seen thathe GHRSST simulation underestimates the recorded peak
precipitation Besides, GHRSST simulation overestimates the observed peak
precipitation. Other simulated peaks are lower than the GHRSST simulation,
they are closer to the observed pedkedspiration surpasses the response in all

calculated statistics compartxmthe observed precipitatiomdble4).

The time series dhe basiraveraged precipitation for the event betw#210/2018
00:00:00 UTCG12/20/2018 00:00:00 UTC (241ours)are shown irFigure 7 (b).
Peak precipitation is recorded as 53.1 mm during th&418®ir, corresponding to
12/10/2018at 17:00:00 UTC At the same time step, the peak basierage
precipitation for DO8AO71 is morded as 15.7 mm. On the whole, all simulated
precipitatiors reveal an almost exact match to the observed patternsmoitiest
overestimationgOn the other hand, higtesolution SST simulatiorsseem to be able
to enhance the volume with decreased idme with theobservationSimulations
performed withGFS SST, GHRSST, and NCEP SST all hsght delays in their
peak tming (about 12 hours) However,Medspiration captures the precise peak
moment.GFS SSThasthe biggest overestimatior,17 mm conpared to thegeak
observationand a positive bia®.56 m3/3¥ consideringhe wholemodel runperiod
(Table4).
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Figure7 Time series of hourly precipitation that a) D22A147 basin over EBS region
receives during the event occurred in 08/17/20827/2015 and b) DO8A071 basin
over MED region receives during the event occurred in 12/10/2018)/2018 for

ten days. Outputs are generated from the WRF model wittathee SST field from
ERA5 Reanalysis data (ERASST) forthe EBS region and GFS Forecast data
(GFSSST) for the MIP regiondifferent SST products: GHRSST, Medspiration,
and NCEP.

31



Table 4 Statistics of Bias, RMSE, and RR between observed and modeled
precipitations with different SST datasets of ERA5, GHRSST, Medspiration, and
NCEP for D22A147 over EBS and GFS, GHRSST, Medspiration, and NCEP for
DO8AO71 over MED regionsStatistics calculad between the WRRydro model
calibration and validationsutputs using the corresponding precipitation dataset as
input and the observation hydrograph (Bias, RMSE, RR, NSE, and KGE).

Station WRF Precipitation WRF-Hydro Streamflow
Bias RMSE RR Bias RMSE RR NSE  KGE
Calibration ~ OPserved 047 222 075 072 061

Precip.
Observed 711 1425 083 037 0.063

Precip.
D22A147 ... =~ _ERASSST -054 3.9 0.8 9.92 2013 042 026 -0.39
(Hopa) GHRSST -0.06 530 0.01 -6.16 1083 0.83 0.63 _ 0.30
MED-SST -0.24 _ 3.55 _ 0.03 -8.32 1586 0.86 0.22  -0.08
NCERSST -0.54 3.38  0.01 9.60 18.98 0.82 -0.12  -0.29
Calibration ~ OPserved 557 2630 046 -1.26 -0.75

Precip.
Observed 57.48 8453 040 -0.13 0.11

Precip.
DOBAOTL |, .. GFSSST 0.56  3.45 0.60 -24.98 12881 0.8 -1.62  0.02
(Kemer) ~vamdalon "GHpSST 018 235 052 -42.73 8325 0.30 -0.09 0.31
MED-SST 0.13 1.86 0.67 -43.63 8357 0.31 -0.10 0.30
NCERSST 0.33 223 0.60 -40.76 8150 0.32 -0.05 0.33

Figure 8 depicts the peak day (08/24/2015) point observations of precipitation
spatially distributed with the IDW method and the precipitation estimates from
different SST simulations (ERAS%HRSST, Méspiration, and NCEPyith WRF

model for the SST event in the EBS region. It is worthy of note that the GHRSST
simulation Figure8 (c)) overestimates the observed péation (Figure8 (a)) over

the D22A147 basin. In terms of the spatial distribution of the precipitation.
Medspiration produces the closest pattern compared to the obserFajimeg (d)).

This result is consistent with the temporal precipitation distribution results that the
Medspiration products enhance the accuracy of the precipitation more compared to
the coarse resolution ERA5 SST product. FurthernMeslspiration and GHRSST
simuations overestimate the precipitation towards the coastline, where they produce

more than 140 mm of daily precipitatigRigure 8 (c and d). On the other hand,
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Figure 8 (e) shows that the NCEP SST simulation causes a significant
underestimation of the precipitation over the selected basimgire 8 (c)
demonstratethatthe GHRSST is more accurate than other simulations in terms of

reproducing the actual location of the SST event.
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Figure8 Spatial distribution of daily precipitation on the peak day (08/24/2015) for
the run period of 08/17/201708/27/2017 over the EBS region. (a) The map at the
top shows the interpolated observed precipitation map obtained from meteorological
station datagreen triangles). The black line indicates the boundaries of the selected

basins for this study, while the blue dots show the corresponding stream gauge
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stations. The four maps in the spanels refer to the simulated precipitations by the
WRF model derive from different SST data sources for the peak hour: (b) ERAS5,
(c) GHRSST, (d) Medspiration, and (e) NCEP, respectively.

In Figure9, the peak hour (12/16/2018 17:00:8Pgatial distribution of the observed
and simulated precipitatisnwith different SST products (GFS, GHRSST,
Medspiration, and NCEP) are illustrated for the MED region with the selected basins.
Figure9 (b) shows that the GFS simulatioverestimatethe actual event peak value
(53.1 mm) and its location. Instead of creating the peak precipitation over the
coastline, it shifts the events center through the sea. ContpahedGFS simulation,
high-resolution SST simulations generate better resrdtgarding the overall
distribution patterns of the precipitation and capture observed depth. GHRSST
simulation is successful in capturing the precipitation extent. Howeweisses the
observed precipitation depth with the amount ofL86mm. This remark may be
owed to the previously mentioned delay of the peak time in the GHRSST simulation.
NCEP and Medspiration simulations represent much closer precipitation depths
during the peak time. In particular, Medspiration catches the event center and the
observed precipitation deptRigure7 (b)) but creates an overestimation of ~8 mm
depth corresponding to the peak precipitation (25.8 mm) denoted as-araagle
pattern over the D22A071 basirigure9 (d)).
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Figure9 Spatial distribution of hourly precipitation at the peak hour (12/16/2018,
17:00:00 UTC) for the run period of 12/10/2018/20/2018 over the MED region

(a) The map at the top shows the interpolated observed precipitation map obtained
from meteorological station data (green triangles). The black line indicates the
boundaries of the selected basins for this study, while the blue dots show the
correspondig stream gauge stations. The four maps in thepaniels refer to the
simulated precipitations by the WRF model derived from different SST data sources
for the peak hour: b) GFS, ¢) GHRSST, d) Medspiration, and €) NCEP, respectively.
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3.2 WRF-Hydro Model Results

3.2.1 Model Calibration Results

3.2.1.1 Manual Stepwise Calibration

This section evaluates the stepwise calibration outputs of three different events
determined for selected stiasins in the EBS and MED regioi$e average values

for statistics of the three events calculated for the parameter value determined at the
end of the calibration of each parameter of allsabins are given imable5. Only

the hydrograph results of two events andBabins of Arhavi and Kemer (D22A049

and DOBAOQ71, respectively) representing each study region of EBS and MED are

given asexample

First, the calibration of the REFKDdarameter, which is in the group of parameters
affecting the hydrograph volume, is calibrated for all the-lsagins and related
events mentionedbefore For the event that took place between 10/19/2016
10/29/2016, the hydrograph of the Arhavi basin isvah in Figure 10, while the
hydrograph of the Kemer basin for the event that took place between 03/G7/2017
03/17/2017 is shown iRigurell. Since the default value of the REFKDT parameter

is 3.0, the hydrograph with the REFKDT value of 3.0rigure 10 corresponds to
thatof the WRFHydro model run with the default parameter set.

The REFKDT value affects the infiltration capacity of the soil column. As it is seen
from the graphs, as the REFKDT value increases, the hydrograph volume decreases
becauseahe penetration capacity of water into the soil increases. Considering the
average statistics and hydrographs, the REFKDT value of 0.5, the lower limit for
both basins, is selected as the optimum value. However, it has been observed that the
hydrograph valme is still underestimated compared to the observation \Jaltles

Arhavi basin Figure10). As the calibration of this parameter progressed, the delay

in the peakvalue in the model hydrograph is reduced, and the hydrograph volume is
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fed towards the timing of the obsed/peak value. Contrary to the hydrograph in
Figure 10, a positive bias (3.72 m3/s) is observed in the average bias wéltres

three events iTable5. A similar situation is also observed for the Kerbasin.

Even though there is an overestimation in the representative hydrograph compared
to the observation flowHgure 11), a negative bias is calculated for the dven
averagesTableb). In addition, a significant improvement (fro.16 to 0.47) was
noticed in the KGE value calculated for the Hopa basin (D22Aletpared to the
default model outputsT@ble5).

Figure 12 and Figure 13 represent the calibration runs for the REDEPRTFAC
parameter for the Arhavi and Kemer basins, respectively. It is observed that the
model is not showing a respgmto RETDEPRTFAC parameter in all basifisis is
becaus¢he EBS and MED regions have complex topographic characteristics, so the
water is immediately directed as the overland flow without accumulating on the
surface. For this reason, it was decided thatvalue of 0.0, which gave the best

result, albeit with a small margin, was representative for both basins.

The SLOPE parameter is calibrated as the last parameter that determines the
hydrograph volume in the model. As mentioned above, the SLOPE pgarame
determines the rate of transition of the water in the soil column to the bucket model.
Therefore, as the parameter value increases, the hydrograph volume is expected to
decrease. It is seen that although the SLOPE parameter has an improvement effect
onthe model performance, it does not have a significant effect on the event averages;
therefore, it is decided that the default parameter value (0.1) is the optimal value
(Figure 14 & Figure 15). Nevertheless, an improvement in bias, correlation, and
RMSE is observed at the D22A147 and DO9A095 baJiabléb).

After the calibration of the parameters affecting the runoff volume is completed, the
parameters affecting the temporal distribution and shape of the hydrograph are
assessed. First, the calibration of OVROUGHRT is performedtHe represented

basins inFigure 16 andFigure 17, there is no significant improvement is observed
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corresponding to the tuning of OVROUGHRTFAC. The average statistic results of
the calibration of other basins also show that hydrographs are not significantly
sensitive to the OVROUGHRTFAC parametdiale 5). Therefore, the default
parameter value (1.0) is selected for all basins, except the value of 0.1 is selected for
the DO9A095 basin.

Figure 18 and Figure 19 represent the calibration hydrographs of the MANN
parameter for both basins. It is determined that the NSE value increased up to ~ 0.62
between the range of 1.5 and 2.0tle Arhavi basin Figure 18). A significant
improvement is not observed in the model performance corresponding to the MANN
in the Kemer basinFjgure19). Based on the event averages, the value of 2.0 shows
the most significant improvement at the D22A147 basin (~ 15% increase in KGE).
In general, a decrease in the RMSE values is obséwvadl basins for the value of

2.0. A similartrend is observed when the MANN value is determined as 0.5 for the
EO8AO008 basin in contrast to other basifialle5).

Finally, the calibration of theKSATFAC parameter, which controls the saturated
hydraulic conductivity in the lateral flow direction, is performed. Considering all the
calibrated parameters, LKSATFAC stands out as the parameter that the model shows
the most sensitivity in both regionK. significantly adjusts the peak value and
improves the temporal distribution of the hydrograph, especially in the Kemer basin
(Figure 21). A similar improvement isseen in the Arhavi basirFigure 20). It is
observed that the correlation value increases up to ~ 0.85, while the NSE value
reaches ~ 0.73.
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Figure 10 Arhavi (D22A049) basin REFKDT parameter calibration runs for the
event that took place between 10/19/2Q0629/2016.

39



DO8AO71-REFKDT

r
— ]
504 05 "
— 1.0 1
~— 15 1
04— 20
— — 25
K — 3.0 (default) ,
E g4 —35
8) — 40
g — 45
=y
5 204 5.0
o) — o8BS
104
0-
T 241
12 15
8-
LlJ -
P gm
@ ) &
5
ol
05 10 15 20 25 30 35 40 45 50 05 10 15 20 25 30 35 40 45 50
REFKDT REFKDT
0.51 04
0.4+ £ -10-
Q
0.34 e
& @ 207
0.24 %
ord 8 30
0.0 -404
05 10 15 20 25 30 35 40 45 50 05 10 15 20 25 30 35 40 45 50
REFKDT REFKDT

Figure 11 Kemer (DO8A071) basin REFKDT parameter calibration runs for the
event that took place between 0341 7~03/17/2017.
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Figure12 Arhavi (D22A049) basin RETDEPRTFAC parameter calibration runs for
the event that took place between 10/19/200&29/2016.
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Figure13 Kemer (DO8AQ71) basin RETDEPRTFAC pareter calibration runs for

the event that took place between 03/07/203/17/2017.
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Figure14 Arhavi (D22A049) basin SLOPE parameter calibration runs for the event
that took place between 10/19/201@/29/2016.
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Figure1l5Kemer (DO8AQ71) basin SLOPE parameter calibration runs for the event

that took place between 03/07/2603/17/2017.
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Figure16 Arhavi (D22A049) basin OVROUGHRTFAC parameter calibration runs
for the event that took place between 10/19/200/&29/2016.
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Figurel7 Kemer (DO8A071) basin OVROUGHTRFAC parameter calibration runs
for the event that took placetween 03/07/20103/17/2017.
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Figure18 Arhavi (D22A049) basin MANN parameter calibration runs for the event
that took place between 10/19/201@/29/2016.
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Figure19 Kemer (DO8A071) basin MANN parameter calibration runs for the event
that took place between 03/07/2803/17/2017.
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Figure20 Arhavi (D22A049) basin LKSATFAC parameter calibration runs for the
event that took place between 10/19/200629/2016.

49



DO8AO71-LKSATFAC

-- 10
607 — 100
1000 (default)
50 10000
— oBS
w
f‘:-‘- 40-
3
o
[
o
2 304
=y
Q
0
O 24
104
0-
1 11 21 31 41 51 61 71 81 91 101 111 121 131 141 151 161 171 181 191 201 211 221 231 241
Time
20
12.54
w 154
@ 10,0+ ]
2 =
7.5 % 101
5VO-I T T T 5-I T T T
10 100 1000 10000 10 100 1000 10000
LKSATFAC LKSATFAC
07
-11.34
0.6+ g -21.34
Q
w 054 £ 3134
4 D 413
0.4 -
@ 5134
0.31 < 613
0.2 ; : : 1131, : ; :
10 100 1000 10000 10 100 1000 10000
LKSATFAC LKSATFAC

Figure21 Kemer (DO8AQ071) basin LKSATFAC parameter cadition runs for the
event that took place between 03/07/2QB717/2017.
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Table5 Average statistics (Bias, correlation coefficient (RR), root mean square error
(RMSE) and Nastsutcliffe Adequacy (NSE) and KlinGupta Efficiency(KGE))

of three events based on the calibrated parameter sets for each selected basin in MED
and EBS regions.

D22A049
Region \7&3325 Bias RMSE RR  NSE KGE
Default Parameter Se 4.24 40.55 0.13 -0.39 0.13
REFKDT 0.5 3.72 40.48 038 -0.33 0.30
RETDEPRTFAC 0.0 4.00 40.45 039 -0.35 0.31
SLOPE 0.1 4.00 40.45 039 -0.35 0.31
OVROUGHRTFAC 1.0 4.00 40.45 039 -0.35 0.31
MANN 2.0 3.69 37.54 039 -0.14 0.0
LKSATFAC 10 -2.34 32.16 0.56 016 0.40
D22A147
EBS V';"l"l;rens' Bias RMSE RR NSE  KGE
Default Parameter Se 0.48 5.75 0.38 -0.58 -0.16
REFKDT 0.5 0.58 3.20 0.63 051 0.47
RETDEPRTFAC 0.0 0.97 3.16 0.63 052  0.47
SLOPE 1.0 1.01 2.88 0.67 058  0.47
OVROUGHRTFAC 1.0 1.01 2.88 0.67 058  0.47
MANN 2.0 0.78 2.65 0.68 0.63 0.54
LKSATFAC 10 0.47 2.22 0.75 072 061
DO8A071
parm. Bias RMSE RR NSE KGE
Values
Default Parameter Set -5.28 16.68 0.43 -0.03 -0.12
REFKDT 0.5 -1.02 30.12 0.44 -1353 -3.18
RETDEPRTFAC 0.0 -0.47 30.53 0.44 1354 -3.17
SLOPE 0.1 -0.47 30.53 0.44 1354 -3.17
OVROUGHRTFAC 1.0 -0.48 29.84 0.46 -1352 -3.16
MANN 2.0 -0.50 29.85 0.49 -13.09 -3.14
VED LKSATFAC 10 5.57 26.30 046  -1.26 -0.75
D09A095
5;:2'5 Bias RMSE RR NSE  KGE
DefaultParameter Set -0.10 12.40 0.59 -1.69 -0.55
REFKDT 0.5 1.31 9.67 073  -1.21 -0.29
RETDEPRTFAC 0.0 1.59 9.51 0.65 -1.16 -0.25
SLOPE 1.0 1.66 8.77 070 -0.78 -0.14
OVROUGHRTFAC 0.1 1.69 8.55 070 -059 -0.06
MANN 2.0 1.70 8.35 081 -054 -0.04
LKSATFAC 10 2.29 9.02 077 093 -0.14

51



Table 5 (Contdd)

E08A008

parm. Bias RMSE RR NSE KGE
Values

Default Parameter Set 19 23.45 0.35 -283.11 -13.75
REFKDT 05 18.93 23.17 051 -289.21 -13.89
MED RETDEPRTFAC 0.0 18.95 23.14 051 -288.88 -13.87
SLOPE 0.1 18.95 23.14 051 -288.88 -13.87
OVROUGHRTFAC 1.0 18.92 23.14 051 -288.89 -13.88
MANN 05 18.97 22.99 050 -289.34 -13.86
LKSATFAC 10 6.22 8.07 040 5498 -514

3.2.1.2 Automated Calibration

This section includes the results of the WRYydro model calibratiopartutilizing

anautomated calibration algorithm, called DDS, and the algorithm test runs.

3.2.1.2.1 DDS Algorithm Test Results

Before the DDS algorithm is utilized for the calibration procegsh®WRFHydro

model, the algorithm is tested with a hypothetical hydrograph with the known set of
the same parameters, which are calibrated in the previous section. Instead of the
observed streamflow data, the hydrograph obtained from this set is giensut

to the algorithm. The optimization of the model is performed based on this given
hydrograph. To see the capability of the algorithm to solve the problem in terms of
the number of decision variables which is defined as the number of paraméters, th
test is performed with the different parameters set sizes. First, one parameter
(REFKDT) is included in the algorithm, then the size of the parameter set is
systematically increased by adding one parameter at each step. At the last stage, all
parametersare included in the algorithm, and the dimension of the problem is

increased to six. The iteration number is defined as 60 throughout the test.
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The results of the DDS algorithm test are givekigure22 - Figure27. In Figure

22, the DDS algoriim is run with one parameter, which is REFKDT, and the other
parameters are fixed to the parameter valuesetkfimhe hypothetical hydrograph.
Results indicate that the model can find exactly the same hydrograph arountl the 40
iteration Eigure 22). Similar performance is seen for the calibration with the
parameter size of twoF{gure 23). After the set size is increased to three, the
deflection from the hypothetical graph starts. Statistics show that the algorithm still
can find the set of parameters within the acceptable statistics range as the KGE value
between 0.6.9 until theaddition of the last parametdtigure24-Figure26). At the

last step, the KGRalue drastically decreases-th47. It is seen that the algorithm

is still successful in terms of finding the hydrograph timiRmgyre27). Therefore,

the correlation values are still in the acceptable range with a value of 0.8. However,
the overestimation seen in the hydrograph volume propagates to the model error in

the statistics.

DDS algorithm test shows that the algorithmwvisrking effectively for optimizing

the simulated hydrograph by WR¥ydro model with respect to the objective
function of KGE. Although a dramatic increase is seen when the size of the parameter
set is increased to six, in order to perform an even compareween the stepwise

and the automated calibration methods, the same set of parameters (with the size of
six) are used for the calibration process with the DDS algorithm. Since the number
of iterations defined in the algorithm is positively correlatethwhe dimension of

the problem definition, which is the size of the parameter set, it is assumed that the
calibration started with the higher number of iterations may solve this issue.
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DDS Algorithm Test-(1 Parm.)
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Figure 22 The calibration hydrographs perfoed using the DDS algorithm
including one decision variable (i.e., REFKDT paraméf@ra hypothetical event

in the Kemer basiand the statistical indices calculated for each iteration (Percent
Bias, Root Mean Square Error (RMSE), Correlation CoefiicitRR), Nash
Sutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency (KGE))
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DDS Algorithm Test-(2 Parm.)
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Figure 23 The calibration hydrographs performed using the DDS algorithm
including two decision variables (i.e., REFKDT and RETDEPRTFAGmeters)

for a hypothetical event in the Kemer baaird the statistical indices calculated for
each iteration (Percent Bias, Root Mean Square Error (RMSE), Correlation
Coefficient (RR), NastButcliffe Efficiency, Mean Absolute Error (MAE), Kling
Gupta Hficiency (KGE))
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DDS Algorithm Test-(3 Parm.)
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Figure 24 The calibration hydrographs performed using the DDS algorithm
including three decision variables (i.e., REFKDT, RETDEPRTFAC, and SLOPE
parametersjor a hypothetical event in the Kemer baaimd the watistical indices
calculated for each iteration (Percent Bias, Root Mean Square Error (RMSE),
Correlation Coefficient (RR), NasButcliffe Efficiency, Mean Absolute Error
(MAE), Kling-Gupta Efficiency (KGE))
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DDS Algorithm Test-(4 Parm.)
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Figure 25 The calbration hydrographs performed using the DDS algorithm
including four decision variables (i.e., REFKDT, RETDEPRTFAC, SLOPE, and
OVROUGHRTFAC parameter®)r a hypothetical event in the Kemer baaid the
statistical indices calculated for each iteratioer(fent Bias, Root Mean Square Error
(RMSE), Correlation Coefficient (RR), NaSutcliffe Efficiency, Mean Absolute
Error (MAE), Kling-Gupta Efficiency (KGE))
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DDS Algorithm Test-(5 Parm.)
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Figure 26 The calibration hydrographs

including five decision variables (i.e.,

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57
Model

performed using the DDS algurit
REFKDT, RETDEPRTFAC, SLOPE,

OVROUGHRTFAC, and MANN parameter&r a hypothetical event in the Kemer

basinand the statistical indices calculated for each iteration (Percent Bias, Root

Mean Square Error(RMSE), Correlation Coefficient (RR),

NaSutcliffe

Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency (KGE))
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DDS Algorithm Test-(6 Parm.)
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Figure 27 The calibration hydrographs performed using the DDS algorithm
including six decision variablegi.e., REFKDT, RETDEPRTFAC, SLOPE,
OVROUGHRTFAC, MANN, and LKSATFAC parameterf®y a hypothetical event

in the Kemer basiand the statistical indices calculated for each iteration (Percent
Bias, Root Mean Square Error (RMSE), Correlation Coefficient (R¥R)sh
Sutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency (KGE))
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3.2.1.2.2 DDS Algorithm Calibration Results

The calibration outputgenerateavith the DDS algorithm chosen as the optimization
algorithm for automatic calibration are represertetthis section. At this stage, two
subbasin and events from both regions are selected to be studied for the automated
calibration process. Arhavi basin and the event that occurred between 10/19/2016
10/29/2016 are selected for the EBS region while thieration was carried out with

the Kemer basin and the event that occurred between 03/0702017/2017 in the

MED region. These events belong to the same basins that are also used in manual
calibration in the previous section. In order to see the etiE¢che number of
iterations on the performance of the model, four different iteration numbers (60, 100,

150, and 200) are determined for the automated calibration process.

In this context, the DDS calibration trials carried out for the Arhavi basin and
10/19/201610/29/2016 event are represented frBrgure 28 to Figure 31. The
calibrationattemptsvith 60- and 100 iterationsreveal that the model can gradually
capture the peak timingompared to the first triaF{gure 28 & Figure 29). KGE

value is improved around 21% when the iteration number is increased from 60 to
100. In general, as the number of iterations increases, it is seen that the success of
themodel in solving the event progressively increases. However, in calibration trials
with 15C-iterations, it is observed that the performance decreased compared to the
calibration with 106@terations, and the algorithm continues to give a more successful
realt in 200iterations compared to the calibration with 100 iteratiorable 6).
Although the highest KGE value (0.74) is achieved in the-i&@@tions, no
improvementis seen in the RMSE, RR, and NSE valeesnpared to the 100
iterations. However, the hydrographtbébest trial for 20@teration shows that the
model can capture the peak time, as well as a gradual decrease Fgue31),

instead of a sudden decrease observed in the falling limb of the hydrographs of the

best resultsvith other iteration numbergigure28 & Figure29).
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When Kemer basin simulafis are examined,

overestimating systematically, and the calibration is making progress in reducing this

difference between the simulated and the observed hydrograigiuse32-Figure

33). Similar to the case ithhe Arhavi basin, it is determined that there is a decrease

in the statisticametrics for the calibration with 150 iterations for the Kemer basin

it is observed that the model is

(Table6).
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Figure28 The calibration hydrographs performed with a total of 60 iterations using

the DDS algorithm for the Arhavi basin and the event that took place between
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10/19/201610/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root MeaSquare Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency
(KGE)).

D22A049 - DDS Algorithm 100-iterations
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Figure29 The calibration hydrographs performed with a total of 100 iterations using
the DDS algorithm for the Arhavi basin and the event that took place between
10/19/201610/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
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NashSutcliffe Efficiency, Mean Absolute Error (MAE), Klingsupta Efficiency

(KGE))
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Figure30 The calibration hydrographs performed with a total of 150 iterations using
the DDS algorithm for the Arhavi basin and the event that took place between
10/19/201610/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency
(KGE)).
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D22A049 - DDS Algorithm 200-iterations
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Figure31 The calibration hydrographs performed with a total of 200 iterations using
the DDS algorithm for the Arhavi basin and the event that took place between
10/19/201610/29/2016, and the statistical indices calculated for each iteration
(Percent Bas, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency
(KGE))

64



DO08AO071 - DDS Algorithm 60-iterations
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Figure32 The calibration hydrographs performed with a total of 60 iterations using

the DDS algorithm for the Kemer basin and the event that took place between
03/07/201703/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root MeaBquare Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency

(KGE))

65



DO08AO071 - DDS Algorithm 100-iterations
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Figure33 The calibration hydrographs performed with a total of 100 iterations using

the DDSalgorithm for the Kemer basin and the event that took place between
03/07/201703/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mea Absolute Error (MAE), KlingGupta Efficiency

(KGE))
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DO08AO071 - DDS Algorithm 150-iterations
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Figure34 The calibration hydrographs performed with a total of 150 iterations using
the DDS algorithm for the Kemer basin and the event that took place between
03/07/201703/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency
(KGE))
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Figure35 The calibration hydrographs performed with a total of 200 iterations using
the DDS algorithm for the Kemer basin and the event that took place between
03/07/201703/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, 8t Mean Square Error (RMSE), Correlation Coefficient (RR),
NashSutcliffe Efficiency, Mean Absolute Error (MAE), KlinGupta Efficiency
(KGE))
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