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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

Kiligarslan, Berina Mina
Master of Science, Civil Engineering
Supervisor: Prof. Dr. Ismail Yiicel

February 2022, 146 pages

This study investigates the impact of the spatio-temporal accuracy of four different
sea surface temperature (SST) datasets on the accuracy of the Weather Research and
Forecasting (WRF)-Hydro system to simulate hydrological response during two
catastrophic flood events over the Eastern Black Sea (EBS) and the Mediterranean
(MED) regions of Turkey. Three daily-updated and high spatial resolution external
SST products (GHRSST, Medspiration, and NCEP-SST) and one coarse-resolution
and time-invariant SST product (ERA5- and GFS-SST for EBS and MED regions,
respectively) already embedded in the initial and the boundary conditions datasets of
WRF model are used in deriving near-surface atmospheric variables through WRF.
Event-based calibration is performed to the WRF-Hydro system using hourly and
daily streamflow data in both regions. Two different calibration methods, namely
step-wise and automated calibration, are 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 step-wise approach. The uncoupled model simulations for

independent SST events are conducted to assess the impact of SST-triggered



precipitation on simulated extreme runoff. Despite the fact that manual calibration
shows better performance with fewer iteration numbers, results show that the
process-based 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 with respect to observations depending on the SST representation are
noticeable. SST products represented with higher cross-correlations (GHRSST and
Medspiration) revealed significant improvement in flood hydrographs for both
regions. The GHRSST dataset shows a substantial improvement in NSE (~70%) and
KGE (from 0.06 to 0.3) with respect to the invariable SST (ERAS) in simulated
runoffs over the EBS region. Reduction in RMSE up to 20% and an increase in
correlation from 0.3 to 0.8 is observed for the same region. The use of both GHRSST
and Medspiration SST data characterized with high spatio-temporal correlation
resulted in runoff simulations exactly matching the observed runoff peak of 300 m%/s
by reducing the overestimation seen in invariable SST (GFS) in the MED region. In
addition, the KGE values are increased from 0.1 to 0.3 for the hydrographs generated
with high-resolution SST simulations. Improved precipitation simulation skills of the
WRF model with the detailed SST representation show that the hydrographs of
GHRSST and Medspiration simulations show better performance compared to the
simulated hydrographs by observed precipitation.

Keywords: Calibration, Sea Surface Temperature, WRF, WRF-hydro
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Oz

ASIRI AKIM SIMULASYONLARI iCIN WRF-HYDRO MODEL
SISTEMININ KALIBRASYONU VE DEGERLENDIRILMESI: YUKSEK
COZUNURLUKLU DENiZ YUZEY SICAKLIGI (DYS) VERILERININ
KULLANIMI

Kiligarslan, Berina Mina
Yiiksek Lisans, Insaat Miihendisligi
Tez Yoneticisi: Prof. Dr. Ismail Yiicel

Subat 2022, 146 sayfa

Bu ¢alisma, dort farkli deniz yiizeyi sicakligi (DYS) veri setinin uzaysal-zamansal
dogrulugunun, Tiirkiye'nin Dogu Karadeniz (EBS) ve Akdeniz (MED) bolgelerinde
gerceklesen sel olaylart sirasinda Weather Research and Forecast (WRF)-Hydro
sisteminin {rettigi hidrolojik tepki tizerindeki etkisi arastirilmaktadir. Ginlik
zamansal ¢6zliniirliige sahip ve ayn1 zamanda yiiksek mekansal ¢ozunurliklu tg
farkli DYS 0rini (GHRSST, Medspiration ve NCEP-DYS) ve bir disik
¢ozunurliklt ve zamansal olarak sabit DYS iiriinii (sirastyla EBS ve MED bdlgeleri
icin ERA5- ve GFS- DY) test edilmistir. WRF modelinin baglangi¢ ve sinir kosulu
girdileri, WRF araciligiyla yiizeye yakin atmosferik degiskenlerin tiiretilmesinde
kullanilir. Her iki bolgede de saatlik veya giinliik akis verileri kullanilarak WREF-
Hydro sistemi igin olay bazli kalibrasyon gercgeklestirilmistir. Asamali kalibrasyon
yaklagimina ek olarak, otomatik kalibrasyon algoritmasi olarak degerlendirilen
Dinamik Olarak Boyutlandirtlmis Arama (DDS) Algoritmasi, hidrograf
simiilasyonlarindaki olabilecek iyilestirmeyi arastirmak amaciyla kullanilmigtir.

Takiben farkli DYS verileri ile simiile edilmis yagis verilerinin akim iizerindeki
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etkisini degerlendirilmistir. DYS temsiline bagl olarak goézlemlere gore taskin
olaylarinin meydana gelmesinde bazi mekansal ve zamansal farkliliklar goze
carpmaktadir. Daha yiiksek capraz korelasyona sahip (GHRSST ve Medspiration)
DYS iiriinleri, her iki bolge i¢in taskin hidrograflarinda 6nemli bir gelisme
saglamigtir. GHRSST veri seti EBS bolgesi lizerinde simiile edilmis akimlarda diisiik
¢oziiniirlikli DYS 'ye (ERAS) gore, NSE'de (~%70) ve KGE'de (0.06’dan 0.3’a)
onemli gelismeler gozlemlenmistir. RMSE'de %20'ye varan azalma ve korelasyonda
0,3'ten 0,8'e bir artig saglamistir. YUksek mekansal-zamansal korelasyona sahip
GHRSST ve Medspiration DYS verilerinin kullanimi, MED bdélgesinde diisiik
¢oziiniirliiklii DYS simiilasyonunda (GFS) gériilen asir1 tahmini azaltarak, 300 m®/s
olarak g6zlemlenen tepe akim noktasiyla tam olarak eslesen akim degeri liretmistir.
WRF modeli igerisinde tanimlanmis yiliksek c¢oziiniirliiklii DYS temsili yagis
simiilasyonlarim1 ~ gelistirmis GHRSST ve Medspiration simiilasyonlarinin
hidrograflarinin, gozlem yagisi ile simiile edilmis hidrograflara kiyasla daha iyi
performans gosterdigini kanitlamistir. Ek olarak yliksek ¢oziiniirlikli DYS
simiilasyonlar1 sonucunda elde edilen hidrograflar icin KGE degerlerinde 0.1°den
0.3’a bir artis gézlemlenmistir.Manuel kalibrasyonun daha az yineleme sayist ile
daha 1yi performans gostermesine ragmen, parametrelerin hidrolojik davranig
tizerindeki etkisini dikkate alan siire¢ bazli otomatik kalibrasyon yaklasimi ile
kalibre edilmis model ¢iktilar1 6zellikle EBS bolgesinde umut verici bir performans

sergiledigi gozlemlenmistir.

Anahtar Kelimeler: Kalibrasyon, Deniz Yiizey Sicakligi, WRF, WRF-Hydro
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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 flood disasters may be worsened over time (Allen & Ingram, 2002;
Hirabayashi et al., 2013; Trenberth, 1999).

As aresult, reliable flood forecasting is critical for various operational purposes. The
most crucial components of an accurate flood forecasting system are considered as
an accurate estimate of the spatial distribution and the intensity of heavy rainfall
events and its associated hydrologic response (Ryu et al., 2017; Yucel & Onen,
2014). In this regard, Flood forecasting applications based on a hydro-
meteorological modeling framework that integrates the atmosphere and the
hydrology are becoming more prevalent (Kunstmann & Stadler, 2005). Selection of
the Numerical Weather Prediction (NWP) model and the input datasets driving the
boundary and the initial conditions have a profound effect on the accuracy of the
short-term predictions; hence, better operational flood forecasts clearly require
improved NWP-based forecasts (Done et al., 2004).

The ocean/sea-atmosphere interaction is the starting point 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 annual movement,

ocean currents, winds, and topography (Bigg 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 stored in the water as
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 the sea-atmosphere interface may
become so fast and intense and result in heavy precipitation events around the
existing area.

Studies conducted particularly over the coastline with steeply varying topography
address the fact that an accurate parameterization of the linkage between the land
and atmosphere systems is required to demonstrate changes in water and energy
fluxes and states for a more realistic flood prediction. To improve the reliability of
such modeling systems, it is necessary to consider factors affecting this linkage.
Therefore, the SST representation in the modeling system is regarded as one of the
factors having a pronounced effect on water and energy fluxes in the lower-level
atmosphere. Therefore, the condition of the SST has a substantial impact on the state
of meteorological forcing variables in such NWP models, as the sea acts as a water
and energy source for both the atmosphere and the land surface (Lebeaupin et al.,
2006; Vecchi & Harrison, 2002). Accordingly, providing high accuracy SST input
to the lower boundary is crucial for accurate precipitation modeling, hence for better
flood forecasts through hydrological models.

The WRF-Hydro is a distributed, multi-physics hydrometeorological model system
created by the United States National Center for Atmospheric Research (NCAR) to
address major water challenges, including operational flash flood monitoring. The
WRF-Hydro modeling system is capable of running in both offline (one-way
between atmosphere-land) and online (two-way) modes, which connects the
atmospheric and hydrological processes. According to its overall coupling goal,
WRF/WRF-Hydro modeling system is designed to simulate overland flow,
subsurface flow, channel routing, and vertical energy fluxes between the land-

atmosphere through conceptual and physically-based concepts. Many studies have



utilized this modeling 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 the studies compare the impact of different sources of precipitation input
(i.e., comparing observed and simulated) on runoff simulation and agree that further
improvement in the precipitation simulation skills is still needed (Givati et al., 2016;
Senatoreet al., 2015; Sun et al., 2020), not many studies have investigated the impact
of the spatio-temporal resolution of various SST sources over the runoff predictions
of WRF-Hydro modeling system via the improvements in the simulated
precipitation.

Another factor 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 the parameters that can be measured with the in-situ techniques,
most of the parameters within the hydrological models conceptually represent the
real physical processes that are susceptible to the basin characteristics (Gupta et al.,
1998). The complexity of 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 hydrological processes is a salient challenge, especially for
physical-based and distributed hydrological models, including WRF-Hydro. In
addition, due to the complexity increase, the longer computational time demand of

the model becomes another issue.

The organization of this study is as follows: In Chapter 1, the introduction part, the
literature review as a background for the study, and the objectives of the study are
provided. In Chapter 2, the methodology followed throughout the study, including
the study area, dataset, and model descriptions, are, explained. In Chapter 3,
precipitation results simulated with the WRF model are given in the first section.

Then the WRF-Hydro calibration and the SST analysis are included in the following



sections. In Chapter-4, the discussion based on the findings of the study is provided.
Lastly, In Chapter-5, the key outcomes of the study are highlighted, and the
recommendation for the future path is indicated.

1.2 Literature Review

SST primarily affects the heat and the water fluxes at the lower boundary of the
atmosphere; hence there is a significant relationship between the variabilities of SST
and convective extremes. A higher SST value generally indicates more moisture in
the air and that the lower layers of the atmosphere are warmer. This frequently causes
increased precipitation and convection totals (Ferrari et al., 2020). Even the small
fluctuations in SST (1 K) might significantly and nonlinearly alter the intensity of
supercell growth throughout the seas (Miglietta et al., 2017). It is also stated that 1
°C of SST increase resulted in a 2 mm/d precipitation increase over the monsoon
region (Roxy, 2014). Accordingly, enhanced modeling of SST fields in the Weather
Research and Forecasting (WRF) system significantly improves the simulation of
atmospheric flow dynamics and boundary layer processes (Senatore, Furnari, et al.,
2020) most notably precipitation forecasts (Zhang 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 intensity (Baltaci, 2017; Turuncoglu, 2015). Even 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 mesoscale convective system
thunderstorms (Senatore et al., 2014). As a result, reliable precipitation predictions
from NWP models may be improved by giving high-accuracy SST input to the lower
boundary condition.

Many places in Turkey face severe flood risks because of 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 (MED) regions have been among the most susceptible places in terms
of flood risk in Anatolia (Gurer & Ucar, 2009). Using high-resolution NWP models
in the EBS and MED regions is important for flood prediction (Camera et al., 2020),
where a steady increase in SST may cause abrupt augmentation of the extreme
convective sourced events over coastlines (Meredith et al., 2015). Studies performed
in the Anatolian Peninsula agreed that the SST fluctuations have a significant effect
on observed heavy rainfalls (Turuncoglu, 2015). Bozkurt and Sen (2011) state 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
seasons. Conversely, 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 the increased SST, strong moisture convergence resulted in heavy
precipitation activity generating the flood event (Baltaci, 2017). SST forcing is often
seen as a crucial element in the development of heavy rainfall events, notably over
the MED area (Cisneros et al., 2016; Furnari et al., 2018; Rebora et al., 2013;
Robinson et al., 2012). Mediterranean SST also has an impact on severe precipitation
and flooding in Central Europe, according to VVolosciuk et al. (2016).

Despite its importance and possible influence on the accuracy of runoff predictions,
there has been a scarcity of studies evaluating alternative SST input datasets and their
effect on anticipated runoff accuracy (Chen et al., 2009; McCabe & Wolock, 2008).
Studies that utilized high-resolution SST inputs and implemented parameter
calibration in the WRF-Hydro modeling system runoff predictions have particularly
remained limited with the study of Senatore, Furnari, et al. (2020) and Senatore,
Davolio, et al. (2020).

WRF-Hydro model is mainly calibrated using streamflow observations (Liu et al.,
2020; Varlas et al., 2019). There are different approaches followed in the literature
for the calibration of the WRF-Hydro modeling system. The step-wise calibration
approach that minimizes the number of runs to address the computational time issue

was suggested by Yucel et al. (2015). This approach was widely used for the WRF-



Hydro calibration in the literature (Duan & Kumar, 2020; Galanaki et al., 2021;
Givati et al., 2016; Kerandi 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., 2020). Additionally,
various automated calibration techniques were implemented to find the optimal
parameter set such as the PEST algorithm (Fersch et al., 2020; Silver et al., 2017; J.
Wang et al., 2019), Stepwise Line Search Algorithm (Kim et al., 2021), and the
Dynamically Dimensioned Search (DDS) Algorithm (Abbaszadeh et al., 2020;
Cerbelaud et al., 2022; Lahmers et al., 2019; Yin et al., 2020; J. Zhang et al., 2020).
In addition, the combination of step-wise and automated calibration approaches is
utilized by Senatore et al. (2015). In this study, first, the WRF-Hydro model is
calibrated with the step-wise approach 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 similar to WRF-Hydro 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 user (Tolson & Shoemaker, 2007).
Due to its motivation to converge to the near-optimal set of the parameter within the
user-defined computational time and with fewer iterations compared to the broadly
used Shuffled Complex Evolution algorithm (Duan et al., 1992), it is preferred for
the physical and distributed 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, to expand on the argument, different SST products are utilized in the
WRF/WRF-Hydro modeling frameworks to see the impact of the temporal and

spatial resolution-wise improved representation of the SST on the simulations of



extreme precipitation causing significant floods over the catchments of coastal
regions in Turkey. In this context, basins and events from different geographic
regions, as EBS and MED represented with humid and semi-arid climates,
respectively, are chosen to see the SST impact on the hydrological response.

Another objective of this study is to compare two different calibration methodologies
from the literature for the calibration process of the WRF-Hydro in terms of the
resultant performance of the model. Accordingly, first, the calibration of the model
is manually employed with a step-wise approach suggested by Yucel 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 heavy rainfall events that took place in the EBS
and MED regions, which have different climatic characteristics, are simulated.
Figure 1 depicts 3-km domains (d02) of the WRF model encompassing both regions,
as well as chosen basins, associated channel networks and the locations of rain and
stream gauge stations.

The mountains that run parallel to the sea in the north-eastern section of Turkey block
humid air currents, where the EBS area is located. They reach elevations above 3000
m, creating a complex landscape with steep-sloped features. River systems respond
swiftly to moderate rainfall events due to their small basin characteristics and steepy
features, resulting in flash floods. The climate of the area has humid characteristics
receiving precipitation in all seasons (Turkes, 1996). According to Baltaci (2017), it
has the highest annual mean precipitation recorded in Turkey, surpassing 2200 mm.
The typical Mediterranean climate is seen over the MED region, with predominant
semi-humid features, with a wet winter and spring and a dry summer (Turkes, 1996).
Average annual precipitation is recorded as 800 mm at the MED coastlines;
however, it may reach up to 1500 mm in the Taurus Mountains (Turkes, 1999). In
both regions, the effect of the sea and the complex topographic
characteristics indicate that both locations have a significant orography effect
reliance and effective energy supplies for convective precipitation. Due to the fact
that higher SST affects the water content in the air, it is critical in the development

of flash floods in locations with steep terrains, such as coastal areas.



In this study, two significant past flood events are selected for the following
modeling practices. On August 24", 2015, it was reported 32.4 millimeters of hourly
precipitation, a total of 135 mm of rain fell during 24 hours over Artvin-Arhavi
province in the EBS region. As an alternative event, on December 16", 2018, the
Antalya-Ovacik station reported hourly precipitation of 53.1 mm, while receiving a
total of 651.7 millimeters on the same day. This was the heaviest rainstorm ever
recorded over entire Turkey (Kaya et al., 2019). This recorded value was
around three times greater than Antalya city's monthly average rainfall in December
(265.3 mm) (Pilatin et al., 2021). A typical mesoscale convective signal was
observed for the event that occurred over the EBS area in the summer, whereas a
frontal system was dominating for the event that occurred over the MED region in
the winter.

For the model performance evaluation, streamflow data from the EBS stations of
D22A049, D22A079, D22A089 (Arhavi province), and D22A147 (Hopa province),
as well as the MED stations of DO8A071, DO9A095, and EO8A0Q8 are selected
(Figure 1 and Table 1). Each calibration event in Table 1 is run for 10 days to allow
the model to warm up. Average streamflow observations (in m®s) collected by the
State Hydraulic Works (SHW) of Turkey are provided at daily timesteps for five of
the stream gauge stations (D22A079, D22A089, and D22A147 over EBS region;
D09A095 and EO8A008 over MED region) and at hourly timesteps for two of the
stations (D22A049 over EBS and D0O8AO071 over MED). However, the hourly

streamflow data at these two stations are limited and only available after 2016.
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Figure 1 The outer and nested domains (d01 and d02) of the WRF model for the EBS
and MED regions are displayed in the top-left. The boundaries of the selected basin,
their outlet points (stream gauge stations denoted as blue dots), channel network
grids in the WRF-Hydro model, and the meteorological station (denoted as a green
triangle) are shown in the zoomed maps with the high-resolution topography layer
in the background for the EBS region (top-right) and the MED region (bottom).
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Table 1 Drainage areas and calibrated event periods of each selected basin over

EBS and MED regions.

Drainage Calibration Event Period

Region Station Area
(km?) Start End
08/27/2016  09/06/2016
D22A049 175.8  09/20/2017  09/30/2017
10/19/2016  10/29/2016
10/19/2016  10/29/2016
D22A079 85.8  10/01/2018  01/11/2018
06/24/2019  07/04/2019
R§ 08/27/2016  09/06/2016
D22A089 715  09/20/2017  09/30/2017
10/19/2016  10/29/2016
08/27/2016  09/06/2016
D22A147 41.9  09/20/2017  09/30/2017
10/19/2016  10/29/2016
01/09/2015  01/19/2015
D08A071 98.3  03/07/2017  03/17/2017
03/23/2015  04/02/2015
01/09/2015  01/19/2015
MED EO8A008 164.5  03/07/2017  03/17/2017
03/23/2015  04/02/2015
01/21/2014  01/31/2014
D09A095 164.6  01/09/2015  01/19/2015
03/23/2015  04/02/2015

2.2  Weather Research and Forecast (WRF) Model

The Advanced Research WRF model version 4.0 (Skamarock et al., 2019), created
by National Center for Atmospheric Research (NCAR), is utilized to simulate the
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forcing data of the WRF-Hydro model for the chosen rainfall events. This forcing
dataset includes hourly precipitation, pressure, temperature, wind speed, incoming
long- and short-wave radiation, and humidity outputs.

WRF model is a non-hydrostatic medium-scale weather forecasting model that has
been recognized as suitable for extreme weather applications with advanced
numerical techniques, multi-clustering capability, and multiple physics options. It
encompasses a number of interconnected physical approaches that calculate
meteorological processes, such as the model in which convective clouds and
precipitation are calculated, long- and short-wave radiation calculations to determine
atmospheric and surface warming, the boundary layer level where the land-
atmosphere interaction is modeled, and the land surface hydrometeorological
processes. The microphysical model used for large-scale precipitation calculations
has equations 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 WRF model, the Noah—Multi Parameterization (Noah-MP) land surface
model (LSM) calculates the soil-plant-atmosphere relationships between the land
and the atmosphere.

A two-way nesting model setup with spatial resolutions of 9-km for the outer domain
(d01) and 3-km for the inner domain (d02) is implemented in this study, as illustrated
in Figure 1. Kilicarslan et al., (2021) provides comprehensive information on the
domain extents for both regions.

The sensitivity study performed by Duzenli et al. (2020) shows that the GFS initial
and boundary dataset (NOAA, 2015) was the most representative for the MED
region, while the European Centre for Medium-Range Weather Forecasts (ECMWF)
ERAS (ECMWEF, 2020) provided the most representative dataset for the EBS region
for the WRF model. Therefore, these two datasets are also utilized in the current
study in both regions.
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2.2.1 Sea Surface Temperature Field Update in WRF Model

Along with the time-invariant SSTs (ERAS5 and GFS), three additional daily-updated
SST datasets are employed in this sensitivity analysis: 1) Medspiration Ultra-High-
Resolution Foundation Sea Surface Temperature (CERSAT, 2012); 2) The Group
for High-Resolution Sea Surface Temperature Level 4 Ultra-High Resolution
(GHRSST) (Team GHRSST, 2010a, 2010b); 3) Real-Time, 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 utilized in this work henceforth. Table 2 depicts the simulation dates for the

WRF model utilizing these SST products for each area of study.

Table 2 Forcings used in the SST simulations and their run periods.

Forcings Run Periods
Region SST  Initial and
Boundary Start End
Products Conditions
ERAS
GHR
EBS ERAS  0g/17/2015 08/27/2015
A 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 SST datasets, it is proposed to utilize the average cross-correlations as
an indication of true signal (Yilmaz et al., 2014), presuming no other shared spatial
and temporal signal exists between the SST datasets (i.e., higher average cross-
correlations means a 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 SST simulation are determined compared to the point-based

precipitation records.

2.3  WRF-Hydro Model

The integrated hydrological model system named WRF-Hydro (version 5.1.1) is
operated in this study (Gochis et al., 2020). The WRF-Hydro hydrological modeling
system is an enhanced version of the above-mentioned WRF model with the
traditional 1-dimensional Noah-MP LSM that incorporates overland, saturated
subsurface, channel, and groundwater flow into a modeling structure. The LSM in
the WRF-Hydro model is the same as the one-dimensional LSM (Noah-MP)
operated in the WRF model. Accordingly, the hydrological modeling system is
operated over the nested domain of WRF (d02) with a 3 km resolution. There are
two options available in the modeling system configuration for the feedback
mechanisms between WRF and WRF-Hydro model as uncoupled and coupled
modes (Figure 2). There is only one-way feedback from the atmosphere to land in
uncoupled mode. The meteorological inputs for this mode can be created by the WRF
model or other sources such as radar and satellite precipitation can be used. A two-
feedback mechanism is created between the atmospheric and the hydrological model
for the coupled mode. Energy and moisture fluxes are generated from the WRF-
Hydro model to the WRF model. In this case, surface hydrological processes
contribute to the formation of the precipitation mechanisms. This linkage between
WRF and WRF-Hydro models is established through the LSM.
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WRF-Hydro model disaggregates the LSM grids into high-resolution routing grids
after the moisture states are computed for the land surface column. In this study,

LSM grid resolution is defined as 3 km (same as the WRF) and disaggregated into

routing grids with a 250 m grid size in both regions.

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

Figure 2 Integrated hydrological modeling system structure of WRF-Hydro model
Gochis et al., 2020).

Column Subsurface
Land Flow
Surface Routing
Modules Modules

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 calculated with LSM (Figure 3).
Surface runoff is described in the LSM as excess filtration (net precipitation),
whereas subsurface runoff is defined as flow within the soil columns. These variables
are calculated by instantaneously solving the energy and water balance equations for
the 1-dimensional soil/plant column. In the model, the surface soil structure consists
of four different soil layers of 10, 30, 60, and 100 cm, respectively. It represents the

soil characteristics in 16 different categories, obtained from the 1-km STATSGO
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database. Land cover classes are generated from the Moderate Resolution Imaging
Spectroradiometer (MODIS) Modified IGBP 20-category land cover dataset.
Overland and subsurface routing schemes for the entire domains are activated, while
the channel routing scheme is only turned on over the defined basins. For the

conceptual groundwater module, the pass-through option for the bucket model is

activated.
/ Column Land Surface Models Terrain Routing Modules Channel & Reservoir Routing Modules
( Overland flow, Subsurface flow Hydrologic & Hydraulic |
+ 1
4 ,."‘M[;u J 1 el 2- way
N E—
— ] 1= Coupling
?\:‘atpo'::avnas"iarz'::; Output Variables: Output Variables:
5 'Ip o p/S i1 Stream inflow Streamflow
SO’ motsk;;e ol (I:te Surface water depth River stage
R:(:Zfiac nowme Groundwater depth Flow velocity
Soil moisture Reservoir storage & discharge

Radiation exchange
Energy Fluxes
Plant water stress

Figure 3 WRF-Hydro Physics components and output variables list for each module
Gochis et al., 2020).

By using the WRF-Hydro Preprocessing tools of (Sampson & Gochis, 2015) in an
ArcGIS environment, a high-resolution routing stack including flow accumulation,
flow direction, channel definition, etc. is produced with the hydrologically
conditioned digital elevation model (DEM) called HydroSHED (Lehner, 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 from the Turkish State Meteorological Service (MGM), the spatial
distribution of the 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 utilized 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 of the removed rain gauge. For each rain gauge, the
same procedure is performed. Interpolated precipitation data are compared to rain
gauge point measurements by calculating the RMSE and MAE statistical metrics.
Calibration of the WRF-Hydro is carried out for three events in each basin (seven
basins, Table 1) at hourly or daily time steps, depending on the availability of
streamflow data. The validation of the calibrated parameters sets is performed with
the SST simulations. In the D22A049 basin of the EBS region and DO8AQ71 basin
of the MED region, hourly streamflow data for two heavy precipitation events in the
2016 and 2017 hydrologic years are used to calibrate the model while other events
are calibrated on a daily basis (Table 1). For the validation process (with SST events),
hourly streamflow data is only 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 (RR), Nash-Sutcliffe Efficiency (NSE),
and Kling-Gupta Efficiency (KGE) are calculated between observed and simulated
runoff to find the optimal model parameter sets. Bias quantifies the degree to which
hydrograph volume is underestimated or overestimated compared to the observation
hydrograph. RR represents the linearity between observed and simulated runoff and
determines the hydrograph performance in terms of timing and shape. Likewise,
KGE, NSE, and RMSE are the metrics that are sensitive to the volume and the
distribution of the hydrograph, and they indicate the hydrograph's overall fit (Gupta,
Kling, Yilmaz, & Martinez, 2009). This statistical analysis is conducted using hourly
or daily time steps, depending on the temporal resolution of the observed streamflow
data.

The calibrated parameter set of the WRF-Hydro model is then validated for SST

simulations over both regions. WRF-Hydro model is forced by meteorological
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forcings constructed using the ERAS5 and GFS SSTs, as well as three additional
daily-updated SST datasets, namely Medspiration, GHRSST, and NCEP.
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 step-wise approach allowing the
model to first simulate the water balance in the basin and then distribute the amount
of water accurately over time (Yucel et al., 2015). At each step, a common parameter
value is determined for all three events, and then it is passed to the calibration 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 model, they are
divided into two groups as the ones responsible from the 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 (SLOPE), are calibrated.
Then, at the second stage, the surface roughness coefficient factor
(OVROUGHRTFAC), the channel Manning roughness scaling factor (MANN), and
the saturated hydraulic conductivity factor (LKSATFAC) controlling the time of the
peak and the temporal distribution (shape of the hydrograph) are calibrated.

Certain parameters (REFKDT, SLOPE, and MANN) are classified as the global
parameters, defined as a fixed value for the whole WRF-Hydro domain and specified
in tabular value format. Other parameters are classified as pixel-based parameters
(RETDEPRTFAC, OVROUGHRT, LKSATFAC), allowing parameter values to be
changed for each pixel throughout the model domain. In this study, those pixel-based
parameters are tunned over the defined basin boundaries.

First, the calibration of the infiltration factor (REFKDT) is 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
surface 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 3.0 in the model, while the value range is between 0.5 and 5.0.
Secondly, another parameter that controls the total runoff volume named as the
surface retention depth parameter (REDEPRTFAC) is calibrated. After the
saturation level is exceeded, rest of the precipitation falling on the ground starts to
build up on the surface. When the ponded water (extra-filtration) exceeds the
predetermined water retention depth, it is diverted as the surface runoff. 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 calibration is 0.0-10 (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 conceptual bucket 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 of 0.1-1.0.

At the last step of the manual step-wise calibration, the parameters controlling
temporal distribution of the runoff volume are calibrated. The surface roughness
parameter (OVROUGHRT) impacts the speed of the infiltration excess water
transmitted over the surface until it reaches the channel network grids. The surface
roughness values are defined in the model according to the MODIS-20 land use
categories. Calibration of this parameter was performed in increments of 0.3 in the
range of 0.1-1.0. 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 0.5-2.0 value range. MANN parameter is responsible from the time of flow
conveyance throughout the channel grids. The higher the MANN value, the longer

it takes for the water to reach the basin outlet, resulting in a delay of the peak flow
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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 lateral plane, 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.

23.1.2 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 WRF-Hydro model is a complex and grid-based
model, the simulation 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 the possible shortest time. In this regard, the Dynamically
Dimensioned Search (DDS) optimization algorithm, commonly preferred for
complex hydrological models and preferred by NCAR for WRF-Hydro model
calibration, is selected for the model calibration (Tolson & Shoemaker, 2007). The
main factor in deciding on the DDS algorithm is that it can give better results with a
limited number of iterations compared to other algorithms (Zhang et al., 2020). The
pseudo-code of the DDS algorithm is given in Figure 4. 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 result (Tolson & 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

Figure 4 Pseudocode for DDS algorithm (Tolson & 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
parameters set (with six-parameters), the recommended iteration number for the
algorithm to find the optimum set is noted as 200 (Tolson & Shoemaker, 2007). The
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 of iterations, 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 DO8AOQ71 basin from the MED region.
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CHAPTER 3

RESULTS

3.1 WRF Model Results

3.11 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 and they remained constant 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 the 10-day run is
represented in Figure 5, while the temporal change of the spatially averaged SST
values for each product is shown in Figure 6. All products represent higher
temperatures (~300 K) over the western part of the EBS compared to the eastern part
of the sea (~297 K), except the NCEP SST, which shows an even distribution of
temperatures (~305 K) over the sea surface. Temperature variability between the
products is greater over MED compared to EBS region (Figure 5). However, the
temporal distribution of the SST products is consistent with each other, except for
ERAS and GFS, which have constant temperature values throughout the run time
(Figure 6).

The cross-correlation between each product and others is calculated and averaged.
Results show that average temporal cross-correlations over the MED (0.79-0.84) are
greater than EBS (0.24-0.60), whereas the spatial average cross-correlations over the
EBS (0.48-0.83) are greater than the MED (0.11-0.39). Among the high-resolution
products, GHRSST (0.61) has the highest spatiotemporal cross-correlation among
other products. Medspiration (0.54) and NCEP (0.36) follow the GHRSST product.
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This order is the same for both regions. Overall, the results show that the GHRSST
is the best while the NCEP is the least performing SST products for the events and

regions examined in this study.
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Figure 5 Temporally averaged spatial distribution of SST products of ERAS5/GFS,
GHRSST, Medspiration, and NCEP: (a)—(d) across MED and (e)-(h) over EBS

regions.
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Figure 6 Spatially-averaged temporal distribution of SST products of ERA5/GFS,
GHRSST, Medspiration, and NCEP: (a) across EBS and (b) MED regions.
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3.12 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 products,
and the available point observations over the EBS and MED regions (Table 3). Both
statistics of the interpolated precipitation for EBS and MED are better compared to
the simulated precipitations. Among the high-resolution SST simulations, GHRSST
precipitation has the lowest MAE (~0.81) and RMSE (~1.89) values in the MED
region. The RMSE 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. Overall, both the RMSE and MAE values indicate 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 WRF-Hydro is higher for the WRF 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 modeled (with ERAS5/GFS, GHR, MED, and NCEP SSTs)
precipitation data extracted from the same rain gauge locations.

Region Precipitation source MAE  RMSE
Interpolated Observation  0.240 0.954
ERAS5-SST  0.334 1.297

EBS GHR-SST  0.347 1.369
MED-SST  0.341 1.370

NCEP-SST  0.327 1.302

Interpolated Observation  0.466 1.165
GFS-SST  0.868 2.129

MED GHR-SST  0.808 1.885
MED-SST  0.825 1.943

NCEP-SST  0.812 1.901

Time series of the basin averaged simulated and observed precipitation for the SST
events over D22A147 and DO8AQ71 basins are given in Figure 7 (a) and (b),
respectively, while the statistical measures obtained for each SST event in both
basins are shown in Table 4. Figure 7 (a) shows the precipitation time series from
08/17/2015 00:00:00 UTC to 08/27/2015 00:00:00 UTC, for 241-hours. The highest
precipitation at D22A147 is recorded at the 178" hour, or 08/24/2015 09:00:00 UTC
as 26.3 mm of rain. However, the highest precipitation quantity over the whole EBS
region is reported as 32.4 mm at 08/24/2015 00:00:00 UTC within the boundary of
D22A049. In spite of this, as shown in Figure 7 (a), the D22A147 basin-average
precipitation is calculated as 16.1 mm during the 169" hour, which coincides with
the event peak timing over the EBS region. Also, it can be interpreted that the

simulations with alternative SST datasets are able to approximate the broad pattern,
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except the primary peaks are generated a few hours earlier than observed peak
However, notwithstanding the poor statistical measures (correlation of 0.01-0.03 and
large RMSE of 3.19-5.30 in Table 4), it is clear that incorporating a high-resolution
SST product increases the simulation accuracy corresponding to the actual
precipitation. This result is valid, particularly for the Medspiration simulation. In
addition, it is seen that the GHRSST simulation underestimates the recorded peak
precipitation. Besides, GHRSST simulation overestimates the observed peak
precipitation. Other simulated peaks are lower than the GHRSST simulation, but
they are closer to the observed peak. Medspiration surpasses the response in all

calculated statistics compared to the observed precipitation (Table 4).

The time series of the basin-averaged precipitation for the event between 12/10/2018
00:00:00 UTC-12/20/2018 00:00:00 UTC (241-hours) are shown in Figure 7 (b).
Peak precipitation is recorded as 53.1 mm during the 162" hour, corresponding to
12/10/2018 at 17:00:00 UTC. At the same time step, the peak basin-average
precipitation for DO8AOQ71 is recorded as 15.7 mm. On the whole, all simulated
precipitations reveal an almost exact match to the observed patterns, with modest
overestimations. On the other hand, high-resolution SST simulations seem to be able
to enhance the volume with decreased bias in line with the observation. Simulations
performed with GFS SST, GHRSST, and NCEP SST all have slight delays in their
peak timing (about 1-2 hours). However, Medspiration captures the precise peak
moment. GFS SST has the biggest overestimation, ~ 17 mm compared to the peak
observation, and a positive bias (0.56 m3/s) considering the whole model run period
(Table 4).
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Figure 7 Time series of hourly precipitation that a) D22A147 basin over EBS region
receives during the event occurred in 08/17/2015-08/27/2015 and b) DO8AQ71 basin
over MED region receives during the event occurred in 12/10/2018-12/20/2018 for
ten days. Outputs are generated from the WRF model with the native SST field from
ERAS Reanalysis data (ERA5-SST) for the EBS region and GFS Forecast data
(GFS-SST) for the MED region different SST products: GHRSST, Medspiration,
and NCEP.
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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
DO08AO071 over MED regions. Statistics calculated between the WRF-Hydro model
calibration and validations outputs 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 ~ Observed 047 222 075 072 061

Precip.
Observed 711 1425 083 037 0063

Precip.
D22A147 ... =~ _ERAS-SST -054 319 0.3 9.92 2013 042 026 -0.39
(Hopa) GHR-SST _-0.06 530 0.1 -6.16 1083 0.83 0.63 _ 0.30
MED-SST _-0.24 355 _ 0.03 832 1586 0.86 0.2 _ -0.08
NCEP-SST -054  3.38 0.1 960 1898 082 -0.12  -0.29
Calibration ~ Observed ] - 557 2630 046 -126  -0.75

Precip.
Observed 5748 8453 040 013 011

Precip.
DOBAOTL . GFS-SST 056 3.45  0.60 2498 12881 018 -162  0.02
(Kemer) aldation " GHR-SST 048 235 052 4273 8325 030 -0.09  0.31
MED-SST 0.3  1.86  0.67 4363 8357 031 -0.10  0.30
NCEP-SST 0.33 223  0.60 -40.76 8150 032 -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 (ERA5, GHRSST, Medspiration, and NCEP) with WRF
model for the SST event in the EBS region. It is worthy of note that the GHRSST
simulation (Figure 8 (c)) overestimates the observed precipitation (Figure 8 (a)) over
the D22A147 basin. In terms of the spatial distribution of the precipitation.
Medspiration produces the closest pattern compared to the observation (Figure 8 (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. Furthermore, Medspiration and GHRSST
simulations overestimate the precipitation towards the coastline, where they produce

more than 140 mm of daily precipitation (Figure 8 (c and d)). On the other hand,

32



Figure 8 (e) shows that the NCEP SST simulation causes a significant
underestimation of the precipitation over the selected basins. Figure 8 (c)
demonstrates that the GHRSST is more accurate than other simulations in terms of

reproducing the actual location of the SST event.
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Figure 8 Spatial distribution of daily precipitation on the peak day (08/24/2015) for
the run period of 08/17/2017 — 08/27/2017 over the EBS 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 corresponding stream gauge
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stations. The four maps in the sub-panels refer to the simulated precipitations by the
WRF model derived from different SST data sources for the peak hour: (b) ERADS,
(c) GHRSST, (d) Medspiration, and (e) NCEP, respectively.

In Figure 9, the peak hour (12/16/2018 17:00:00) spatial distribution of the observed
and simulated precipitations with different SST products (GFS, GHRSST,
Medspiration, and NCEP) are illustrated for the MED region with the selected basins.
Figure 9 (b) shows that the GFS simulation overestimates the 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. Compared to the GFS simulation,
high-resolution SST simulations generate better results regarding the overall
distribution patterns of the precipitation and capture observed depth. GHRSST
simulation is successful in capturing the precipitation extent. However, it misses the
observed precipitation depth with the amount of 16-18 mm. 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 depth (Figure 7 (b)) but creates an overestimation of ~8 mm
depth corresponding to the peak precipitation (25.8 mm) denoted as a dark-orange
pattern over the D22A071 basin (Figure 9 (d)).
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Figure 9 Spatial distribution of hourly precipitation at the peak hour (12/16/2018,
17:00:00 UTC) for the run period of 12/10/2018-12/20/2018 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
corresponding stream gauge stations. The four maps in the sub-panels 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

3.21 Model Calibration Results

3.2.1.1 Manual Stepwise Calibration

This section evaluates the stepwise calibration outputs of three different events
determined for selected sub-basins in the EBS and MED regions. The average values
for statistics of the three events calculated for the parameter value determined at the
end of the calibration of each parameter of all sub-basins are given in Table 5. Only
the hydrograph results of two events and sub-basins of Arhavi and Kemer (D22A049
and DO8AQ71, respectively) representing each study region of EBS and MED are

given as example.

First, the calibration of the REFKDT parameter, which is in the group of parameters
affecting the hydrograph volume, is calibrated for all the sub-basins and related
events mentioned before. For the event that took place between 10/19/2016-
10/29/2016, the hydrograph of the Arhavi basin is shown in Figure 10, while the
hydrograph of the Kemer basin for the event that took place between 03/07/2017-
03/17/2017 is shown in Figure 11. Since the default value of the REFKDT parameter
is 3.0, the hydrograph with the REFKDT value of 3.0 in Figure 10 corresponds to
that of the WRF-Hydro 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
because the 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 volume is still underestimated compared to the observation values in the
Arhavi basin (Figure 10). As the calibration of this parameter progressed, the delay
in the peak value in the model hydrograph is reduced, and the hydrograph volume is
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fed towards the timing of the observed peak value. Contrary to the hydrograph in
Figure 10, a positive bias (3.72 m3/s) is observed in the average bias values of the
three events in Table 5. A similar situation is also observed for the Kemer basin.
Even though there is an overestimation in the representative hydrograph compared
to the observation flow (Figure 11), a negative bias is calculated for the event
averages (Table 5). In addition, a significant improvement (from -0.16 to 0.47) was
noticed in the KGE value calculated for the Hopa basin (D22A147) compared to the
default model outputs (Table 5).

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 response to RETDEPRTFAC parameter in all basins. This is
because the 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 that the value 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 parameter
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
on the 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 basins (Table 5).

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 performed. For the represented

basins in Figure 16 and Figure 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 parameter (Table 5). Therefore, the default
parameter value (1.0) is selected for all basins, except the value of 0.1 is selected for
the DO9AQ95 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 2.0 in the Arhavi basin (Figure 18). A significant
improvement is not observed in the model performance corresponding to the MANN
in the Kemer basin (Figure 19). 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 observed for all basins for the value of
2.0. A similar trend is observed when the MANN value is determined as 0.5 for the
EO8AO008 basin in contrast to other basins (Table 5).

Finally, the calibration of the LKSATFAC 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 regions. It significantly adjusts the peak value and
improves the temporal distribution of the hydrograph, especially in the Kemer basin
(Figure 21). A similar improvement is seen in the Arhavi basin (Figure 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 10/19/2016-10/29/2016.
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Figure 11 Kemer (D0O8AO071) basin REFKDT parameter calibration runs for the
event that took place between 03/07/2017-03/17/2017.
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Figure 12 Arhavi (D22A049) basin RETDEPRTFAC parameter calibration runs for
the event that took place between 10/19/2016-10/29/2016.

41



DO8AO71-RETDEPRTFAC

50 -= 0.0
— 1.0 (defau)
— 20
404 — 30
_ — 40
= — 50
£ 204 — 60
8) — 7.0
g 8.0
=y
8 204 — 9.0
[a) 10.0
104
0-
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
14.657
12.2870 4
" W 14,656
© w
& 122865 =
14.655
12.2860 -
14.654
0 1 2 3 4 5 6 7 10 0 1 2 3 4 5 6 7 8 10
RETDEPRTFAC RETDEPRTFAC
0.48234 g 404351
2
® 048230 @ 404407
=
@ -40.445 1
0.48226 2
-40.450 4
0o 1 2 3 4 5 6 7 10 0o 1 2 3 4 5 6 7 8 9 10
RETDEPRTFAC RETDEPRTFAC

Figure 13 Kemer (DO8A071) basin RETDEPRTFAC parameter calibration runs for
the event that took place between 03/07/2017-03/17/2017.
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Figure 14 Arhavi (D22A049) basin SLOPE parameter calibration runs for the event
that took place between 10/19/2016-10/29/2016.
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Figure 15 Kemer (DO8AO071) basin SLOPE parameter calibration runs for the event
that took place between 03/07/2017-03/17/2017.
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Figure 16 Arhavi (D22A049) basin OVROUGHRTFAC parameter calibration runs
for the event that took place between 10/19/2016-10/29/2016.
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Figure 17 Kemer (D0O8AO071) basin OVROUGHTRFAC parameter calibration runs
for the event that took place between 03/07/2017-03/17/2017.

46



D22A049-MANN

1301
120 — 05
— 1.0 (default)
1104 — 15
100+ -- 20
=~ 901 — OBS
L:’-;-.- 80_
E
o 70
je)]
g 60
=
3 501
O 404
304
204
|1
101 a
U_
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
2.054 18
2.004
1.954 W 171
o 3 17
2 4 901
@ 4
1.85 1 164
1,80
T : : I 15— T ; I
05 10 15 20 05 10 15 20
MANN MANN
0.60
0.60 e
@ % 0.5514
& 0.56- 3
G 0.504
©
0.52 1 =z
0.45
05 10 15 20 05 10 15 20
MANN MANN

Figure 18 Arhavi (D22A049) basin MANN parameter calibration runs for the event
that took place between 10/19/2016-10/29/2016.
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Figure 19 Kemer (DO8A071) basin MANN parameter calibration runs for the event
that took place between 03/07/2017-03/17/2017.
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Figure 20 Arhavi (D22A049) basin LKSATFAC parameter calibration runs for the
event that took place between 10/19/2016-10/29/2016.
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Figure 21 Kemer (DO8A071) basin LKSATFAC parameter calibration runs for the
event that took place between 03/07/2017-03/17/2017.
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Table 5 Average statistics (Bias, correlation coefficient (RR), root mean square error
(RMSE) and Nash-Sutcliffe Adequacy (NSE) and Kling-Gupta Efficiency (KGE))
of three events based on the calibrated parameter sets for each selected basin in MED
and EBS regions.

D22A049
Region Cgﬂzs Bias RMSE RR NSE  KGE
Default Parameter Set 4.24 40.55 0.13 -0.39 0.13
REFKDT 05 3.72 40.48 0.38 033 0.30
RETDEPRTFAC 0.0 4.00 40.45 0.39 035 031
SLOPE 0.1 4.00 40.45 0.39 035 031
OVROUGHRTFAC 1.0 4.00 40.45 0.39 035 031
MANN 2.0 3.69 3754 0.39 014  0.40
LKSATFAC 10 234 32.16 0.56 016  0.40
D22A147
EFY VP;:L”;é Bias RMSE RR NSE  KGE
Default Parameter Set 0.48 5.75 0.38 -0.58 -0.16
REFKDT 05 0.58 3.20 0.63 051 047
RETDEPRTFAC 0.0 0.97 3.16 0.63 052 047
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 0.68 063 054
LKSATFAC 10 0.47 2.22 0.75 072 061
D08A071
Parm. Bias RMSE RR NSE  KGE
Values
Default Parameter Set -5.28 16.68 0.43 -0.03 -0.12
REFKDT 05 102 30.12 044 -1353 -3.18
RETDEPRTFAC 0.0 0.47 30.53 044 1354 -317
SLOPE 0.1 0.47 30.53 044 1354 -317
OVROUGHRTFAC 1.0 -0.48 29.84 046  -1352 -3.16
MANN 2.0 -0.50 29.85 049 -1309 -3.14
MED LKSATFAC 10 5.57 26.30 0.46 126 -0.75
D09A095
C:{S}s Bias RMSE RR NSE  KGE
Default Parameter Set -0.10 12.40 0.59 -1.69 -0.55
REFKDT 05 131 9.67 073 121 -0.29
RETDEPRTFAC 0.0 159 951 0.65 116 -0.25
SLOPE 10 1.66 8.77 0.70 0.78  -0.14
OVROUGHRTFAC 0.1 1.69 8.55 0.70 059  -0.06
MANN 2.0 1.70 8.35 0.81 054  -0.04
LKSATFAC 10 2.29 9.02 0.77 093 -0.14
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Table 5 (Cont’d)

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 -28021 -13.89
MED RETDEPRTFAC 0.0 18.95 23.14 051 28888 -13.87
SLOPE 0.1 18.95 23.14 051 -288.88 -13.87
OVROUGHRTFAC 1.0 18.92 23.14 051 -28889 -13.88
MANN 05 18.97 22.99 050 -280.34 -13.86
LKSATFAC 10 6.22 8.07 040 5498 -5.14

3.21.2 Automated Calibration

This section includes the results of the WRF-Hydro model calibration part utilizing

an automated 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 process of the WRF-Hydro
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 given as the input
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 parameters, this
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
parameters are 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 given in Figure 22 - Figure 27. In Figure
22, the DDS algorithm is run with one parameter, which is REFKDT, and the other
parameters are fixed to the parameter values defined in the hypothetical hydrograph.
Results indicate that the model can find exactly the same hydrograph around the 40™
iteration (Figure 22). Similar performance is seen for the calibration with the
parameter size of two (Figure 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 0.6-0.9 until the addition of the last parameter (Figure 24-Figure 26). At the
last step, the KGE value drastically decreases to -0.47. It is seen that the algorithm
is still successful in terms of finding the hydrograph timing (Figure 27). 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 algorithm is working effectively for optimizing
the simulated hydrograph by WRF-Hydro 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 comparison between 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 correlated with the 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 performed using the DDS algorithm,
including one decision variable (i.e., REFKDT parameter) for a hypothetical event
in the Kemer basin and the statistical indices calculated for each iteration (Percent
Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-
Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta 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 RETDEPRTFAC parameters)
for a hypothetical event in the Kemer basin and the statistical indices calculated for
each iteration (Percent Bias, Root Mean Square Error (RMSE), Correlation
Coefficient (RR), Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-
Gupta Efficiency (KGE))
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DDS Algorithm Test-(3 Parm.)

35+

304 — st Trial
2-60th Trials

257 — Best Trial

201 — OBS

Discharge (m®/s)

1 25 49 73 97 121 145 169 193 217 241

Time (Hour)
147.3 ! 8.6 |

8 1273 ! !

M 107.3 : w 6.6 !

€ 873

g 673 ! = 467 !

o 473 1 2.6 1

o 273 ! ‘ i

L O R e T T E o e e A A
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 1 5 9 13 17 21 25 29 33 37 41 45 49 53 57
Model Model
1.00 i
o 0.6
0.951 ! £ 04+ :

o 0901 ; % -1.4: ;

4 I o 24 I
0.854 i & 344 I
0.804 | 0 -4.44 ;

| S 544 |

075- T T T T T T T T T T T T - T T _6'4- T T T T T T T T T T T T - T T

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 1 5 9 13 17 21 25 29 33 37 41 45 49 53 57
Model Model
8.5 ! 0.8 I
0.6

6.5 ! !
y | y 331 |
4 1 O 0.27 1

S45 | g o5l !

2.51 1 -0.24 I
1 -0.44 1
oS R R T T T T
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 1 5 9 13 17 21 25 29 33 37 41 45 49 53 57
Model Model

Figure 24 The calibration hydrographs performed using the DDS algorithm
including three decision variables (i.e., REFKDT, RETDEPRTFAC, and SLOPE
parameters) for a hypothetical event in the Kemer basin and the statistical indices
calculated for each iteration (Percent Bias, Root Mean Square Error (RMSE),
Correlation Coefficient (RR), Nash-Sutcliffe Efficiency, Mean Absolute Error
(MAE), Kling-Gupta Efficiency (KGE))
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Figure 25 The calibration hydrographs performed using the DDS algorithm
including four decision variables (i.e., REFKDT, RETDEPRTFAC, SLOPE, and
OVROUGHRTFAC parameters) for a hypothetical event in the Kemer basin and the

statistical indices calculated for each iteration (Percent Bias, Root Mean Square Error
(RMSE), Correlation Coefficient (RR), Nash-Sutcliffe 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 algorithm
REFKDT, RETDEPRTFAC, SLOPE,

OVROUGHRTFAC, and MANN parameters) for a hypothetical event in the Kemer
basin and the statistical indices calculated for each iteration (Percent Bias, Root
Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta 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 variables (i.e., REFKDT, RETDEPRTFAC, SLOPE,
OVROUGHRTFAC, MANN, and LKSATFAC parameters) for a hypothetical event
in the Kemer basin and the statistical indices calculated for each iteration (Percent
Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-
Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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3.2.1.2.2 DDS Algorithm Calibration Results

The calibration outputs generated with the DDS algorithm chosen as the optimization
algorithm for automatic calibration are represented in this section. At this stage, two
sub-basin 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 the calibration was carried out with
the Kemer basin and the event that occurred between 03/07/2017-03/17/2017 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 effect of the 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
10/19/2016-10/29/2016 event are represented from Figure 28 to Figure 31. The
calibration attempts with 60- and 100- iterations reveal that the model can gradually
capture the peak timing compared to the first trial (Figure 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
the model in solving the event progressively increases. However, in calibration trials
with 150-iterations, it is observed that the performance decreased compared to the
calibration with 100-iterations, and the algorithm continues to give a more successful
result in 200-iterations compared to the calibration with 100 iterations (Table 6).
Although the highest KGE value (0.74) is achieved in the 200-iterations, no
improvement is seen in the RMSE, RR, and NSE values compared to the 100-
iterations. However, the hydrograph of the best trial for 200-iteration shows that the
model can capture the peak time, as well as a gradual decrease trend (Figure 31),
instead of a sudden decrease observed in the falling limb of the hydrographs of the

best results with other iteration numbers (Figure 28 & Figure 29).
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When Kemer basin simulations are examined,

it is observed that the model is

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

difference between the simulated and the observed hydrographs (Figure 32-Figure

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

in the statistical metrics for the calibration with 150 iterations for the Kemer basin

(Table 6).
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Figure 28 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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10/19/2016-10/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency
(KGE)).
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Figure 29 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
10/19/2016-10/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
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Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE),

Kling-Gupta Efficiency
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Figure 30 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
10/19/2016-10/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency
(KGE)).
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D22A049 - DDS Algorithm 200-iterations
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Figure 31 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
10/19/2016-10/29/2016, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency
(KGE))
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Figure 32 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
03/07/2017-03/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency

(KGE))
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DO08AO071 - DDS Algorithm 100-iterations
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Figure 33 The calibration hydrographs performed with a total of 100 iterations using

the DDS algorithm for the Kemer basin and the event that took place between
03/07/2017-03/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency

(KGE))
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DO08AO071 - DDS Algorithm 150-iterations
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Figure 34 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
03/07/2017-03/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency
(KGE))
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DO08AO071 - DDS Algorithm 200-iterations
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Figure 35 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
03/07/2017-03/17/2017, and the statistical indices calculated for each iteration
(Percent Bias, Root Mean Square Error (RMSE), Correlation Coefficient (RR),
Nash-Sutcliffe Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency
(KGE))
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Table 6 Statistical metrics (PBias, RMSE, RR, NSE, KGE) of the best results
achieved in automated calibration runs using different iteration numbers (60, 100,
150, 200)

Iteration

Region Station PBias RMSE RR NSE KGE
Number

60 -2.00 16.08 0.76 0.56 0.58

EBS D22A049 100 -14.0 1448 0.81 0.64 0.70

(Arhavi) 150 22.0 1884 0.71 040 0.63

200 10.0 14.62 0.80 0.64 0.74

60 72.3 9.26 039 -15.54 -6.30

MED D08A071 100 41.8 580 042 -542 -3.27

(Kemer) 150 442 6.07 039 -6.12 -3.49

200 39.3 557 035 -499 -299

3.2.1.2.3 Processes-based Automated Calibration

A similar calibration approach suggested by Yucel et al. (2015) was utilized in this
section while considering the impacts of parameters on hydrological behavior or in
other words the water balance and the temporal distribution of the water amount
throughout the time series (Yilmaz et al., 2008). The calibration parameter set is
divided into two groups based on how their impact on the resultant hydrographs. The
first group consists of the ones affecting the hydrograph volume (REFKDT,
RETDEPRTFAC, and SLOPE), and the second group consists of those affecting the
timing of the hydrograph (OVROUGHRTFAC, MANN, and LKSATFAC). First,
the group of volume parameters is calibrated with the different iteration numbers
(60, 100, 150, and 200 iterations) selected in the previous section. After this volume
set is calibrated, the calibrated values for the first group of parameters are fixed. At
this stage, only the second group of parameters are calibrated with the same iteration
numbers, while the values of the parameters in the volume group are fixed within the
model. The same objective function (i.e., KGE) is selected for the processed-based

automated calibration. With this approach, it is proposed that automated calibration
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can be performed while taking into account the major impact of the parameters on
the hydrological processes instead of following the method of calibrating the whole
set of parameters at once. The same sub-basins and the events from the previous
section are selected for the process-based calibration as Arhavi basin and the event
that occurred between 10/19/2016-10/29/2016 are selected for the EBS region,
whereas the Kemer basin and the event that occurred between 03/07/2017-
03/17/2017 for the MED region.

Results of the automated calibration in the Arhavi basin for the parameter set of
volume are shown between Figure 36 and Figure 39. A gradual improvement is
observed in most of the statistical metrics while the iteration number increases (Table
7). The KGE value changes between 0.68 and 0.75. Especially for the 150- and 200-
iterations, a substantial improvement is seen in the event peak in terms of the volume.
However, the model is creating a second peak at the recession part instead of
reaching the baseflow level again. From this test, the parameter set of the best trial
of 150-iteration runs is selected, and the calibration process is continued with the set
of timing parameters (Figure 40-Figure 43). A 12% improvement is observed in the
KGE value for the 60- and 150-iterations. Besides, there is still a recession issue in
the falling limb part of the hydrographs. On the other hand, for the 100- and 200-

iterations, there is a drastic decrease in the performance statistics (Table 7).

Figure 44 to Figure 47 show the process based calibration results of over the Kemer
basin located in MED region. In general, for this event there is an overestimation
problem throughout the simulated hydrographs, as mentioned in the previous
section. After the volume parameter set is calibrated, the set of 60-iteration runs is
selected for the calibration of the timing set. All calculated NSEs and KGEs show
negative values being close to each other. 150-iterations shows the best results in
terms of KGE and Pbias values, while for the other statistical metrics 200-iterations

cretaes the best results.
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D22A049 - Calibration of Volume Parameters/60 iterations
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Figure 36 The calibration hydrographs performed with a total of 60 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Volume Parameters/100 iterations
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Figure 37 The calibration hydrographs performed with a total of 100 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Volume Parameters/150 iterations
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Figure 38 The calibration hydrographs performed with a total of 150 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Volume Parameters/200 iterations
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Figure 39 The calibration hydrographs performed with a total of 200 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-

10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Timing Parameters/60 iterations
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Figure 40 The calibration hydrographs performed with a total of 60 iterations and
volume parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Timing Parameters/100 iterations
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Figure 41 The calibration hydrographs performed with a total of 100 iterations and
volume parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-

10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Timing Parameters/150 iterations
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Figure 42 The calibration hydrographs performed with a total of 150 iterations and
volume parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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D22A049 - Calibration of Timing Parameters/200 iterations
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Figure 43 The calibration hydrographs performed with a total of 200 iterations and
volume parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Arhavi basin and the event that took place between 10/19/2016-
10/29/2016, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO08AO071 - Calibration of Volume Parameters/60 iterations
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Figure 44 The calibration hydrographs performed with a total of 60 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-

03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO08AO071 - Calibration of Volume Parameters/100 iterations
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Figure 45 The calibration hydrographs performed with a total of 100 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO08AOQ71 - Calibration of Volume Parameters/150 iterations
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Figure 46 The calibration hydrographs performed with a total of 150 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO08AQ71 - Calibration of Volume Parameters/200 iterations
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Figure 47 The calibration hydrographs performed with a total of 200 iterations and
volume parameters (REFKDT, RETDEPRTFAC, and SLOPE) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO8AO071 - Calibration of Timing Parameters/60 iterations
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Figure 48 The calibration hydrographs performed with a total of 60 iterations and
timing parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO8AQ71 - Calibration of Timing Parameters/100 iterations

401
— st Trial
2-100th Trials
[ -
» 30 — Best Trial
3
E — oBs
S 20-
[
e
O
)
2 1o
o-
1 25 49 73 97 121 145 169 193 217 241
Time (Hour)
- 1 10.8 I
p 604.2 i |
tn 524.2 ! w947 !
- I %) 1
S 444.24 1 S 804 1
o 1 4 1
O 364.2+ 1 6.6 4 1
o 1 1
2842- T T T T T T T T T T 52- T T T T T T T T T T
1 10 19 28 37 46 55 64 73 82 91 100 1 10 19 28 37 46 55 64 73 82 91 100
Model Model
0.8 1 o
| ! g o1\ !
o7 i £ -10.11 !
o 0.6 >
(12 { D 141+ 4
0.54 ! ﬁ 1
! -18.14 !
0.4 2 |
T T T T T T } T T T -22.14 T T T T T T } T T T
17 10 19 28 37 46 55 64 73 82 91 100 17 10 19 28 37 46 55 64 73 82 91 100
Model Model
9.2 } 211
1 1
8.0+ 1 -2.81 1
L 1 w i 1
< 681 | o 35 [
= i X 42 1
561 ! -4.9 !
A T = L B e e
1 10 19 28 37 46 55 64 73 82 91 100 1 10 19 28 37 46 55 64 73 82 91 100

Model

Model

Figure 49 The calibration hydrographs performed with a total of 100 iterations and
timing parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-

03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO08AO071 - Calibration of Timing Parameters/150 iterations
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Figure 50 The calibration hydrographs performed with a total of 150 iterations and
timing parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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DO8AO071 - Calibration of Timing Parameters/200 iterations
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Figure 51 The calibration hydrographs performed with a total of 200 iterations and
timing parameters (OVROUGHRTFAC, MANN, and LKSATFAC) using the DDS
algorithm for the Kemer basin and the event that took place between 03/07/2017-
03/17/2017, and the statistical indices calculated for each iteration (Percent Bias,
Root Mean Square Error (RMSE), Correlation Coefficient (RR), Nash-Sutcliffe
Efficiency, Mean Absolute Error (MAE), Kling-Gupta Efficiency (KGE))
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Table 7 Statistical metrics (PBias, RMSE, RR, NSE, KGE) of the best results
achieved in automated calibration runs using different iteration numbers (60, 100,

150, 200) by means of the process-based approach.

Region Station Pari,r:teter llt\lelff;g:; PBias RMSE  RR  NSE  KGE
60 123 1623 075 055  0.69
Volume 100 122 1667 074 053  0.68
150 919 1499 079 062 075
D22A049 200 9.20 15.09 0.79 0.61 0.75
EBS
(Arhavi) 60 100 1352 085 069  0.82
Timing 100 529 1547 088 059  0.39
150 645 1444 083 065 082
200 692 2271 080 013 -0.01

60 10.58 14.30 0.70 -38.47 -9.94
100 10.63 14.33 0.69 -38.64 -9.98

Volug 150 1059 1432 069 -3858 -9.96

vgp  D0BAO71 200 1059 1441 070 -39.04 -9.97
(Kemer) 60 286 529 040 -441 -195

Timia 100 284 525 039 -432 -193

150 28.2 526 035 -434 -191

200 285 519 045 -420 -1.93

3.2.1.3  Comparison of the Calibration Approaches

DDS algorithm with calibration of the whole parameter set gives better performance
in the EBS region compared to manual calibration results (Stepwise KGE=0.40 and
NSE=0.16), while the manual calibration in the MED region gives slightly better
results (Stepwise KGE=-0.75, NSE=-1.26) than the DDS algorithm (Table 8 &
Table 9). While both calibration approaches give negative results for KGEs and
NSEs in the MED region, manual calibration decreases these values slightly. It is
demonstrated that the number of iterations used to reach the optimum values in DDS

is an effective factor in the performance of the algorithm.

Compared to the DDS algorithm results, including the whole parameter set, the
model results are enhanced by ~%11 in KGE and ~%8 in NSE in processed-based
calibration for the Arhavi basin.
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In Kemer basin, the process-based calibration is improves the KGE results by ~30
% obtained by the calibration of the whole parameter set (Table 8). However, the
stepwise calibration improvement steps forward compared to the automated
approaches in terms of the statistics (Stepwise KGE=-0.75, NSE=-1.26) in the
Kemer basin (Table 8 & Table 9). For both basins, it can be inferred that the process-
based automated calibration approach shows better performance compared to the
automated calibration of the whole parameter set. Arhavi basin shows better
performance in terms of automated calibration, while the stepwise calibration
approach improves the model results more compared to the automated calibration

techniques in Kemer basin.

Table 8 Comparison of the KGE performance values for calibration with stepwise,
DDS-whole set and DDS- processed-based approaches.

Calibration Number of Iterations
Region Station
Method 60 100 150 200
Stepwise 0.40 - - -
EBS D22A049  ppS-whole set 058  0.70 063  0.74
(Arhavi) i
bDS-processed 082 039 082 -0.01
based
Stepwise -0.75 - - -
MED D08A071  ppsS-whole set 630 -3.27  -349  -2.99
(Kemer)

DDS-processed

based -1.95 -1.93 -1.91 -1.93
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Table 9 Comparison of the NSE performance values for calibration with stepwise,

DDS-whole set and DDS- processed-based approaches.

Calibration Number of Iterations
Region Station

Method 60 100 150 200
Stepwise 0.16 - - -
EBS D22A049 DDS-whole set 0.56 0.64 0.40 0.64
DDS-processed 069 059 065 013

based
Stepwise -1.26 - - -
MED DOSAO071 DDS-whole set -15.54 -3.27 -3.49 -2.99
DDS-processed 441 . 434 420

based

3.2.2 Evaluation of SST Events for WRF-Hydro Model

WRF-Hydro model performances of the simulations forced by the WRF
meteorological data generated with different SST datasets are examined in this
section. The calibrated parameter set with the manual stepwise calibration method is
utilized for Hopa (D22A147) and Kemer (D08AO071) basins. The simulated
hydrograph based on the observation precipitation forcing is also compared with the
hydrographs forced by the WRF model to be able to see the errors caused by the
interpolation process and the model itself.

The calibrated parameter set which is obtained by the manual stepwise approach, is
validated for SST events in Hopa and Kemer basins. Table 4 shows the statistical
measures calculated for calibration and validation events in both
basins. Hydrological response to selected SST events over Hopa and Kemer
basins are simulated, and the hydrographs derived by various SST simulations and
observed precipitation are demonstrated in Figure 52. Based on the simulated
hydrograph of the Hopa basin, it is observed that the ERAS5 and NCEP simulations
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are underestimated compared to the observed hydrograph (Figure 52 (a)). The
negative bias found for the WRF precipitation simulations in Figure 7 (a) may
explain this understimation issue for ERA5 and NCEP (datasets showing the highest
bias error). The hydrograph volumes produced by the Medspiration simulation and
the observed precipitation simulation are marginally better than those produced by
the ERAS and NCEP simulations. Despite the fact that the GHRSST simulation
overestimates precipitation and skips the peak time for Hopa, the daily mean
discharge of the GHRSST is the most accurate simulation in predicting discharges.
Because the WRF simulation of the GHRSST provided the most accurate volume of
water that the Hopa received on peak day, as seen in Figure 8 (c). Accordingly, the
daily average of water volume conveyed to the channel creates the closest volume to
the observed one with the lowest negative bias and RMSE values. The NSE value of
this simulation is calculated as 0.63, and the KGE value is calculated as 0.03. It is
observed that the correlation coefficient value is increased from 0.42 to 0.80 on
average for the simulations performed with high-resolution SST datasets compared
to the the ERAS5 simulation. Likewise, the GHRSST simulation shows an
improvement of approximately 70 % in NSE compared to ERA5 simulation (Table
4). In line with the results of cross-correlation calculations, it is determined that
GHRSST is the best SST product that represents the Arhavi basin and the

corresponding event.

In the Kemer basin, it is seen that the GFS simulation overestimated the peak value
and missed the timing trend of the observation hydrograph (812.9 m?/s) (Figure 52
(b)). The simulations derived using high-resolution SST and observation
precipitation shows that although the hydrographs follow a similar trend with the
observation in the falling limb part, they decrease abruptly in the rising limb part.
Minor delays are observed in the primary peak time for the high-resolution SST
simulations. GFS SST hydrograph has the lowest bias (-24.98 m®/s) but the largest
RMSE (129.81) and the lowest correlation coefficient (0.18) (Table 4). A better

representation of hydrograph peak timing and volume is seen for the meteorological
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forcings updated by high-resolution SST datasets, as parallel to the closer
spatial distribution of precipitation to the observation at peak time over the Kemer
basin (Figure 9). In particular, the simulation forced with the observed precipitation
correctly identifies the time and magnitude of the first peak but produces a negative
bias in the volume of the second peak. It creates a hydrograph volume bias of -53.48
m3/s compared to the high-resolution SST simulations, however, it achieves a
better correlation (0.40). High-resolution SST simulations improve the ERAS results
by ~550 m*/s volume reduction and successfully capture the peak timing.

In both basins, the findings are consistent with the accuracy analysis based on the
mean cross-correlation of each SST product. When the influence of the GHRSST
and Medspiration products on the WRF-Hydro model performance is examined, the
highly cross-correlated GHRSST and Medspiration products also provide the best

results in the model among other simulations.
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Figure 52 a) 17/08/2015-27/08/2015 event and D22A049 basin b) 03/07/2017-
03/17/2017 (last six days) event and DO8AO71 basin observation hydrograph,
modeled hydrographs with the precipitation data generated using ERAS5/GFS
GHRSST, Medspiration, NCEP SST products, and the modeled hydrograph with the

precipitation data based on the interpolation of the observation points.
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3.2.3 Evaluation of Rainfall-Runoff Spatial Distributions

Accumulated precipitation estimates from four different SST simulations and the
runoff estimates on channel grid cells calculated by the WRF-Hydro model forced
with the forcing of these SST simulations derived by the WRF model are matched
and displayed gridded wise for each region in Figure 53 and Figure 54. WRF model
precipitation output at 1 km resolution and the streamflow output of the WRF-Hydro
model over the defined channel grids at 250 m resolution are overlapped in these

figures.

Figure 53 represents the grid-based dynamic representation of ERA5, GHRSST,
Medspiration, and NCEP simulations over the EBS region. The streamflow results
(m®/s) over the channel grids of the two basins (D22A049 and D22A147 stations
from Figure 1) are plotted over the accumulated WRF precipitation (mm). Green dot
denote basin outlets. The precipitation over the basins at the time step right before
the precipitation event started is given in the first time step, 08/23/2015 23:00:00
(Figure 53 (a-d)). Streamflow distribution over the river networks shows the
baseflow levels before the beginning of the event. In the second time step, it is seen
that the highest precipitation depth is generated in the GHRSST simulation (Figure
53 (f)). This result is consistent with the remark from the previous section that the
GHRSST is overestimating the SST event in the EBS region (Figure 7 (a)). Both
basins react to heavy precipitation very quickly due to the hydrological
characteristics of the basins related to the region’s topography (steepy-sloped). This
response is explicitly seen in Figure 53 (e and g) for D22A049 in Figure 53 (f and h)
for D22A147. For the last time step, streamflow values decrease due to less
precipitation depth received by the basins compared to the previous time step.
Baseflow conditions prevail again in some tributaries through the upstream parts of

both river networks in one hour (Figure 53 (i and j)).

A grid-based dynamic representation of GFS, GHRSST, Medspiration, and NCEP

simulations over the MED region is given in Figure 54. The streamflow results (m?/s)
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over the channel grids of the three basins (DO8A071, DO9A095, and EO8A008
stations from Figure 1) are displayed over the accumulated WRF precipitation (mm).
The first time step shows the baseflow conditions in streamflow and the accumulated
precipitation distribution over the area at 02:00:00 on 12/16/2018, shortly before the
SST event starts. In the second time step (16:00:00), there is a substantial increase in
accumulated precipitation depth towards the eastern part of the area. This
precipitation amount builds up and conveys through the channel grids of the
D09A095 and DO8AO71 basins. For the DOBAOQ71 basin, an overestimated volume
of 370 m%/s discharge is generated and conveyed to the outlet in 14 hours as 516 m?/s
(Figure 54 (a and e)). In Figure 54 (k), a discharge value of 698 m®/s is observed for
the DO9A095 basin due to the higher precipitation depth produced over the upper
basin by the Medspiration simulation compared to other simulations. Figure 54 (j
and I) demonstrates that the streamflow network is still on the rising limb part of the
hydrograph owing to the slight delay in the primary peak timing of the hydrographs
of GHRSST and NCEP simulations given in Figure 7 (b).
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Figure 53 Overlapped dynamic maps of accumulated precipitation simulated by the
WRF model (3-km) operated with four different SST datasets (ERA5, GHRSST,
Medspiration, and NCEP) and discharge simulated by the WRF-Hydro model (250-
m) over the EBS region at 08/23/2015 23:00:00, 08/24/2015 03:00:00, and
08/24/2015 04:00:00. Stream gauges are denoted by green dots.

95



a) GFS-SST 2018-12-16 02:00:00 b) GHR-SST 2018-12-16 02:00:00 ¢} MED-SST 2018-12-16 02:00:00 d)NCEP-SST 2018-12-16 02:00:00

DO9A0SS £
543 E

€ £ €
3 £ -] 643 E 643 E o
5 \\ 3 5 \ 5 s g
536 5 A 526 5 536 & 58 §
5 IS z a &
o 5

2 E v 3218 g a1
ﬂm 3 il 3 B o B
Dosaoz1 | 214 8 A)J<“ i 214 3 ‘)ld; 2148 J(‘ 214 8
€ . £ X £

107 3 \lm J 107 3 oL \'1(."" o

£
Rl o 3 3 107 3 107 3
o < o < o < 0 <
! " T T F— 7 T T To— ! y T T Fr— L ¥ T T To—
o 103 206 310 413 516 o 52 104 158 208 260 0 140 279 419 558 698 0 118 236 353 471 589
Discharge, (m*/s) Discharge, (m*/s} Discharge, (m’{s) Discharge, (m*/s)

e) GFS-SST 2018-12-16 16:00:00 f) GHR-SST 2018-12-16 16:00:00 9} MED-SST 2018-12-16 16:00:00 h) NCEP-SST 2018-12-16 16:00:00
750 750 750

B E E
Lo 643 £ R 643 & 843 E Lo 843 E
S s B < el c S <
S - S b k| i S
e 536 2 \%L 536 £ il o8 536 £ L 536 £
t 402 a2 2 L 420 8 L 420 B
- 2 2 4 e
N 321 % ;\—' s21% 321 % oy 321 %
o 3 Fie 3 3 }P a B
o 2148 Y 2143 sy 2148 )[G:“ 2148
oy q
'1030 107 % ‘3@—"{’ 107 g wo 107 % ‘:lr?’c 107 5
8 8 g 8
o < o < o < 0o <
f ' T T S— T T T f ' T T f ' T | —
@ 103 208 310 413 516 0 52 104 156 208 260 0 10 279 419 558 698 0 118 23 353 471 589
Discharge, (m*/s) Dischaige, (m*/s) Discharge, (m®/s) Discharge, (m*/s)
i) GFS-SST 2018-12-16 18:00:00 i) GHR-SST 2018-12-16 18:00:00 k) MED-38T 2018-12-16 18:00:00 1) NCEP-SST 2018-12-16 18:00:00
750 750 750 . 50 .
£
Lo 643 £ e 643 £ oo 643 E o 643 £
oS 5 .\\ 5 x .\\ 6 \\

536 2 S 536 2 }?/L 536 ;L 536 2
48 F o 429 % 4w 429§
- : - : i g = £

an X 212 321 a21
e [™'3 wi, r'y e [73 e |

]
m

njgv 2142 h)\l{“‘ K 2148 \\):;/ga 214 8 ")@ 214 8
1w e 107 3 107 % &l i 107 g
o o o 0
f y T T o y T T o f ' T T S L 7 T T o
o 108 206 310 413 516 0 52 104 156 208 260 0 40 279 419 668 698 0 118 236 353 471 589
Discharge, (m*/s) Discharge, (m”/s} Discharge, (m®/s) Discharge, (m’/s)

Accl

Figure 54 Overlapped dynamic maps of accumulated precipitation simulated by
WRF model (3-km) operated with four different SST datasets (GFS, GHRSST,
Medspiration, and NCEP) and discharge simulated by WRF-Hydro model (250-m)
over the MED region at 12/16/2018 02:00:00, 12/16/2018 16:00:00, and 12/16/2018
19:00:00. Stream gauges are denoted by green dots.
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CHAPTER 4

DISCUSSION

Different SST products resulted in a diverse range of spatial and temporal
precipitation variability, which substantially impacts the accuracy of runoff
simulations concerning timing and volume. Duzenli et al. (2020) showed that
physical parameterization, rather than the initial and boundary conditions, had a
more significant impact on precipitation variability in extreme precipitation events
that are occurred in the MED and EBS. However, in WRF model simulations, the
initial state changes and time-varying boundary conditions imposed by GFS and
ERAS5 might have distinct effects. These diverse datasets further influence the
outcomes of SST impact on the findings. Therefore, itis important to note this
remark is related to the inherent uncertainty of the findings before drawing any
conclusions. As it is expected, the uncertainty raised by the error sources of the lower
boundary representation through different SST datasets is of primary importance in
weather prediction efforts. In this study, the results show that examining the time-
variant and high-resolution SST on the complex terrains over the coastline like the
Mediterranean and Eastern Black Sea regions (Ferrari et al., 2020; Papanastasiou et
al., 2010; Senatore et al., 2014) may enhance the precipitation estimation accuracy
and decrease the discrepancies of the modeling in mesoscale. The exchange
process of water and energy between the land/sea surface and the atmosphere’s
boundary layer involves complex linkages. A better depiction of the lower boundary
condition in terms of SST in the atmospheric-hydrological processes is essential in
formulating hydrometeorological predictions for flooding and flash floods at various
spatial and temporal resolutions. Similarly, updating the lower boundary with more
appropriate SST helps to reduce the overall error in storm hydrographs derived using

the one-way coupled system. Overall, the GHRSST product yields the highest spatio-
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temporal correlation, while NCEP yields the least among the temporally variable
SST products. Consistent with this result, GHRSST-based runoff simulations yield
the highest accuracy, while NCEP shows the lowest among the temporally variable
SST products. These results clearly show the significance of using higher spatio-
temporal resolution SST products in the simulation of heavy rainfall and extreme

runoff.

Cross-correlation is employed as a validation technique since there are no dense
buoy observations over the research areas. Hence, the agreement between the
accuracy assessments with the cross-correlation and the streamflow simulations
implies that this approach may be used to evaluate SST datasets in remote sites that

do not have any in-situ measurements.

Hydrographs generated using different SST datasets reveal significant differences
between individual events, but they are susceptible to the precipitation inputs
modeled with different SST datasets. According to Jee and Kim (2017), detailed SST
representation in the WRF model shows a negligible influence on the simulated
precipitation for short-term events. Nevertheless, this result is consistent with the
findings of previous studies agreeing that the high-resolution SST representation
improves the performance of short-term simulations (Cassola et al., 2016; Ivatek-
Sahdan et al., 2018; Lebeaupin et al., 2006). In general, the detailed SST
representation in the WRF model is not integrated for the short-term events due to
the fact that the fluctuations of the SST arelow over a short
time period. Nonetheless, as a result of climate change, unexpected SST fluctuations
are likely to lead to the development of severe storms (Pilatin, 2020). It was found
that estimated precipitation depths vary substantially for the two short-term events
over EBS and MED regions corresponding to the integration of time-variant
(GHRSST, Medspiration, and NCEP) or -invariant (GFS and ERAS5) SST
products. The time-variant SST products enhanced the accuracy of the predictions
in terms of the center locations, the peak timing, and the extent of the SST events,
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notably in the MED region. Conversely, GFS SST creates the highest overestimation
in basin-average precipitation, ~17 mm for the DO8AO071 basin, and produces
precipitation over the sea (agreeing with the study of Cassola et al. (2016) conducted
in MED region). The simulations with the high-resolution SST products
(Medspiration and GHRSST) were able to address the problem of the large
variability in precipitation and hydrological response for the SST event having a
mesoscale and convective characteristic occurred in the EBS region. Thus, in the
MED and EBS study regions, the Medspiration and GHRSST produced the best
basin-averaged precipitation representation, which consequently translates into

the improved surface runoff estimations in small coastal catchments.

Additionally, the results corroborate the findings of Senatore et al. (2015), Givati et
al. (2016), and Sun et al. (2020) that the WRF model ran with observed precipitation
performed better in simulated hydrographs than the simulations performed with
the coarse SSTs (ERA5 and GFS) in both locations. On the other hand, models
which were driven with the high-resolution SST products may produce better
hydrological state representation than those performed with the observed
precipitation. According to the results, the interpolation error is 30 - 40 %, which
is less than the simulated precipitation for both regions. To further reduce this error,
it is essential to have a higherdensity of meteorological observation
stations networks, especially for the regions with complex terrain characteristics. A
possible cause of this error resulting in observed precipitation simulation may be due
to the fact that almost all of the rain gauges are situated on valley floors, which do
not accurately reflect the orographic precipitation features of the region (Eris &
Agiralioglu, 2018). Consequently, this may be the reason for the underestimation

observed in the hydrographs simulated with the observed precipitation.

It is indicated that WRF-Hydro and its calibration process function reasonably well
in that calibration tends to improve model simulations when appropriate

precipitation inputs are used. The infiltration-excess, interflow, and channel routing
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processes influence the discharge estimations in the model. As a result of the
infiltration excess process prevailing in the semi-arid areas like the basins in the
MED region, plus the non-homogenized precipitation rate distribution is causing
the infiltration excess to be underestimated or missed. The overestimation of the
discharge during the falling limb of the hydrographs may be attributed to
the inadequacies in the interflow mechanism of the model, which has been
reported in this study and the earlier studies involving humid (Ryu et al., 2017;
Senatore et al., 2015), semi-arid (Lahmers et al., 2019; Silver et al., 2017), and arid
regions (Silver et al., 2017). Nevertheless, it is worth mentioning that the calibration
method showed better performance in the humid EBS region than that in the semi-
arid MED region. The statistics particularly for NSE and KGE, are represented by
high positive values (0.2-0.7) in the EBS region. Moreover, with sharp and steep
small catchments over the EBS, the hydrologic response is very fast, and overland
flow is quickly joined to the river networks and pours to the outlets within a 1-h
period. The high-resolution gridded rainfall-runoff coupling greatly benefits from
monitoring the water excess condition for a given storm over topographically

complex and steeply small watersheds.

Ultimately, identifying the appropriate parameter sets prior to the operational model
run for the discharge forecast purposes is critical for more accurate
forecasts (Senatore et al., 2015; Silver et al., 2017; Yucel et al., 2015). WRF-Hydro
model was calibrated with two different methods, automated and stepwise, and the
performance of the related methods were compared. For the stepwise calibraton,
among the parameters, REFKDT, SLOPE, MANN and LKSATFAC revealed an
important impact on making reliable runoff predictions in both regions, but
especially the saturated hydraulic conductivity parameter factor (LKSATFAC)

became substantially critical over the MED region.

The model reaches similar optimum parameter values with a lower iteration number

for manual calibration compared to the automated calibration (DDS algorithm).
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However, the manual calibration requires expert knowledge and manual screening
for the decision process of the parameter sets. In addition, the parameters should be
sampled from the set of discrete values within the parameter range. In particular, the
DDS method, which reaches the optimum value by considering many combinations
of all parameters together by optimizing the defined objective function (i.e., KGE),

can be used successfully in event-based studies as conducted in the EBS region.

A widely used automated calibration algorithm called DDS is utilized as an
alternative for the stepwise calibration procedure. Since the DDS algorithm is started
with a randomly selected initial set and continues to select the parameters set in the
same way, sudden drops observed in the performances regardless of the increasing
iteration number may be attributed to the algorithm structure itself. This depicts that
the higher number of iterations defined in the algorithm may not necessarily improve
the calibration results. However, as an initial condition, starting the model with a
better-guessed parameter set (e.g., default set) may enhance the result systematically
with the increasing iteration number. Besides, the process-based automated
calibration performed by dividing the parameter set into two groups regarding their
impact on hydrological behavior improves the traditional automated calibration
approach by up to 30 %. Instead of utilizing the automated calibration for the whole
decision variables (i.e., model parameters) at once, considering the funtions of the
parameters inside the model and accordingly grouping them for the calibration

procedure may bring a new perspective to the automated calibration techniques.
4.2 Added Utility Compared Against Earlier SST Studies

Simulation of the hydrological response after the extreme precipitation events is
guided by hydrometeorological modeling systems and local terrain characteristics.
Very few papers (Senatore, Davolio, et al., 2020; Senatore, Furnari, et al., 2020) have
examined the improved representation of SST representation inside the
hydrometeorological modeling system, driving the model predictions linked with
a hydrological model. While investigating the influence of SST products on
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the precipitation estimates, these two studies concurrently examined the impact of

SST products on hydrological response simulations during various intense storms.

For the first time, SST sensitivity analysis of the WRF and WRF-Hydro modeling

system, either with or without data assimilation, was explored by means

of mesoscale modeling uncertainty associated with initial/boundary conditions

(Senatore, Furnari, et al., 2020). Parallel to mentioned studies, the influence of

the SST field on hydrological responses by using the same modeling structure. In

relation to Senatore, Davolio, et al. (2020) and Senatore, Furnari, et al. (2020), this

study provides the following advancements:

Due to other relevant sources of uncertainty like initial/boundary conditions,
the influence of high-resolution SST datasets is not seen to be substantial in
the investigations of Senatore, Davolio, et al. (2020) and Senatore, Furnari,
et al. (2020). Conversely, using high-resolution SST datasets in the WRF
model showed considerable improvements in runoff simulations in this study
compared to previous studies.

Senatore, Davolio, et al. (2020) and Senatore, Furnari, et al. (2020) studies
have been performed over the basins along the Mediterranean Sea, but this
present study focuses on basins located in two different regions located over
the coastline of the Mediterranean and the Black Sea regions. Accordingly,
the sensitivity of the hydrological responses to high-resolution SST products
is investigated over a different region with significantly different climatic
properties and has not been explored before (i.e., EBS). The results revealed
that the high-resolution SST datasets improved hydrological response
over the basins in the EBS region more than the MED basins.

Three different SST products, namely as Medspiration, GHR, and NCEP SST
products with 0.022°, 0.01°, and 0.083° resolution, respectively, were used as
compared to previous studies which solely utilized Medspiration SST
product (0.022°) (Senatore, Davolio, et al., 2020; Senatore, Furnari, et al.,

2020). This current study, it was aimed to expand the choices of the different
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high-resolution datasets in order to arise a more comprehensive conclusion
in terms of the SST product comparison.

Senatore, Furnari, et al. (2020) used gathered buoy recordsto conduct
temporal accuracy evaluations of the high-resolution SST product. In this
study, the SST cross-correlation values of four different SST products were
calculated by considering both the temporal and the spatial distribution of the
datasets in the absence of buoy observations over the study area. By using
additional evaluation of the spatial accuracy of the SST products, this present
study expands on the accuracy analysis performed by Senatore, Furnari, et
al. (2020).
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CHAPTER 5

CONCLUSION

Investigation of hydrologic response for extreme precipitation events simulated by
different SST datasets integrated into the WRF model with coarse, high, and time-
variant and -invariant resolutions in small catchments with a complex topography
and experiencing coastal orography was carried out in this study. The WRF-Hydro
model setup is established with one-way coupling from the WRF 3-km domain to
the distributed and physical WRF-Hydro model for the simulations of flood
hydrographs during significant rainfall events. Although both the GFS and ERA5
(i.e., initial and boundary conditions) for MED and EBS regions contain SST fields
that are considered coarse resolution and time-invariant, the GHRSST,
Medspiration, and NCEP SST datasets utilized in both regions as external SST
datasets with high temporal and spatial resolution. To further enhance the WRF-
Hydro model's performance, stepwise and automated calibration methods are used
for two separate sets of parameters affecting hydrograph volume and shape. Using
higher spatio-temporal resolution SST products (Medspiration and GHRSST),
prevailing higher average cross-correlation is also highly influential in capturing the
temporal and spatial variability of precipitation in small catchments. This effect is
variable from region to region. The key findings of this study are listed as the

following:

e Both manual stepwise and automated calibration methods showed better
performance in the humid EBS region than that in the semi-arid MED region.

e Process-based automated calibration showed that although the automated
calibration techniques are utilized to obtain the values for all decision variable at

once for the hydrological model, considering the hydrological behavior of the
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parameters during the calibration procedure is still an important factor for further
improvement of the results.

e Improved peak discharge estimates in simulated hydrographs are one of the main
advantages of updating the SST field with the high spatiotemporal resolution
SST datasets in both regions. GHRSST and Medspiration have improved in
capturing peak discharge timing and volume than other SST datasets for
flood hydrographs simulated over both regions.

e Using time-invariant SSTs for runoff simulations resulted in low performance
depending on the spatial and temporal distribution of the precipitation. The flood
peak magnitude was simulated to be 2.5 times greater than the observed peak
magnitude in the MED region, while the EBS region does not exhibit any
hydrological response.

e SST-driven simulations show better performance than those simulations with the
observed precipitations, particularly for higher resolution SSTs.

According to the results of precipitation and hydrograph simulations, high-
resolution SST products may be used as initial and lower boundary conditions for
operational forecast purposes for heavy precipitation events. Under the
consideration of abnormal SST changes exacerbated by changing climate, time-
variant SST features characterized with high spatio-temporal resolution should be
accounted for extreme weather event evaluations in complex coastal topographical
regions. Alternative to the commonly preferred stepwise calibration approach,
utilizing an automated calibration technique taking into account the hydrological
behaviors of the model parameters may be helpful in the calibration of such complex
and computationally expensive models.

For the future path, the coupled configuration of the WRF/WRF-Hydro modeling

system may be helpful to see the impact of the improved hydrological response on

the two-way feedback mechanism between the atmosphere and the land surface

model in order to build a more reliable modeling system.
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