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ABSTRACT

EVALUATING SPATIO-TEMPORAL VARIABILITY OF GRIDDED
PRECIPITATION DATASETS AND THEIR EFFECT ON RIVER BASIN
RESPONSES

Hamed HAFIZI
Department of Civil Engineering
Programme in Hydraulics
Eskisehir Technical University, Institute of Graduate Programs, April 2023
Supervisor: Assoc. Prof. Dr. Ali Arda SORMAN

This study presents a detailed investigation into the spatio-temporal consistency and
hydrological utility of 18 Gridded Precipitation Datasets (GPDs) (one ground-based,
seven satellite-based, two reanalysis, one reanalysis and satellite, and seven multi-source)
over varying topography and climate conditions of Turkey.

Considering the regional performance of GPDs by direct comparison with 757
ground stations for the entire study period (2015-2019), the consistency increases from
daily to monthly time step, where daily KGE varies from 0.18 to 0.52 and monthly KGE
ranges between 0.35 and 0.73. Regardless of any regional classification and time step, the
tendency of GPD detection ability is high for no-precipitation events and the detection
strength decreases as the precipitation intensity increases. Moreover, comparing the
streamflow reproducibility of selected datasets over three snow-dominated basins,
namely Karasu, Cukurkisla, and Kayabasi, many GPDs are able to reproduce streamflow
with higher accuracy when their optimum model parameter set is utilized.

Overall, multi-source GPDs generally perform better both in direct comparison over
various classifications and hydrological utility with different model parameterization
scenarios. Furthermore, some reanalysis datasets also present relatively high performance

compared to other satellite-based, reanalysis or combined GPDs.

Keywords: Gridded Precipitation Datasets, Validation, Hydrological modeling, Varying
climate-topography, Turkey.
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OZET

HUCRESEL YAGIS VERISETLERININ MEKANSAL-ZAMANSAL
DEGISKENLIGI VE BUNLARIN AKARSU HAVZALARINDAKI
UYGULANABILIRLIGININ INCELENMESI

Hamed HAFIZI
Insaat Miihendisligi Anabilim Dali
Hidrolik Bilim Dali
Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Nisan 2023
Danigman: Dog. Dr. Ali Arda SORMAN

Calisma, degisken topografya ve iklim kosullarinin hakim oldugu Tiirkiye’de, 18
hiicresel yagis verisetinin (HYV) (bir yer, yedi uydu, iki yeniden analiz, bir uydu ve
yeniden analiz, yedi ¢ok kaynak temelli) detayli sekilde mekansal-zamansal tutarliligini
ve hidrolojik agidan uygulananbilirligini icermektedir.

Calisma stiresince (2015-2019) 757 yer gozlem istasyonu degerlendirildiginde
HYV lerin bolgesel performansi giinliikk karsilastirmalardan aylhiga gecildikge artmakta
oldugu gozlenirken, giinlik KGE basar1 oranm1 0.18 ile 0.52, aylik KGE basar1 orani ise
0.35 ile 0.73 arasinda degismektedir. Bolgesel ve zamansal siniflandirma haricinde, HYV
lerin yagis tespit etme becerisi yagis olmayan olaylar i¢in yiiksek iken yagis siddeti
arttikca bu kabiliyetin azaldig1 goriilmiistiir. HY'V lerin akim benzesim degerlendirmesi
ic kar baskin ¢alisma havzasi (Karasu, Cukurkisla, Kayabasi) i¢in karsilagtirildiginda,
birgok HY'V nin kendi model parametreleri kullanildiginda daha basarili sonuglar {irettigi
sOylenebilmektedir.

Sonu¢ olarak, ¢ok kaynakli iiriinlerin genel itibariyle hem direkt yer gozlem
kiyastyla hem de hidrolojik model uygulamasinda daha basarili performanslariyla 6ne
cikarken, bazi yeniden analiz iirtinleri de yiiksek performansiyla dikkat cekmekte ve diger

uydu bazli verisetleri sonlarda yer almaktadir.

Anahtar Sozciikler: Hiicresel Yagis Verisetleri, Dogrulama, Hidrolojik Modelleme,

Degisken Iklim-Topografya, Tiirkiye.
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1. INTRODUCTION

1.1. Precipitation: A key factor subject to uncertainty

Global water demand has been increasing at a rate of 1 percent per year over recent
decades as a function of increasing water pollution, population growth, and economic
development, and nearly 6 billion (66%) of the world’s future population will experience
water stress by 2050 (World Water Assessment Programme (United Nations), 2018).
Moreover, the availability of water resources is directly related to the redistribution of
seasonal precipitation and precipitation patterns under climate variability (Mengistu et
al., 2021; Saeed et al., 2018). Hence, comprehensive insight on precipitation variation
over time and space is one of the fundamental aspects of water resources management
(Talchabhadel, Aryal, Kawaike, Yamanoi, & Nakagawa, 2021).

Measuring precipitation by installing a rain gauge above the ground level is a well-
known technique that provides direct and physical precipitation observations at the point
scale (Sevruk, 1987; T. Zhao & Yatagai, 2014). However, systematic errors such as wind-
induced, evaporation, scarcity, and infrequent distribution of rain gauges, mainly over
complex terrain, sometimes cause unreliable capture of precipitation's spatial variability
(Sevruk et al., 2009; Z. Yu et al., 2019). Nevertheless, rain gauge data is universally
accepted as one of the references for validating precipitation estimates from other sources
(Tapiador et al., 2012). Similarly, ground radars can provide high spatio-temporal
resolution precipitation estimates over relatively larger and remote areas, and the concept
of using returned echo power from radar for precipitation measurement dates back to the
mid-1940s (Tapiador et al., 2012; Yan & Bardossy, 2019). Nonetheless, the interaction
between radar with topography and atmosphere, such as the vertical motion of air,
precipitation drift, beam blockage, ground clutter, the range effects, radar signal
attenuation, and anomalous propagation, introduces uncertainty into the result (Nikahd et
al., 2016). In recent decades, the rapid development of remote sensing technology and
satellite-based precipitation retrieval algorithms provide many satellite-based
precipitation datasets with high spatio-temporal resolution, larger and continuous
coverage (Awange et al., 2016). Precipitation retrieval algorithms in general have relied
mainly on data from visible (VIS), infrared (IR), and active and passive microwave (MW)
satellite sensors. Furthermore, precipitation estimation using satellite sensors information
can be categorized into the following three groups; (1) using visible and infrared sensors

information, (2) utilizing microwave sensor data, and (3) combining visible, infrared, and
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microwave radiation (Boushaki et al., 2009). Overall, the geosynchronous-orbiting IR
measurements have a higher spatial and temporal resolution, while the indirect
relationship between cloud top temperature and precipitation rate results in a higher bias
in the final product. Compared with IR, the polar-orbiting MW measurements use more
direct information on the vertical distribution of hydrometeors, but their low spatial and
temporal resolution limits their reliability (Joyce et al., 2004). Besides, precipitation from
numerical weather prediction models could be another alternative approach that provides
precipitation estimates and forecasts (Xu et al., 2022).

In recent years, massive efforts have been made to evaluate Gridded Precipitation
Datasets (GPDs) and report the presence of bias and errors (Ghaedamini et al., 2021; J.
Hsu et al., 2021; Karmouda et al., 2022; Lei et al., 2021; Temimi et al., 2022; L. Zhang
et al., 2021). Hence, the accuracy assessment of GPDs is essential for both applications

and algorithm improvement (Lei et al., 2022).

1.2. Gridded Precipitation Datasets (GPDs)

From a global perspective, a large number of GPDs with varying spatio-temporal
resolution and coverage are available (Q. Sun et al., 2018). On the basis of the input and
technique used to retrieve the precipitation amounts, three groups of GPDs can be
classified: (1) taking advantage of information retrieved from gauge networks, including
Global Precipitation Climatology Centre (GPCC) (lizumi et al., 2017) and Climate
Prediction Center (CPC) unified version 1 (Xie et al., 2007), (2) utilizing Infrared (IR)
and/or Passive Microwave (PMW) satellite sensors information namely Precipitation
Estimation from Remotely Sensed Information using Artificial Neural Networks
(PERSIANN) (Sorooshian et al., 2000), and Integrated Multi-satellitE Retrievals for
GPM (IMERG) late run version 6 (G. J. Huffman et al., 2020), (3) using reanalysis data
from numerical weather prediction models—for instance, the National Center for
Environmental Prediction (NCEP) climate forecast system reanalysis (CFSR) (Saha et
al., 2010), and European Centre for Medium-range Weather Forecasts ReAnalysis
Interim (ERA-Interim) (Dee et al., 2011). It is essential to keep in mind that most GPDs
include data from all three inputs (multi-source) to get the best level of accuracy. As
proof, Climate Hazards group InfraRed Precipitation with Stations (CHIRPS) (Funk et
al., 2015) and Multi-Source Weighted-Ensemble Precipitation (MSWEP) (Beck et al.,

2017) use satellite, reanalysis, and ground information in their retrospective algorithms.
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It is important to note that GPDs can be classified as either gauge uncorrected, which their
temporal variations depend fully on satellite and/or reanalysis data, or gauge corrected,
which their temporal variations rely partially on ground observations. To illustrate, the
Climate Hazards group InfraRed Precipitation (CHIRP) (Funk et al., 2015), PERSIANN
Dynamic Infrared-Rain Rate (PDIR-Now) (P. Nguyen et al., 2020), and the fifth
generation of European Centre for Medium-Range Weather Forecasts (ECMWF)
reanalysis (ERAS) (Hersbach et al., 2020) use only satellite and/or reanalysis data where
some other GPDs, namely the Multi-Source Weather version 100 (MSWXv100) (Beck et
al., 2022), and Modern-Era Retrospective Analysis for Research and Applications 2
(MERRA-2) (Gelaro et al., 2017) use ground observations on the top of satellite and/or
reanalysis data. Moreover, the spatial and temporal resolution/coverage of GPDs draw
end-users’ attention correspondingly. Suppose that Precipitation Estimation from
Remotely Sensed Information using Artificial Neural Networks Cloud Classification
System (PERSIANN-CCS) (Hong et al., 2004), have the highest spatial resolution (0.04°)
and provides hourly precipitation data, which is available from 2003 to near real-time
with 60° N/S spatial coverage, while CPCv1 provides relatively lower spatial resolution
(0.50°) and worldwide coverage, displaying daily precipitation from 1997 to the present.
Furthermore, the timing (latency) of the dataset's public release is critical for many hydro-
climatological research, like flood forecasts and early warnings. For instance, the
Integrated Multi-satellitE Retrievals for GPM (IMERG) Half Hourly early run version 6
(IMERGHHEV06) (G. Huffman et al., 2015) is released after 4 hours of real-time, but its
ultimate research product IMERGHHFv06) (G. J. Huffman et al., 2020) is published
after 3.5 months. Finally, it’s more important to have an insight into gauge correction
temporal and spatial resolutions. Generally, GPDs are corrected by gauge observation
with daily, five-days, and monthly time steps having different spatial resolutions. To give
an idea, the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation
Analysis (TMPA) 3B42 version 7 (TMPA-3B42v7) and IMERGHHFv06 use monthly
Global Precipitation Climatology Centre (GPCC) data with a 1° spatial resolution (G. J.
Huffman et al., 2010, 2020) and PERSIANN Climate Data Record (PERSIANN-CDR)
datasets employ monthly Global Precipitation Climatology Project (GPCP) dataset with
a 2.5° spatial resolution (Ashouri et al., 2015). In the same way, CHIRPSv2.0 includes 5-
days precipitation estimates from the Climate Hazards group Precipitation climatology

(CHPclim) dataset and daily precipitation data from other national meteorological



agencies and private streams (Funk et al., 2015). MSWEPV2.8 includes WorldClim 2
dataset having 1 km spatial resolution and utilizing monthly GPCC, Global Historical
Climatology Network-Daily (GHCN-D), Summary of the Day (GSOD), and other gauge
observations (Beck et al., 2017).

As already stated, GPDs originated from distinct sources vary in spatial and
temporal resolution/coverage, and a specific gauge correction approach is applied to each
corrected GPD individually. Therefore, it is essential that the accuracy of GPDs should

be investigated with in situ observations before utilizing them for a particular application.

1.2.1. Evaluation of GPDs over time and space

Regardless of GPD source(s), spatio-temporal resolution/coverage, time lag
(latency), and retrospective algorithms, the reliability of GPDs is more conclusive when
a potentially larger number of GPDs are collectively compared by using in situ
observations as a benchmark over a specific time and space. In recent decades, extensive
research has been conducted on the inter-comparison and validation of GPDs through
including gauge observations as a reference (Andermann et al., 2011; Ayoub et al., 2020;
Centella-Artola et al., 2020; Darand & Khandu, 2020; de Leeuw et al., 2015; Dinku et al.,
2010; Ghulami et al., 2017; Hosseini-Moghari et al., 2018; Joyce et al., 2004; Liu,
Shangguan, et al., 2019; Prakash, 2019; Salih et al., 2022; Satgé¢ et al., 2020; Xu et al.,
2022; X. Yuan et al., 2021; L. Zhang et al., 2022; T. Zhao & Yatagai, 2014). However,
most of these accuracy assessments have been completed before the release of new and
updated versions of GPDs (e.g., MSWEPvV2.8 and/or MSWXv100, released in 2021 and
2022). Certain number of them (Ayoub et al., 2020; Dee et al., 2011; Hosseini-Moghari
et al., 2018; Liu, Shangguan, et al., 2019; L. Zhang et al., 2022) have utilized a limited
number of GPDs for validation. Some cases (Ayoub et al., 2020; Darand & Khandu, 2020;
Ghulami et al., 2017) have considered less number of rain gauge stations for GPDs
performance validation. In a few cases (Dinku et al., 2010; Liu, Shangguan, et al., 2019;
X. Yuan et al., 2021), only rain/no-rain conditions were considered for GPD detectability
analysis, which has not given detailed detectability information through different
precipitation intensities. In the same way, several authors reported the consistency of
GPDs over varying topography and/or climate conditions (Beck, Pan, et al., 2019;
Chiaravalloti et al., 2018; Derin et al., 2019; El Kenawy et al., 2015; G. Li et al., 2021;
Lu et al., 2021; Milewski et al., 2015; Moazami et al., 2016; Sharifi et al., 2019;
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Sunilkumar et al., 2019; L. Yu et al.,, 2020; Zambrano-Bigiarini et al., 2017).
Nevertheless, certain number of these validation assessments focused on limited number
of GPDs. Few cases either considered terrain complexity (i.e., the spatial and temporal
variation of GPDs from flat or low-land to highly elevated regions are ignored) or climate
variability individually, and the recently released GPDs have not been taken into account.
Based on the aforementioned context, there is a well-known gap in the literature that
might be exploited for a larger number and recently released GPDs spatio-temporal

consistency analysis.

1.2.2. Hydrological Utility of GPDs

Hydrologic models are utilized to solve many practical problems related to water,
including flood forecasting, early warning, droughts, water resources management, and
development (H. H. Nguyen et al., 2019; Singh, 2018). Moreover, the accuracy of
hydrological modeling for streamflow simulation relies on accurate meteorological
forcing, especially precipitation, which is typically limited for many parts of the globe
(Talchabhadel, Aryal, Kawaike, Yamanoi, Nakagawa, et al., 2021). On the other hand,
many efforts have been made to employ GPDs as an alternative source for precipitation-
runoff modeling and investigate their interactions with basin climatology and topography
(Behrangi et al., 2011; Bitew & Gebremichael, 2011; Gebregiorgis et al., 2012;
Gunathilake et al., 2020; S. Jiang et al., 2017; N. Li et al., 2017; X. H. Li et al., 2012;
Omonge et al., 2022; Saddique et al., 2022; Satg¢ et al., 2021; F. Su et al., 2008; J. Su et
al., 2021; R. Sun et al., 2016; Z. Wang et al., 2017; Yong et al., 2010; F. Yuan et al., 2018;
Y. Zhang et al., 2019; C. Zhao et al., 2020; Zhu et al., 2018). Furthermore, for the
hydrological utility, GPDs should be imposed through hydrological models as a
meteorological forcing, where the well-known approaches are focused on the hydrologic
model parameters calibration and validation by observed precipitation, then the observed
precipitation is replaced by each GPD, keeping the optimal parameters and/or the model
parameters calibration and validation by each GPD individually, though GPDs have their
optimal set of parameters (E. Ahmed et al., 2020; Gunathilake et al., 2020; L. Jiang &
Bauer-Gottwein, 2019; S. Jiang et al., 2012; Stisen & Sandholt, 2010; J. Su et al., 2021;
R. Sun et al., 2016; Xue et al., 2013). However, the majority of these assessments were
completed prior to the release of the most recent GPDs. Some authors (N. Li et al., 2017,
X.H. Lietal., 2012; F. Su et al., 2008; Z. Wang et al., 2017; Y. Zhang et al., 2019) have



utilized a limited number of GPDs and GPDs from the same platforms for validation.
Some of them (Omonge et al., 2022; Satgé et al., 2021; F. Yuan et al., 2018) have not
included the updated version of GPDs. Several authors (Behrangi et al., 2011;
Gunathilake et al., 2020; S. Jiang et al., 2017; J. Su et al., 2021; C. Zhao et al., 2020; Zhu
et al., 2018) have only considered satellite-based precipitation, whereas reanalysis
datasets are not considered. Few cases used the second model parameter calibration
approach or evaluated GPDs over the validation time period when the model parameters
are calibrated by in situ observations. As a result, the aforementioned gap in literature
regarding GPDs hydrological utilities might be considered for the recently released and
larger number of GPDs in precipitation-runoff simulation analyses. Finally, it is important
to note that the performance and consistency of GPDs evaluated in one region may not
be applicable in another, and individual validation is required in order to address GPD

reliability.

1.2.3. GPDs evaluation over Turkey

Turkey, with its diverse landscape and climate conditions, could be used as a case
study to investigate GPDs spatio-temporal consistency across varying topography and
climate conditions, as well as their hydrological utilities over highly elevated domains.
Several studies have evaluated the spatio-temporal and hydrological utility of GPDs over
Turkey and related basins (Aksu & Akgiil, 2020; Amjad et al., 2020; Biyik et al., 2009;
Derin et al., 2016, 2019; Derin & Yilmaz, 2014; Irvem & Ozbuldu, 2019; Jaber, 2020;
Karakoc & Patil, 2016; Saber & Yilmaz, 2018; Uysal, 2022; Uysal & Sorman, 2021;
Yucel et al., 2015). Though, some limitations of these studies include a shorter temporal
window (i.e., 1-2 days), a smaller number of gauge stations for validation, the evaluation
of a few GPDs over limited regions, GPDs selected from the same platform, focusing
only on regions with complex topography, and ignoring the hydrological utility of GPDs.
To generalize GPDs reliability across varying topography and climate conditions of
Turkey, a detailed investigation involving a larger number of recently released GPDs and

the use of larger number of ground stations as a reference is required.

1.3. Objectives of the study
This study aims to evaluate the spatio-temporal consistency and hydrological utility

of 18 recently released GPDs (CPCvl, MSWXv100, MSWEPv2.8, CHIRPSv2.0,
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CHIRPv2.0, ERAS, MERRA-2, CFSR, IMERGHHFv06, IMERGHHLv06,
IMERGHHEV06, TMPA-3B42v7, TMPA-3B42RTv7, PERSIANN-CDR, PERSIANN-
CCS, PERSIANN, PDIR-Now, SM2RAIN-ASCAT) over Turkey, which is characterized
by varying topography and climate conditions. Thus, two main objectives are followed in
this research:

1. Evaluating the spatio-temporal consistency of 18 GPDs in a daily and monthly
time steps considering the seasonal variability of precipitation over the varying
topography and climate conditions of Turkey by employing gauge station data as a
benchmark (Meteorological Evaluation of GPDs);

2. Evaluating the potential and limitations of selected GPDs as a meteorological
forcing for streamflow prediction under various model parameterization scenarios

(Hydrological Evaluation of GPDs).

1.4. Innovation of the Study

To begin, at the regional scale, according to the author’s knowledge, this would be
the first time that 18 GPDs from various sources (satellite, reanalysis, and ground) are
being evaluated over Turkey. Furthermore, at the global level, there are some studies that
include a large number of GPDs and validate them considering the test region uniformly,
while others take into account the topography and climate variability effects on a few
GPDs performance, where some GPDs, such as MSWEPv2.8, MSWXv100, and PDIR-
Now, are relatively new GPDs and they are not validated widely yet. Hence, in this study,
the spatio-temporal consistency of larger GPDs is evaluated, and the validation is
performed over variable topography and climate conditions rather than only taking the
region into account uniformly. Furthermore, in order to have a better understanding of
GPDs' interactions with the temporal distribution of precipitation, this study evaluates the
seasonal performance of selected GPDs through discretized topography and climate
conditions. Lastly, the most significant part of this study is the evaluation of 18 GPDs'
potential for streamflow simulation under different model parameterization scenarios to

obtain insight into the merit of these datasets.

1.5. Dissemination of the results
The peer-reviewed research articles and conference papers/abstract which present a

variant of the study could be found at the end of this thesis.



2. METHODOLOGY
2.1. Study area
2.1.1. Topography-climate variability and hydro systems

Turkey is selected as a case study area, located between latitudes 36°N—42°N and
longitudes 26°E—45°E at the crossroads of Europe, the Caucasus, the Middle East, and
the eastern Mediterranean, with a total surface area of around 785350 km? (Figure 2.1a).
The climate of Turkey is mainly driven by very sharp and parallel mountain ranges near
the Black Sea and the Mediterranean Sea. Overall, the inner Anatolian plateau
experiences limited precipitation, hot summers, and relatively cold winters, whereas
coastal areas receive significant precipitation and have milder climates. For instance, the
regions located on the Aegean and Mediterranean coasts receive annual precipitation
ranging from 580 to 1300 mm. In the same way, the Black Sea region experiences a
significant amount of precipitation, especially in Rize, which receives 2200 mm of
precipitation per year and is the only region of the country that receives precipitation
throughout the year. Due to mountain blockage, the central Anatolia region experiences
the least annual precipitation of about 300 mm (Sensoy, 2004; Turkes, 1996). Moreover,
the elevation rises from sea level to 5137 m from west to east, and the mean elevation of
Turkey is around 1140 m. Considering the mountain ranges and the country's long borders
(i.e., a total coastal length of 10765 km) with the Black Sea in the north, the
Mediterranean Sea in the south and the Aegean Sea in the west, the climate in Turkey can
be classified as semi-arid, the Mediterranean, continental, and sub-tropical
climate predominate in various parts of the country (Derin & Yilmaz, 2014; Selek &
Aksu, 2020). Furthermore, Turkey is primarily divided into 25 major river basins (i.e.,
Merig¢, Marmara, Susurluk, North East Mediterranean, Gediz, Kiigilk Menderes, Biiylik
Menderes, West Mediterranean, Antalya, Burdur, Akargay, Sakarya, West Black Sea,
Yesilirmak, Kizilirmak, Konya, East Mediterranean, Seyhan, Ceyhan, Asi, Euphrates-
Tigris, East Black Sea, Coruh, Aras, and Lake Van) where most rivers originate in Turkey
and discharge into the Black Sea, Mediterranean Sea, Caspian Sea, Persian Gulf, and
inland lakes within the country. The Euphrates-Tigris basin provides 28.4 percent of
Turkey's water potential and is the largest basin in terms of both water potential and
surface area (Frenken, 2009). However, a large number of water structures (i.e., 1000
small dam reservoirs and 293 large dams) have been built within mentioned basins and it

is only possible to have a streamflow simulation in the headwaters of basins in Turkey.

8



The diverse climate and variable topography of Turkey provide many opportunities to
evaluate the spatio-temporal consistency and hydrological utility of recently released

GPDs.

2?° 32° Sfls" 4?° 44°
1 1
Elevation (m) a) L40°
Il 0.00-500
[ 500 - 1000
B 1000- 1500 e | o
[ 1500 - 2000
[ 2000 - 2500
[T 2500 - 3000 | 60
[ 3000 - 3500 ~
‘-
Climate Zone
: e e
[AEG] Aegean L ?«t o 5 . { o 125 250 553"‘ Sources: Esri, USGS %
[ BLS ] Black Sea 28° 300 36° 40° 44°
[ CAN ] Central Anatolia Dry St. Elev. (m) Mod-Dry St. Elev. (m) Mod-Wet St. Elev. (m) Wet St. Elev. (m) 4 ;
[ EAN ] Eastern Anatolia <500 <500 <500 <500 | |
\ - V)
[ MAR ] Marmara +  500-1000 * 500-1000 + 500-1000 % 500-1000 | y
[ MED ] Mediterranean A 1000-1500 =  1000-1500 ¢ 1000-1500 * 10001500 ;
[ SAN ] Southeastern Anatolia 4 >1500 = >1500 * >1500 * >1500 @ Basin Outlet
- e River Network
C3 Climate Zones Boundary g?; Major River Basin (4 Karasu Basin () Kayabasi Basin “ Cukurkigla Basin
A
N
c) Lo [d) %
0 O
A
o |A °
-40 40 o, e
* s - ‘ A L] g -
* ® Elevation(m) l3go | ® Elevation (m) Elevation (m) 5
e High : 3538 o High : 3156 |39° * o High : 2952 38
Km LI Ikm — L7  Ikm
v wwm w B, 60 g 15 W NPT o mw ok Bl
T T T T T T T
39° 40° 41° 41° a0 42° 42° 42° 36° 37° 37°

Figure 2.1. a) Elevation map, geographical location of stations, and division of study area into seven
climate zones, four wetness classes, and four elevation ranges. b) Geographical location of
Karasu River Basin. c¢) Geographical location of Kayabasi River Basin. d) Geographical
location of Cukurkisla River Basin.

2.1.2. On the selection of catchments for hydrological utility of GPDs

As it was mentioned earlier (section 2.1.1), most river basins in Turkey are drained
out to the surrounding seas and neighboring countries, including Iran, Iraq, and Armenia.
Despite the large spatial extent of these river basins, the cascade water structure systems
along these rivers disrupt the precipitation-runoff modeling. Moreover, some basins (i.e.,
the Aegean catchments, namely Biiylik and Kiiciik Meanders, and Gediz) have been
almost completely transformed into regulated land. Hence, it is only possible to have a

streamflow simulation in the headwaters and highly elevated parts of major basins on the



outside of any hydraulic structure interruption. Subsequently, this study evaluates the
hydrological utility of selected GPDs in the following three catchments, namely Karasu,

Kayabasi, and Cukurkisla river basins and having different drainage areas.

2.1.2.1. The upper Euphrates (Karasu) basin

The Karasu basin, which is located in eastern part of Turkey between latitudes
39°23"to 40°25'N and longitudes 38°58' to 41°39'E (Figure 2.1b). It has an area of around
10250 km? and elevations ranging from 1130 to 3538 m, with a hypsometric mean of
1972 m. Moreover, the basin is known as one of the major tributaries of the Euphrates
River, which is recognized as the longest transboundary river in southwest Asia and the
largest river basin (127300 km?) with a 17% total water potential in Turkey. The basin is
mainly covered by agricultural area (31.5%), bare land (27.5%), grass (35.0%), forest
(3.5%), urban areas (1.84%), and wetland (0.66%). Karasu experiences precipitation in
both rain and snow forms and snowmelt contributes to the flow (i.e., the snowmelt
contribution is about 60-70% of the annual runoff volume) once the temperatures rise in
the spring and early summer seasons. The discharge from Karasu basin is controlled by
Kemah (E21A019) stream gauging station. The basin is one of the pilot catchments in
Turkey which carries many national and international scientific studies (Akyurek et al.,
2010; Montero et al., 2016; Parajka et al., 2019; Sensoy et al., 2023; A. A. Sorman et al.,
2019; A. U. Sorman et al., 2007; A. U. Sorman & Beser, 2013; Tekeli et al., 2005; Uysal
et al., 2023).

2.1.2.2. The upper Aras (Kayabast) basin

Kayabas1 basin is in the headwaters of Aras River (i.e., Aras basin, with a total area
of 27548 km?, originates from mountains exceeding around 3000 m above mean sea level
in the west. It then joins the Arpagay, a major tributary draining the northern basin,
forming the Turkish-Armenian boundary, before entering Iran and discharging to the
Caspian Sea in Azerbaijan.), situated in the eastern part of Turkey, within the latitudes of
39°18' to 39°52'N and longitudes of 41°10' to 41°55'E (Figure 2.1c¢). It has a drainage
area of around 2730 km?, and the D24A096 stream gauging station controls its outlet. The
basin surface area is primarily covered by agricultural land (15.0%), bare land (30.8%),
and grass (50.4%). The upper Aras basin, Kayabasi is a relatively mountainous catchment

where its elevation varies from 1646 m to 3156 m, with a hypsometric mean of 2218 m.
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Precipitation usually occurs in the form of rain and snow, where snow plays a significant
role in the hydrological cycle of the basin. Kayabasi is an important area for hydrologic

model application (Akbulut et al., 2022; A. A. Sorman et al., 2020).

2.1.2.3. The upper Seyhan (Cukurkisla) basin

The Cukurkisla basin is located in southern part of Turkey, between latitudes 38°01’
to 38°04'N and longitudes 36°02" to 36°40'E (Figure 2.1d). It is one of the major
tributaries of Seyhan River (i.e., the Seyhan River, with a 560 km long and 20450 km?
basin area, called Sarus River in ancient times, originates in the Tahtali Mountains. It
flows through the Taurid Mountains, passes through the Cukurova coastal plain, and
finally discharges to the Mediterranean Sea) along with Zamanti, Cakit, and Korkiin
Rivers (Akbulut et al., 2022). It has a drainage area of around 1510 km?, with elevations
ranging from 1312 m to 2952 m, and has a hypsometric mean of 1710 m, and its outlet is
controlled by Cukurkisla stream gauging station (E18A024). The basin is covered by
wetland (0.10%), urban areas (0.33%), forest (5.09%), grass (23.86%), agricultural area
(34.96%), and bare land (35.66%). The topographic complexity, high altitude, and snow-
dominant characteristics of these three basins are advantageous in validating GPDs and
operating hydrologic models for areas under such difficult conditions. The properties of

selected basins are summarized in Table 2.1.

Table 2.1. Properties of selected basins

Stream Elevation (m) Drainage
No. Basin gauging area
Minimum Maximum Hypsometric mean
station No. (km?)
1. Karasu E21A019 1130 3538 1972 10250
2. Kayabas1 D24A096 1646 3156 2218 2730
3. Cukurkisla E18A024 1312 2952 1710 1510

2.2. Datasets

In this context, 18 GPDs from various sources (i.e., one ground-based, seven
satellite-based, two reanalysis, one reanalysis and satellite, and seven multi-sources) are
being evaluated. Each GDP has its own set of characteristics and could be differentiated
based on the information level utilized for precipitation estimates and the output features

like latency (lag time) and spatio-temporal resolution/coverage (Table 2.2). Furthermore,
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a large number of ground stations (757 in total) and stream gauging stations (3 in total)
have been selected carefully after quality control, providing the opportunity to evaluate
the consistency and hydrological utility of GPDs. The properties of ground stations
(which are accepted as reference data in this study), stream gauging stations, and selected

GPDs are described in detail below:

2.2.1. Observed precipitation and streamflow data

It is widely accepted that gauge-based precipitation data could be used as a
reference for GPDs validation. Similarly, employing streamflow data for GPDs hydro-
validation is the most common procedure in the literature. In this study, daily precipitation
data from 1870 stations distributed all over Turkey were provided by the General
Directorate of Meteorology (GDM). Similarly, daily quality-controlled streamflow data
at the outlet of selected basins were obtained from the General Directorate of Hydraulic
Works (GDHW) of Turkey. Moreover, dependent stations (i.e., stations whose data are
shared and evaluated with worldwide research centers for bias correction of gauge
corrected GPDs), missing values, outliers (which are not recorded by GDM), continuous
zero value for extended periods (during rainy days), minimum cumulative value, data
entry repetition, were among the anomalies found in the collected data. As a result, the
daily precipitation data for the period of five water years (October 2014—September 2019)
was subjected to certain quality control procedures to eliminate outliers or any observable
discrepancies in the raw meteorological data. The details of quality control and data

cleaning will be discussed in section 2.3.1.

2.2.2. CPCv1 dataset

The Climate Prediction Center (CPC) unified gauge-based daily precipitation
dataset was developed by the National Oceanic and Atmospheric Administration
(NOAA) Climate Prediction Center (CPC). The project's main objective is to create a
unified gridded precipitation with reliable quantity and enhanced quality by merging all
information sources existing at CPC and by taking advantage of the optimal interpolation
(OI) objective analysis technique. Gauge-based information from over 30,000 weather
stations is collected, and the quality control is performed by considering historical records
and information from surrounding stations, radar, and satellite observation. The data from

the quality-controlled station records have been interpolated to produce a ground-based
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gridded precipitation dataset with a 0.5-degree spatial resolution from 1979 to the present.
This dataset has two components: (a) the retrospective version, which utilizes 30K
stations and spans 1979-2005; and (b) the real-time version, which uses 17K stations and
spans 2006-present. The real-time version will be reprocessed in the future to be

consistent with the retrospective analysis (Xie et al., 2007). The data is available at (http-
1).

2.2.3. MSWXv100 dataset

The Multi-Source Weather (MSWX) version 100 is an operational global near-
surface gridded meteorological dataset with high spatial (0.1°) and temporal (3-hourly)
resolutions and a short time lag (3 hours of latency). Moreover, MSWXv100 provides
medium-range (up to ten days) and long-range (up to seven months) bias-corrected
forecast ensembles. It takes advantage of different datasets such as CHELSA, CRU TS,
ERAS, FLUXNET, GDAS, GEFS, GHCN-D, GSOD, and ISD. The dataset contains data
records for ten meteorological variables (precipitation, air temperature, daily minimum
and maximum air temperature, surface pressure, relative and specific humidity, wind
speed, and downward shortwave and longwave radiation), and its historical records are
available from January 1979 to the present (Beck et al., 2022). MSWXv100 provides a
wide range of applications, including hydrological modeling, water resources
management, flood forecasting, drought monitoring, and disease tracking at the

global/regional scale. The MSWXv100 data is available at (http-2).

2.2.4. MSWEPv2.8 dataset

The Multi-Source Weighted-Ensemble Precipitation, version 2.8 (MSWEPV2.8), is
a fully global historical precipitation dataset (1979—present) with 3-hourly temporal and
0.1° spatial resolution. MSWEPvV2.8 utilizes spatial information provided by gauges,
including WorldClim, Global Historical Climatology Network-Daily (GHCN-D), Global
Summary of the Day (GSOD), and Global Precipitation Climatology Centre (GPCC).
Similarly, it includes satellite-based information, including Climate Prediction Center
morphing technique (CMORPH), Gridded Satellite (GridSat), Global Satellite Mapping
of Precipitation (GSMaP), and Tropical Rainfall Measuring Mission (TRMM) Multi
satellite Precipitation Analysis (TMPA-3B42RT). It also includes reanalysis of

precipitation, namely, European Centre for Medium-Range Weather Forecasts
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(ECMWEF) interim reanalysis (ERA-Interim) and Japanese 55-year Reanalysis (JRA-55).
MSWEPvV2.8 provides unique opportunities to explore spatio-temporal variations in
precipitation, enhance our understanding of hydrological processes and their

parameterization, and improve the performance of hydrological models. (Beck, Wood, et

al., 2019). The MSWEPv2.8 data is available at (http-3).

2.2.5. CHIRP(S)v2.0 datasets

The Climate Hazards group Infrared Precipitation Version 2.0 (CHIRPv2.0)
displays precipitation at daily, 5-days, and monthly temporal resolutions with a spatial
resolution of 0.05°, quasi-global coverage (50 N/S), and a complete data record from
1981 to the present. CHIRPv2.0 primarily relies on the thermal infrared cold cloud
duration (TIR-CCD) to produce precipitation estimates. At first, a fixed temperature
(235°K) threshold for precipitation and no-precipitation events was considered.
Subsequently, local linear regression relationships were derived from both 5-days TMPA-
3B42v7 (0.25°) and 5-days CCD data for each month. Later on, the regression parameters
were resampled into a 0.05° % 0.05° grid, and then a 5-days precipitation dataset was
produced. The 5-days precipitation estimates for each grid were divided by that grid cell’s
long-term (1981-2013) mean values and multiplied with the corresponding CHPclim
value to generate the final 5-days CHIRPv2.0 dataset. The primary computing time step
for the CHIRPv2.0 is the pentad. All other time steps are either aggregated (dekadal and
monthly) or disaggregated (daily). d-days CHIRPv2.0 values are disaggregated into daily
precipitation estimates based on daily Coupled Forecast System version 2 (CFSv2) fields
rescaled to 0.05° resolution. At each pixel, the CHIRPv2.0 pentad total is redistributed in
proportion to the daily values of the CFSv2. CHIRPv2.0 is available at (http-4).

The Climate Hazards group Infrared Precipitation with stations version 2.0
(CHIRPSv2.0) dataset with a spatial resolution of 0.05° was initially designed to support
the United States Agency for International Development Famine Early Warning System
Network (FEWS NET) for drought monitoring at large scales. CHIRPSv2.0 employs
several ground-based gauge networks, including Global Historical Climate Network
(GHCN) daily, CHEN monthly, Global Summary of the Day (GSOD), World
Meteorological Organization’s Global Telecommunication System (GTS), Southern
African Science Service Centre for Climate Change and Adaptive Land Management

(SASSCAL), and several public data streams. CHIRPSv2.0 utilizes the modified inverse
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distance weighting algorithm for station blending, and it is available with a lag of 1-3
weeks following the generation of CHIRPv2.0 dataset (Funk et al., 2015). CHIRPSv2.0

is available at the Climate Hazards Group’s official website (http-5).

2.2.6. MERRA-2 dataset

The Modern-Era Retrospective analysis for Research and Applications, version 2
(MERRA-2) is a reanalysis-based dataset derived from NASA’s Goddard Earth
Observing System Model, version 5 (GEOSS) and its data assimilation system. MERRA-
2 replaces the original MERRA dataset created by NASA utilizing a fixed assimilation
system, the GEOSS, to incorporate NASA’s Earth Observing System (EOS) observations
into a consistent representation of mass and energy flows from the earth’s surface to the
upper atmosphere (Rienecker et al., 2011). In preparing MERRA-2 dataset, its
atmospheric assimilation system was updated to assimilate newer satellite observations.
A newer GEOSS system and a Grid-point Statistical Interpolation (GSI) analysis scheme
were also employed (Bosilovich et al., 2015). Moreover, the simulated precipitation is
bias-corrected, utilizing observations from satellites and gauges. As a consequence,
MERRA-2 precipitation dataset has a lower bias and is more highly correlated to
reference data than its earlier version. The dataset has a temporal resolution of 1 hour and
spatial resolution of around 0.5° (Gelaro et al., 2017; Reichle, Liu, et al., 2017).
Furthermore, MERRA-2 precipitation was corrected within the coupled atmosphere-land
modeling system, allowing the near-surface air temperature and humidity to respond to
the improved precipitation data (Reichle, Draper, et al., 2017). The MERRA-2 datasets

are can be downloaded from their website (http-6).

2.2.7. ERAS dataset

The European Centre for Medium Range Weather Forecasts (ECMWF) reanalysis
fifth generation (ERAS) is the latest reanalysis dataset, which provides a variety of
atmospheric and land-surface variables and follows the predecessors, including the First
Global Atmospheric Research Program Global Experiment (FGGE), ERA-15, ERA-40,
and ERA-Interim. ERAS5 employs the 4-Dimensional Variational (4D-var) data
assimilation technique in the Integrated Forecasting System (IFS) version Cy41r2 to
assimilate large amounts of ground-based observations, remote sensing data, and

atmospheric sounding data and delivers reasonable spatio-temporal variability of
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precipitation at a large scale and especially demonstrates high potential in areas where
dense ground data have been assimilated. The ERAS presents precipitation with a
temporal resolution of 1 hour and a spatial resolution of 0.25° and includes detailed
meteorological reanalysis data from 1950 onwards globally (Hersbach et al., 2020). The
ERAS data can be downloaded from the following website (http-7).

2.2.8. CFSR dataset

The Climate Forecast System Reanalysis (CFSR) dataset was developed by the
United States (U.S.) National Centers for Environmental Prediction (NCEP). CFSR is a
global, high-resolution, coupled atmosphere—ocean—land surface—sea ice system that is
designed to deliver the most accurate estimate of the coupled domains' states. The
horizontal native spatial resolution of CFSR global atmosphere data is approximately 38
km, interpolated to a 0.5° latitude and 0.5° longitude grid. It was originally provided with
a temporal resolution of 6 hours, but its hourly and daily (derived from 6-hourly) data are
also available (Saha et al., 2010). CFSR data have a temporal coverage from 1979 to the

present and can be downloaded from the following website (http-8).

2.2.9. SM2RAIN-ASCAT dataset

SM2RAIN-ASCAT is a quasi-global (only over land) precipitation dataset utilizing
Advanced SCATterometer (ASCAT) satellite soil moisture data through the SM2RAIN
algorithm, and it is the successor of SM2RAIN-Climate Change Initiative (SM2RAIN-
CCI). The soil moisture data through a depth of 2 cm of soil is obtained from the ASCAT
radar system operating in the C-band (5.255 GHz) on board three Meteorological
Operational (MetOp) satellites, launched each with a 6-year lag (i.e., 2006, 2012, and
2018), as part of the European Organisation for the Exploitation of Meteorological
Satellites (EUMETSAT) Polar System programme. SM2RAIN-ASCAT presents
precipitation with a temporal resolution of 1 day and a spatial resolution of 12.5 km,
which is available since 2007 (Brocca et al., 2019). The dataset is can be downloaded

from the following website (http-9).

2.2.10. TMPA datasets
The Tropical Rainfall Measuring Mission (TRMM) was launched by the National

Aeronautics and Space Administration (NASA) in cooperation with the Japan Aerospace
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Exploration Agency (JAXA) on November 1997 (X. Wang et al., 2019). The TRMM
Multisatellite Precipitation Analysis (TMPA) uses microwave and infrared information
from multiple satellites to deliver the best precipitation estimates. It has spatial coverage
of 50°N/S and a spatial resolution of 0.25° x 0.25°. TMPA is available both after (TMPA-
3B42v7) and in real-time (TMPA-3B42RTv7) and only post-research product
incorporates gauge data at present. For both post and real-time products, the daily
(accumulated from 3-hourly) data is available from 1998 to the present (G. J. Huffman et
al., 2007). The data for both TMPA-3B42v7 and TMPA-3B42RTv7 were downloaded
from the TRMM website (http-10).

2.2.11. GPMIMERG datasets

The Global Precipitation Measurement (GPM) core observatory was successfully
deployed by NASA and JAXA in February 2014. GPM mission is the successor of
TRMM, provides the new generation of precipitation datasets at a spatial resolution of
0.1° x 0.1° with a 30 min temporal resolution. Furthermore, GPM has a larger spatial
coverage (60°N/S) compared to TRMM (50°N/S). The recently released Integrated Multi-
satellitE Retrievals for GPM Half Hourly (IMERGHH) V06 precipitation dataset
retrospectively treated the TRMM precipitation by employing a consistent GPM-TRMM
calibration algorithm, resulting in a long series GPM precipitation dataset with a global
coverage since June 2000. The IMERGHHVO06 consists of two types of near-real-time
datasets IMERGHH Early run and IMERGHH Late run with a latency of ~4 h and ~14
h) and one post-real-time dataset IMERGHH Final run with a latency of ~3.5 months).
The late run IMERGHHLvO06) and final run IMERGHHFv06) include more passive
microwave (PMW) estimates than the early run IMERGHHEV06), and both the late run
and the final run employ forward-and backward-morphing, while the early run only
morphs forward. Lastly, the final run uses the monthly GPCC dataset to correct the
systematic bias (G. Huffman et al., 2015; X. Wang et al., 2019). Three types of
IMERGHHVO06 datasets were downloaded from the GPM website (http-11).

2.2.12. PERSIANN datasets

Precipitation Estimation from Remotely Sensed Information using Artificial Neural
Networks (PERSIANN) utilizes longwave Infrared (10.2-11.2 pm) information from

geostationary satellites and the model parameters are updated by passive microwave
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(PMW) sensors data from low-orbit satellites to deliver the best global (60°N/S)
precipitation estimates (K. L. Hsu et al., 1997). Unlike PERSIANN, which employs the
traditional constant temperature threshold method, PRESIAN Cloud Classification
System (PERSIANN-CCS) includes a variable temperature threshold cloud segmentation
algorithm that enables the categorization of cloud-patch features based on texture,
dynamic evolution, geometry, and cloud top height from satellite images (Hong et al.,
2004). The PERSIANN Climate Data Record (PERSIANN-CDR) take advantages of
PERSIANN algorithm by using Gridded Satellite (GridSat-B1) infrared (IR) data. The
algorithm first calibrates by using NCEP stage IV hourly precipitation data then the
calibrated model is run with GridSat-B1 infrared (IR) data model then the GPCPv2.2
monthly data is utilized for the systematic bias correction (Ashouri et al., 2015). Finally,
PERSIANN Dynamic Infrared Rain Rate near real-time (PDIR-Now) utilizing
PERSIANN-CCS algorithm uses a higher temperature threshold to capture warm
precipitation and includes improvements to the method of cloud segmentation that result
from the use of monthly cloud-type sets to expand the cloud classification system (P.
Nguyen et al., 2020). Information on the spatio-temporal coverage/resolution of
PERSIANN datasets could be found in Table 2.2. The datasets were downloaded from
CHRS portal (http-12).

2.3. Selection of temporal window for the study

Table 2.2 summarizes the overall properties of ground data and 18 selected GPDs,
as well as their temporal coverage, where each GPD has its own set of temporal coverage.
On the other hand, a large number of stations have been operating over Turkey since
2014, which are being used as a reference for spatio-temporal consistency analysis of
GPD:s in this study. As a result, the gauge data was compiled between October 2014 and
September 2019 (i.e., the validation study of GPDs started in 2019). Finally, gauge-based
precipitation time length (five water years) is applied as a reference for the temporal

selection of GPDs.

2.4. Pre-processing of data

2.4.1. Quality control of observed data
As mentioned earlier (section 2.2.1), observed daily precipitation data from 1870

stations was initially provided by the General Directorate of Meteorology (GDM) of
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Table 2.2. Properties of selected 18 GPDs. Abbreviations in the data source(s) column represent; G,
gauge; S, satellite; R, reanalysis; and A, analysis. In the spatial coverage column, “global”
indicates fully global coverage including ocean areas. Abbreviation in the temporal coverage

represent; NRT, Near Real-Time.

Resolution Coverage
Source = =
Dataset = 5 = 5 Reference
(s) = = < 2
& g & g
= =
Observed Data  Ground Daily 20152019 GDM, Turkey
CPCvl1 G 0.5° Daily Global 1979-NRT? (Xie et al., 2007)
MSWXv100 S,R,G 0.1° 3-hourly Global 1979-NRT! (Beck et al., 2022)
(Beck, Wood, et al.,
MSWEPv2.8 S,R,G 0.1° 3-hourly Global 1979-NRT?
2019)
CHIRPSv2.0 S,R,G 0.05° Daily 50°N/S*  1981-NRT? (Funk et al., 2015)
CHIRPv2.0 S, R 0.05° Daily 50°N/S* 1981-NRT? (Funk et al., 2015)
(Reichle, Liu, et al.,
MERRA-2 S,R,G 0.5° Hourly Global 1980-NRT?
2017)
ERA5S R 0.25° Hourly 50°N/S 1979-NRT?  (Hersbach et al., 2020)
CFSR R 0.5° Hourly Global 1979-NRT? (Saha et al., 2010)
SM2RAIN-
S ~0.1° Daily Global 2007-NRT? (Brocca et al., 2019)
ASCAT
(G. J. Huffman et al.,
TMPA-3B42v7 S,G 0.25° 3-hourly 50°N/S  2000-NRT?
2007)
TMPA- (G. J. Huffman et al.,
S 0.25° 3-hourly 50°N/S  1998-NRT?
3B42RTv7 2010)
(G. J. Huffman et al.,
IMERGHHFv06 S, G 0.1° 30 min 60°N/S 2014-NRT?
2020)
(G. J. Huffman et al.,
IMERGHHEV06 S 0.1° 30 min 60°N/S 2014-NRT!
2020)
(G. J. Huffman et al.,
IMERGHHLv06 S 0.1° 30 min 60°N/S 2014-NRT!
2020)
PERSIANN-CDR S,G  0.25° Daily 60°N/S 1983-NRT?  (Ashouri et al., 2015)
PERSIANN-CCS S 0.04° Hourly 60°N/S  2003-NRT! (Hong et al., 2004)
PERSIANN S 0.25° Hourly 60°N/S 2000-NRT? (K.L.Hsuetal., 1997)
PDIR-Now S 0.04° Hourly 60°N/S 2000-NRT' (P. Nguyen et al., 2020)

! Available until the present with a delay of several hours. > Available until the present with a delay of several days. 3
Auvailable until the present with a delay of several months. - Indicates that the coverage is limited to the Land.
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Turkey. Precipitation data from various time periods (for example, 2010-2019 and 2014—
2019) was trimmed to the required five water years (October 2014—September 2019).
Furthermore, a certain quality control approach is imposed on the data to remove outliers
or any other observable discrepancies, which is explained in the following paragraphs.

To eliminate outliers from daily precipitation data, the data is subjected to a
maximum precipitation threshold filter of 490 mm/day (i.e., the threshold was applied
based on GDM report on extreme daily precipitation over Turkey). Moreover, the stations
were checked for continuous missing values by setting a threshold filter of three months
(i.e., 90 days of continuous missing data) within the study period, and stations with
consecutive missing values greater than the assigned threshold were removed. Later on,
the stations which could not pass threshold filters either through minimum annual
cumulative precipitation (150 mm/year in 2017 and 200 mm/year for the rest of the study
period) or the intra-annual cumulative precipitation (i.e., 100 mm of cumulative
precipitation between October and March of each year during the study period) are
excluded. Following that, the stations whose data were shared internationally and
evaluated by global research centers for bias correction of gauge corrected GPDs were
also removed. It is worth mentioning that the threshold filters on the raw daily
precipitation data were applied based on information collected from GDM of Turkey.

Finally, after the deployment of all quality control steps and a visual inspection, the
daily precipitation data for five consecutive water years (October 2014—September 2019)
from 757 stations which is distributed over all Turkey were selected to evaluate the spatio-
temporal consistency and hydrological utility of GPDs.

It’s important to keep in mind that the streamflow data at the outlet of three basins
was provided by the General Directorate of Hydraulic Works (GDHW) of Turkey for the
study period. The temperature data which was provided by GDM and discharge data are
already quality controlled and will be employed for hydrologic model parameters
calibration by introducing GPDs and observed precipitation as meteorological forcing

and evaluating GPDs simulate streamflow.

2.4.2. Meteorological stations classification
The diverse landscape and variable climate of the study area (section 2.1.1)
provides the opportunity for a detailed evaluation of GPDs' performance through varying

topography and climate conditions. As a result, rather than assuming the region uniformly
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(i.e., the long-term annual mean precipitation standard deviation reaches 285.9 mm and
the standard deviation of elevation between coastal areas and high-altitude regions in the
eastern part of the country exceeds by more than 5%), which limits evaluation of GPDs'
generalization, the area is discretized based on its topographic elevation and climate
condition. Hence, the stations that passed the quality control steps (757 in total) are
classified based on terrain elevation, climate zone, and wetness to investigate GPDs
reliability over varying topography (elevation ranges) and climate conditions (climate

zone, and wetness classes).
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Figure 2.2. a) Stations' classification and density over seven climate zones ordered by wetness classes; b)
stations' density over four elevation classes considering four wetness classes over each
elevation range; and c) elevation-area of ground stations and stations.

Firstly, the stations are grouped into seven zones (Figure 2.2a) based on their
location in various climate zones (i.e., Aegean, Black Sea, Eastern Anatolia, Central
Anatolia, Marmara, Mediterranean, and Southeastern Anatolia), which are provided by
GDM of Turkey.

Secondly, for the wetness-based station classification, stations are mandatory
divided into four categories (Figure 2.2): dry, moderately-dry, moderately-wet, and wet,
which are determined by assigning the mandatory boundary of mean monthly
precipitation (mm) of ground data (40, 40-60, 60—80, and > 80). Finally, based on
stations' altitude from mean sea level, they are classified by specifying randomly selected
threshold intervals into four distinct elevation ranges, including less than 500m, 500—
1000m, 1000-1500m, and more than1500m (Figure 2.2b). Figure 2.1a maps the spatial
distribution of 757 meteorological stations over different elevation ranges, climate zones,
and wetness classes. Furthermore, the inter-relations and density of stations over each

classification are summarized in Figure 2.2.
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2.4.3. Distribution of meteorological stations

Figure 2.2 presents the distribution of ground stations over different classifications.
The majority of stations are concentrated over moderately dry (Figure 2.2c) and low-
elevation lands, primarily in the Aegean (AEG), Black Sea (BLS), Central Anatolia
(CAN), and Mediterranean (MED) regions, where station density decreases as the
elevation increases (Figure 2.2b). On the other hand, according to the World
Meteorological Organization's minimum required station density standards for different
regions (WMO, 2008), the average gauge density of 1 gauge is 900 km? over coastal areas
and 1 gauge per 250 km? over mountainous regions. Unlike the WMO guidelines, ground
stations are disseminated in the other way (Figure 2.2¢). For instance, stations that are
located in areas more than 1500 m above mean sea level each cover a 3502 km? area (i.e.,
the WMO standard suggests 250 km? per station over mountainous areas), whereas in the
coastal and low land areas (areas with elevation of less than 500 m), ground stations are
extensively dense (1 gauge per 516 km?) and they are more numerous than the WMO
standard (1 gauge per 900 km? area). Furthermore, insufficient ground-based stations
directly affect areal-average precipitation estimation. As a result, we selected point-based

precipitation evaluation of GPDs over the study area.

2.4.4. Selection of Point-Grid evaluation

The comparison of GPDs against ground-based data could be performed either grid-
to-grid or point-to-grid. The ground-based gridded dataset is obtained from rain gauge
records by interpolation techniques, and then all GPDs, including the ground-based
gridded dataset, are linearly interpolated to a coarser spatial resolution (i.e., 0.1 degree)
and give the opportunity to compare GPDs values at each grid box, respectively. For the
point-to-grid comparison, the values of each grid box, which station is located within,
will be extracted by linear interpolation, and then the extracted values will be compared
with the ground observations (Chua et al., 2020).

However, the quality of ground-based gridded precipitation dataset highly depends
on the ground station density (Ly et al., 2013). In our case, there are insufficient number
of stations, especially over high-altitude regions. Hence, the second methodology (point-
to-grid) is carefully employed for the analysis of GPDs in this study. It's worth mentioning

that in this study, the R platform is used for all statistical work and data visualization.
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2.5. Hydrologic model and parametrization scenarios

The TUW (Technical University of Wien) conceptual hydrologic model was
developed by the Technical University of Vienna, tested over numerous Austrian
catchments (Neri et al., 2020; Parajka et al., 2007). It is built on a structure similar to
HBV (Hydrologiska Byrans Vattenbalansavdelning) (Bergstrom, 1995; Bergstrom &
Lindstrom, 2015), operates on a daily time step. The TUW model is able to simulate
runoff, snow, and soil moisture (Figure 2.3) with 15 parameters (Table 2.2), and the inputs
are total daily precipitation (mm), mean daily air temperature (°C), and daily potential
evapotranspiration (mm). Moreover, the snow routing is based on a simple degree-day
concept, and it is governed by five parameters: two threshold temperature (Tr, and Ts)
parameters that identify rain and snow, a melting temperature (Twm), a snow correction
factor (SCF) and the degree-day factor (DDF). Furthermore, the soil moisture routing
depicts soil moisture state changes and runoff generation, and includes three parameters:
the field capacity (FC) which represent the maximum soil moisture storage, a parameter
representing the soil moisture condition above which evapotranspiration is at its potential
rate (LP), and a parameter 3 controlling the non-linear function of runoff generation.
Finally, an upper and lower soil reservoirs and a triangular transfer function compose the
runoff response and routing model which includes seven parameters. The sum of excess
rainfall and snowmelt first enters the upper zone reservoir then leaves this reservoir
through three paths: (a) outflow from the reservoir based on a fast storage coefficient (k);
(b) percolation to the lower zone with a constant percolation rate (Cperc) (c) if a threshold
of the upper storage state (Luz) is exceeded, through an additional outlet based on a very
fast storage coefficient (ko). Water leaves the lower zone based on a slow storage
coefficient (k2). The outflows from both reservoirs are then routed by a triangular transfer
function representing runoff routing in the streams, where the base of the transfer function
(BQ), is estimated with the scaling of the outflow by the free scaling parameter (Croutr)
and maximum base at low flows parameter (Bmax) (Ceola et al., 2015; Parajka et al.,
2007).

In general, two types of precipitation-runoff scenarios are extensively employed for

the hydrological utility of GPDs in the literature. Depending on the level of information
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Figure 2.3. The schematic lumped version of TUW model maps snow routing, soil moisture routing, and
runoff routing (Neri et al., 2020).

provided, (a) model parameters are calibrated/validated according to simulated and
observed streamflow time series, employing observed precipitation data as
meteorological forcing, and then, the observed precipitation is replaced by GPDs for
validation (Scheme-1). This method of model calibration is more efficient for gauged
basins. In the second approach, (b) model parameters are calibrated/validated with
streamflow data, utilizing each GPD as a model input independently (Scheme-2). This
method is suggested for ungauged basins where only observed streamflow and GPDs are

available (Jiang et al., 2012; Xue et al., 2013). Hence, in Scheme-1, there will be a single
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optimal model parameters based on observed precipitation, which are also being applied
to the GPDs. In contrast to Scheme-1, each GPD and observed precipitation have their
own optimal parameters set in Scheme-2. As a consequence, in this study, both schemes
are considered for the hydrologic response of the basin based on observed and selected
GPDs inputs. Finally, the TUW model parameters are automatically calibrated by
employing the hydroPSO R package, which incorporates the particle swarm global
optimization algorithm (Zambrano-Bigiarini & Baez-Villanueva, 2020; Zambrano-

Bigiarini & Rojas, 2013).

Table 2.3. TUW model parameters and their ranges. Abbreviations in the Process column represent; S,
Snow; SM, Soil Moisture; and R, Runoff.

Parameter Units Range Process
Snow correction factor [SCF] - 0.9-1.5 S
Degree-day factor [DDF] mm/°C /day 0.0-5.0 S
Temperature threshold above which precipitation is rain [Tg] °C 1.0-3.0 S
Temperature threshold below which precipitation is snow [Ts] °C -3.0-1.0 S
Temperature threshold above which melt starts [Twm] °C —2.0-2.0 S
Parameter related to the limit for potential evaporation [LP] - 0.0-1.0 SM
Field capacity [FC] mm 0.0-600 SM
Non-linear parameter for runoff production [f] - 0.0-20 SM
Constant percolation rate [Cpgrc] mm/day 0.0-8.0 R
Storage coefficient for very fast response [ko] day 0.0-2.0 R
Storage coefficient for fast response [K;] day 2.0-30 R
Storage coefficient for slow response [K»] day 30-250 R
Threshold storage state [Luz] mm 1.0-100 R
Maximum base at low flows [Bwmax] day 0.0-30 R
Free scaling parameter [Croutk] day?/mm 0.0-50 R

2.6. Verification metrics

In this context, the direct comparison of GPDs with observed precipitation is
performed by exploiting modified Kling-Gupta Efficiency (Gupta et al., 2009; Kling et
al.,, 2012) at the daily and monthly time steps, considering precipitation seasonal
variability over entire region and different classifications. Kling-Gupta Efficiency (KGE)

is a relatively new objective function combining correlation (r), bias (f) and variability
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ratio (y) components. KGE is used to show the temporal dynamics (measured by r) and
volume distribution (measured by £ and y) of precipitation, which is important for

hydrology and water resource management.

KGE=1- J(r—1)2+4+ (8- 12+ (y — 1)2 2.1
1 n

r == (00 = o) X (5n = 1] X (8 x 87! 2)
1

p = us X (IJ-O)_I (2.3)

¥ = (8 X po) X (8, X pg) ™" (2.4)

Where, r represents the Pearson correlation coefficient, B is the ratio of mean
observed and GPD precipitation, and vy is the ratio between coefficient of variation of
observed and GPD precipitation. & and p show the standard deviation and mean of
distribution, where o and s indicate the observed and estimated precipitation, and n shows
sample size of observed or GPD, respectively.

In general, knowing the frequency of precipitation for different intensities is
essential as having information about mean and spatio-temporal variation of precipitation
(Sohn et al., 2013; Tian et al., 2007), where the same precipitation amount in the form of
long-lasting light rain or a short-duration storm demonstrates different impacts on natural
hazards, including floods and landslides (Z. Li et al., 2013; Y. Shen et al., 2010).

In this context, the Probability Density Function (PDF) is utilized to understand the
frequency of precipitation for different intensities. Furthermore, the PDF is employed to
measure the number of observations that are above or below a specific value in a data set.
In other words, this indicates how frequently the GPD measurements are lower or higher
than the precipitation from stations (Gebere et al., 2015). Hence, for the frequency and
detectability analysis, daily precipitation from observed and GPDs are discretized and
four possible outcomes are visible (Table 2.4).

Several authors divided precipitation events into rain/no-rain by applying a certain
threshold (Blacutt et al., 2015; Ebert et al., 2007; Liu, Shangguan, et al., 2019; Sharannya
et al., 2020), where limited GPDs detectability for precipitation with different intensities.
Hence, daily precipitation data from observed and GPDs are discretized into the five

thresholds, including no-precipitation (less than 1 mm/day), light precipitation (1-5
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mm/day), moderate precipitation (5-20 mm/day), heavy precipitation (2040 mm/day),
and extreme precipitation (more than 40 mm/day) (Zambrano-Bigiarini et al., 2017). This
classification is crucial for hydrological studies, where precipitation with different

intensities may exhibit different hydrologic responses across the basin.

Table 2.4. Contingency table used to define HKS.

Observed data
Total
Precipitation No-Precipitation
Precipitation Hit (H) False (F) GPD precipitation
GPD
No-Precipitation Miss (M) Correct Negative (CN) GPD No-Precipitation
Total Observed precipitation ~ Observed No-Precipitation Total

The Hanssen-Kuiper Skill (HKS) score, which is also known as true skill statistic
or Pierce skill score, is employed to measure the detectability strength of GPD,
distinguishing between occurrences and non-occurrences of a certain event.

_(HXCN)—(FxM)

HK S o (H+ M) (F+CN)

(2.5)

Where: H (Hit); when the observed precipitation is correctly detected, M (Miss);
when the observed precipitation is not detected, F (False); when the precipitation is
detected but not observed, and CN (Correct Negative); a no precipitation event is
detected.

Finally, the Nash-Sutcliffe Efficiency (NSE) and KGE are used to evaluate the

hydrological utility of GPDs for streamflow simulation.

(0 -0

NSE=1 — S
20107 = 0)

(2.6)

Where, n is the sample size of the observed or calculated streamflow. Q7and
Q; present the observed and simulated streamflow, Q2 present the mean observed
streamflow. KGE, r, B, v, HKS, and NSE values all have their optimum at unity.

Figure 2.4 demonstrates the methodology flowchart for the selected GPDs spatio-

temporal evaluation and their hydrological utility.
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Figure 2.4. Methodology flowchart for the direct performance evaluation of GPDs and their hydrological
utility.
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3. RESULTS

3.1. Meteorological evaluation of GPDs

In this context, selected GPDs are being directly evaluated by observed
precipitation data. Overall, this section of the study deals with a total of 26 263 358 daily
observations obtained from 757 ground stations and information extracted from 18 GPDs
at the station’s location for five hydrological years. Furthermore, the monthly
precipitation was obtained from daily accumulated precipitation. It is important to
mention that the terms "gauge-corrected" and "multi-source" are used interchangeably

during the performance evaluation of GPDs.

3.1.1. Spatial and temporal evaluation of daily and monthly precipitation

The spatial distribution of mean daily and monthly precipitation from 18 GPDs is
evaluated by direct comparison with observed precipitation. Figure 3.1 maps the mean
daily and monthly precipitation at the station location, obtained from observed
precipitation and selected GPDs for the entire period (2015-2019). Overall, the spatial
distribution of observed precipitation demonstrates that the coastal areas receive higher
precipitation amounts than the inland parts which is intense in the eastern region of the
Black Sea. Likewise, as the distance increases from the coastal areas to the direction of
the inner lands, the precipitation amount decreases, and the central regions experience the
least amount of precipitation comparatively. From the result, CPCv1 displays mean daily
and monthly distributed precipitation close to the reference (Obs). Moreover, among
multi-source GPDs, MSWXv100, MSWEPv2.8, and CHIRPSv2.0 present mean daily
and monthly precipitation closer to the observed, followed by MERRA-2, with slightly
higher precipitation in the northern part of the Black Sea region. IMERGHHFv06 shows
higher precipitation in the west and northwestern parts, where TMPA-3B42v7 maps
lower precipitation in the northern regions and PERSIANN-CDR seems to map higher
precipitation in western areas and lower precipitation in the eastern Black Sea regions.
However, several gauge-corrected GPDs show higher precipitation in the central regions.
Furthermore, among gauge uncorrected GPDs, CHIRPv2.0, which combines information
from satellite and reanalysis, shows the same amount of mean daily and monthly
precipitation as its corrected version (CHIRPSv2.0) and is close to observed precipitation,
while ERAS5 comes with the second-best spatial distribution of mean precipitation

compared to gauge uncorrected GPDs, comparatively.
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Figure 3.1. Spatial distribution of mean daily and monthly precipitation at the station location obtained
from observed (Obs) precipitation and 18 GPDs for the period of 2015-2019. The title color
presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and
satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).
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However, ERAS indicates significantly greater precipitation, in the eastern part of
the Black Sea region, and CFSR seems to overestimate observed precipitation for most
regions. In the same way, PERSIANN drastically underestimates mean daily and monthly
precipitation for the entire area, where PERSIANN-CCS shows lower precipitation in the
southwestern regions and greater precipitation in the eastern parts, and PDIR-Now
provides a precipitation distribution that is comparable to PERSIANN-CDR. Both
IMERGHHL(E)v06 exhibit greater precipitation in the western areas compared to their
final product IMERGHHFv06) and similar precipitation to that observed in the eastern
parts. TMPA-3B42RTv7 shows less precipitation in the southeastern and northern parts
of the country, while SM2RAIN-ASCAT shows mean daily and monthly distributions of
precipitation closer to the observed than the other satellite-based precipitation datasets
although it estimates higher precipitation in the southeastern part of the country.

Figures 3.2 and 3.3 show the frequency distribution of mean daily and monthly
precipitation derived from observed and selected GPDs throughout the whole area for the
entire period (2015-2019) and four seasons. Overall, observed mean precipitation
frequently recurred between 0—3 mm for daily precipitation and 0—100 mm for monthly
precipitation, while the observed mean precipitation frequency during the winter season
reached up to 6 mm/day and 200 mm/month. According to the findings, the higher
frequency of mean precipitation for observed and GPDs is around 2 mm/day and 60
mm/month. Among selected GPDs, PERSIANN shows the highest frequency within a
narrow range of mean precipitation of 0-0.75 mm/day and 0-55 mm/month. Moreover,
mean daily and monthly precipitation frequency during the spring season has a
distribution close to the normal for many GPDs, and there is a positive skewed frequency
distribution of mean daily and monthly precipitation for some GPDs which more intense
for PERSIANN-CCS considering the summer and autumn seasons. The positive
skewness of the frequency distribution can be attributed to the fact that high magnitude
precipitation (extremes) is rarely occurred with lower frequency during the summer and
autumn seasons, and during the winter and spring season the region often experiences
precipitation with similar frequency and magnitude.

Figure 3.4 a and b summarize the mean daily and monthly precipitation at the
regional scale, for the entire period and seasonal variability. According to observed mean
daily and monthly precipitation, the region experiences 1.84 mm and 56.1 mm of mean

daily and monthly precipitation for the entire period (2015-2019).
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Figure 3.2. Histogram density of mean daily precipitation from observed data and 18 GPDs for the entire
period (2015-2019) and four seasons. The title color presents the source (s) of GPDs: satellite
(blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis (green),
reanalysis, ground, and satellite (steel blue), and ground (yellow).

Furthermore, the region receives higher precipitation (2.73 mm/day and 82.14
mm/month) during the winter season, followed by the spring (1.96 mm/day and 60.22
mm/month) season, while the region experiences the least precipitation during the
summer (1.04 mm/day and 31.9 mm/month) and autumn (1.65 mm/day and 50.16
mm/month) seasons. Overall, CPCvl is able to present precipitation closer to the
observed precipitation at the regional scale. Moreover, those multi-source GPDs, which
combine information from three possible sources (S, R, and G), deliver accurate mean
daily and monthly precipitation (except MERRA-2), respectively. In the same way, some
GPDs, including PERSIANN-CCS, PERSIANN-CDR, PDIR-Now, and CFSR, highly
overestimate mean precipitation.
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Figure 3.3. Histogram density of mean monthly precipitation from observed data and 18 GPDs for the
entire period (2015-2019) and four seasons. The title color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis (green),
reanalysis, ground, and satellite (steel blue), and ground (yellow).

Among satellite-based precipitation dataset, PERSIANN dataset significantly have
the least mean precipitation amount, followed by SM2RAIN-ASCAT during the winter
season. In the same way, Figure 3.4 ¢ and d present mean daily and monthly precipitation
over each year of the study. Generally, the region experiences greater precipitation during
2015 and 2019, but 2017 is known as the driest year due to it is receiving the least amount
of precipitation. GPDs present distinct precipitation for different years. For instance,
PDIR-Now shows close mean daily and monthly precipitation to observed precipitation
from 2015 to 2017, while this dataset significantly overestimates observed precipitation
from 2018 to 2019. On the other hand, some GPDs, including IMERGHHLvV06 and
IMERGHHEV06, consistently show higher mean precipitation than the observed over
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each year, and PERSIANN presents the lowest mean daily and monthly precipitation
amount for the whole year, comparatively. Overall, CPCv1 and multi-source GPDs show
daily and monthly precipitation close to the observed precipitation over each year which
is followed by reanalysis dataset and satellite-based GPDs show distinct daily and

monthly precipitation over selected five years.
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Figure 3.4. a, b) Mean daily and monthly precipitation at the regional scale obtained from observed (Obs)
precipitation and 18 GPDs for the period of 2015-2019 and four seasons. ¢, d) Mean daily
and monthly precipitation at the regional scale over each year of the study obtained from
observed (Obs) precipitation and 18 GPDs for the period of 2015-2019 and four seasons. The
legend color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red),

reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).
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Figures 3.5 and 3.6 present the scatter plots of GPDs against observed precipitation

for the entire period. In general, GPDs show concentrated point around the line with the

unity slope for the larger time window, which means monthly precipitation from GPDs
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Figure 3.5. Scatter plot of daily observed precipitation measurement versus 18 GPDs for the entire period.
The title color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).
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is closer to the observed precipitation than daily precipitation, which indicates a higher
precipitation correlation between observed and GPDs. The observed daily precipitation
events were mostly concentrated between 0—200 mm/day and 0—500 mm/month, where

GPDs show different daily precipitation magnitudes.
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Figure 3.6. Scatter plot of daily observed precipitation measurement versus 18 GPDs for the entire period.
The title color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).
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For instance, daily precipitation events recorded by CPCvl are mostly confined
between 0 and 100 mm/day, and the same condition is applicable for many GPDs,
although it is more critical for SM2RAIN-ASCAT and PERSIANN-CDR.

Overall, ERA5 has the highest correlation (R = 0.63) with observed and
PERSIANN-CCS demonstrates the lowest correlation (R = 0.30) with daily observed
precipitation. Furthermore, the correlation between GPDs and observed precipitation is
increased for monthly precipitation, where IMERGHHFv06 shows the highest correlation
to the observed precipitation (R = 0.85), which is followed by CPCvl and MSWEPv2.8
with a correlation of 0.84, and PERSIANN-CCS presents the lowest correlation (R =
0.58) to the observed for the monthly time step. It is important to keep in mind that the
daily and monthly scatter plots only depict the distribution of precipitation events rather
than their density. For example, PERSIANN-CDR and SM2RAIN-ASCAT show similar
precipitation scatters. Where PERSIANN-CDR overestimates the ratio of bias (Bias =
1.27) and SM2RAIN-ASCAT underestimates the ratio of bias (Bias = 0.98), while for
some GPDs, such as PERSIANN, the variability ratio is overestimated with an
underestimation of the ratio of bias, and the opposite is also observable for some other

GPDs (e.g., PERSIANN-CDR).

3.1.2. Performance of GPDs over the entire region

The reliability of GPDs at the station level is expressed in the form of KGE (Figure
3.7) and its Pearson correlation (Figure 3.8), the ratio of bias (Figure 3.9), and variability
ratio (Figure 3.10) components for daily and monthly precipitation over the entire period
(2015-2019). In general, GPDs perform better for the monthly time step than daily
precipitation, which is distinguishable by a higher KGE and its correlation components.
The GPDs demonstrate higher performance in the western parts of the country and lower
performance in the eastern regions, which is typically described by complex topography
and present weak performance over regions experiencing extremes such as the central
and northeastern regions. From the results, CPCv1, which takes advantage of the spatial
information of available gauges, demonstrates relatively higher performance for both
daily and monthly precipitation, especially in the western regions, where this dataset is
outperformed by some multi-source GPDs, such as MSWEPv2.8, IMERGHHFv06, and
MSWXv100, while other gauge-corrected GPDs, such as MERRA-2 near the Black Sea
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region and CHIRPSv2.0 in the central areas and in the northern parts of the country,
demonstrate weaker performance for daily time step but their performance increased for
monthly time step. In the same way, TMPA-3B42v7 shows relatively higher performance
in the western and southern regions than in the other parts, where PERSIANN-CDR
displays poor performance for many regions considering daily precipitation, and this
dataset carries out higher performance in the northern parts for the monthly time step,

respectively.
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Figure 3.7. GPDs reliability at the station level is expressed in the form of KGE for the daily and monthly
precipitation considering data from 2015 to 2019. The title color presents the source (s) of
GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Among gauge-uncorrected GPDs, some reanalysis datasets, such as ERA5 shows
relatively higher performance compared to CFSR and satellite-based precipitation
datasets and even performed higher than some gauge-corrected GPDs such as
CHIRPSv2.0, MERRA-2, TMPA-3B42v7 especially during the daily time step, where
CFSR, and IMERGHHE(L)v06 presents higher performance compared to TMPA-
3B42RTv7, PERSIANN-CCS, PDIR-Now, and PERSIANN for the daily time step and
SM2RAIN-ASCAT is the only satellite-based GPD that displays higher performance for
the monthly time step, where PERSIANN presents the lowest performance for the daily
time step, although PERSIANN depicts higher performance in the central regions
compared to the other PERSIANN datasets (i.e., PERSIANN-CDR, PERSIANN-CCS,
and PDIR-Now). On the other hand, CHIRPv2.0, which takes advantage of reanalysis
and satellite information, presents relatively higher performance than satellite-based
datasets and lower performance than reanalysis for both daily and monthly time steps,
comparatively. Finally, some GPDs such as PERSIANN and PERSIANN-CCS still show
lower performance over the northern parts of the Black Sea region and central regions,
which is followed by TMPA-3B42RTv7 over the central and southeastern parts of the
country considering the monthly time step.

Generally, GPDs have higher correlation (Figure 3.8) for the monthly time step than
for the daily time step, which is more observable for GPDs whose temporal variations
entirely (i.e., CPCvl) or to some degree depend on the ground data. For instance,
CHIRPSv2.0, which has lower correlation for daily precipitation, shows significantly
higher correlation to the observed precipitation for the monthly time step. However, the
correlation increment is not only observed in the gauge-corrected GPDs but is also
observable in gauge-uncorrected GPDs when the time step is shifted from daily to
monthly. Among selected GPDs, ERAS and IMERGHHFv06 deliver relatively higher
correlation of precipitation to the observed, which is followed by some multi-source
datasets such as MSWEPv2.8 and MSWXv100, where other gauge-corrected datasets
demonstrate lower precipitation correlation in different regions of the country. Except for
IMERGHHL(E)v06, the rest of the gauge-uncorrected GPDs demonstrate weak
correlation to the observed precipitation at the station location, which is more observable

for the daily time step.
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It’s worth mentioning that the ratio of bias component of KGE (Figure 3.9)
demonstrates the precipitation total volume from a certain GPD to the observed
precipitation over a specific study time period, and it is more important that the ratio of
bias does not depend on the selected time steps within that study time period, where each

GPD shows the same bias over different time steps.
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Figure 3.8. GPDs reliability at the station level is expressed in the form of Pearson correlation coefficient
(R) for the daily and monthly precipitation considering data from 2015 to 2019. The title color
presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and
satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).
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In other words, the ratio of bias for a specific GPD is not changed as the time step
shifts from the daily to the monthly. When compared to ground-based, gauge-corrected,
and certain reanalysis GPDs, satellite-based GPDs have a ratio of bias variation at the
station location that is more intense and distributed than the other three types. Overall,
the ratio of bias of 0.8—1.2 is observable for many GPDs in the western parts of the
country, whereas each GPD shows a different ratio of bias in the central regions and

eastern mountainous parts.
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Figure 3.9. GPDs reliability at the station level is expressed in the form of ratio of bias (Bias) for the daily
and monthly precipitation considering data from 2015 to 2019. The title color presents the
source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Among GPDs, PERSIANN dataset shows much lower ratio of bias, which can be
attributed to the fact that the dataset significantly underestimates precipitation compared
to observed data, especially in the coastal areas and southeastern regions. In the same
way, IMERGHHL(E)v06 shows distinct ratio of bias and significant overestimate of
observed precipitation in the western part of the country compared to other GPDs, which
is followed by CFSR dataset, respectively.

Unlike the ratio of bias component of KGE, the variability ratio (Figure 3.9), which
shows the variability or dispersion of GPDs magnitudes relative to their mean compared
to the observed precipitation variability relative to its mean, is a function of time. In other
words, the variability ratio of GPDs changes when the time step shifts from daily to
monthly. In general, most of the GPDs show lower dispersion of precipitation relative to
their means compared to the observed variability for the daily time step. In other words,
most of the multi-source datasets, ground-based dataset, and gauge-uncorrected datasets
underestimate the variability ratio for the daily time step compared to the monthly time
step, which is more observable for CPCvl, MSWEPv2.8, MSWXv100, MERRA-2,
PERSIANN-CDR, CHIRPv2.0, ERAS, CFSR, SM2RAIN-ASCAT, and PDIR-Now,
where SM2RAIN-ASCAT significantly underestimates the variability ratio in the coastal
regions close to the Black Sea for the daily precipitation, and the rest of the selected GPDs
overestimate the variability ratio. On the other hand, some GPDs, such as CHIRPSv2.0,
PERSIANN, PERSIANN-CCS, IMERGHHL(E)v06, TMPA-3B42(RT)v7, highly
overestimate the variability of precipitation compared to observed precipitation over
different parts of the country. In the same way, GPDs, including PERSIANN-CCS and
TMPA-3B42RTv7, still drastically overestimate the variability ratio in the northern parts,
particularly in the northwest of the Black Sea region for the monthly time step.

Figures 3.11 and 3.12 present the box-and-whisker plots of KGE and its Pearson
correlation (R), the ratio of bias (Bias), and variability ratio (VR) components for 18
GPDs at the regional scale for daily and monthly precipitation considering the entire
period (2015-2019) and four seasons.

In general, the mean of median scores for KGE over all GPDs is estimated at 0.37
and 0.55 for daily and monthly precipitation for the entire period, while this amount
decreases in the spring season to 0.34 and 0.45, and the lowest mean of median KGE

comes with the summer season precipitation, which varies between 0.20 and 0.38 for
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daily and monthly precipitation. Similarly, the mean median of KGE for the autumn
season is estimated at 0.38 and 0.49, and the winter season mean of median KGE varies
between 0.32 and 0.46 for daily and monthly precipitation.

CPCv1 MSWXv100 MSWXv100
Monthly Daily Monthly

SM2RAIN-ASCAT
Dail

VR ® <05 ® 0509 ® 09-1.1 ® 1.1-15 @ >15

Figure 3.10. GPDs reliability at the station level is expressed in the form of variability ratio (VR) for the
daily and monthly precipitation considering data from 2015 to 2019. The title color presents
the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

In the same way, the mean of the central tendency scores for Pearson correlation,
the ratio of bias, and the variability ratio components of the KGE for daily and monthly

precipitation are 0.50:0.75, 1.14:1.14, and 0.85:0.92 for the entire period; 0.50:0.71,
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1.20:1.20, and 0.81:0.83 for the spring season; 0.40:0.73, 1.08:1.08, and 0.78:0.98 for the
summer season; 0.56:0.74, 1.15:1.15, and 0.85:0.90 for the autumn season; and 0.51:0.73,

1.11: 1.11, and 0.89:0.91 for the winter season, respectively.
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Figure 3.11. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the daily precipitation, considering data from 2015 to
2019 and four seasons. The boxes represent the 25" 50" and 75" percentile values,
respectively. The legend color presents the source (s) of GPDs: satellite (blue), gauge and
satellite (red), reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and
satellite (steel blue), and ground (yellow).

In addition, the findings show that there is higher agreement between observed
precipitation and selected GPDs throughout the winter, spring, and autumn seasons than
during the dry season (summer). Since the KGE combines the correlation, the ratio of

bias, and the variability ratio, it is important to know which component has the most effect
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on the final KGE score. Looking at the daily and monthly performance of GPDs, most of
the selected precipitation datasets performed fairly well in terms of correlation for daily
precipitation compared to the monthly time step, which is understandable considering that
long-term climatological precipitation statistics are easier to estimate than day-to-day

precipitation dynamics.
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Figure 3.12. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the monthly precipitation, considering data from 2015 to
2019 and four seasons. The boxes represent the 25", 50", and 75" percentile values,
respectively. The legend color presents the source (s) of GPDs: satellite (blue), gauge and
satellite (red), reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and
satellite (steel blue), and ground (yellow).

The correlation values have the most influence on the final KGE value due to the

squaring of the three components in the KGE equation (see Equation 2.1). Hence, the
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KGE performance ranking aligns well with the correlation performance ranking (Figures
3.11 and 3.12). These findings imply that the correlation is the most essential component
value to enhance in order to improve the KGE value. This indicates that, for existing daily
GPDs, changes to precipitation event timing (which dominates the correlation value) are
more important and useful than improvements to precipitation total volume (which
dominates the bias value) or the intensity distribution (which dominates the variability
value).

Figure 3.13 depicts the performance of GPDs at the regional scale, expressed in
the form of KGE and its individual components for both daily and monthly time steps
over the entire period as well as seasonal variability. At the regional scale, GPDs show
higher performance in terms of KGE for monthly time step than for daily time step, and
it is because of the improvement in correlation, where the ratio of bias for both time steps
remains unchanged, while underestimation of the variability ratio mostly occurs for the
daily time step. Among GPDs, the IMERGHHL(E)v06 show higher overestimation of
bias during the summer season while it is underestimated by PERSIANN and SM2RAIN-
ASCAT during the winter season for both daily and monthly steps. Generally,
underestimation of the variability ratio by many GPDs is more observable for the daily
time step than for the monthly time step, and it is more intense during the spring season.
In the same way, many GPDs (i.e., it is more visible for PERSIANN-CDR, SM2RAIN-
ASCAT, and CHIRPv2.0 datasets) underestimate the variability of observed precipitation
for both daily and monthly precipitation, with the exception of TMPA-3B42RTv7,
PERSIANN-CCS, and PERSIANN for different time scales. Overall, GPDs show
relatively poor performance during the summer season, with the exception of TMPA-
3B42RTv7 and PDIR-Now, which display higher performance during this season when
comparing their performance over other seasons for both time steps. From the results,
MSWEPv2.8 demonstrated the highest performance, followed by IMERGHHFv6,
MSWXv100, ERAS, and CPCv1 datasets. Overall, most of multi-source GPDs, which
combine information from satellite, reanalysis, and ground data, perform substantially
well, followed by reanalysis datasets, while satellite-based GPDs show poor performance.
It’s worth mentioning that some exceptions exist; for instance, IMERGHHL(E)v06
demonstrates higher performance and outperforms even some gauge-corrected GPDs
such as MERRA-2 and CHIRPSv2.0, and also shows higher performance than some

reanalysis datasets such as CFSR dataset.
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Figure 3.13. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the daily and monthly precipitation, considering data from
2015 to 2019 and four seasons. The heat table represent the 50" percentile values of figure
3.11 and 3.12, respectively. The legend color presents the source (s) of GPDs: satellite
(blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis (green),
reanalysis, ground, and satellite (steel blue), and ground (yellow).

3.1.3. Performance of GPDs over different elevation ranges

Figures 3.14 and 3.15 depict the daily and monthly performance of GPDs at the
regional scale over different elevation ranges for the entire period and four seasons.

In general, the combined effect of elevation and seasonal variability on the
performance of GPDs is mostly distinguishable during the winter season, when most
GPDs perform poorly as elevation increases, and their performance is worse during the
summer season as elevation decreases. Moreover, GPDs show higher performance for the
monthly time step than for the daily time step almost over all elevation ranges, and most
of the GPDs demonstrate relatively higher performance for lower-elevated regions, where
their performance decreases as the elevation increases over the entire period.

Overall, the highest performance is obtained by ERAS, followed by MSWEPvV2.8
and MSWXv100 during the winter season, while some GPDs, such as CHIRPv2.0,
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PERSIANN, and PERSIANN-CDR during the summer season and PERSIANN during
the winter season, present the lowest performance for the daily time step over regions

with elevations less than 500 m.
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Figure 3.14. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the daily precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
four distinct elevation ranges, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

For the monthly time step, CPCv1l and MSWEPvV2.8 over the entire period and in

the summer and spring seasons demonstrate the highest performance, while PERSIANN
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during the winter season, IMERGHHEV06 during the summer season, and PERSIANN-
CCS during the spring season show the lowest performance among selected GPDs over
areas with elevation less than 500 m. Considering the individual daily and monthly time
steps, GPDs display distinct reliability over each elevation range, and even the
performance of a certain GPD may vary over a distinct elevation range considering the
entire period and different seasons. For instance, MSWEPv2.8 shows the highest
performance over regions with elevation less than 500 m (i.e., this elevation mostly
represents coastal areas) considering the entire period, and its performance decreases as
the elevation increases. The dataset presents the same performance trend over distinct
elevation ranges during the spring season and displays higher performance during the
summer season over regions with elevation more than 1500 m, where its performance
decreases as the elevation decrease. In the autumn season, it shows higher performance
over regions located between 500 and 1500 m elevation, and finally, its performance
during the winter season decreased as the elevation increased and is even outperformed
by some reanalysis datasets such as ERAS over areas having elevation less than 500 m.
In the same way, MSWEPv2.8 performs differently over each elevation range,
considering the entire period and each season (Figure 3.15) for the monthly time step,
respectively. Overall, ground-based and multi-source GPDs perform well over selected
four elevation ranges for both daily and monthly time steps. However, some reanalysis
datasets such as ERA5 demonstrate higher performance than CPCv1l and many multi-
source GPDs such as MSWXv100, MERRA-2, TMPA-3B42v7, CHIRPSv2.0, and
PERSIANN-CDR over areas with elevation less than 500 m, especially for the daily time
step over the entire period. In the same way, among gauge-uncorrected datasets, satellite-
based GPDs show lower performance over different elevation ranges and seasons. While
some exceptions exist, for example, IMERGHHL(E)v06 and CHIRPv2.0 demonstrate
higher performance than other satellite-based datasets and even outperform some gauge-
corrected GPDs such as PERSIANN-CDR over areas having elevation less than 500 m,
where IMERGHHLvVO6 shows the fourth-best performance after MSWEPv2.8,
MSWXv100, and IMERGHHFO06 over regions having elevation more than 1500 m for
the daily time step over the entire period where the dataset performance decreases for the
monthly time step. From the satellite-based GPDs, PERSIANN datasets demonstrate
lower performance, which is more intense for PERSIANN-CCS as the elevation increases

for both daily and monthly time steps.
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In the same way, GPDs' correlations are mostly depicted by their KGE values, and

any increase or decrease of correlation over a distinct elevation range directly affects the
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Figure 3.15. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the monthly precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
four distinct elevation ranges, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

final performance, where the highest correlation is obtained by CFSR and ERAS over
regions having elevation less than 500 m and the lowest correlation to the observed

precipitation is presented by SM2RAIN-ASCAT over regions with elevation more than
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1500 m during the winter season as well as PERSIANN-CCS over areas with elevation
less than 500 m during the spring season for the daily time step. For the monthly time
step, CPCv1 demonstrates the highest correlation during the winter season, which is
followed by IMERGHHFv06 over areas with elevation greater than 1500 m during the
spring season, where ERAS comes in third-best over areas with elevation 500—-1000 m.
Among selected GPDs, PERSIANN-CCS shows the lowest correlation during the spring
season over areas having elevation less than 500 m, followed by SM2RAIN-ASCAT over
areas with elevation more than 1500 m, respectively.

It is important to mention that the GPDs bias stays unchanged over different
elevation ranges as the time step shifts from daily to monthly. Considering the combined
effect of elevation changes and temporal variability (entire period and four seasons) at
the daily and monthly time steps; for the entire period, among selected GPDs,
PERSIANN datasets over different elevation ranges, and SM2RAIN-ASCAT and CPCvl1
over regions with elevation greater than 1500 m as well as PERSIANN-CCS over areas
with less than 500 m elevation highly underestimate bias, whereas PERSIANN-CCS over
areas with elevation more than 1500 m and PERSIANN-CDR and TMPA-3B42RTv7
over areas with elevation 1000-1500 m drastically overestimate bias. Taking the effect
of different seasons and elevation ranges into consideration, PERSIANN-CCS and
IMERGHHL(E)v06 highly overestimate the ratio of bias during the winter and spring
seasons over areas having elevation less than 1500 m, whereas SM2RAIN-ASCAT over
areas having elevation more than 1500 m and PERSIANN over regions with elevation
less than 500 m highly underestimate the ratio of bias during the winter season for both
daily and monthly steps.

Finally, GPDs demonstrate distinct variability of precipitation compared to
observed precipitation, where the underestimation of precipitation variability is more
intense for the daily time step than for the monthly time step, and GPDs show highly
different variability ratios for different seasons. Looking at the effect of elevation and
temporal variability (entire period and four season) over GPDs variability for the daily
time step, among datasets, CHIRPv2.0 and SM2RAIN-ASCAT highly underestimate the
variability ratio over areas having elevation less than 500 m during the summer season,
and SM2RAIN-ASCAT over areas having elevation more than 1500 m and TMPA-
3B42RTv7 over areas with elevation 500-1000 m drastically overestimate the variability

ratio during the winter season, respectively. For the monthly time step, still CHIRPv2.0
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highly underestimates the variability ratio over areas with elevations between 500 and
1500 m, whereas SM2RAIN-ASCAT during the winter season and PERSIANN-CCS
during the summer season over areas with elevations greater than 1500 m highly

overestimate variability ratio compared to other selected GPDs, respectively.

3.1.4. Performance GPDs over different wetness classes

Figures 3.16 and 3.17 present the daily and monthly performance of GPDs over
four distinct wetness classes for the entire period and four seasons.

Overall, GPDs show higher performance over moderately dry and moderately wet
regions than over wet and dry areas, where the datasets demonstrate lower performance
during the summer and winter seasons compared to other seasons over all wetness classes,
and GPDs demonstrate weak performance during the winter season especially over dry
and wet regions. From the results, among multi-source GPDs, IMERGHHFv06 delivers
the highest performance over moderately wet regions, which is followed by MSEWPv2.8
and MSWXv100 for the entire period considering the daily time step. Among gauge-
uncorrected GPDs, ERAS and CFSR show higher performance over moderately dry and
wet regions, and even ERAS outperforms CPCv1 and some gauge-corrected GPDs such
as TMPA-3B42v7, MERRA-2, PERSIANN-CDR, and CHIRPSv2.0 over different
wetness classes for the entire period at the daily time step. Moreover, CHIRPv2.0 is also
able to present higher performance than most satellite-based GPDs over different wetness
classes, where IMERGHHL/(E)v06 demonstrate relatively higher performance than the
other satellite-based datasets and even outperformed CHIRPv2.0 and some gauge-
corrected GPDs such as MERRA-2 over the dry regions and PERSIANN-CDR over all
wetness regions for the entire period. SM2RAIN-ASCAT and TMPA-3B42RTv7
outperform PERSIANN, PERSIANN-CCS, and PDIR-Now, although PERSIANN over
the dry regions outperforms TMPA-3B42RTv7, and PDIR-Now over the wet regions
shows higher performance than SM2RAIN-ASCAT and TMPA-3B42RTv7 for the entire
period. Consider the seasonal precipitation at the daily time step: among selected GPDs,
ERAS shows the highest performance over moderately wet regions, followed by
MSWXv100, where some satellite-based datasets such as PERSIANN-CCS, TMPA-
3B42RTv7, and even PERSIANN-CDR, which is a gauge-corrected dataset, show the
lowest performance during the winter season for the daily time step. Considering the

monthly time step for the entire period, MSWEPV2.8 presents the highest performance in
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terms of KGE and outperforms IMERGHHFv06 over moderately wet regions, where
MSWXv100 comes in with the third-best performance among selected GPDs.
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Figure 3.16. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the daily precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
four distinct wetness classes, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

CPCv1 also demonstrated higher performance over moderately dry and dry regions
and outperformed most of the reanalysis, gauge-corrected, and satellite-based datasets.

On the other hand, satellite-based GPDs demonstrate lower performance over different

53



wetness classes, and the lowest performance was obtained by PERSIANN over the wet
regions and PERSIANN-CCS over the dry regions for the entire period at the daily time
step. Considering the seasonal precipitation for the monthly time step, some multi-source
GPDs such as MSWXv100 demonstrate the highest performance over moderately wet
regions during the winter season, followed by MSWEPvV2.8, ERAS, and IMERGHHFv06,
where PERSIANN-CCS over dry regions and PERSIANN over wet regions during the
winter season and PERSIANN-CCS and TMPA-3B42RTv7 over wet regions during the
summer season demonstrate the lowest performance for the monthly time step.

As mentioned in previous statements, the correlation component highly affects the
final KGE result, and any increase in the GPDs' correlation with observed precipitation
results in higher final KGE performance. The datasets demonstrate a higher correlation
for the monthly time step than the daily time step over different wetness classes.
Considering the combined effect of wetness classes and seasonal variability for the daily
time step, among selected GPDs, ERAS5 shows the highest correlation over moderately
wet regions during the winter season, followed by the CFSR and MSWXv100 datasets,
while PERSIANN-CCS during the winter and summer seasons and PERSIANN and
PDIR-Now during the winter season show the lowest correlation to the observed
precipitation over wet regions. Considering the monthly time step, still ERAS and CFSR
show the highest correlation to observed precipitation during the winter season, followed
by MSWEPv2.8 over moderately dry regions, where PERSIANN-CSS present the lowest
monthly correlation to the observed precipitation compared to other GPDs over dry and
wet regions during the winter and summer seasons.

Likewise, the ratio of bias components of KGE shows that this component is
unchanged over all wetness classes as the time step shifts from daily to monthly, where
most selected GPDs demonstrate overestimation of bias over the dry regions and
underestimate bias over the wet regions, which makes sense, and GPDs show higher
precipitation in regions that receive insufficient precipitation and lower precipitation
amounts in regions that experience significant precipitation. Looking at the entire period
for both daily and monthly time steps, among selected GPDs, some satellite-based
datasets such as PERSIANN-CCS, TMPA-3B42RTv7, and PDIR-Now; a few gauge-
corrected GPDs, including PERSIANN-CDR and MERRA-2; and some reanalysis
datasets such as CFSR exhibit the highest overestimation of bias over the dry regions,

where PERSIANN over all wetness classes, PERSIANN-CCS, TPMA-3B42(RT)v7,
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PERSIANN-CDR, CHIRP(S)v2.0, CPCvl, MSWEPv2.8, and MSWXv100 highly

underestimate bias over wet regions.
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Figure 3.17. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the monthly precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
four distinct wetness classes, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Considering the seasonal precipitation over different wetness classes, among

selected GPDs, the PERSIANN dataset drastically underestimates the bias over wet and
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moderately wet regions during the winter and autumn seasons, whereas PERSIANN-
CCS, PERSIANN-CDR, and TMPA-3B42RTv7 highly overestimate the bias over dry
regions during the winter season, comparatively.

Finally, the variability of GPDs compared to the variability of observed
precipitation varies over different wetness classes when considering different time steps
and seasons. In general, most selected GPDs demonstrate a higher underestimation of
variability ratio over different wetness classes for the daily time step compared to the
monthly time step, and the variability ratio of GPDs is highly eye-catching during the
spring, summer, and winter seasons for both time steps. Considering the effect of wetness
classification and different time scales on GPD variability for the daily time step, among
selected GPDs, TMPA-3B42(RT)v7 and PERSIANN highly overestimate the variability
ratio over wet and moderately wet regions during the winter season, whereas
PERSIANN-CCS shows a higher overestimation of the variability ratio over wet regions
during the summer season. In the same way, SM2RAIN-ASCAT over wet and moderately
wet regions during the summer season and over wet regions during the autumn season,
and CHIRPv2.0 over all wetness classes during the summer season show highly
underestimation of variability ratio. For the monthly time step, PERSIANN-CCS and
TMPA-3B42 during the summer and PERSIANN during the winter season over wet
regions highly overestimate the variability ratio, whereas, among GPDs, CHIRPv2.0 over
dry regions during the spring season and SM2RAIN-ASCAT over wet regions during the

summer season drastically underestimate the variability ratio, respectively.

3.1.5. Performance of GPDs over different climate zones

Figures 3.18 and 3.19 present reliability of GPDs at the regional scale over seven
climate zones at daily and monthly time steps, expressed in the form of KGE and
individual components for the entire period (2015-2019) and four seasons. In general,
GPDs show distinct performances over different climate zones, considering different time
steps and temporal scales (entire period and four seasons). Overall, most multi-source
GPDs, ground-based datasets (CPCv1l), and some reanalysis datasets depict higher
performance compared to other datasets over different climate zones. In the same way,
many GPDs show higher performance for the monthly time step than the daily time step,
and the summer season is one of the most critical seasons for GPDs' performance, which

18 more intense over Southeastern Anatolia.
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From the results, considering the performance of GPDs over different climate
zones for the entire period at the daily time step, some multi-source GPDs, such as
MSWEPv2.8, IMERGHHFv06, and MSWXv100 show the highest performance over
Southeastern Anatolia, Aegean, Mediterranean, and Marmara regions, where some
reanalysis datasets such ERAS is able to show higher performance than most of the GPDs
especially over Southeastern Anatolia where among GPDs, some satellite-based GPDs
such as the PERSIANN datasets including its gauge-corrected version (PERSIANN-
CDR), TMPA-3B42RTv7, and CHIRPv2.0 present lower performance over regions
which experience extremes such Black Sea, Central Anatolia, and Eastern Anatolia.
While considering the seasonal effect and climate condition at the same time, some GPDs,
such as MSWEPV2.8 during the winter and autumn seasons and ERAS during the winter
season, show the highest performance over Marmara and Aegean regions, which is
followed by IMERGHHFvV06 over Southeastern Anatolia during the spring season, while
some satellite-based GPDs, such as the PERSIANN datasets, IMERGHHL(E)v06, and
CHIRPv2.0 over Southeastern Anatolia during the summer, TMPA-3B42RTv7 over
Central Anatolia, and SM2RAIN-ASCAT over Eastern Anatolia during the winter,
demonstrate the lowest performance compared to other GPDs. Considering the monthly
time step for the entire period, some multi-source GPDs such as MERRA-2 and
MSWEPv2.8 demonstrate the highest performance among selected GPDs over
Southeastern Anatolia, while ERAS, which is one of the reanalysis datasets, comes in
with the third-best performance over Southeastern Anatolia, which is followed by CPCvl1
over Aegean regions. While looking at the lowest-performing GPDs at the monthly time
step, among gauge-uncorrected GPDs, some satellite-datasets such as PERSIANN-CCS
and PERSIANN show the weakest performance over the Black Sea region, and many
satellite-based GPDs show lower performance over regions that experience extremes,
such as the Black Sea, Central Anatolia, Southeastern Anatolia, and Aegean climate
zones, respectively. In the same way, considering the combined effect of different seasons
and climate zones on GPDs performance for the monthly time step, it is interesting that
the highest performance and the lowest performance occur in the same climate zones at
different seasons; for example, CPCvl and TMPA-3B42v7 demonstrate the highest
performance among selected GPDs over Southeastern Anatolia during the autumn season,
whereas some gauge-corrected GPDs such as PERSIANN-CDR and satellite-based
datasets, including PRESIANN-CCS and IMERGHHEvV06, demonstrate the lowest
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performance over southeastern Anatolia during the summer season. In the same way,
during the winter season, some GPDs such as SM2RAIN-ASCAT over Eastern Anatolia
and MSWEPv2.8 over the Marmara region show the lowest and highest performance,

respectively.
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Figure 3.18. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the daily precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
seven distinct climate zones, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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It's worth mentioning that looking at the correlation of selected GPDs to observed
precipitation over different climate zones, and individual time steps, GPDs demonstrate
higher correlation for the monthly time step than for the daily time step, and the summer
and winter seasons are relatively critical for GPDs correlation to the observed,
comparatively. Taking the combined effect of climate zones and different temporal scales
for the daily time step, ERAS shows the highest correlation over southeastern Anatolia,
which is followed by CFSR over the Aegean region during the winter season, while
MSWXv100 over Southeastern Anatolia and MSWEPV2.8 over the Aegean come in with
the third and fourth best correlations during the winter season. Where the lowest
correlation was obtained by SM2RAIN-ASCAT, MERRA-2, and MSWXv100, and
ERAS over Southeastern Anatolia during the summer season. For the monthly time step,
IMERGHHEFv06 and CPCv1 show the highest monthly correlation to the observed over
Southeastern Anatolia and the Aegean regions for the winter season and entire period.
Where TMPA-3B42v7 over the southeastern Anatolia region during the winter season
and PERSIANN-CCS over the Aegean region during the spring season show the lowest
correlation to observed precipitation compared to other GPDs.

It is also important to see the GPDs bias distribution compared to observed
precipitation considering different climate zones and individual temporal scales such as
the entire period and four seasons at the daily and monthly time steps, which is expressed
in the form of the ratio of bias component of KGE. As it was mentioned earlier, the ratio
of bias stays unchanged when the time step changes from daily to monthly, where there
is some variation of bias considering the seasonal variability of precipitation and GPDs,
which seems to show higher underestimations of bias during the rainy seasons such as the
spring and winter and overestimations of bias for the summer and autumn seasons over
distinct climate zones for both time steps. Considering the GPDs ratio of bias distribution
over different climate zones for the entire period at both time steps, among selected GPDs,
satellite-based GPDs either highly overestimate or drastically underestimate the ratio for
bias. For example, PERSIANN-CCS shows the highest overestimation of bias over
Central Anatolia and Eastern Anatolia, whereas TMPA-3B42RT demonstrates a
relatively higher ratio of bias over Central Anatolia, which is followed by
IMERGHHL(E)v06 over the Aegean region. However, some exceptions exist; for
example, PERSIANN-CDR, which is known as one of the gauge-corrected GPDs and

supposed to show lower bias, but the dataset highly overestimates bias over Central
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Anatolia, which is more intense than the CFSR ratio of bias over Eastern Anatolia and

Aegean regions or IMERGHHL over Marmara region in terms of magnitude.

MSWXv100-

polad alju3g

PERSIANN-CDR-
i I
PDIR-Now-

>=1.5

MSWXv100- 1.0
MSWEPV2 8-

Jewwng

TMPA-3B42RTv7 - (021 |

PERSIANN-CDR- (028 |

PERSIANN-CCS -
PERSIANN -

0.5

CFSR- o
SM2RAIN-ASCAT -
IMERGHHFV06 -
IMERGHHLV06 -

<=0.0

MSWEPv2.8-0J
CHIRPSv2.0
CHIRPv2.0
MERRA-2 -
ERAS-

CFSR-!
SM2RAIN-ASCAT -
IMERGHHFV06 -
IMERGHHLV06 -
IMERGHHEV06 -
TMPA-3B42v7 - (066
TMPA-3B42RTv7 -
PERSIANN-CDR -
PERSIANN-CCS -
PERSIANN -

Figure 3.19. GPDs reliability at the regional scale is expressed in the form of KGE and its three
components (R, Bias, and VR) for the monthly precipitation, considering data from 2015 to
2019 and four seasons. The heat table represent the median of KGE and its components over
seven distinct climate zones, respectively. The y-axis color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

On the other hand, among selected GPDs, it is again satellite-based datasets that
highly underestimate the ratio of bias. For example, the PERSIANN dataset, except for
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the Mediterranean region, shows the highest underestimation of bias over most climate
zones, followed by TMPA-3B42RTv7 over Southeastern Anatolia and SM2RAIN-
ASCAT over Eastern Anatolia regions. Considering the effect of climate conditions and
seasonal variability of precipitation for both time steps, among multi-source GPDs,
PERSIANN-CDR highly overestimates bias over Southeastern Anatolia, followed by
some satellite-based GPDs, such as PERSIANN-CCS, PDIR-Now, and
IMERGHHL(E)v06, over the Southeastern Anatolia region during the summer season,
while SM2RAIN-ASCAT over Eastern Anatolia during the winter season, PERSIANN
datasets over almost all regions and all seasons highly underestimate the ratio of bias,
whereas the reset of GPDs shows slightly overestimation or underestimating bias over
different climate zones, respectively.

Considering the variability ratio of GPDs over different climate zones and different
temporal scales at both time steps, the variability ratio is underestimated by many GPDs
for the daily time step, especially during the spring and summer seasons, compared to the
monthly time step. Looking at the combined effects of climate variability and different
temporal scales (entire period and four seasons) for the daily time step, some gauge-
uncorrected GPDs such as CHIRPv2.0 highly underestimate the variability of
precipitation over different climate zones, which is intense over Aegean region during the
summer seasons, followed by some other GPDs, such as PERSIANN-CDR, MSWXv100,
SM2RAIN-ASCAT, and PERSIANN datasets, over different climate zones, especially
during the spring and summer seasons, whereas some GPDs, such as TMPA-
3B42(RT)v7and PERSIANN, show the highest overestimation of the variability ratio
over Southeastern Anatolia during the season at the daily time step. For the monthly time
step, CHIRPv2.0 still shows highly underestimated variability over different climate
zones, which is intense over Southeastern Anatolian and Mediterranean regions during
the spring season, followed by SM2RAIN-ASCAT and PERSIANN-CDR over different

climate zones, especially during the spring and summer seasons, comparatively.

3.1.6. GPDs frequency and detectability analysis

3.1.6.1. Intensity-frequency analysis and detectability of GPDs over entire region
Figure 3.20 presents the results of PDFs of daily precipitation with different

intensities at the regional scale for the entire region, obtained from observed data and 18

GPDs for the entire period and four seasons. Overall, observed precipitation and selected
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GPDs show that the frequency of precipitation occurrence decreases as the intensity
increases. From the results, it demonstrates that 80% of total observed precipitation events
are within the 0—1 mm/day range for the entire period, where this amount decreases to
75% during the spring season and reaches its maximum of 89% during the summer
season, while 82% of total observed precipitation is placed within the intensity threshold
(0—1 mm/day) during the autumn season, and finally it reaches its lowest frequency (70%)
during the winter season. Furthermore, observed precipitation shows a lower frequency
(Iess than 15%) for light (1-5 mm/day) and moderate (5-20 mm/day) precipitation over
the entire period and each season, while the lowest frequency of precipitation occurrences
is obtained for heavy (2040 mm/day) and extreme (more than 40 mm/day) precipitation
events. As a result, GPDs demonstrate different frequencies of precipitation occurrences
over distinct precipitation intensity thresholds. For example, PERSIANN displays higher
frequency for precipitation less than 1 mm/day, which underestimates the frequency of
observed precipitation for light, moderate, heavy, and extreme precipitation. On the other
hand, PDIR-Now shows a lower frequency of precipitation within 0—1 mm/day and
overestimates the frequency of observed precipitation for light precipitation. CHIRPv2.0
underestimates the observed precipitation frequency for intensities less than 1 mm/day
and shows higher frequency for light precipitation, which demonstrates a close frequency
for moderate precipitation, and again underestimates the observed frequency for heavy
and extreme precipitation. PERSIANN-CDR overestimates heavy precipitation during
the spring season, and SM2RAIN-ASCAT overestimates light precipitation during the
summer season, while SM2RAIN-ASCAT also overestimates light precipitation for the
rest of the time periods. Moreover, the frequency of observed precipitation for
extreme precipitation is only overestimated by IMERGHHL(E)v06 for all temporal
periods (except the summer season), where ERAS shows higher frequency of extreme
precipitation during the summer season. Hence, a high overestimate/underestimate of
observed precipitation frequency by GPDs within a certain intensity threshold directly
affects their detectability strength, especially if larger frequency bias occurs for
precipitation of higher magnitude.

The Hanssen-Kuiper Skill (HKS) is utilized to assess the detection ability of GPDs
for different precipitation events occurrence for the entire period and individual seasons

at a daily time step (Figure 3.21).
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Figure 3.20. Daily precipitation frequency for five different intensities from observed and 18 GPDs for the
entire period and four seasons. The legend color presents the source (s) of GPDs: satellite
(blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis (green),

reanalysis, ground, and satellite (steel blue), and ground (yellow).

Overall, GPDs show higher detectability for catching precipitation events with

different intensities during the autumn and present relatively lower detection ability in the
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summer seasons. Furthermore, the detection strength of GPDs decreases as the
precipitation intensity increases, which is generally the case in literature. This is due to
the classification of several intensity classes, which makes it difficult to differentiate
between them rather than a straightforward rain/no rain scenario. This division gets even
more problematic when the occurrence probability of a certain event is seen much more
rarely compared to other classes (heavy and extreme events), as can be seen from Figure
3.20. As aresult, detecting a rarely occurring very intense precipitation event has a weaker
performance when assessed against a more frequently occurring light storm. Furthermore,
many GPDs show comparatively higher detectability of moderate precipitation (5-20
mm/day) than light storms (1-5 mm/day). This can be attributed to the fact that the
underestimation/overestimation of observed precipitation frequency over a frequently
occurring light storm is more sensible than that frequency bias over rarely occurring
classes (Figure 3.20). In other words, the same amount of frequency bias for a certain
GPD has a higher effect on high-frequency events than on lower-frequency events. In
general, considering the detection ability of GPDs for the entire period and four seasons,
MSWEPvV2.8 demonstrates the highest detectability of no-precipitation events and
outperforms all GPDs during the autumn season and entire period, followed by ERAS
during the autumn and winter seasons, and MSWXv100 during the autumn season and
entire periods, while CHIRPSv2.0 presents the lowest detectability of no-precipitation
events among selected GPDs during the summer season, followed by PERSIANN,
SM2RAIN-ASCAT, and TMPA-3B42(RT)v7 datasets during the winter season. In the
same way, still MSWEPv2.8 presents the highest detectability of light precipitation
among selected GPDs during the entire period, autumn, and spring seasons, followed by
PDIR-Now during the summer season and MSWXv100 for the entire period, while
CHIRPSv2.0, and TMPA-3B42(RT)v7 show the lowest detectability of light
precipitation during the winter and autumn seasons. It is important to see that ERAS
shows the highest detection strength for moderate precipitation during the winter season,
where MSWXv100 during the winter season and SM2RAIN-ASCAT during the autumn
season come in with the second- and third-best detection abilities, respectively, while
some GPDs, such as CHIRP2.0 and MERRA-2 in the summer and PERSIANN during
the entire period, spring and winter seasons, show the lowest detectability of moderate
precipitation compared to other GPDs. Furthermore, it looks like both reanalysis datasets

show the highest ability of detecting heavy precipitation events during the winter season,
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followed by IMERGHHFv06 and TMPA-3B42(RT)v7 in the autumn and MSWXv100,
MERRA-2, and MSWEPv2.8 during the winter season, while CHIRPv2.0, SM2RAIN-
ASCAT, and MSWXv100 in the summer and SM2RAIN-ASCAT and PERSIANN in the
winter demonstrate the lowest detectability of heavy precipitation events. Finally, it is the
IMERGHHVO06 final and near real-time datasets that show the highest detection ability of
extreme precipitation for the entire period and different seasons, and CHIPRv2.0 and

PERSIANN-CDR demonstrate the lowest detection abilities of extreme precipitation,

respectively.
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Figure 3.21. Detectability of GPDs at the regional scale expressed in the form of Hanssen-Kuiper Skill
score for the entire period and four seasons. The legend color presents the source (s) of
GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

3.1.6.2. Intensity-frequency analysis and detectability of GPDs over elevation ranges
Figure 3.22 shows the frequency of different precipitation events from observed

precipitation and selected GPDs for four elevation ranges at the regional scale,

considering the entire study period and seasonal precipitation. In general, observed

precipitation and GPDs follow the same trend of PDFs as the entire region (section
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3.1.6.1), where their frequency decreases as the intensity increases. Some GPDs,

including CHIRPv2.0, SM2RAIN-ASCAT, PDR-Now, and PERSIANN-CDR, often

underestimate the observed frequency for the intensity between 0 and 1 mm/day almost

over the entire period and each season for all elevation ranges. Moreover, the

overestimation of frequency by GPDs occurs for light precipitation (1-5 mm/day).
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Figure 3.22. Daily precipitation frequency for five different intensities from observed and 18 GPDs for the

entire period and four seasons over four elevation ranges. The y-axis color presents the
source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Considering the seasonal precipitation, there is a large difference between GPDs

frequencies for light precipitation during the winter season. Among GPDs, PDIR-Now is

highly affected by elevation and shows a higher frequency over highly elevated regions
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(areas with more than 1500 m), whereas SM2RAIN-ASCAT overestimates the observed
frequency for light precipitation in low-elevation lands (with less than 500 m),
particularly during the winter season.

Figure 3.23 presents the detection ability of GPDs over four elevation ranges, which
is expressed in the form of Hanssen-Kuiper Skill (HKS) score for the entire study period
and seasonal precipitation at the regional scale for different precipitation intensities.
Overall, GPDs show slightly higher detectability strengths for low-elevated lands (with
elevation of less than 500 m), and their detectability decreases as the elevation increases.
Considering the combined effect of elevation change and temporal such as entire period
and different season on GPDs detectability, MSWEPv2.8 demonstrate the highest
detection ability of no-precipitation over areas having elevation less than 500 m and 500-
100 m during the entire period, autumn and winter seasons, followed by MSWXv100,
CFSR, and ERAS over area with elevation less than 500 m during the autumn season,
while some satellite-based GPDs such as SM2RAIN-ASCAT and PERSIANN during the
winter season, and some multi-source GPDs, including TMPA-3B42v7 and CHIRPSv2.0
during the winter and summer season show the lowest detection ability of no-precipitation
events over regions with elevation more 1500 m compared to other selected datasets. In
the same way, PDIR-Now shows the highest skill of detecting light precipitation over
areas with elevation more than 1500 m and 1000-1500 m during the summer season,
while MSWXv100 during the summer season and MSWEPv2.8 during the autumn season
come in with the second and third best detection abilities of light precipitation over areas
with elevation more than 1500 m, while some GPDs, such as CHIRPSv2.0 over areas
with elevation less than 500 m and SM2RAIN-ASCAT and TMPA-3B42(RT) over
regions having elevation more than 1500 m, present the lowest detectability of light
precipitation compared to other selected GPDs during the winter autumn seasons.
Furthermore, it’s worth mentioning that some gauge-uncorrected GPDs such as
SM2RAIN-ASCAT shows the highest detection ability of moderate precipitation over
areas with elevation less than 500 m and 500—-1000 m during the autumn season, followed
by ERAS5 and MSWXv100 over areas with elevation 500—-1000 m and 1000-1500 m
during the winter season and MSWEPV2.8 over areas having elevation 500—-1000 m
during the autumn season, while SM2RAIN-ASCAT over areas with elevation more than
1500 m during the winter season, CHIRPv2.0 over all elevation ranges during the summer

season and PERSIANN dataset over different elevation range and seasons shows
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drastically lower detectability of moderate precipitation compared to other selected

GPDs.
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Figure 3.23. Detectability of GPDs at the regional scale expressed in the form of Hanssen-Kuiper Skill
score for the entire period and four seasons over four elevation classes. The legend color
presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and
satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and

ground (yellow).

The highest detection ability of heavy precipitation is obtained by CFSR over areas
with elevations of 500—1000 m, followed by ERAS and MSWXv100 during the winter

season, where IMERGHHFvV06 is also able to present a higher detection ability over areas
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with elevations less than 500 m during the autumn season, while CHIRPv2.0, SM2RAIN-
ASCAT, and sometimes CPCvl show the lowest heavy precipitation detection over
different elevation ranges considering the entire period and four seasons. Finally, it is the
IMERGHHV06 final and its near real-time datasets that mostly show the highest
detectability of extremes precipitation, especially over regions with elevation less than
500 m for different temporal, which is followed by TMPA-3B42v7 dataset, while CFSR,
CHIRP(S)v2.0, CPCvl, and ERAS show the lowest detection ability of extremes
precipitation compared to other GPDs over different elevation ranges and temporal,

respectively.

3.1.6.3. Intensity-frequency analysis and detectability of GPDs over wetness classes

Figure 3.24 presents the results of PDFs of daily precipitation events over different
intensities for four wetness classes at the regional scale, obtained from observed data and
18 GPDs for the entire period and four seasons. Overall, the frequency of observed and
GPDs decreases as the intensity increases. Many GPDs and observed precipitation show
a high frequency of no-rainy days (0—1 mm/day), which becomes more intense for the
summer season, and some GPDs overestimate light precipitation frequency over all
wetness classes, comparatively. Generally, most GPDs show a different frequency of no-
rain and light precipitation over wet regions for the entire period and each season.
Furthermore, some GPDs, including CHIRPv2.0, MERRA-2, ERAS, CFSR, SM2RAIN-
ASCAT, PERSIANN-CDR, and PDIR-Now, show higher rainy days and significantly
underestimate no-rainy days (0—1 mm/day), especially over moderately dry and
moderately wet regions during the winter season. Hence, GPDs show relatively close
frequency trend for the spring and winter seasons as well as summer and autumn seasons
over all wetness classes. Considering the entire study period and four seasons, wet regions
are identified as the most critical wetness class for GPD frequency analysis.

Figure 3.25 displays the detection ability of 18 GPDs for five distinct precipitation
intensity thresholds at the regional scale over four wetness classes for the entire study
period and four seasons. The detectability strength of many GPDs decreases as the
intensity increases with a positive slope transition from light to moderate precipitation. In
other words, GPDs are able to identify no-rainy days with higher detectability, and their
detectability significantly decreases for light precipitation and increases for moderate

precipitation, then extends with a negative or positive slope for heavy and extreme
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precipitation events over all wetness classes and time scales. However, some GPDs are
grouped exceptionally, including PERSIANN, which shows a constant negative slope for

precipitation detection from the no-rain threshold to extreme precipitation.
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Figure 3.24. Daily precipitation frequency for five different intensities from observed and 18 GPDs for the
entire period and four seasons over four wetness classes. The y-axis color presents the source
(s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

In general, GPDs show higher detectability during the autumn seasons, followed by
the winter and spring seasons, and GPDs' detectability is close to each other and weaker
during the summer season over all wetness classes. Considering the detection ability of
GPDs over all four wetness classes under different temporal scales such as the entire

period and four seasons, MSWEPv2.8 dataset shows the highest detection ability of no-
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Figure 3.25. Daily precipitation frequency for five different intensities from observed and 18 GPDs for the
entire period and four seasons over four elevation ranges. The legend color presents the
source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

precipitation event over moderately dry and wet region during the autumn season, where
ERAS5 by showing higher detection ability of no-precipitation over moderately dry and
moderately wet region come in with the second-based detection ability during the autumn
and winter seasons followed by IMERGHHFv06 over moderately dry regions during the
autumn season, while some GPDs such as SM2RAIN-ASCAT, PERSIANN, TMPA-
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3B42(RT)v7 and CHIRPSv2.0 show lowest detection ability of no-precipitation event
over wet regions especially during the summer season. Some GPDs such as PDIR-Now
and MSWEPvV2.8 outperform other datasets and show the highest detection ability of light
precipitation for the entire period and summer and autumn seasons, followed by
PERSIANN-CDR during the summer season and ERAS5 during the autumn season over
dry regions, whereas some datasets such as SM2RAIN-ASCAT, CHIRPSv2.0, TMPA-
3B42(RT)v7, and PERSIANN show lower detection abilities of light precipitation
compared to other GPDs, especially over wet regions, for different seasons. In the same
way, it is ERAS and MSWXv100 during the winter season and MSWEPv2.8 and
IMERGHHFvV06 during the autumn season that show higher detection abilities of
moderate precipitation over dry and some time over moderately dry regions, while
PERSIANN, TMPA-3B42RTv7, CHIRPv2.0, and PERSIANN-CCS show lower
detectability of moderate precipitation, especially over wet regions, considering different
seasons. Furthermore, among selected GPDs, CFSR was able to show the highest
detection ability of heavy precipitation during the winter season over different wetness
classes except for the wet regions, which is followed by MSWXv100 over moderately
dry and ERAS5 over dry and moderately dry regions, where some GPDs, such as
CHIRPv2.0 during the spring and summer over dry and moderately dry regions,
PERSIANN over wet regions during the winter, and SM2RAIN-ASCAT over dry regions
during the autumn season show lower detectability of heavy precipitation compared to
other selected GPDs. Finally, the IMERGHHvO06 datasets were able to demonstrate
higher detection of extreme precipitation over different wetness classes and seasons,
while CFSR and CHIRPSv2.0 show lower detectability of extreme precipitation,

especially over dry regions for different seasons.

3.1.6.4. Intensity-frequency analysis and detectability of GPDs over climate zones
Figure 3.26 presents the frequency of observed and GPDs daily precipitation for
five intensity thresholds at the regional scale over seven climate zones for the entire study
period and four seasons. Many GPDs, including MSWXv100, CHIRPv2.0, MERRA-2,
ERAS, CFSR, PERSIANN-CDR, and PDIR-Now, underestimate no-rainy days over the
Black Sea region for all temporal scales. Moreover, GPDs and observed precipitation
show the highest frequency of no-rain over Southeastern Anatolia during the summer

s€ason.
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Figure 3.26. Daily precipitation frequency for five different intensities from observed and 18 GPDs for the
entire period and four seasons over seven climate zones. The y-axis color presents the source
(s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

The CHIRPSv2.0 dataset consistently underestimates the frequency of light
observed precipitation almost across all climate zones and temporal, whereas reanalysis

datasets such as ERAS and CFSR overestimate the frequency of moderate observed
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precipitation over the Black Sea, and it becomes more intense over highly elevated lands
such as Eastern Anatolia during the winter season, where many satellite-based GPDs
underestimate moderated precipitation across all climate zones.

GPDs demonstrate different frequencies for the selected five precipitation intensity
thresholds, and even a particular GPD may demonstrate a different frequency for a
specific intensity when the temporal window is changed. For example, CHIRPv2.0 over
Marmara underestimates the observed no-rainy days’ frequency for the entire study
period and spring season and overestimates for the rest of the time. The detection ability
of each GPD over different climate zones at the regional scale is expressed in the form of
Hanssen-Kuiper Skill (HKS) score for five daily precipitation intensity thresholds
considering the entire study period and four seasons (Figure 3.27). Generally, GPDs
follow the same trend of detectability as over wetness classes and elevation ranges, which
means many of them show higher detectability on no-rain days, then the detectability
decreases for light precipitation and extends to moderated precipitation with a positive
slope, and finally their detectability decreases for heavy and extreme precipitation, where
there is some negative and positive slope of detectability between heavy and extreme
events due to the classification demands for precipitation intensities considering five
different thresholds instead of a single rain/no-rain classification. However, some
exceptions do exist; there is higher detection ability of extreme precipitation events than
heavy for most of the GPDs over some climate zones, such as Aegean, Marmara,
Mediterranean, and Southeastern Anatolia, over individual temporal scales, such as the
entire period and four different seasons, where the detection ability of CHIRPSv2.0
dataset is mostly eye-catching over Southeastern Anatolia during the autumn season,
where the dataset shows higher detection ability of no precipitation and the detectability
decreases for the light precipitation, then it increases up to the heavy precipitation and
again shows lower detection ability for the extreme precipitation. Considering the
detection ability of GPDs over seven climate zones under different temporal constraints,
such as the entire period and four seasons, some GPDs, such as CFSR, MSWEPv2.8,
ERAS, and IMERGHHF(L)v06, show a higher detection ability of no-precipitation events
over Southeastern Anatolia and Aegean, especially for the autumn season and entire
period, whereas some datasets, including SM2RAIN-ASCAT, MERRA-2, PERSIANN,
and CHIRPv2.0, show a lower detectability of no-precipitation events over regions

experiencing extremes such as Southeastern Anatolia, Black Sea, and Central Anatolia
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during the summer and winter seasons. While PDIR-Now, PERSIANN-CDR, and

MSWXv100 over Eastern and Southeastern Anatolia during the summer season and
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Figure 3.27. Daily precipitation frequency for five different intensities from observed and 18 GPD:s for the
entire period and four seasons over seven climate zones. The legend color presents the source
(s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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SM2RAIN-ASCAT and MSWEPvV2.8 over Central Anatolia during the autumn season
demonstrate the highest detectability of light precipitation compared to other selected
GPDs, where some datasets, such as CHIRPSv2.0, show a lower detectability of light
precipitation in most climate zones under different temporal conditions. It’s worth
mentioning that SM2RAIN-ASCAT is able to present relatively higher detection skills
for moderate precipitation over Aegean, Marmara, Southeastern, and Central Anatolia
regions in different seasons, while ERAS and MSWXv100 are also able to show higher
detectability of moderate precipitation over Southeastern Anatolia during the winter
season. The same datasets (ERAS5, MSWXv100, and SM2RAIN-ASCAT) also show the
lowest detection ability of moderate precipitation, followed by CHIRPv2.0, MERRA-2,
and CFSR datasets over Southeastern Anatolia during the summer season. For the heavy
precipitation, it is interesting to see that CFSR and CHIRPSv2.0 show the highest
detection ability over Southeastern Anatolia during the winter and autumn seasons and
show the lowest detectability compared to other GPDs during the summer season. Finally,
it is the IMERGHHvO06 datasets that demonstrate the highest detection ability of extreme
precipitation over Marmara, Mediterranean, and Aegean regions considering different
seasons, which is followed by the TMPA-3B42(RT)v7 dataset, while TMPA-3B42RTv7
over Central Anatolia and CFSR and CHIRP(S)v2.0 over different climate zones mostly

show the lowest detectability of extreme precipitation considering individual seasons.

3.1.7. Summarizing GPDs performance

Figures 3.28 and 3.29 display the top-six and worst-six GPDs over the entire region,
seven climate zones, four wetness classes, and four elevation ranges for the entire study
period and individual seasons, which are ranked based on their performance under the
KGE performance indicator.

The GPDs' best and worst performance rankings differed at daily (Figure 3.28) and
monthly (Figure 3.29) time steps. For the daily time step, many multi-source GPDs, such
as MSWEP2.8, MSWXv100, IMERGHHFv06, and TMPA-3B42v7, show the best
performance for most of the time over different regional classifications, followed by some
reanalysis such as ERAS and the ground-based dataset (CPCv1), where among gauge-
uncorrected GPDs, satellite-based precipitation demonstrates the worst performance,
respectively. However, there are some exceptions; for example, IMERGHHLvO06, which

is a satellite-based dataset, demonstrates higher performance than reanalysis and ground
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data over Black Sea region or outperforms some gauge-corrected GPDs such as TMPA-
3B42v7 and MERRA-2 over Central Anatolia, where it is also one of the six best over
regions with elevation greater than 1000 m considering the entire period.

Moreover, PDIR-Now has become one of the best GPDs over the Mediterranean
region during the summer season, whereas ERAS5 demonstrates the highest performance
among the six best GPDs over many regional classifications during the winter season.
However, PERSIANN datasets consistently ranked as the worst performing GPDs across
multiple regional classification and temporal scales.

When the time step shifts from the daily to the monthly time step, still multi-source
GPDs rank among the six best-performing datasets, where CHIRPSv2.0 and MERRA-2
also look among the best-ranked GPDs. On the other hand, CPCvl, which takes

advantage of the spatial information of available ground data, is most of the time located
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Figure 3.28. GPDs best-six and worst-six ranking based on KGE for daily precipitation over the entire
region, seven climate zones, four wetness classes, and four elevation ranges. a) entire study
period, b) Spring season, c) Summer season, d) Autumn season, e) Winter season. The y-axis
color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

77



MSWEPv2.8
IMERGHHFv06
MSWXv100
TMPA-3B42v7

TMPA-3B42RTv7
PERSIANN
CHIRPv2.0

PERSIANN-CDR
PDIR-Now
PERSIANN-CCS

IMERGHHFV06
MSWEPv2 8
CHIRPSv2.0

MSWXv100
IMERGHHLv0&
IMERGHHEV06

CHIRPv2.0

TMPA-3B42RTv7
MERRA-2
PERSIANN-CDR
CFSR
PERSIANN-CCS

IMERGHHFv06
MSWEPv2.8
MSWXv100

IMERGHHLv06
TMPA-3B42vT
MERRA-2
CHIRPv2.0
PDIR-Now
PERSIANN-CDR
TMPA-3B42RTv7
PERSIANN-CCS

MSWEPVZ.8
IMERGHHFv06
MSWXv100
TMPA-3B42vT

ERAS
PERSIANN-CDR
PERSIANN
PDIR-Now
IMERGHHEV0&
IMERGHHLv06
PERSIANN-CCS

0.2 0.0 02 04 08

Entire Region

|||||||||||g 'lIIII||||II

o
2

<500

1510M

Iseg

Is10My

110/

IMERGHHFv06
MSWEPv2.8
TMPA-3B42v7
MSWXw100
ERAS

IRPv2.0
TMPA-3B42RTvT
IMERGHHLv0&
IMERGHHEV06
PDIR-Now
PERSIANN-CCS

MSWEPv2.8
IMERGHHFv0D6
ERAS
MSWXw100
TMPA-3B42v7

PERSIANN-CDR
PDIR-Now
PERSIANN
PERSIANN-CCS
IMERGHHLv08
IMERGHHEV08

IMERGHHFv06
MSWEPvZ.8
TMPA-3B42v7
MSWXw100
ERAS

iseg

PERSIANN
PERSIANN-COR
CFSR

Pv2.0
PDIR-Now
PERSIANN-CCS

ISI0M}

IMERGHHFv06
MSWEPv2.8

o MSWXv100
@ _ERAS
TMPA-3B42vT
PERSIANN
TMPA-3B42RTv7
CHIRPv2.0
PERSIANN-CDR
PDIR-Now
PERSIANN-CCS

Figure 3.28. Continued...

c)
IMERGHHFv06
TMPA-3B42v7
MSWEPv2.8
TMPA-3B42RTvT
PDIR-Now
MSWXv100
IMERGHHEVOE
IMERGHHLVO8
SM2ZRAIN-ASCAT
PERSIANN-CDR
CFSR

Ck

IMERGHHFv08
TMPA-3B42RTw7
TMPA-3B42vT
MSWEPv2.8
PDIR-Now

SM2RAIN-ASCAT
PERSIANN-CCS
IMERGHHEV06
CHIRPv2.0
IMERGHHLvO6
PERSIANN-CDR

TMPA-3B42v7
IMERGHHFv0&
TMPA-3B42RTwT
MSWEPv2.8
PDIR-Now
MSWXv100
IMERGHHEV06
MERRA-2
IMERGHHLvVO8
PERSIANN-CDR

CHIRPv2.0

IMERGHHFv08
MSWEPv2.8
TMPA-3B42v7

PERSIANN
MSWXy100
IMERGHHEVOE
MERRA-,
SM2RAIN-ASCAT
CFSR
PERSIANN-CDR
CHIRPv2.0

Entire Region

<500

-15 -1.0 -0.5 0.0 05

IMERGHHFv08
PERSIANN
TMPA-3B42v7
PERSIANN-CCS
MSWEPvZ.8
PDIR-Now
SM2RAIN-ASCAT
PERSIANN-CDR
CHIRP )
CFSR
IMERGHHEV0B
IMERGHHLv08

©
2

g
g

IMERGHHFv08
MSWEPv2.8
TMPA-3B42v7

MSWXw100
PERSIANN
PERSIANN-COR
PERSIANN-CCS
SMZRAIN-ASCAT
CFSR

MERRA-2

CHIRPv2.0

=
S
g

IMERGHHFv08
TMPA-3B42RTv7
TMPA-3B42v7
MSWEPv2.8
PERSIANN
PDIR-Now
SM2RAIN-ASCAT
PERSIANN-COR

159!

IMERGHHEV06

5
2
o

IMERGHHFv08
TMPA-3B842RTv7
TMPA-3B42v7
MSWEPv2.8
PDIR-Now
MSWXw100
SM2RAIN-ASCAT
PERSIANN-COR
CFSR
CHIRPv2.0
IMERGHHLv08
IMERGHHEV08

1598

1si0M

Figure 3.28. Continued...

02 00 02 04 06

MSWEPv2.8
IMERGHHFv06
MSWXv100
IMERGHHLv06

>
m

I ¢
IMERGHHEV0E
SM2RAIN-ASCAT
PERSIANN-CDR
PERSIANN
TMPA-3B42RTv7
PDIR-Now
PERSIANN-CCS

IMERGHHFvD6
MSWEPV2 8
MSWXv100
TMPA-3B42v7
RAS
IMERGHHLv06
SM2RAIN-ASCAT
PERSIANN-CDR
PERSIANN
PDIR-Now

1seg

g
i

CHI 2.0
PERSIANN-CCS

MSWEPvZ.8
IMERGHHFvO06
MSWXv100
ERAS
TMPA-3B42v7
MERRA-2
SM2ZRAIN-ASCAT
PERSIANN-CDR
CHIRPv2.0
PDIR-Now
PERSIANN-CCS
PERSIANN

1seg

g
g

|||||| . || = 1]
5 5

500-1000

IMERGHHFv06
MSWEPvZ.8
IMERGHHLv06
IMERGHHEV06
MSWXv100
TMPA-3B42v7
PERSIANN
TMPA-3B42RTv7
PERSIANN-CDR
PDIR-Now
CHIRPv2.0
PERSIANN-CCS

iseg

=
)
é

AEG

IMERGHHFvO6
TMPA-3B42yT
MSWEPv2 8
TMPA-3B42RTVT
MSWXv100

1s9g

IMERGHHEV06
PERSIANN-CCS
MERRA-2
SMZRAIN-ASCAT

1SI0M

IMERGHHFv06
TMPA-3B4ZRTv7
TMPA-3B42v7
PDIR-Now
MSWEPv2.8
CHIRPSv2.0
IMERGHHLv08

ERAS
PERSIANN-CDR
CFSR
CHIRPv2.0
SMZRAIN-ASCAT

1siop

IMERGHHFv06
MSWEPvZ.8
TMPA-3B42vT
MSWXv100

1598

PDIR-Now

CFSR

ERAS

MERRA-2
PERSIANN-CCS
SM2RAIN-ASCAT
CHIR

1SI0M.

IMERGHHFv08
TMPA-3B42v7
TMPA-3B42RTv7
MSWEPv2.8
PDIR-Now
MSWXv100
MERRA-2
PERSIANN
PERSIANN-CDR
PERSIANN-CCS

1809

1siom

-15 -1.0 05 0.0 05

CFSR
CHIRPv2.0

78

BLS
[
——
—
— O
=
———
==
— =
[

— H
== %
1

MED
fe=c—=u]
V=]
e
——
o=
|=—i—1
|

] =
= 5
] ]
] o
|
Mod-Wet
=
I —
—— O
—
[——
[ —
===
== s
= &
= b
= &
=
1000-1500
—_—
——
—
— 5
[
S
==

— s
[== 3
== a
o &

02 00 02 04 06

BLS

MED

—n-.!i""
iseg

isiom

sag

¥

1SIOM

1000-1500
-
=
=

iseg

1si0Mm

[ ]
-1.56 <10 -05 0.0 05

IMERGHHFv06

MSWEPv2.8

IMERGHHLv06

MSWXv100

IMERGHHEv06
ERA

HIRPv2.0
PERSIANN-CDR
TMPA-3B42RTv7
PERSIANN-CCS

IMERGHHFv06
MSWEPv2 8
MSWXv100

AS
TMPA-3B42v7
MERRA-2
PDIR-Now
PERSIANN-CDI

CHIRF
CFSR
PERSIANN
PERSIANN-CCS

MSWEPv2.8
MSWXyv100
IMERGHHF¥06
MERRA-2

CFSR
IMERGHHLvDE
TMPA-3B42RTVT
SM2RAIN-ASCAT
PERSIANN-CDR
PDIR-Now
PERSIANN-CCS
PERSIANN

MSWEPv2.8
IMERGHHFv06
MSWXv100
IMERGHHLv06

IMERGHHEV06
PDIR-Now
PERSIANN-CDR
MERRA-2

CFSR
TMPA-3B42RTv7
PERSIANN-CCS

-02 00 02

IMERGHHFvO06
TMPA-3B42vT
TMPA-3B42RTvT
MSWEPv2 8
MSWXv100
PDIR-Now
MERRA-2
CHIRPSvV2 0
PERSIANN
PERSIANN-CDR
CFSR
CHIRPv2.0

MSWEPv2.8
IMERGHHFv08
CHIRPSv2.0
CFSR
TMPA-3B42v7T
TMPA-3B42RTv7
PDIR-Now
IMERGHHLv08
IMERGHHEV06
PERSIANN-CCS
PERSIANN-CDR

IMERGHHFvO06
MSWEPv2.8
MSWXv100
IMERGHHLvO6
IMERGHHEV06

PERSIANN-CDR
SM2RAIN-ASCAT
CHIRPv2.0
PERSIANN
TMPA-3B42RTvT
PERSIANN-CCS

TMPA-3B42v7
IMERGHHFv06
TMPA-3B42RTv7
MSWEPv2.8
IMERGHHEV08
PDIR-Now
PERSIANN-CDR
CHIRPSv2.0
PERSIANN-CCS
S

CF:
SM2RAIN-ASCAT
CHIRPv2.0

o
>
=z

Iseg

1s10Mm

[%2]

=
‘2
seg

¥

IIIIIIIlIIl
110

Wet

Iseg

I1s10M

1seg

04 086

1SIOM

jseg

1siom

I
-1.5 -1.0 -05 0.0 05



d)
MSWEPv2.8
IMERGHHFv06
MSWXu100
RAS

TMPA-3B42v7

PERSIANN
TMPA-3B42RTv7
PERSIANN-COR
CHIRPv2.C

PDIR.
PERSIANN-CCS

IMERGHHFvO6
MSWEPvZ.8
MSWXw100
ERAS
TMPA-3B42vT
IMERGHHLv06
PDIR-Now
PERSIANN-CDR
SMZRAIN-ASCAT
CHIRPW2.0
PERSIANN
PERSIANN-CCS

MSWEPvV2.8
MSWXw100
RAS
IMERGHHFv0&
TMPA-3B42v7

CHIRPv2.0
PERSIANN-CCS
IMERGHHEV06
TMPA-3B42RTw7

PDIR-Now
PERSIANN-COR

MSWEP2.8
MSWXy100
ERAS
IMERGHHFvO6

MERRA-2
IMERGHHEV06
SM2RAIN-ASCAT
PDIR-Now
CHIRPv2.0

o
m
a
@
>
=
z

PERSIANN-CCS

Figure 3.28.

e)
MSWEPv2.8
ERAS
MSWXy100

IMERGHHFv06
CFSR
PERSIANN-CDR
SM2RAIN-ASCAT
PDIR-Now
PERSIANN-CCS
PERSIANN
TMPA-3B42RTw7

MSWEPv2.8

CHIRPSv2.0
CHIRPv2.0
MSWXy 100
IMERGHHLv08
TMPA-3B42v7
PERSIANN
PDIR-Now
TMPA-3B42RTvT
PERSIANN-CCS
SM2RAIN-ASCAT

IMERGHHLv06
MSWEPv2.8
IMERGHHEV08

CHIRPv2.0
MSWXw100
SM2RAIN-ASCAT
PDIR-Now
MERRA-2
PERSIANN-CDR
TMPA-3B42RTv7
PERSIANN-CCS

ERAS
MSWEPv2.8
MSWXw100
CFSR
IMERGHHFv08
MERRA-2
TMPA-3B42RTv7
PERSIANN-CDR
SM2RAIN-ASCAT
PERSIANN-CCS
PDIR-Now
PERSIANN

Entire Region
|
[ ]
—
——
]
=eaux
——=

. =
| )
| @
— -
|

EAN

e
EE—————
—
e
E———
—t—um
—
ey =
= B
— a
— -
[Em—

Dry
=
|
=
=]
e
I
=
= =
== 5
| ]
] L

|

<500

I
—m—
——
—
I
e
—
== s
— B
[— a
— &
—]

0.0 0.2 04 0.6
Continued...
Entire Region

i)
——
T
— S
T
E=u=u
=

=
| )
- é
n
EAN
[=—i=s]
=
— Bk
— 3k
=]
]
=]

=
Fl |

=]

Dry
—
I
— N
— k]
i
[

l-

=
s .
== -

E——

<500
—
—
—
e——
=1
=1 =

[=]
= 4
1

-0.50-0.250.00 0.25 0.50

Figure 3.28.

Continued...

MSWEPv2.8
IMERGHHFvO8
MSWXw100
TMPA-3B42vT
BCvi

ERAS

CHIRP:
PERSIANN-CCS
IMERGHHLv06
PDIR-Now
IMERGHHEV08
TMPA-3B42RTw7

MSWEPv2.8
MSWXw100
IMERGHHFvOG
ERAS

TMPA-3B42v7
PDIR-Now
IMERGHHEV06
CHIRPv2.0
SM2RAIN-ASCAT
PERSIANN
PERSIANN-CCS

MSWEPv2.8
IMERGHHFv06
MSWXw100

TMPA-3B42v7
CHIRPSv2.0
IMERGHHLv0E
CHIRPV2.0

TMPA-3B42RTw7
PDIR-Now
IMERGHHEv08

MSWEPvZ.8
MSWXy100
IMERGHHFvO6
ERAS
TMPA-3B42v7

IMERGHHEV06
TMPA-3B42RTWT
PERSIANN-CCS
CHIRPv2.0
PDIR-Now
PERSIANN-CDR

ERAS5
MSWEPvZ.8
MSWXw100
IMERGHHFv08

F
CFSR
TMPA-3B42RTv7
SM2RAIN-ASCAT
PERSIANN-COR
PERSIANN-CCS
PERSIANN
PDIR-Now

MSWEPvZ.8
ERA5
MSWXv100

IMERGHHFv08
MERRA-2
TMPA-3B42RTv7
PERSIANN-CDR
PERSIANN-CCS
SM2RAIN-ASCAT
PDIR-Now
PERSIANN

ERAS
MSWEPv2.8
MSWXy100
IMERGHHFv06

IMERGHHLv08
PERSIANN-CDR
TMPA-3B42RTv7

SM2RAIN-ASCAT
PERSIANN-CCS
PDIR-Now
PERSIANN

MSWEPv2.8
ERAS
MSWXy100
IMERGHHLv08
IMERGHHEV08
IMERGHHFv06
SM2RAIN-ASCAT
PDIR-Now
PERSIANN-COR
PERSIANN
PERSIANN-CCS
TMPA-3B42RTv7

AEG
]

sog
S
= 2
M ®

M "
=
%

15100

=
9]
2
o
<

1508

110/

o
2
I
o
o
o

o

8

=

=)

é

00 02 04 06
AEG

lII“IIIIIJI
1840/ 159!

=
>
I:u

IIIIIIII
oM 18

=
o
?_-
o
I~2

iseq

i
1SI0M

500-1000

M
iseg

1si0Mm

-0.50-0.250.00 0.25 0.50

MSWEFv2.8
MSWXv100

ERAS
IMERGHHFv08
IMERGHHLv08

PDIR-Now
TMPA-3B42RTv7

PERSIANN-CDR
PERSIANN

CHIR! 0
PERSIANN-CCS

IMERGHHFv06
MSWEPv2.8
MSWXv100

ERAS
TMPA-3B42v7
CFSR
PERSIANN-CCS
TMPA-3B42RTV7
SM2RAIN-ASCAT
PDIR-Now

IMERGHHLvO6
IMERGHHEV06

IMERGHHFv06
MSWEPv2.8
MSWXv100

ERAS
TMPA-3B42v7
CFSR
PDIR-Now
TMPA-3B42RTv7
SM2RAIN-ASCAT
CHIF 2
PERSIANN-CCS
PERSIANN

MSWEPv2.8
IMERGHHFv06
MSWXv100
ERAS
TMPA-3B42v7
CFSR
CHIRPv2.0
IMERGHHEV06
TMPA-3B42RTvT
PERSIANN-CCS
PDIR-Now
PERSIANN-CDR

MSWXv100
MSWEFv2.3
ERAS
IMERGHHLv06
IMERGHHEv08
PDIR-Now
TMPA-3B42v7
PERSIANN
SM2RAIN-ASCAT
TMPA-3B42RTv7
PERSIANN-CCS

ERAS
IMERGHHFv06
MSWxXv100
MSWEPv2.8
CFSR
IMERGHHLv06
PERSIANN-CDR
PDIR-Now
TMPA-3B42RTvT
SM2RAIN-ASCAT
PERSIANN-CCS
PERSIANN

ERAS
MSWXv100
MSWEPv2.8
CFSR
IMERGHHFv08
MERRA-2
PERSIANN-CDR
PDIR-Now
TMPA-3B42RTVT
PERSIANN-CCS
SM2RAIN-ASCAT
PERSIANN

MSWEPv2.8
MSWXv100

ERA5
IMERGHHLvO8

IMERGHHEV06
MERRA-2
SM2RAIN-ASCAT
PDIR-Now
PERSIANN-CDR
TMPA-3B42RTv7T
PERSIANN-CCS

iseg
-IIIII\‘\‘Il

JS10M

=
5]
&
&

1siom

100

T
-
[42]
o
o

1seg

1sI0pM

00 02 04 O

@

w
=
w

'IIIIIII
1508

< Hm__
m
o

1SI0M

Is10M 1se8

=

o

&

o4
ISI0M

-
o
o
o
i
[42]
o
o

1509

T
-|IIIIIIII
1s10M

-0.50-0.250.00 0.25 0.50

79

MSWEPv2.8
RAS
IMERGHHFv06
MSWXv100
TMPA-3B42v7

CFSR
TMPA-3B42RTv7
CHIRPv2.0
IMERGHHEV06
PERSIANN-CCS
PDIR-Now
PERSIANN-CDR

MSWEPv2.8
IMERGHHFv06
MSWXv100
IMERGHHLvDG
TMPA-3B42v7

ERAS
SM2RAIN-ASCAT
PDIR-Now
PERSIANN-CDR
CHIRPv2.0
PERSIANN-CCS
PERSIANN

CAN

iseg

1S10M

iseg

>
=
1SI0M

MSWEPv2.8

ERA
IMERGHHFv08
MSWXv100
IMERGHHLv06
CFs!

FSR
PERSIANN-CDR
PDIR-Now
SM2RAIN-ASCAT
CHIRPv2.0
PERSIANN-CCS
PERSIANN

IMERGHHFvD6
MSWEPvZ 8
MSWXv100
ERAS

MERRA-2
IMERGHHLvD6
TMPA-3B42RTvVT
PDIR-Now
PERSIANN-CDR
CHIRPv2.0
PERSIANN
PERSIANN-CCS

MSWEPv2.8
MSWXv100
ERAS
IMERGHHLv06

IMERGHHEv0&
PERSIANN
MERRA-2
PDIR-Now
PERSIANN-CDR
TMPA-3B42RTv7
PERSIANN-CCS

IMERGHHFv06
MSWXy100
MSWEPvz2.8
MERRA-2

ERAS
IMERGHHLVOB
SM2RAIN-ASCAT
PDIR-Now
PERSIANN-CCS
TMPA-3B42vT
PERSIANN
TMPA-3B42RTv7T

ERAS

CFSR
MSWEPv2.8
MSWXv100
MERRA-2
IMERGHHFv08
PDIR-Now
PERSIANN-CCS
TMPA-3B42v7
TMPA-3B42RTv7
SM2RAIN-ASCAT
PERSIANN

MSWEPv2.8
MSWXv100

ERAS

CHIRPvZ.0
CHIRPSv2.0
TMPA-3B42v7
PDIR-Now
PERSIANN-CDR
TMPA-3B42RTv7
PERSIANN-CCS
SM2RAIN-ASCAT

S99

L

1S10M

!
=_—
|
=

| E—

| ]

]

>1500

iseg

18I0M

=
o
o
)
I
=
o
@

1508

| F—
P
1sioM

w
>
Z

il

o)
Is10M

=

et

-0.50-0.250.00 0.25 0.50



at the top of the best-performing GPDs ranking over different regional classifications and
temporal scales. Still, satellite-based GPDs, especially PERSIANN datasets, are mostly
ranked as one of the worst-performing GPDs in different conditions for the monthly
precipitation. However, some GPDs, such as CFSR, is ranked as some of the best
performers and even outperform ERAS and some multi-source GPDs over wet regions,
where IMERGHHL/(E)v06 is also ranked as one of the best performers over Central
Anatolia during the winter season for the monthly time step.

Apart from GPDs performance over different region classifications under distinct
conditions such as temporal window or considering seasonal variability, the findings also
suggest that GPDs that employ ground data in their retrospective algorithms might not
always be able to get realistic precipitation predictions. The source of information,

rectification time scale, and available number of gauges used are crucial aspects that have
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Figure 3.29. GPDs best-six and worst-six ranking based on KGE for Monthly precipitation over the entire
region, seven climate zones, four wetness classes, and four elevation ranges. a) entire study
period, b) Spring season, c) Summer season, d) Autumn season, e) Winter season. The y-axis
color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).
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a significant impact on the final product's accuracy.

In general, there are three types of gauge-based data that are used in gauge corrected
GPDs: (1) point-based precipitation measurements based on rain gauge records; (2) GPDs
estimates based on interpolation of rain gauge records; and (3) point-based or gridded
gauge precipitation estimates that are combined with different satellite-based
precipitation datasets. For instance, TMPA-3B42V7 (G. J. Huffman et al., 2007) utilizes
the gridded form of monthly observed precipitation from GPCC with 1° spatial resolution,
while IMERGHHFvV06 (G. J. Huffman et al., 2020) and PERSIANN-CDR (Ashouri et
al., 2015) are adjusted with monthly data from GPCP, which is a merged product of
ground observations and satellite-based precipitation estimates and has a 2.5° spatial
resolution. In the same way, CHIRPSv2.0 (Funk et al., 2015) uses the CHPclim (i.e.,
gridded precipitation estimates merged with satellite precipitation estimates) dataset
(0.05°) and gauge precipitation estimates from various public data networks, where
MSWEPvV2.8 (Beck, Wood, et al., 2019) and MSWXv100 (Beck et al., 2022) employ
observed monthly precipitation estimates from GPCC and daily precipitation from
various sources. Finally, MERRA-2 (Reichle, Liu, et al., 2017) utilizes gridded observed
daily precipitation from CPCvl.

3.2. Hydrological evaluation of GPDs

In this context, selected GPDs are validated by utilizing them as a meteorological
forcing in the TUW hydrologic model under different model calibration scenarios. In the
direct comparison of GPDs with ground stations (section 3.1), it has been found that the
performance of each GPD varies in spatial and temporal dimensions. In other words, it 1s
usually recommended to investigate GPDs’ performance against ground stations before
employing them for streamflow simulation. As a result, stations within and near the basin
are selected for direct evaluation of GPD performance and hydrological utility over that

particular basin.

3.2.1. GPDs over the upper Euphrates (Karasu) basin
3.2.1.1. Direct comparison of GPDs

Figure 3.30 maps the mean daily precipitation and bias at the station level, obtained

from ground observation and 18 GPDs for the entire period (2015-2019). According to
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the observed data, the mean daily precipitation increases from the north (1-1.5 mm) to
the south (2.5-3 mm) of the basin. CPCvl, which is developed based on spatial
information collected from ground stations, displays mean daily precipitation close to
what is observed inside the basin and overestimates precipitation in the northeast and

underestimates it in the southwest parts of the basin.
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Figure 3.30. Mean daily precipitation and bias at the station level over the Karasu river basin from gauge
observations (Obs) and 18 GPDis for the period 2015—-2019.The title color presents the source
(s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Among gauge corrected GPDs, MSWXv100, MSWEPv2.8 and CHIRP(S)v2.0
deliver precipitation close to observed especially inside the basin where MERRA-2,
IMERGHHFv06, TMPA-3B42v7 and PERSIANN-CDR overestimates mean daily
precipitation with different bias. Both reanalysis GPDs (ERA5 and CFSR) show higher
precipitation outside of the basin. Among satellite-based GPDs, PERSIANN and
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SM2RAIN-ASCAT highly underestimate precipitation, where PERSIANN-CCS and
TMPA-3B42RTv7 show higher precipitation in the region compared to observed
precipitation, and IMERGHHE(L)v06 presents mean daily precipitation close to observed
precipitation, followed by PDIR-Now.

Figure 3.31 displays the mean daily precipitation and bias for the selected GPDs at
the regional scale, considering the entire period and four seasons (spring, summer,
autumn, and winter). According to observed mean daily precipitation, the region receives
more precipitation during the spring (2.24 mm) followed by winter (1.78 mm), while the
summer (0.74 mm) and autumn (1.2 mm) seasons show less precipitation, with a 1.5 mm

mean daily precipitation estimated over the Karasu basin for the entire period.
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Figure 3.31. Mean daily precipitation and estimated bias at the regional scale over Karasu basin for the
entire period and four seasons. The color of the legend text presents: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

CPCv1 presents mean precipitation that is close to the observed for the entire period

and all seasons where the estimated mean daily precipitation bias does not exceed +0.3
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mm. Moreover, both CHIRPv2.0 and CHIRPSv2.0 reproduce mean daily precipitation
well and only underestimate precipitation during the winter season, where MSWXv100,
MSWEPv2.8, and IMERGHHFv06 present mean daily precipitation close to the
observed, and MSWEPV2.8 shows higher accuracy than MSWXv100 during the winter
season. Many gauge-corrected GPDs, including MERRA-2, TMPA-3B42v07, and
PERSIANN-CDR, present relatively higher precipitation for the entire study period and
four seasons. Among reanalysis GPDs, ERAS outperforms CFSR, but both datasets
overestimate observed precipitation, which is more intense for CFSR. Among satellite-
based GPDs, both IMERGHHEv06 and IMERGHHLVO6 reproduce mean daily
precipitation close to observed, while TMPA-3B42RTv7, PERSIANN-CCS, PDIR-Now
overestimate, and PERSIANN and SM2RAIN-ASCAT significantly underestimate
considering the entire period and four seasons. As a result, SM2RAIN-ASCAT,
PERSIANN for the entire period; CPCvl, SM2RAIN-ASCAT, IMERGHHL(E)v06, and
PERSIANN in the spring season; PERSIANN-CCS, PERSIANN, and TMPA-3B42RT
in the summer season; PERSIANN, SM2RAIN-ASCAT, and IMERGHHLvO06 in the
autumn; and CHIRP(S)v2.0, SM2RAIN-ASCAT, and PERSIANN during the winter
season underestimate observed mean daily precipitation at the regional scale over Karasu
basin where the rest of GPDs shows higher precipitation than the observed.

The reliability of GPDs at the station location over Karasu basin is expressed in the
form of KGE along with its correlation coefficient (R), the ratio of bias (Bias), and
variability ratio (VR) (Figure 3.32). Overall, CPCv1 shows relatively higher performance
compared to many GPDs and is the only GPD whose temporal variation is entirely
dependent on ground observation. Among multi-source GPDs, MSWEPvV2.8 has higher
performance and even outperforms the CPCvl dataset, followed by CHIRP(S)v2.0,
MSWXv100, and IMERGHHFv06, while MERRA-2, TMPA-3B42RTv7, and
PERSIANN-CDR perform relatively poorly inside and north of the basin and relatively
better in the southern regions. In the same way, CHIRPv2.0 was able to present close
performance to its gauge-corrected version (CHIRPSv2.0), while ERAS and CFSR show
higher performance in the southern part of the basin than in the inside and northern parts.
Among satellite-based GPDs, IMERGHHL(E)v06 and SM2RAIN-ASCAT demonstrate
higher performance, and even IMERGHHL(E)v06 outperforms its final version
(IMERGHHFv06), where PERSIANN and PDIR-Now outperform TMPA-3B42RTv7
and PERSTANN-CCS and show higher performance than PERSIANN-CDR datasets. The
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correlation component also follows directly the final KGE most of the time, where CPCv1
and some multi-source and reanalysis datasets show higher correlation than the other
GPDs at the station location, where the ratio of bias and variability ratio vary from one

GPD to another and even a single dataset shows different values over individual stations.
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Figure 3.32. Reliability of GPDs at the station level expressed in the form of KGE and its individual
components at a daily time step over the Karasu river basin. The title color presents the source
(s) of GPDs: satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Figure 3.33 displays the performance of GPDs at the regional scale expressed in the
form of the KGE and its three components over Karasu basin for the entire study period
and four seasons. In general, GPDs show higher performance during the spring and
autumn seasons than during the summer and winter seasons. As a result, MSWEPv2.8

outperforms other selected GPDs for the entire study period (median of KGE: 0.43) and
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in the spring (median of KGE: 0.47) season, which is followed by CPCv1 and other multi-
source GPDs. Overall, some gauge-corrected GPDs such as MERRA-2, IMERGHHFV06,
TMPA-3B42v7, and PERSIANN-CDR, reanalysis datasets, and many satellite-based
GPDs show relatively lower performance, and the performance of many GPDs becomes
worse during the winter season. However, some exceptions exist, for example, ERAS,
which performs relatively lower but shows the second-best performance during the
autumn season, or PERSIANN, PDIR-Now, and SM2RAIN-ASCAT, which show
relatively higher performance than other gauge-uncorrected and some gauge-corrected
GPDs for different temporal. In the same way, GPDs show higher correlation to the
observed precipitation during the autumn season and relatively lower during the summer
season, where datasets highly overestimate the ratio of bias during the winter season and

GPDs show mostly underestimation of variability ratio at the regional scale.

Entire Period Spring Summer

035 [ 1,02 [noean|
048 | 104

045 [ 110

SM2RAIN-ASCAT -
IMERGHHFV06 -
IMERGHHLVOG -
IMERGHHEWV0E -
TMPA-3B42v7 -
TMPA-3B42RTv7 -
PERSIANN-CDR -
PERSIANN-CCS -
PERSIANN- [ o
PDIR-Now - 042 |
R Bias VR

Coan | o ! :
033 | 045 Bl | 0% | 059
KGE R Bias VR KGE R

Figure 3.33. Reliability of GPDs at the regional scale expressed in the form KGE and its individual
components for daily and monthly precipitation over Karasu basin for the entire period and
four seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).

Figure 3.34 summarizes the frequency of observed and selected GPDs for five
different precipitation intensities over Karasu basin for the entire study period and four
seasons. According to the observed data, around 77% of precipitation events occur in the
range of 0—1 mm/day for the entire period, while this amount decreases for spring and
winter precipitation and shows higher frequency during summer and autumn.
Furthermore, as expected, the frequency of precipitation events decreases as the intensity
of precipitation increases. GPDs display varied frequency of precipitation intensities,
which are particularly obvious in the spring. Among GPDs, PERSIANN exhibits a higher

precipitation frequency with intensities ranging from 0 to 1 mm/day compared to the
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observed and presents less frequency of light precipitation (1-5 mm/day) events during
the entire period and all seasons, where the opposite is the general case for PDIR-Now.
Many GPDs present higher precipitation frequencies of light precipitation during the
spring season followed by the winter season, and overestimation of light frequency is
more observable for CHIRPv2.0, SM2RAIN-ASCAT, and PDIR-Now during the

summer and autumn seasons.
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Figure 3.34. Frequency of GPDs for different daily precipitation intensities over Karasu basin for the
entire period and four seasons. Y-axis color presents: satellite-based (blue), gauge and
satellite (red), reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and
satellite (steel blue), and ground (yellow).

The detectability of GPDs for five different precipitation intensities is evaluated by
employing the Hanssen-Kuiper Skill (HKS) score over Karasu basin for the entire study
period and for seasons (Figure 3.35). Generally, GPDs show higher detectability during
autumn and lower detectability during summer. Additionally, the detection strength of
GPDs decreases as the precipitation intensity increases, which is generally the case in
literature. This can be attributed to the classification of several intensity classes, which
makes it hard to differentiate between them instead of a simple rain/no rain scenario. This
division gets even more problematic when the occurrence probability of a certain event
is substantially lower in comparison to other classes (heavy and extremes intensities), as
can be followed from Figure 3.34. Hence, detecting a rarely occurring very intense
precipitation event has a weaker performance when assessed against a more frequently
occurring light storm. From the results, among selected GPDs, MSWEPv2.0 shows the
highest detectability for no-precipitation events during the autumn season, followed by
ERAS5 and MSWXv100 during the winter season. In the same way, PDIR-Now and
MSWXv100 during the summer season and SM2RAIN-ASCAT and MSWEPvV2.8 during
the autumn season for the light precipitation, whereas MSWXv100, ERAS, and MERRA-
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2 for the moderate precipitation, show the highest detection skill compared to other GPDs.
Finally, some multi-source GPDs such as MERRA-2, IMERGHHFv06, PERSIANN-
CDR, and CHIRPSv2.0 during the autumn season and CFSR and ERAS during the winter
season for the heavy precipitation, while CFSR during the autumn season and entire
period and MSWEPV2.8 during the entire period and spring season for the extreme

precipitation demonstrate the higher detection ability, comparatively.
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Figure 3.35. Detection ability in reproducing daily precipitation intensities expressed in the form of the
Hanssen—Kuiper Skill (HKS) score over Karasu basin considering the entire period and four
seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

3.2.1.2. Hydrologic utility of GPDs over Karasu basin

As previously stated, the TUW hydrologic model is used for streamflow simulation
at the outlet of Karasu basin (Kemah stream gauging station) utilizing observed
precipitation and selected GPDs, which is done in two phases. In the beginning, the model
parameters are primarily calibrated by observed precipitation, then the observed
precipitation is replaced by each GPD (Scheme-1). Following that, the model parameters
are calibrated for observed precipitation and each GPD independently (Scheme-2).
Regardless of calibration scenarios, the model is calibrated over two hydrological years
(October 2014—September 2016) and validated for three years (October 2016—September
2019).

Figure 3.36 depicts the observed streamflow hydrograph (gray shade area) and
simulated streamflow hydrographs by observed precipitation and selected GPDs for two
different calibration and validation scenarios (Scheme-1 and Scheme-2) at Kemah stream
gauging station. From the results, observed precipitation draws a close hydrograph to

observed streamflow time series for both calibration and validation periods. Moreover,
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GPDs show deviated hydrographs compared to observed streamflow when the model is
run by an optimal parameter set, which is obtained by observed precipitation (Scheme-1)
and presents better and closer hydrographs when the model simulates streamflow by

optimal parameter sets of each GPD (Scheme-2).
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Figure 3.36. Comparison of the observed and simulated daily hydrographs at the Karasu basin outlet based
on the observed data and 18 GPD input for the calibration (October 2014 to September 2016)
and validation period (October 2016 to September 2019). Title color presents: observed
(black), satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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The difference between the two schemes for streamflow simulation can be easily
differentiated by comparing the temporal dynamics of simulated streamflow against

observed discharge in the form of a scatter plot (Figure 3.37).
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Figure 3.37. Scatter plot of daily simulated streamflow against observed discharge for the observed
precipitation and 13 GPDs at Karasu basin outlet. Title color presents: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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In general, GPDs exhibit a higher amount of simulated streamflow in Scheme-1
when compared to Scheme-2. In other words, daily observed streamflow is overestimated
by many GPDs when they are used as meteorological forcing along with the optimal
model parameter set obtained by observed precipitation. Conversely, when the model
parameters are calibrated either by observed precipitation (Scheme-1) or by the GPD
itself (Scheme-2), certain GPDs, such as CHIRP(S)v2.0 and CPCv1, simulate streamflow
that is relatively close to observed discharge. On the other hand, the SM2RAIN-ASCAT
and PERSTANN datasets highly underestimate observed streamflow in Scheme-1 for high
flows. Among gauge-corrected GPDs, MERRA-2, PERSIANN-CDR, TMPA-3B42v7,
and IMERGHHFvO06 reanalysis datasets (ERAS and CFSR) highly overestimate observed
streamflow in Scheme-1. Moreover, IMERGHHL(E)v06 shows a similar streamflow
scatter for both schemes. The rest of the satellite-based GPDs show a higher ability for
streamflow prediction in Scheme-2 than in Scheme-1. The scatter plot of some GPDs
indicates the nonlinearity of simulated streamflow. This can be related to the existing high
wet bias, which is magnified in the direct comparison of each GPD with observed
precipitation (Figure 3.32 and Figure 3.33). Furthermore, the model parameters in
Scheme-1 are calibrated based on observed precipitation, which is not an optimal
parameter set for selected GPDs and can be the reason for the high overestimation of
streamflow by some GPDs during the calibration and validation periods (especially for
MERRA-2, ERAS5, CFSR, IMERGHH datasets, TMPA datasets, PERSIANN-CDR,
PDIR-Now, and PERSIANN-CCS). Lastly, it should be kept in mind that for Scheme-2
modeling, only precipitation values are taken from GPDs while PET and temperature
values are still part of the observed meteorological forcing in the model during the
calibration and validation.

Figure 3.38 shows the bias distribution of simulated streamflow compared to
observed discharge in the form of a box-and-whiskers plot, obtained from observed
precipitation and selected GPDs for the calibration (2015-2016) and validation (2017-
2019) years. In general, GPDs show a higher wet bias for both calibration and validation
years in Scheme-1 than in Scheme-2. However, looking at some GPDs' median bias, such
as SM2RAIN-ASCAT and PERSIANN, highly underestimate observed streamflow for
each year of calibration and validation periods, while CHIRPv2.0 only underestimates
observed streamflow during 2016 and observed precipitation during 2019. Moreover,

when streamflow is simulated by each GPD with its optimal parameter set (Scheme-2),
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the median of bias for simulated streamflow with different GPDs are close to zero in
2015, then the underestimation of observed streamflow is increased for the 2016 and 2017
years, and most GPDs overestimate observed streamflow for 2018 and 2019. Finally, the
bias varies in a wider range for PERSIANN-CCS in all years in Scheme-1 and for
validation years in Scheme-2, where SM2RAIN-ASCAT in the 2016 calibration year and
IMERGHHEFvO06 in the 2017 validation year show wider bias variation, comparatively.
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Figure 3.38. Daily simulated streamflow bias distribution is expressed in the form of box and whiskers,
considering the calibration and validation periods. The boxes represent the 25th, 50th, and
75th percentile values, respectively. The legend color presents the source (s) of GPDs:
satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

According to the selected GPDs, the simulated streamflow time series bias is shown
in Figure 3.39 in comparison to the observed discharge under two distinct model
parameter calibration scenarios. In Scheme-1, many GPDs, including MSWXv100,
MERRA-2, ERAS, CFSR, IMERGHHFv06, TMPA-3B42(R)v7, PERSIANN-CDR, and
PERSIANN-CCS, exhibit higher streamflow bias than in Scheme-2 for both the
calibration and validation periods, while the PERSIANN dataset underestimates observed

streamflow in Scheme-1 and overestimates it in Scheme-2, and PDIR-Now displays
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higher simulated streamflow than the observed discharge for both schemes. Some GPDs,
such as CHIRP(S)v2.0, SM2RAIN-ASCAT, and IMERGHHE(L)v06, exhibit streamflow
biases that are comparable for both schemes. Furthermore, when the model is calibrated
by each GPD separately, many GPDs underestimate observed streamflow during the

2019-year peak flow season, which is a significant problem in Scheme-2.
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Figure 3.39. Daily simulated streamflow timeseries bias for two schemes. The title color presents the source
(s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Figure 3.40 summarizes the performance of selected GPDs, including observed
precipitation for streamflow simulation over the Karasu basin under NSE and KGE with
its components (R, Bias, VR) for the calibration, validation, and entire periods
considering two different model parameter calibration scenarios. Overall, GPDs show
relatively higher correlation for both scenarios and the ratio of bias is highly
overestimated by many GPDs and most of them underestimate variability ratio in

Scheme-1 compared to Scheme-2. When the observed precipitation is utilized in the
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model to simulate streamflow, it reproduces relatively high KGE (0.92) and NSE (0.84)
with almost no bias and variability ratio for the calibration period. In the same way, the
model with observed precipitation is able to keep the higher performance for the
validation period with KGE (0.83) and NSE (0.75) scores. In Scheme-1, CPCv1 performs
close to the observed results for daily streamflow simulation with a slight overestimation
in bias and underestimation in variability ratio for all phases. Among multi-source GPDs,
CHIRP(S)v2.0 display a good performance for the calibration and validation periods as
compared to MSWEPv2.8, MSWXv100, and MERRA-2, which, interestingly, presents

better results for its validation stage than calibration.
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Figure 3.40. Performance of daily streamflow simulations at the Karasu basin outlet using the gauge and
18 GPDs data considering calibration, validation, and entire period. Y-axis color presents:
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Moreover, IMERGHHFv06, TMPA-3B42v7, PERSIANN-CDR, and ERAS5
perform poorly in simulating the streamflow for Scheme-1. Among satellite-based GPDs,
both IMERGHHEvV06 and IMERGHHLvVO6 show positive performance for the
calibration period with their performance decreasing (with negative NSE) for validation
and the entire period. TMPA-3B42RTv7 and PERSIANN-CCS perform poorly in
simulating the streamflow for all periods and show negative KGE and NSE. The
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PERSIANN dataset shows varying performance compared to other GPDs and
underestimates bias and overestimates the variability ratio. When the model parameters
are calibrated based on each GPD individually (Scheme-2), all GPDs simulate streamflow
with high performance for the calibration period. MSWEPV2.8 shows close
reproducibility of streamflow to CPCvl and observed discharge for calibration,
validation, and the entire period. Comparatively, PERSIANN-CCS shows high KGE
(0.82) and NSE (0.65) during the calibration period but its reproducibility for streamflow
generation is poor for validation and the entire period. Among all GPDs, CHIRPv2.0 and
PERSIANN behave differently in Scheme-2. Both simulate streamflow well for the
calibration phase while their performance decreases during validation and the entire
period as compared to Scheme-1. PERSIANN-CCS significantly overestimates bias in
both schemes. Overall, the TUW model shows good performance over snow dominant
catchments as noted in the literature, and the relatively shorter time span for model
calibration is one of the reasons for higher KGE. The optimum TUW model parameters

for observed precipitation and selected GPDs are summarized in Figure 3.41.
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Figure 3.41. Optimum TUW model parameters for the observed and 18 GPDs. Legend text color presents:
observed (black), satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Among GPDs, PERSIANN-CCS shows quite a different DDF compared to other
GPDs. In the same way, ERAS shows a high Beta (), and PERSIANN displays a high
K2 value. Additionally, TMPA and PERSIANN datasets show high FC compared to the
rest of the GPDs. Further uncertainties arising from meteorological forcing and
hydrological models may surely have an effect on streamflow simulations, but a detailed

sensitivity/uncertainty analysis is not considered within the scope of this study.

3.2.2. GPDs over upper Aras (Kayabasi) basin

The Upper Aras River basin (Kayabasi) is the second basin which has been selected
for GPDs hydrological utility and is located in the vicinity of Karasu basin in the eastern
part of Turkey. Compared to Karasu basin, the Kayabasi basin is relatively smaller in
terms of drainage area (i.e., the catchment area of Kayabasi is only 26.63% of Karasu
basin drainage area). Hence, the spatial variation of precipitation in this basin is expected
to be lower than that in the Karasu basin. However, ten meteorological stations that are
located in or in the vicinity of the basin are selected for the direct comparison and

hydrological utility of selected GPDs.

3.2.2.1. Direct comparison of GPDs

Figure 3.42 depicts the mean daily precipitation and precipitation bias at the grid-
cell location for the observed precipitation and selected 18 GPDs over Kayabas1 basin for
the entire period (2015-2019). According to the observed precipitation, the spatial
variation of precipitation over Kayabasi is less than in the Karasu basin. This may be due
to the area difference between the two basins, and the mean daily precipitation of 1 to 1.5
mm is observable for most stations in the basin. In the same way, CPCv1 displays mean
precipitation close to that observed inside the basin while showing higher precipitation in
the southern part of the basin, which shows the opposite precipitation compared to the
southern part (i.e., CPCv1 underestimates observed precipitation in the southwest parts
of the Karasu basin). MSWXv100, MSWEPv2.8, CHIRP(S)v2.0, and MERRA-2 map
precipitation that is close to the observed, especially inside the basin, where there are
some discrepancies for precipitation outside the basin. Furthermore, IMERGHHFV06,
TMPA-3B42v7, and PERSIANN-CDR overestimate mean daily precipitation with

different biases over the Kayabag1 basin, which is also the case for these three GPD.
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Among reanalysis GPDs, ERAS shows precipitation close to observed where CFSR

highly overestimates mean precipitation over the basin.
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Figure 3.42. Mean daily precipitation and bias at station level over the Kayabasi river basin for the period
of 2015-2019 from the gauge observation (Obs) and 18 GPDs. The title color presents the
source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Finally, satellite-based GPDs demonstrate a mean daily precipitation pattern that is

similar to their performance over the Karasu basin. However, both PERSIANN and
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SM2RAIN-ASCAT highly underestimate mean precipitation, where PERSIANN-CCS
and TMPA-3B42RTv7 show higher precipitation in the region compared to observed
precipitation, while IMERGHHE(L)v06 presents mean daily precipitation close to
observed precipitation, followed by PDIR-Now.

Figure 3.43 presents the mean daily precipitation from observed and 18 GPDs and
their bias at the regional scale for the entire study period and four seasons over Kayabasi
basin. From the observed precipitation, the region receives higher daily precipitation
during the spring (2.03mm) season followed by the winter (1.34mm) season, while the
region experiences a lower amount of daily precipitation during the summer (0.77 mm)
season followed by the autumn (1.24 mm) season and the region receives 1.35 mm mean
daily precipitation for the entire study period. Compared to Karasu basin, Kayabasi
receives lower precipitation during the entire study period and the spring and winter
seasons, while this region receives slightly higher precipitation during the summer and

autumn seasons.
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Figure 3.43 Mean daily and monthly precipitation and estimated bias at the regional scale over Kayabasi
basin for the entire period and four seasons. The color of legend text present: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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CPCv1 displays mean daily precipitation close to the observed precipitation for the
entire study period and four seasons where the highest mean daily precipitation bias is
not exceeded by +0.2 mm, which is obtained for the autumn season. Among multi-source
GPDs, CHIRP(S)v2.0 shows mean daily precipitation close to the observed with a slight
overestimation for the entire study period and four seasons, followed by MSWXv100,
MSWEPv2.8, IMERGHHFv06, and TMPA-3B42v7, while PERSIANN-CDR highly
overestimates mean daily precipitation, followed by MERRA-2 dataset, comparatively.
Both ERAS and CFSR show relatively higher precipitation, especially for the spring and
winter seasons. Among satellite-based GPDs, PERSIANN consistently shows lower
mean daily precipitation and underestimates precipitation for the entire study period and
four seasons, followed by SM2RAIN-ASCAT (except for the summer season), while
IMERGHHL(E)v06 delivers mean daily precipitation close to the observed precipitation,
whereas PDIR-Now consistently overestimates mean daily precipitation for the entire
study period and four seasons.

Figure 3.44 maps the reliability of GPDs at the grid-cell level expressed in the form
of Kling-Gupta Efficiency (KGE) and its Pearson correlation, the ratio of bias and
variability ratio components for the entire study period over Kayabagsi basin. CPCvl1
relatively shows higher performance over each station compared to other selected GPDs,
followed by some gauge-corrected, such as MSWEPv2.8, MSWXv100, MERRA-2,
CHIRP(S)v2.0, and IMERGHHFv06, while TMPA-3B42v7 and PERSIANN-CDR
perform relatively poorly. Compared to Karasu basin, IMERGHHFv06 and MERRA-2
show higher performance over Kayabag1 basin. Among two reanalysis datasets, ERAS
outperforms CFSR and represents a higher KGE inside the basin than CFSR. Among
satellite-based GPDs, IMERGHHL/(E)v06 and PERSIANN outperforms PERSIANN-
CCS and PDIR-Now, whereas TMPA-3B42RTv7 is outperformed by SM2RAIN-
ASCAT, which was also the case for the Karasu basin. GPDs show relatively higher
correlation at the station location and most of the datasets show overestimation of the
ratio of bias and under estimation of variability ratio.

The reliability The reliability of selected GPDs at the regional scale over Kayabasi
basin is expressed in the form of the KGE and its three components for the entire study
period and all four seasons (Figure 3.45). The findings over Karasu basin, where GPDs

show higher performance during the spring and autumn seasons than during the summer
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Figure 3.44 Reliability of GPDs at the station level expressed in the form of KGE and its individual
components at a daily time step over the Kayabasi river basin. The title color presents the
source (s) of GPDs: satellite-based (blue), gauge and satellite (red), reanalysis and satellite
(sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground
(vellow).

and winter seasons, can be applied to GPD performance over Kayabasi basin. As a result,
GPDs show slightly higher performance over Kayabasi than the Karasu basin. Overall,
IMERGHHFv06 outperforms other selected GPDs during the autumn season, followed

102



by MERRA-2, IMERGHHEv06, and MSWXv100, where some GPDs such as
PERSIANN-CCS, SM2RAIN-ASCAT, and PERSIANN-CDR show lower performance
during the winter season, comparatively. On the other hand, GPDs show higher
correlation during the autumn season, which is in line with final KGE values, while most
datasets drastically overestimate the ratio of bias during the winter season, and the
reliability of selected GPDs at the regional scale over Kayabasi basin is expressed in the

form of the KGE and its three components for the entire study period and all four seasons

(Figure 3.45).
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Figure 3.45. Reliability of GPDs at the regional scale expressed in the form KGE and its individual
components for daily precipitation over Kayabagsi basin for the entire period and four
seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

The findings over Karasu basin, where GPDs show higher performance during the
spring and autumn seasons than during the summer and winter seasons, can be applied to
GPD performance over Kayabasi basin. As a result, GPDs show slightly higher
performance over Kayabasi than the Karasu basin. Overall, IMERGHHFv06 outperforms
other selected GPDs during the autumn season, followed by MERRA-2,
IMERGHHEvV06, and MSWXv100, where some GPDs such as PERSIANN-CCS,
SM2RAIN-ASCAT, and PERSIANN-CDR show lower performance during the winter
season, comparatively. On the other hand, GPDs show higher correlation during the
autumn season, which is in line with final KGE values, while most datasets drastically
overestimate the ratio of bias during the winter season, and PERSIANN-CCS shows the
highest overestimation of observed during the winter season. Finally, GPDs mostly

underestimate the variability ratio for the entire period and different seasons, and only the

103



TMPA-3B42(RT)v7 and PERSIANN datasets show overestimation of the variability
ratio over many temporal periods.

Figure 3.46 presents the frequency of observed precipitation and selected GPDs for
five distinct daily precipitation intensities over Kayabasi basin for the entire study period
and four seasons. Considering observed daily precipitation frequencies, around 77% of
events fall within the range of 0—1 mm for the entire study period, and this magnitude
increases for the summer and autumn seasons, while the region experiences a high
number of rainy days during the spring and winter seasons, which is also the general case
for its adjacent basin (Karasu basin). Furthermore, for the entire period and each
individual season, the probability of precipitation occurrence decreases as intensity
increases. In general, GPDs exhibit distinct precipitation frequencies and, for some, it is
hard to distinguish no-rainy days from light and moderate precipitation, especially during
the rainy season such as the spring and winter seasons. For example, excluding a few
GPDs, the rest of the datasets demonstrate higher light precipitation (1-5 mm/day) during
the spring season, and PDIR-Now is one of the GPDs that shows higher light precipitation
(5591 mm/day) during the spring season. On the other hand, some GPDs, such as
SM2RAIN-ASCAT, show lower light precipitation (2.06 mm/day) during the winter
season, whereas PDIR-Now shows higher light precipitation during this season. Where

the intensity increases, the frequency difference between GPDs and observed decreases.
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Figure 3.46. Frequency of GPDs for different daily precipitation intensities over Kayabast basin for the
entire period and four seasons. Y-axis color presents: satellite-based (blue), gauge and
satellite (red), reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and
satellite (steel blue), and ground (yellow).

The Hanssen-Kuiper Skill (HKS) score is utilized to analyze the detectability
strength of selected GPDs for five different precipitation intensities over Kayabasi basin,

considering the entire study period and four seasons (Figure 3.47). In the general case,
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which is spotted for GPDs' detectability strength in this study, it is also applicable over
Kayabasi, where many GPDs show higher detectability during the autumn season and
lower in the summer season. Additionally, the detection strength of GPDs decreases as
the precipitation intensity increases, which is generally the case in literature. However,
some discrepancies exist in the detectability strength of GPDs for different precipitation
events, considering light and moderate precipitation. From the results, MSWEPv2.8 and
CFSR during the autumn season, PDIR-Now during the summer season, and ERAS
during the winter season show higher detection abilities of no precipitation events
compared to other selected GPDs. While PDIR-Now and MSWXv100 in the summer
season, and MSWEPvV2.8 and SM2RAIN-ASCAT during the autumn season for the light
precipitation, and SM2RAIN-ASCAT during the summer season, PERSIANN-CDR
during the autumn season, CFSR in the winter season, and ERAS during the spring season
for moderate precipitation, show higher detectability skills compared to other GPDs.
Finally, some GPDs, such as MERRA-2, TMPA-3B42RTv7, PERSIANN-CDR, PDIR-
Now, and IMERGHHFv06 for heavy precipitation events and IMERGHHFv06 and
TMPA-3B42v7 during the autumn season, show higher detection abilities and outperform
other GPDs.
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Figure 3.47. Detection ability in reproducing daily precipitation intensities expressed in the form of the
Hanssen—Kuiper Skill (HKS) score over Kayabasi basin considering the entire period and
four seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).

3.2.2.2. Hydrologic utility of GPDs over Kayabas: basin
The procedure for streamflow simulation over the Kayabasi basin is the same as for
the Karasu river basin; first observed precipitation over the basin is exploited for TUW

model parameters calibration, and with the observed precipitation-based optimum model
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parameters, all GPDs are forced to simulate streamflow (Scheme-1). Then the model
parameters are calibrated/validated and streamflow is simulated by each GPD
individually (Scheme-2). Hence, in the second scenario, all GPDs have their optimum
parameters set. Furthermore, the first two years (2015-2016) of the study period are
selected for model calibration and the last three years (2016-2019) are utilized for model
validation when they are forced by observed precipitation and each GPD separately.

Figure 3.48 maps the observed discharge hydrograph (gray shaded area) and
simulated streamflow hydrograph at the outlet of Kayabasi basin, obtained from observed
precipitation and each GPD under two different model parameterization scenarios. The
result indicates that, when the model is forced to simulate streamflow with observed
precipitation-based optimum parameters (Scheme-1), observed precipitation
demonstrates higher streamflow reproducibility than GPDs in terms of KGE and NSE,
and GPDs are able to predict streamflow with higher accuracy with their own model
parameters set (Scheme-2), especially for the calibration period.

Comparing the temporal dynamics of simulated streamflow against observed
discharge by exploiting their scatter plots (Figure 3.49) for the entire study period
provides detailed information on two model calibration scenarios and GPDs streamflow
reproducibility. In general, GPDs show higher simulated streamflow for Scheme-1 than
in Scheme-2, but the discrepancies between the two scenarios over Kayabas basin are not
as great as over the Karasu basin (Figure 3.37). However, some GPDs, including
SM2RAIN-ASCAT and PERSIANN, underestimate observed streamflow in Scheme-1,
which was also the general case for these datasets over Karasu basin. Finally, only
PERSIANN-CDR and IMERGHHFv06 clearly overestimate observed streamflow in
Scheme-1, where for the Karasu basin, in addition to these datasets, MERRA-2, ERAS,
CFSR, IMERGHH datasets, TMPA datasets, PERSIANN-CDR, PDIR-Now, and
PERSIANN-CCS also drastically overestimate the observed streamflow in Scheme-1.
However, the stochastic nonlinearity between observed discharge and simulated
streamflow, which was observable over Karasu basin, does not appear for the simulated
streamflow in this basin. This may be due to the GPD bias difference in these two basins,
climatological discrepancies such as the magnitude and form of precipitation, and the size

of the basin.
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Figure 3.48. Comparison of the observed and simulated daily hydrographs at the Kayabast basin outlet
based on the observed precipitation and 18 GPD input for the calibration (October 2014 to
September 2016) and validation period (October 2016 to September 2019). Title color
presents: observed (black), satellite-based (blue), gauge and satellite (red), reanalysis and
satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

The simulated streamflow bias distribution based on observed precipitation and
GPDs is expressed in the form of a box-and-whiskers plot for the two years of calibration
and three years of validation periods over Kayabasi basin. GPDs show a higher wet bias

for Scheme-1 than in Scheme-2. Overall, GPDs show lower bias than over Karasu basin,
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which is definitely a function of observed discharge magnitude. As it stated in the direct
comparison, the study area experienced higher precipitation in 2015 and 2019 than in

2017, which is known as the driest year in the selected study time window.
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Figure 3.49. Scatter plot of daily simulated streamflow against observed discharge for the observed
precipitation and 13 GPDs at Kayabas: basin outlet. Title color presents: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Regardless of calibration and validation periods, many GPDs demonstrate lower
streamflow bias during the wet years (2015 and 2019) and the dry (2017), where higher
streamflow bias is observable for the rest of the study years. From the results, SM2RAIN-
ASCAT constantly underestimates observed streamflow over each year for both scenarios
(except in Scheme-2 during 2018), followed by the PERSIANN dataset. Both ERAS and
CFSR highly overestimate observed streamflow, especially in Shceme-1 where TMPA-
3B42v7 shows relatively higher reproducibility than IMERGHHFv06 for both scenarios.
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Figure 3.50. Daily simulated streamflow bias distribution over Kayabast basin is expressed in the form of
box and whiskers, considering the calibration and validation years. The boxes represent the
25th, 50th, and 75th percentile values, respectively. The legend color presents the source (s)
of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Figure 3.51 displays the simulated streamflow timeseries bias of observed
precipitation and GPDs for the entire study period under two different scenarios. As it
was mentioned earlier (Figure 3.50 and 3.49), many GPDs, including MERRA-2, ERAS,
CFSR, IMERGHHFv06, TMPA-3B42RTv7, PERSIANN-CDR, PERSIANN-CCS, and

PDIR-Now highly overestimate observed streamflow, especially for peak discharge in
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each year, while SM2RAIN-ASCAT and PERSIANN exhibit lower simulated
streamflow in Scheme-1. In general, CPCvl, MSWEPv2.8, MSWXv100, and
CHIRP(S)v2.0 show lower streamflow bias for both scenarios. Furthermore,
IMERGHHEFvV06 shows a higher streamflow bias compared to its predecessor (TMPA-
3B42v7) over Kayabas1 basin.
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Figure 3.51. Daily simulated streamflow timeseries bias for two schemes over Kayabasi basin. The title
color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

The reproducibility of streamflow by GPDs and observed precipitation are
evaluated by NSE and KGE and its three components over Kayabasi basin (Figure 3.52).
Generally, GPDs show higher correlation for both Schemes, and overestimation of bias
in Scheme-1 is common, although datasets overestimate variability ratio in Scheme-1
when compared with GPDs variability ratio over Karasu basin. Overall, observed

precipitation and GPDs show streamflow reproducibility close to over Karasu basin,
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which is indicated by higher reproducibility in Scheme-2 than in Scheme-1 and better
streamflow simulation during the calibration period for Scheme-2. However, all GPDs
and observed precipitation show larger performance differences over the calibration and
validation periods, and their performance sharply decreases for the validation period in
both scenarios. Furthermore, TMPA-3B42v7 outperforms IMERGHHv06 datasets for
both calibration and validation periods in Scheme-1 and for the validation period in
Scheme-2. In the same way, all PERSIANN datasets are outperformed by PERSIANN
(except PDIR-Now, which shows higher KGE for the calibration periods in both
scenarios) in both scenarios. Finally, MERRA-2 shows higher performance over

Kayabasi basin in Scheme-1 compared to its performance over Karasu basin.
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Figure 3.52. Performance of daily streamflow simulations at the Kayabasi basin outlet using the gauge
and 18 GPDs data considering calibration, validation, and entire period. Y-axis color
presents: satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Figure 3.52 presents the optimum model parameter set for the observed
precipitation and selected GPDs for streamflow simulation over Kayabasi basin.
Compared to the optimal model parameter set of GPDs obtained for Karasu basin, some
model parameters, including Snow Correction Factor (SCF), Degree Day Factor (DDF),

Beta (B), and K2, show higher values for many GPDs over Kayabasi basin, while some
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model parameters, such as melting temperature (TM), CPERC show lower values for
some GPDs comparatively. Additional uncertainties coming from meteorological forcing
and hydrological models will undoubtedly have an impact on streamflow simulations, but

a comprehensive sensitivity/uncertainty analysis is not addressed within the scope of this

study.
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Figure 3.53. Optimum TUW model parameters for the observed and 18 GPDs over Kayabasgi basin. Legend
text color presents: observed (black), satellite-based (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).

3.2.3. GPDs over upper Seyhan (Cukurkisla) basin

The Cukurkisla basin is the third and smallest basin in this study, which is selected
for the hydrological utility of GPDs, situated in the southern part of the country with a
drainage area of around 1510 km?. The size of this basin is only about 14.73% of the size
of Karasu basin and 55.31% of the size of Kayabas1 basin. Hence, it is expected that the
spatial variation of precipitation over this basin is relatively lower than in the Karasu and

Kayabasi catchments. To assess the precipitation regime changes and hydrological utility
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of GPDs, 12 meteorological stations within and around the basin are utilized for both

direct comparison and streamflow simulation.

3.2.3.1. Direct comparison of GPDs

Figure 3.54 displays the mean daily precipitation from observed and selected GPDs
with their biases at the grid-cell level over Cukurkisla basin for the entire study period
(2015-2019). Taking observed precipitation into consideration, the basin and surrounding
area experience daily precipitation ranging from 1 to 1.5 mm, and this amount increases
to 2.5-4.0 mm in the southern part of the basin.

The CPCv1, which uses ground spatial information, shows lower precipitation than
observed and mostly underestimates precipitation with higher bias in the station levels at
the southern part of the basin; the CPCv1 underestimation of mean daily precipitation rate
is greater in this basin than in the Karasu and Kayabasi basins. Among multi-source
GPDs, MSWXv100, MSWEPv2.8, CHIRP(S)v2.0 deliver the close mean daily
precipitation to observed precipitation followed by TMPA-3B42v7 (TMPA-3B42v7
shows better mean daily over this basin compared to Karasu and Kayabas1 basins) and
IMERGHHFv06 where MERRA-2 and PERSIANN-CDR show lower mean daily
precipitation in the southern parts and overestimates observed mean precipitation in the
rest of region. Moreover, ERAS displays mean daily precipitation better than CFSR,
which is the general case for these GPDs in the other basins, where CFSR overestimates
observed precipitation in the southeastern part of the basin. Among satellite-based GPDs,
the PERSIANN dataset highly underestimates observed precipitation, followed by
SM2RAIN-ASCAT dataset. Furthermore, compared to other satellite-based GPDs,
PERSIANN-CCS and TMPA-3B42RTv7 show higher mean daily precipitation over the
Cukurkisla basin, whereas IMERGHHL(E) v06 and PDIR-Now show precipitation close
to the observed. Finally, almost all GPDs underestimate mean daily precipitation in the
southeastern part of the basin.

Figure 3.55 presents the mean daily precipitation and bias at the regional scale,
obtained from observed precipitation and selected 18 GPDs for the entire study period
and four seasons. According to the observed precipitation, the region experiences higher
daily precipitation (2.25 mm) during the winter season, followed by the spring season
(2.05 mm) and the autumn season (1.1 mm), and receives lower mean daily precipitation

amount during the summer season (0.6 mm).
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Figure 3.54. Mean daily precipitation and bias at station level over the Cukurkisla basin for the period of
2015-2019 from the gauge observation (Obs) and 18 GPDs. The title color presents the
source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Among selected basins, Cukurkisla basin receives higher precipitation during the
winter season, while Karasu and Kayabasi catchments experience higher precipitation
amounts in the spring season. From the results, many GPDs underestimated the mean
daily precipitation of this basin compared to other selected basins. For instance, CPCv1
and PERSIANN, and MSWEPvV2.8 datasets underestimate observed precipitation for the
entire study period and four seasons, while SM2RAIN-ASCAT shows higher mean daily
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precipitation only during the spring season and highly underestimates winter

precipitation.
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Figure 3.55. Mean daily precipitation and estimated bias at the regional scale over Cukurkisla basin for
the entire period and four seasons. The color of legend text present: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue), reanalysis
(green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

The reliability of GPDs at the grid-cell level over Cukurkisla basin is expressed in
the form of KGE and its three components for the entire study period (Figure 3.56).
CPCv1 shows relatively higher performance over different stations where some multi-
source GPDs, including MSWEPV2.8 and MSWXv100, outperform the only ground-
based dataset, and even IMERGHHFv06 and its near real-time version,
IMERGHHL(E)v06, show higher performance than CPCv1, which is followed by CFSR.

In the same way, ERAS was also able to present higher performance compared to
some guag-corrected GPDs, such as MERRA-2, CHIPRSv2.0, TMPA-3B42v7, and
PERSIANN-CDR, while SM2RAIN-ASCAT was able to show higher performance and
outperform CHIRPv2.0, TMPA-3B42RTv7, PERSIANN, PDIR-Now, and PERSIANN-
CCS, and even present higher performance compared to PERSIANN-CDR. In the same
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way, GPDs show arelatively higher correlation to the observed precipitation at the station
locations, where most of the datasets overestimate bias and underestimate variability ratio

at the grid-cell level.
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Figure 3.56. Reliability of GPDs at the station level expressed in the form of KGE and its individual
components at a daily time step over the Cukurkisla basin. The title color presents the source
(s) of GPDs: satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).

Figure 3.57 presents the reliability of selected GPDs at the regional scale over

Cukurkigla basin for the entire study period and four seasons. When considering the
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seasonal performance, GPDs show higher performance during the winter and autumn
seasons, followed by spring seasons, and exhibit lower performance during the summer.
Compared to Karasu and Kayabas1 basins, GPDs relatively show higher performance in
the winter season than in the spring season. According to the results, IMERGHHFv06,
MSWEPv2.8, ERAS, and MSWXv100 during the autumn season outperformed other
GPDs, while the IMERGHHL(E)v06 was also able to present higher performance than
the other datasets during the spring season. Some GPDs, such as PERSIANN-CCS,
TMPA-3B42RTv7, SM2RAIN-ASCAT, PERSIANN-CDR, and PDIR-Now, show
relatively lower performance during the winter season. Furthermore, most GPDs show
higher bias during the winter season, although the high bias was obtained by PERSIANN-
CDR during the summer season. Finally, except for TMPA-3B42(RT)v7 and PERSIANN
over some seasons, the rest of the GPDs underestimate the variability ratio at the regional

scale over this basin.
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Figure 3.57. Reliability of GPDs at the regional scale expressed in the form KGE and its individual
components for daily precipitation over Cukurkisla basin for the entire period and four
seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).

The frequency of daily precipitation for five different precipitation intensities from
observed precipitation and selected GPDs over Cukurkisla basin for the entire study
period and four seasons is shown in Figure 3.58. The observed precipitation records
exhibit higher no-rainy days (81.42%) compared to the frequency of no-rainy days over
Karasu (77.25%) and Kayabasi1 (77.04%) catchments for the entire study period, while
the number of no-rainy days’ increases during the summer season followed by the winter
season and declines for the spring and winter seasons, which is the general case for the

other selected basins. Furthermore, larger discrepancies between observed precipitation

117



and selected GPD frequencies for five different precipitation intensities arise during the
rainy seasons, and many GPDs are not able to differentiate between no-rain, light
precipitation, and moderate precipitation, especially during the spring and winter seasons.
In general, the precipitation frequency differences are decreasing as the intensity

increases.
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Figure 3.58. Frequency of GPDs for different daily precipitation intensities over Cukurkisla basin for the
entire period and four seasons. Y-axis color presents: satellite-based (blue), gauge and
satellite (red), reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and
satellite (steel blue), and ground (yellow).

Figure 3.59 presents the detectability strength of GPDs expressed in the form of
Hanssen-Kuiper Skill (HKS) score at the regional scale for the entire study period and
four seasons. Overall, GPDs show higher detection ability for low-intensity precipitation
and lower detectability for precipitation with higher intensities, and except for some
GPDs, most datasets show higher detection ability for moderate precipitation than for
light precipitation. From the results, PERISANN-CDR during the summer season and
ERAS, MSWXv100, and MSWEPv2.8 during the winter season show higher detection
skills for no precipitation events, while MSWEPv2.8, PDIR-Now, ERAS, and
MSWXv100 during the summer season for light precipitation and ERA5, MSWXv100,
CFSR, MERRA-2, and MSWEPv2.8 during the winter season for moderate precipitation
demonstrate higher detectability compared to other GPDs. Finally, MERRA-2, TMPA-
3B42v7, IMERGHHLvVO06, and its final version (IMERGHHFv06) during the autumn
season for heavy precipitation, ERAS and MERRA-2 during the winter seasons and entire
period, and IMERGHHL(E)v06 during the autumn and entire period for extreme

precipitation, demonstrate relatively higher detection ability compared to other datasets.
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Figure 3.59. Detection ability in reproducing daily precipitation intensities expressed in the form of the
Hanssen—Kuiper Skill (HKS) score over Cukurkigla basin considering the entire period and
four seasons. Y-axis color presents: satellite-based (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).

3.2.3.2. Hydrologic utility of GPDs over Cukurkisla basin

To assess the hydrological utility of GPDs over Cukurkisla basin, first the model is
set up by observed precipitation and the observed precipitation-based model optimum
parameter set is employed for GPDs to simulate streamflow (Scheme-1), where in the
second scenario, the optimum model parameter set is obtained for each GPDs individually
(Scheme-2). Hence, following the previous procedure, the entire study period is separated
into two temporal windows for the model calibration (October 2014—September 2016)
and validation (October 2016—September 2019), which indicates two years of calibration
and three years of validation periods.

Figure 3.60 displays the observed discharge (gray shaded area) and simulate
streamflow hydrographs from observed precipitation and selected GPDs for the
calibration and validation periods. As it was mentioned earlier, Cukurkisla basin is the
smallest basin in terms of drainage area compared to Karasu and Kayabasi catchments
which is appear from the observed hydrograph. From the results, the previous findings
over other selected basins in this study are match over Cukurkisla basin where observed
precipitation delivers the best reproducibility of streamflow simulate and all GPDs
demonstrates higher streamflow reproducibility when the model is forced by each GPD’
optimum parameter set (Scheme-2) especially during the calibration periods.

Figure 3.61 maps the temporal dynamics of simulated streamflow by observed
precipitation and selected GPDs against observed discharge considering different model
calibration scenarios for the entire study period. The results indicate that the simulated

streamflow by observed precipitation shows higher linearity over Cukurkisla basin
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compared to Karasu and Kayabasi catchments, where CPCv1 mostly underestimates daily

observed discharge at different flow rates without considering the model calibration

approaches.
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Figure 3.60. Comparison of the observed and simulated daily hydrographs at the Cukurkisla basin outlet
based on the observed data and 18 GPD input for the calibration (October 2014 to September
2016) and validation period (October 2016 to September 2019). Title color presents:
observed (black), satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Among multi-source GPDs, MSWXv100 seems to produce streamflow close to
observed and outperforms MSWEPv2.8 (i.e., MSWEPV2.8 outperforms MSWXv100
over Karasu and Kayabas1 catchments) over this basin, where MSWEPv2.8 displays a

scatter plot similar to CPCvl1.
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Figure 3.61. Scatter plot of daily simulated streamflow against observed discharge for the observed
precipitation and 13 GPDs at Cukurkisla basin outlet. Title color presents: observed (black),
satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Furthermore, CHIRPSv2.0 shows higher streamflow reproducibility compared to
CHIRPv2.0, while MERRA-2 clearly draws different paths in both schemes and displays
higher simulated streamflow compared to observed discharge, where the overestimation
is more intense for Scheme-1. TMPA-3B42v7 outperforms IMERGHHFv06 in Scheme-
1 and PERSIANN-CDR shows higher ability of streamflow simulation by its optimum
parameter set compared to Scheme-1. In the same way, among reanalysis GPDs, ERAS
shows higher streamflow reproducibility compared to CFSR, while SM2RAIN-ASCAT
and PERSIANN highly underestimate observed streamflow in Scheme-1 compared to
other satellite-based GPDs.

Figure 3.62 presents the simulated streamflow bias distribution based on observed
precipitation and GPDs, which is expressed in the form of a box-and-whiskers plot for

the two years of calibration and three years of validation periods over Cukurkisla basin.
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Figure 3.62. Daily simulated streamflow bias distribution is expressed in the form of box and whiskers,
considering the calibration and validation periods over Cukurkisla basin. The boxes
represent the 25th, 50th, and 75th percentile values, respectively. The legend color presents
the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky
blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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In general, the range of streamflow bias changes a narrow range for both schemes
in this basin compared to other selected basins, which indicates that the GPDs show lower
bias for lower observed discharge. From the results, GPDs show low bias variation during
the 2016 years and their bias distributions are quite dispersed for the rest of the study
period in Scheme-1. Furthermore, GPDs show a higher wet and dry bias in 2019, where
SM2RAIN-ASCAT and PERSIANN, like the previous, greatly underestimate streamflow
for the entire period in Scheme-1, followed by CPCv1.

The simulated streamflow timeseries bias of observed precipitation and GPDs for
the entire study period under two different scenarios is shown in Figure 3.63. The results
indicate that CPCv1 highly underestimates observed discharge for the 2019 flow peak for

both schemes.
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Figure 3.63. Daily simulated streamflow timeseries bias for two schemes over Cukurkisla basin. The title
color presents the source (s) of GPDs: satellite (blue), gauge and satellite (red), reanalysis
and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel blue), and
ground (yellow).
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Among gauge-corrected GPDs, MERRA-2 highly overestimates streamflow, and
CHIRPSv2.0 shows unusual simulated streamflow for the last year (2019) of observation
in Scheme-1. Furthermore, ERA5 shows lower bias variation over the selected study
period compared to CFSR. Among satellite-based GPDs, PERSIANN and SM2RAIN-
ASCAT show larger dry bias, comparatively.

Figure 3.64 displays the streamflow reproducibility of observed precipitation and
selected GPDs, which is evaluated by NSE and KGE with its three components over
Cukurkisla basin. Overall, GPDs shows relatively higher correlation for both schemes,
whereas the most of the datasets overestimate the ratio of bias with different magnitudes
in both schemes, while some GPDs underestimate variability ratio during the validation
and entire period in Scheme-1. In general, observed precipitation is able to simulate
streamflow closer to observed discharge compared to selected GPDs for both validation
and calibration periods. CPCvl shows lower performance over Cukurkisla basin
compared to its performance over other selected catchments in this study. In the same

way, MSWXv100 outperforms MSWEPvV2.8 considering both schemes.
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Figure 3.64. Performance of daily streamflow simulations at the Cukurkisla basin outlet using the gauge
and 18 GPDs data considering calibration, validation, and entire period. Y-axis color
presents: satellite-based (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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Both CHIRPSv2.0 and its gauge uncorrected version (CHIRPv2.0) show higher
streamflow reproducibility for the validation period in Scheme-1 than in Scheme-2, where
MERRA-2 is not able to simulate streamflow close to observed discharge in Scheme-1,
while TMPA-3B42v7 shows higher accuracy than IMERGHHFv06 during the calibration
but in the validation period in Scheme-1, both perform close to each other for the
calibration period, and TMPA-3B42v7 outperforms IMERGHHFv06 during the
validation period in Scheme-2. PERSIANN-CDR shows lower performance compared to
other gauge-corrected GPDs. Among reanalysis GPDs, ERAS outperforms CFSR while
only PERSTANN-CCS and PDIR-Now show slightly higher streamflow reproducibility
compared to other satellite-based GPDs in the calibration period in Scheme-1. Finally,
many GPDs show higher streamflow reproducibility when they have their own optimum
model parameter set.

Figure 3.65 displays the optimum TUW model parameter set of the precipitation

and selected GPDs for streamflow simulation over Cukurkigsla basin.
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Figure 3.65. Optimum TUW model parameters for the observed and 18 GPDs over Cukurkisla basin.
Legend text color presents: observed (black), satellite-based (blue), gauge and satellite (red),
reanalysis and satellite (sky blue), reanalysis (green), reanalysis, ground, and satellite (steel
blue), and ground (yellow).
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Overall, GPDs show higher Degree Day Factor (DDF) over Cukurkisla basin when
compared to GPDs DFF over Karasu and Kayabasi1 catchments. In the same way many
GPDs have lower CPERC values in this basin. Finally, some multisource GPDs show

higher LP compared to reanalysis and satellite-based GPDs.

3.2.4. Overall ability of GPDs for streamflow prediction

Figure 3.66 ranks six of the best and six of the poorest performing GPDs for
streamflow reproducibility over three selected basins for the calibration (2015-2016),
validation (2017-2019), and entire study periods (2015-2019). Overall, there is no such
GPD which outperforms observed precipitation in streamflow reproducibility when the
observed precipitation-based optimum model parameter set is taken into account
(Scheme-1) for all selected three catchments. Furthermore, when each GPD has its own
optimum model parameter set (Scheme-2), some GPDs show higher streamflow
reproducibility than observed precipitation, which is more observable over the Karasu
and Kayabasi catchments, while observed precipitation still shows the highest streamflow
reproducibility over Cukurkisla basin in Scheme-2. Among GPDs, CHIRP(S)v2.0 mostly
ranked as the sixth best performing GPD for streamflow simulation over selected basins

in Scheme-1, followed by MSWEPv2.8 and MSWXv100 while MERRA-2 showed
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Figure 3.66. GPDs best-six and worst-six ranking based on KGE for daily streamflow simulation
considering two schemes over calibration, validation and entire periods. a) Karasu basin,
b) Kayabas: basin, and c) Cukurkisla basin. The y-axis color presents the source (s) of
GPDs: satellite (blue), gauge and satellite (red), reanalysis and satellite (sky blue),
reanalysis (green), reanalysis, ground, and satellite (steel blue), and ground (yellow).
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weaker performance compared to GPDs which take advantage of satellite, reanalysis, and

ground information. In the same way, among satellite-based GPDs, IMERGHHL(E)v06

shows the best reproducibility over the Karasu basin, even better than reanalysis and some

gauge corrected GPDs. Many satellite-based GPDs are ranked as the sixth worst

performed GPDs for streamflow reproducibility over all selected basins for both

scenarios. Among reanalysis GPDs, CFSR appears more than ERAS in the sixth poor

performed GPDs. Hence, it is tricky to specify a certain GPD performance rank where

GPD performances are changeable over each basin and selected temporal (calibration,

validation, and entire periods).
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4. DISCUSSIONS

In this study, the spatio-temporal consistency of 18 GPDs (i.e., one ground-based,
seven satellite-based, two reanalysis, one reanalysis and satellite, and seven multi-source)
is evaluated by direct comparison with ground data (Stations No. 757), and then the
hydrological utility of selected GPDs is evaluated over three different snow-dominated
basins (i.e., Karasu, Cukurkigla, and Kayabas1 basins). For the direct comparison, we
imposed several regional classifications, such as the elevation, wetness, and climate
zones, to consider the topography and climate variability effects on the performance of
precipitation datasets at both daily and monthly time steps within seasonal variability for
the period (2015-2019), where for hydrological utility of GPDs, two different scenarios
are employed: calibrating the model parameters by observed precipitation and then
replacing the observed precipitation with each GPD (Scheme-1); and calibrating the
model parameters by each GPD individually and then comparing the results of both
scenarios with observed streamflow data.

Based on daily and monthly precipitation patterns obtained from observed
precipitation and selected GPDs over the entire region for the entire period (see Figure
3.1), all GPDs capture the typical precipitation gradient from the coast to the center of the
country, with a shoreline-shaped precipitation gradient in the north extending from east
to west near the Black Sea and the two precipitation hotspots located in the south-western
regions near the Aegean Sea and in the protuberance part of the southern regions. These
findings support the results of Darand and Khandu (2020), who compared 23 GPDs with
rain gauge observations over Iran. They indicated that many GPDs are able to draw
precipitation patterns, with high values in the west, close to the Persian Gulf, in the north,
tangent to the Caspian Sea, and low values over the central parts of the country. Several
other studies (Aksu & Akgiil, 2020; Guo et al., 2016; Navidi Nassaj et al., 2022; Satgé et
al., 2020) found similar results. Our results also demonstrate that many GPDs highly
underestimate mean daily and monthly precipitation in the coastal regions or areas having
less than 500 m elevation, which typically present coastal areas such as Black Sea region,
and the results support previous GPDs studies (Amjad et al., 2020; Derin & Yilmaz,
2014). Furthermore, our results (see Figures 3.2-3.4) indicate that most GPDs
demonstrate higher precipitation for the entire study period, and many GPDs highly
overestimate mean precipitation during the spring and winter seasons, while GPDs show

both underestimation and overestimation of precipitation during the autumn and summer
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seasons, which is highly in line with previous studies regarding GPD validations (K.
Ahmed et al., 2019; Ayoub et al., 2020; Liu, Shangguan, et al., 2019). However, among
GPDs, the PERSIANN dataset drastically underestimates precipitation at the regional
scale under different temporal constraints, whereas SM2RAIN-ASCAT underestimates
mean precipitation during the cold period, which is also confirmed in previous studies
regarding GPDs validation (Liu, Xia, et al., 2019; Rahman et al., 2019; Saemian et al.,
2021; Uysal, 2022). In the same way, considering the precipitation dynamics at both daily
and monthly time steps (see Figures 3.5 and 3.6), precipitation events from GPDs show
higher linearity with observed precipitation for the monthly time step compared to the
daily time step, which confirms there is a higher correlation between observed and GPDs
precipitation events for the greater time steps such as monthly, which is also confirmed
in previous studies related to precipitation datasets evaluations (Navidi Nassaj et al.,
2022; W. Sun et al., 2022).

Considering the performance of GPDs over different time steps (see section 3.1.2),
all datasets performed relatively lower in terms of correlation for the daily time step, and
it is rational that estimating precipitation dynamics over a longer time period (monthly)
is much easier than over a smaller time window (daily). Since the correlation component
(see equation 2.1) has a significant influence on the final KGE scores, the performance
ranking of GPDs in terms of KGE and its correlation component (R) is highly
synchronized. These findings are in line with the results presented by Beck et al. (2019a),
which revealed that the low performance of 26 GPDs across the Continental United States
(CONUS) was highly dependent on correlation rather than the ratio of bias and variability
ratio, where our finding also explained it clearly when considering the daily time step for
the entire period (see Figure 3.11); the mean of GPDs median correlation is 50% less
than its optimum value, while the mean of median bias is 14%, and the variability ratio is
15% away from its optimum values. As a result, it is expected that the correlation would
increase among other components of KGE, which is also confirmed by some previous
studies (Centella-Artola et al., 2020; Dahri et al., 2021; Xu et al., 2022). Also, we
demonstrated that when driving monthly accumulated precipitation from daily
observations, the bias ratio component of KGE will stay the same for both daily and
monthly time steps. These findings also support the results presented by Yu et al. (2021),
who evaluated the performance of IMERGHHFv06 and IEMRGHHE(L)v06 over China.
They showed that the final run of IMERGHHVO06 performed better than the early runs for
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both daily and monthly time steps, while the bias ratio stayed the same with no variation
for both runs at different time steps. This study also confirmed our findings that the
IMERGHHFV06 shows higher performance than the near real-time versions, including
IMERGHHEvV06 and IMERGHHLvO06, under different conditions, such as diverse
regional classifications and time scales. Our findings also infer that the result could be
different if only considering the monthly time step, since the correlation has relatively
higher values and the ratio of bias would be the major source of error in the performance
of GPDs for the monthly time step. The results also support the findings by Saemian et
al. (2021), who evaluated the spatio-temporal consistency of 34 GPDs at the daily time
step and 44 GPDs at the monthly time step over Iran, where similar findings were also
reported in other studies (Ahmadebrahimpour et al., 2019; Nwachukwu et al., 2020; Satgé
et al., 2020). However, they demonstrated that the variability ratio is the third-important
component of KGE that we also spotted in this study too. Finally, the variability ratio
highly varies from one GPD to the other, especially during the winter season for the daily
time step, and it is more observable during the summer season for monthly time step,
which is confirmed by previous findings (Beck, Pan, et al., 2019). In addition, our
findings also show that there is a lower agreement between observed precipitation and
selected GPDs throughout the dry season (i.e., summer season) compared to other
seasons, which is also confirmed by Darand and Khandu (2020).

The results show that many multi-source GPDs and reanalysis datasets
demonstrated higher performance than the satellite-based datasets in all areas of
assessment (see sections 3.1.2-3.1.5), which explains the necessity of utilizing gauge
information for the calibration and correction of various datasets and is in line with earlier
studies (Hisam et al., 2023; Moazami et al., 2013). Moreover, our findings demonstrate
that, regardless of considering regional classifications and looking at the seasonal
variability of precipitation, the performance of all GPDs is greatly improved when
moving from a smaller time step (daily) to a larger time step (monthly). When looking at
selected datasets from their prospective sources, the performance of ground-based and
multi-source  GPDs, including MSWEPv2.8, MSWXv100, CHIRPSv2.0,
IMERGHHFv06, TMPA-3B42v7, MERRA-2 and PERSIANN-CDR, demonstrate
relatively higher changes from the daily to monthly time step than those of satellite-based
(i.e., IMERGHHE/Lv06, SM2RAIN-ASCAT, TMPA-3B42RTv7, PERSIANN, PDIR-
Now, and PERSIANN-CCS), reanalysis (i.e., ERA5, CFSR), and satellite-reanalysis
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(CHIRPv2.0) GPDs which is in line with previous studies (Dembélé & Zwart, 2016; Gan
et al., 2021; Hussain et al., 2018), while our results suggest that GPDs that use ground
data as one of their input sources probably are not always able to give accurate estimates
of precipitation. The number of gauges or the spatial resolution of ground-based GPD,
source of information, and the correction timescale used are crucial aspects that
significantly impact the accuracy of the final product. For example, among gauge-
corrected GPDs, PERSIANN-CDR that is adjusted with monthly data from GPCP, which
is amerged product of ground observations and satellite-based precipitation estimates and
has a 2.5° spatial resolution, shows relatively poor performance. Our findings are
consistent with previous studies (Beck, Pan, et al., 2019; Liu, Shangguan, et al., 2019;
Xiang et al., 2021).

Our results reveal that MSWEPvV2.8 demonstrates the highest performance among
other selected GPDs for the daily time step considering the entire period (see Figures
3.11-3.19), followed by some other multi-source datasets, reanalysis, and ground-based
data, where many satellite-based and only satellite-reanalysis datasets show relatively
lower performance while PERSIANN-CCS show the worst performance. For the monthly
time step considering the entire period, MSWEPV2.8 still delivers the best performance,
and CPCv1 comes in with the second-best performance, followed again by some gauge-
corrected GPDs and reanalysis where satellite-based datasets show relatively lower
performance. Our results support previous findings by Bai et al. (2020), who evaluated
12 GPDs over China and found that MSWEPv] outperformed other GPDs and
PERSIANN-CCS demonstrated poor performance, and some other studies also reported
similar results over different regions of the world (S. hu Jiang et al., 2023; Lu et al., 2021;
Nashwan et al., 2020; Sahlu et al., 2017; Satgé et al., 2020; Xu et al., 2022; Yang et al.,
2016; Zeng et al., 2018). However, our findings demonstrate some distorted results. For
example, some satellite-based GPDs, such as the IMERGHHEv06 and IMERGHHLvO06,
demonstrated higher performance than some gauge-corrected GPDs, including MERRA -
2, CHIRPSv2.0, and PERSIANN-CDR, and also outperformed CFSR, which is one of
the reanalysis dataset, for the daily time step. Also, the performance ranking may change
if considering the seasonal variability, where CPCv1 outperforms all GPDs during the
spring season for the monthly time step. In the same way, the results show that both
IMERGHHEFVO06 and its near real-time versions IMERGHHL(E)v06, show relatively
higher performance compared to their predecessors, such as TMPA-3B42(RT)v7 which
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is also confirmed in previous studies (Amjad et al., 2020; Ma et al., 2021; Morsy et al.,
2021; Z. Shen et al., 2022), while ERAS shows relatively higher performance than CFSR,
which is in line with some other studies (Dubey et al., 2021; Ougahi & Mahmood, 2022).
Among satellite-based datasets, PERSIANN datasets demonstrate lower performance for
both daily and monthly time steps (Anjum et al., 2022; Hosseini-Moghari et al., 2018;
Ray et al., 2022). Moreover, the performance of GPDs over different elevation ranges
(see Figures 3.14-3.15) demonstrate that almost all datasets demonstrated higher
performance over areas having elevation less than 500 m and show relatively lower
performance over highly elevated regions, which are typically described by complex
topography. These findings support the results obtained by Zambrano-Bigiarini et al.
(2017), who evaluated the spatio-temporal of seven GPDs over different elevation ranges
considering daily, monthly, annual, and seasonal temporal. In the same way, many GPDs
show relatively lower performance over regions experiencing extremes (see Figures
3.16-3.17) such as dry and wet regions, which is in line with previous studies (Amjad et
al., 2020), where the same lower performance of GPDs was obtained over the Black Sea,
Central Anatolia and Southeastern Anatolia (see Figures 3.18-3.19), which is confirmed
by Aksu and Akgiil (2020).

The results indicate that the general trend of precipitation detectability for GPDs is
higher for low precipitation intensities, and the detectability is decreased for highly
intense precipitation (see section 3.1.6). This is because precipitation is being divided into
many thresholds instead of being classified as simple rain and no rain events, which is
consistent with previous studies (Amjad et al., 2020; Oreggioni Weiberlen & Baez
Benitez, 2018; Satgé et al., 2020). Regardless of any regional classification, there is a bit
of an exception in our results, in which most of the time GPDs demonstrate higher
detectability for moderate precipitation than for light precipitation, although light
precipitation exhibits a higher frequency of precipitation events than the moderate
threshold. This can be illustrated by the fact that, usually, detecting an event with a low
probability of occurrence is much harder than identifying an event with a high probability
of occurrence. On the other hand, using five different intensity thresholds instead of a
binary precipitation or no precipitation event can be considered a more demanding
classification scheme. This, along with larger frequency differences between light and
moderate intensities, could be attributed as the main reasons why most GPDs indicate a

higher detection ability for moderate precipitation compared to light precipitation, and

132



this division gets even more problematic when the occurrence probability of a certain
event is seen much more rarely compared to other classes (heavy and extreme intensities).
Such results are also observed in other GPD validations (Baez-Villanueva et al., 2018;
Zambrano-Bigiarini et al., 2017).

From the hydrological utility of GPDs (see section 3.2), with the calibrated model
parameters set by observed precipitation (Scheme-1), the behavior of streamflow
simulation from many GPDs is worst and produces deteriorated biases, lower KGE, and
lower NSE for both the calibration and validation periods, which also effect the entire
period. However, with the model parameters recalibrated by each GPD individually
(Scheme-2), the streamflow reproducibility of GPDs significantly increased. These
results highly support the finding of Su et al. (2021), who evaluated the hydrological
utility of three GPDs in China over Mishui basin and stated that the datasets demonstrated
higher ability of streamflow simulation by their optimal model parameter sets, and only
TMPA-3B42v6 performed fairly well for streamflow simulation with observed
precipitation calibrated model parameters. Our results also demonstrate that not only
TMPA-3B42v7 but also other GPDs, including CPCv1, CHIRP(S)v2.0, MSWEPV2.8,
MSWXv100, ERA5, and IMERGHHFv07, even some satellite-based GPDs, such as
IMERGHHEV06 and IMERGHHLv06, show relatively good streamflow reproducibility
compared to other GPDs in Scheme-1 over three different basins. Similar results can also
be found in other studies (Xue et al., 2013; Y. Zhang et al., 2022). Considering the
calibration and validation periods for both scenarios, GPDs demonstrate low streamflow
simulation ability for the validation periods compared to their calibration periods. This
can be explained by the fact that the short calibration period may not be representative of
long-term basin conditions, or the lower performance of GPDs during the validation
period may be due to the difference between hydrological conditions for the calibration
and validation periods. These results support the earlier finding by Jiang and Bauer-
Gottwein (2019), who evaluated the hydrological utility of IMERGHHF(E)v06 and
TMPA-3B42v7 over 300 catchments in China, and demonstrate that both IMERGHHv06
products show relatively higher performance than TMPA-3B42v7, where our results also
confirmed the outperformance of TMPA-3B42(RT)v7 by IMERGHHvO06 datasets. It is
important to note that the calibrated model parameter sets for each GPD have a tendency
to account for other aspects, such as model structure, forcing data, etc., and as a result,

they may vary throughout different calibration periods, particularly for short periods of
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time, which is also confirmed by Merz et al. (2011). Moreover, the hydrological utility of
GPDs shows that there is a higher agreement between observed streamflow and GPDs
simulated streamflow in terms of correlation than to their direct comparison at the daily
time step. This can be attributed to the fact that precipitation is the most uncertain part of
the hydrologic cycle compared to streamflow, while its distribution varies over time and
space faster than the variation of streamflow measured at a single point (the outlet).
Moreover, for streamflow simulations, precipitation is probably the most critical
meteorological forcing for hydrological models. However, other model forcing, such as
temperature and potential evapotranspiration, may also have an influence on
precipitation-runoff modeling, considering a significant snowmelt process in a
mountainous basin. In the same way, our results show that the bias propagated in the
GPDs is the main source of error that highly affects the final streamflow reproducibility
skill of datasets, which is expressed in the form of KGE. For example, PDIR-Now
demonstrates higher streamflow reproducibility during the calibration period for both
schemes over Cukurkisla basin, whereas for the validation period performs poorly. This
may be due to the change in bias in the dataset over the years, where in the direct
comparison we spotted that the PDIR-Now bias increased for those last two years of the
study period. These results support previous findings by Uysal and Sorman (2021), who
evaluated PERSIANN and PERSIANN-CDR datasets by direct comparison with
observed precipitation and utilized them for streamflow simulation over Karasu basin and
demonstrated that applying a post- and pre-bias corrections to the selected GPDs had a
highly significant effect on their performance for streamflow simulation.

The results from hydrological utility of GPDs show that the ground-based and
multi-source GPDs show a higher skill of streamflow reproducibility over three snow-
dominated basins, which is followed by reanalysis, and that, except for
IMERGHHL(E)v06, other satellite-based datasets show a relatively lower skill of
streamflow reproducibility. However, it is important to keep in mind that there are some
assumptions and limitations. These findings only generalized the performance of GPDs
for streamflow simulation over snow-dominated basins employing a conceptual model
(TUW). Hence, the findings would be changed if a different rainfall-runoff model was
utilized or the hydrological assessment of GPDs was done over basins with different
climate conditions. The short period is another limitation of this study. However, we

believe a timely assessment is crucial for further GPD improvement and future research.
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5. SUMMARY AND CONCLUSIONS

In the study, the spatio-temporal consistency of 18 recent GPDs over variable
topography and climate conditions in Turkey was analyzed, as well as their hydrological
utility for streamflow simulation. The performance of GPDs over variable topography
was obtained by discretizing the region into four elevation ranges where the effect of
climate was considered by grouping the study area into seven climate zones and
differentiating selected stations into four wetness classes. Furthermore, GPDs were
validated with 757 meteorological stations, which were available for the five hydrologic
years (2015-2019). The evaluations are done by considering individual metrics, including
Kling-Gupta Efficiency (KGE) with its three components, Hanssen-Kuiper Skill (HKS)
score, and Nash-Sutcliffe Efficiency (NSE). Finally, the TUW model is employed for
streamflow simulation based on observed precipitation and selected GPDs under different
model parametrization scenarios over three selected basins (Karasu, Kayabasi, and

Cukurkisla). The major conclusions are summarized as follows:

5.1. Conclusions from GPDs directed comparison

e CPCvl, whose temporal variation is entirely dependent on the spatial
information of gauge observations, demonstrates close mean daily and
monthly precipitation to the observed data, followed by some multi-source
GPDs, including MSWXv100, MSWEPv2.8, and CHIRPSv2.0.

e Among gauge uncorrected GPDs, CHIRPv2.0 shows the same amount of
mean daily and monthly precipitation as its corrected version (CHIRPSv2.0)
and is close to observed precipitation, while ERAS comes in with the
second-best spatial distribution of mean precipitation, but ERAS indicates
significantly greater precipitation.

e Some GPDs, such as PERSIANN-CCS, PERSIANN-CDR, PDIR-Now, and
CFSR, highly overestimate mean precipitation, whereas PERSIANN
datasets significantly have the least mean precipitation amount, followed by
SM2RAIN-ASCAT during the winter season.

e GPDs show higher performance for the monthly time step than daily
precipitation, which is distinguished by a higher KGE and its correlation

components.
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For the daily precipitation, it is MSWEPvV2.8 that demonstrates the highest
performance at the regional scale, followed by some other multi-source
GPDs, whereas for the monthly time step, MSWEPv2.8 still outperforms
other GPDs, followed by CPCvl and other multi-source GPDs, while
reanalysis datasets outperform satellite-based, satellite-reanalysis, and even
some other datasets such as PERSIANN-CDR, CHIRPSv2.0, and MERRA-
2, especially for the daily time step.

GPDs relatively show higher performance for the autumn season and lower
performance during the summer season, while their performance quite
diversifies for the spring and winter seasons over different regions.

In general, GPDs show weak performance as the elevation and amount of
precipitation are increased or decreased, such as in the Black Sea region,
Central, Southeastern, and Eastern Anatolia. and show lower performance
over regions that experience extremes, such as wet and dry regions.

GPDs show higher detectability for lower daily precipitation intensities, but
many GPDs perform poorly at differentiating between light and moderate,
and heavy and extreme precipitation events, where GPDs show distinct
detectability of different precipitation events under various regional

classifications and seasonal variability of precipitation.

5.2. Conclusions from GPDs hydrological utility

GPDs show higher streamflow reproducibility when the model is run with
their own optimal parameter sets. In other words, GPDs show higher
performance in Scheme-2 than in Scheme-1..

Still, observed precipitation-based streamflow simulations are highly
similar to the observed discharge in Scheme-1, whereas in Scheme-2, some
GPDs, including CPCvl, MSWXv100, and CHIRPSv2.0, outperform the
observed precipitation.

The streamflow reproducibility of GPDs vary in each basin. Both
IMERGHHFv06 and TMPA-3B42v7 show lower streamflow
reproducibility in the eastern part of Turkey (Karasu basin), whereas these
datasets exhibit higher streamflow reproducibility in the southern basin

(Cukurkisla basin), even outperforms CPCv1 and other GPDs.
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Some satellite-based GPDs are becoming available with high spatial
resolution and short time lag (latency), which is very important for real-time
operation, but the existing bias limits their reliability for hydro-
meteorological studies. As an example, PERSIANN-CCS is available after
a one-hour time lag with 0.04° spatial resolution, although its performance
is not very high. On the other hand, IMERGHHLvO06 presents precipitation
after 14 hours with a coarser spatial resolution (0.1°) compared to
PERSIANN-CCS and is more reliable among selected satellite-based GPDs.
Finally, when satellite-based GPDs are merged with other sources, such as
reanalysis and/or ground observation data, they become more accurate. For
example, MSWEPv2.8 and CHIRPSv2.0 are the most reliable GPDs over
the Karasu basin, but they have longer time lags varying from one month to
a few months. It can be concluded that there are GPDs available for a near-
real-time study, and as product merging from different sources is
implemented, increasing latency, the reliability of the new product seems to

increase.

5.3. Recommendations

The gauge uncorrected GPDs can be merged either by available ground data
or other gauge corrected GPDs to reduce the existence bias in these GPDs.
The spatial merging of GPDs either with each other or with the possible
dense gauge network may highly increase their performances over time and
space.

The mandatory regional classification in terms of elevation and wetness
with different thresholds may provide different result for GPDs
performance.

Scheme-2 of hydrological modeling is recommended for ungauged basins
where the calibration procedure uses GPD, ground temperature, and PET
values. Since all model forcing will have their influence on optimal model
parameter set, it would be more reliable if model calibration may be

implemented from the same climate data.
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5.4. Future Studies

The future studies will focus on:

e Spatial merging and bias correction of selected GPDs using machine
learning.

e Performing GPDs evaluation with a distributed observed precipitation (grid-
based) instead of point to grid method.

e Using available climate data for streamflow prediction instead of utilizing
only precipitation as a meteorological forcing.

e Some GPDs, such MSWXv100 provide forecast data which will be used for

flood forecasting, drought monitoring and early warning systems.
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