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ABSTRACT

EVALUATING AND MERGING MODEL- AND SATELLITE-BASED
PRECIPITATION PRODUCTS OVER VARYING CLIMATE AND
TOPOGRAPHY

Amjad, Muhammad
Doctor of Philosophy, Civil Engineering
Supervisor: Assoc. Prof. Dr. M. Tugrul YILMAZ

January 2020, 113 pages

This study first evaluates and inter-compares a set of nine precipitation products (2
satellite estimation-based, 2 model reanalysis-based, and 5 model forecast-based
products) over varying climate and topography by using the in-situ observed
precipitation data as truth. The products are then merged, in the form of two groups,
using two different merging techniques: 1. Taking ensemble mean (i.e., simple
merging); 2. Taking ensemble mean after rescaling them by a linear regression
method. The merged products are statistically evaluated and inter-compared with the
individual products using the same in-situ precipitation data. The results show that the
errors in the products increase, while their correlations with the observed data decrease
with the increasing terrain complexity. Comparatively, wetness and terrain slope have
a more prominent role than elevation in the error variability of the products. The
performance of model-based products is more adversely affected by increasing terrain
complexity than that of satellite-based products. Both the merging methods improve
the errors and correlations of the products not only over the entire study area, but over
all its sub-regions classified based on the wetness, elevation, and terrain slope. Simple
merging improves the precipitation detection ability of the individual products the
most. Merging the products after rescaling them in the space of ECMWF HRES and



IMERG adds the highest improvement in ErrSD (on average 28.5% and 34.8%, resp.)
and CC (on average 17.6% and 23%, resp.) of the individual forecasts and individual

research products, respectively.

Keywords: Precipitation, Satellite, Model, Evaluation, Precipitation Data Merging,
Varying Topography.
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Oz

MODEL VE UYDU TABANLI YAGIS URUNLERINI DEGISKEN IKLIM VE
TOPOGRAFYA UZERINDE DEGERLENDIRMEK VE BiRLESTiRMEK

Amjad, Muhammad
Doktora, Insaat Miihendisligi
Tez Danismani: Dog. Dr. M. Tugrul YILMAZ

Ocak 2020, 113 sayfa

Bu calisma ilk olarak dokuz farkli yagis tirlintinii (2 uydu tahmin tabanli, 2 model
yeniden analiz tabanli, 5 model tahmin tabanli iiriin) degisken iklim ve topografya
Uzerinde, yer gozlem istasyon verilerini referans kabul ederek degerlendirmekte ve
karsilastirmaktadir. Uriinler iki farkli birlestirme teknigi kullanilarak iki grup halinde
birlestirilmistir: 1. Coklu iirlin ortalamasi almak (yani basit birlestirme); 2. Lineer
regresyon yontemiyle 6lceklendirildikten sonra ¢oklu Griin ortalamasinin almak. Elde
edilen birlestirilmis tirlinler hem istatistiksel hem de hidrolojik olarak degerlendirilmis
olup sirastyla ayni yagis gozlem verilerini kullanan iiriinler ve ylizeysel akis gézlem
verileri ile karsilastirilmistir. Elde edilen sonuclara gore, artan arazi karmasikligi
triinlerdeki hatalarin artmasina ve iirtinler ile gézlem verileri arasindaki korelasyon
degerlerinin azalmasina sebebiyet vermistir. Sulaklik ve arazi egimi iirlinlerin hata
degiskenliginde ylikseklige gore daha belirgin bir role sahiptir. Model tabanl
driinlerin performansi, artan arazi karmasikligindan uydu tabanli {iriinlere nazaran
daha olumsuz etkilenmektedir. Her iki birlestirme yontemi de, iirlinlerin hata ve
korelasyonlarini tiim ¢alisma alani1 boyunca gelistirmekle kalmaz; sulaklik, ytkseklik
ve arazi egimine gore siniflandirilmis olan tiim alt bolgeler i¢in de iyilestirir. Basit
birlestirme iirlinlerin en ¢ok yagis tespit becerisini gelistirmektedir. Tahmin ve

arastirma triinlerinin ErrSD ve CC degerlerindeki en yiiksek iyilestirmeler urtinler
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ECMWEF, HRES ve IMERG durinlerini referans alarak yeniden 6lgeklendirildikten
sonra birlestirildiginde elde edilmistir (ErrSD’de tahmin iiriinleri i¢in ortalama %28.5,
arastirma irtinleri i¢in ortalama %34.8 ve CC’de tahmin {iriinleri i¢in ortalama % 17.6,

arastirma Urtinleri i¢in ortalama %23).

Anahtar Kelimeler: Yagis, Uydu, Model, Degerlendirme, Yagis Verisi Birlestirme,
Degisken Topografya
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CHAPTER 1

INTRODUCTION

1.1. Precipitation: Measurement and Applications

Precipitation is a vital element of the global hydrological and energy cycles and one
of the most critical parameters for a range of natural and socioeconomic systems such
as water resources management, agriculture, forestry, tourism, flood protection, and
drought management. Being one of the most significant elements in the water and
energy cycles (Kucera et al., 2013), a quantitative appraisal of precipitation amount
and its spatiotemporal distribution is essential for many scientific and operational
applications. However, the spatiotemporal heterogeneity of precipitation makes its
correct estimation very difficult (Herold et al., 2016), especially with high spatial and

temporal resolutions.

Precipitation is currently being determined by utilizing four major methodologies:
ground-based gauges, ground-based remote sensing radars, remote sensing satellites,
and atmospheric retrospective-analysis models (Michaelides et al., 2009). Ground-
based gauge observations can be considered to be the most forthright and correct
source of precipitation data (Ma et al., 2015). However, their installation and
maintenance costs cause sparsely or unevenly distributed ground-based rain gauge
networks in many areas of the world, which is the case, especially in several
developing countries (Hughes, 2006). While the radars can monitor large areas with
high spatial and temporal resolutions, their observations suffer from various error
sources like mean-field systematic errors, systematic errors due to range, and random
errors (Dinku et al., 2002). Model- and satellite-based estimates of precipitation may
be considered as potential alternative sources of precipitation data as they offer

spatially and temporally continuous and consistent estimates for a broad set of



variables including precipitation. However, despite their spatial and temporal
advantages, both the satellite- and model-based products have been reported to have
certain biases and errors (Chakraborty, 2010; Derin et al., 2016; Durai et al., 2010;
Ghajarnia et al., 2015; Wang et al., 2010; Yuan et al., 2017). Hence, the accuracy and
quality of these products should be carefully investigated before utilizing them in

various applications requiring high-quality precipitation data.
1.2. Evaluation of Precipitation products

Several quasi-global satellite precipitation products with a variety of spatial and
temporal resolutions have been established in recent years. Widely used satellite-
based precipitation products include Tropical Rainfall Measuring Mission (TRMM)
Multi-satellite Precipitation Analysis (TMPA) (Huffman et al., 2007) and IMERG (the
Integrated Multi-satellitE Retrievals for Global Precipitation Measurement (GPM))
(Huffman et al., 2015). In addition to the satellite-based precipitation data sources,
there are several centers releasing weather forecasts and reanalysis with various spatial
and temporal resolutions by using global general circulation models (GCMs)
(Chakraborty, 2010). Some of the model-based products from such centers include
ERA-Interim (Dee et al., 2011) and ERA5 (Herbach and Dee, 2016) reanalysis
products from European Centre of Medium-range Weather Forecast (ECMWF), High
Resolution (HRES) deterministic forecasts from ECMWF, ALadin—~AROme
(ALARO, from AROME [Application of Research to Operations at Mesoscale]
system of ALADIN model from Météo-France), Weather Research and Forecasting
Model (WRF, maintained by Mesoscale and Microscale Meteorology Laboratory of
National Center for Atmospheric Research (NCAR)), Global Forecast System (GFS,
produced by National Centers for Environmental Prediction (NCEP)) and The Climate
Forecast System (CFS, maintained by the National Centers for Environmental
Prediction (NCEP)).

1.2.1. Inter- comparison of Satellite- and Model-based Products



The real added utility of the products estimated from different platforms via the
observing sensors, retrieval algorithms, and/or dataset estimation methodologies is
better understood when the products are validated using ground station-based
observations and via inter-comparison studies validating multiple products
simultaneously for the same location and time. Several studies in the literature focused
on inter-comparison of satellite-based products only (e.g., Cai et al., 2016; Derin and
Yilmaz, 2014; Guo et al., 2016; He et al., 2017; Murali Krishna et al., 2017; Prakash
et al., 2018, 2016; Tan and Duan, 2017; Tang et al., 2016; Wang et al., 2017; Xu et
al., 2017; Yuan et al., 2017; Zhang et al., 2018), or model-based products only (e.g.,
Davis et al., 2006; Done et al., 2004; Durai et al., 2010; Hamill et al., 2008; Manzato
et al., 2016; Pappenberger and Buizza, 2009; Sooraj et al., 2012; Wang et al., 2010;
Wolff et al., 2014; Ye et al., 2014), whereas the number of studies focusing on inter-
comparison of both the satellite- and model-based products is relatively less (e.g.,
Chakraborty, 2010; Derin et al., 2016; Hénin et al., 2018; Li et al., 2018; Sahlu et al.,
2017; Sharifi et al., 2016; Thiemig et al., 2012; Tong et al., 2014). Nevertheless,
among the studies inter-comparing satellite- and model-based products, some of them
(e.g., Chakraborty, 2010; Thiemig et al., 2012; Tong et al., 2014) have been completed
before the release of some of the most promising recently-released products like
IMERG (released in 2014) or ERAS (released in 2018), some of them (e.g., Sahlu et
al., 2017) did not include the recently-released products (e.g., ERA5 and IMERG),
and some studies (e.g., Hénin et al., 2018; Sharifi et al., 2016) did not evaluate and
inter-compare the products comprehensively (i.e., evaluating them over considerable
span of time, area and number of gauges which could result in generalization of the
error statistics of the products). There is a motivating gap in the literature regarding
comprehensive studies that could consider evaluation and inter-comparison of the
recently released satellite- and model-based products.



1.2.2. Evaluation and Inter-comparison over Varying Topography

Compared to non-complex (relatively flatter) topography, different factors may drive
the accuracy of satellite- and model-based precipitation products over complex
topography (i.e., having a high slope and/or elevation). Local and regional
topographical complexity has the potential to exert a profound impact on atmospheric
lapse rate and mesoscale circulations. In the regions having complex topography,
extreme events show significant temporal and spatial variations and generate extensive
amounts of precipitation in short durations, while the phenomenon associated with
non-complex topography is expected to have less variability. Additionally, as
compared to non-complex topography, complex topography is more prone to disasters
like flash floods; highlighting different levels of significance of accurate estimation of
precipitation over the regions with these two kinds of topography. Hence, for any
given product, the performance results over complex and non-complex areas have
their individual implications. Several studies (e.g., Beck et al., 2019; El Kenawy et al.,
2015; Mayor et al., 2017; Sharifi et al., 2016) conducted the performance assessment
of satellite- and model-based products over varying topography (considering both the
complex and non-complex topography simultaneously). However, most of these
studies, except Beck et al. (2019), have not included the recently released products
like IMERG and ERAS. Similarly, some of these studies (Mayor et al., 2017; Sharifi
et al., 2016) evaluated precipitation products for short/limited duration, so that
estimated errors may not reflect long term error statistics. Accordingly, there is a
pressing need for more studies comprehensively investigating the performances of
recently released and their predecessor precipitation products with a varying

topography focus.
1.2.3. Evaluation Studies Over Turkey

Characterized with varying climate and complexity, Turkey has terrain which varies
in complexity owing to the high mountains stretching in east-west direction over both

the northern and the southern parts while relatively flatter regions located in the central



parts of the country. There are some studies performed to characterize the accuracy of
precipitation products over Turkey (Biyik et al., 2009; Demir et al., 2018; Derin and
Yilmaz, 2014; Toros et al., 2018; Yucel, 2015; Yucel et al., 2011; Yucel and Onen,
2014). However, these studies remain limited and narrow-focused (i.e., either used a
low number of stations in validation efforts, implemented over limited regions,
focused only on short precipitation events occurring within 1-2 days, or used only one
or two products). Hence, more comprehensive studies are still needed by using more
datasets acquired over more stations and representing more extended periods to
characterize better the uncertainty of widely used recent precipitation products over
this region, which is known for its varying climatic and topographical conditions.

1.3. Merging the Precipitation Products

Merging of precipitation datasets from different sources has been demonstrated to
improve the overall quality of precipitation data. Several studies in the literature (e.g.,
Beck et al., 2019; Berg et al., 2016; Berndt et al., 2014; Boudevillain et al., 2016;
Chiang et al., 2007; Goudenhoofdt and Delobbe, 2009; Li and Shao, 2010; Rozante et
al., 2010; Scheel et al., 2011; Yilmaz et al., 2010; Verdin et al., 2015; Woldemeskel
etal., 2013; Xie and Xiong, 2011) have worked on improving various radar-, satellite-
and model reanalysis-based precipitation products by merging them with data
observed at ground-based gauges. Different merging techniques, including Bayesian
kriging approach (Verdin et al., 2015), linearized weighting procedure (Woldemeskel
et al.,, 2013), optimal interpolation technique (Xie and Xiong, 2011), ordinary
cokriging algorithm (Scheel et al., 2011) and nonparametric kernel smoothing method
(Li and Shao, 2010), have been adopted in the literature to merge different satellite-
based and/or model-based reanalysis products with the gauge-based observed data on
daily to monthly time scales. Moreover, Bayesian merging method (Luo et al., 2007)
has been used to merge monthly precipitation forecasts with the observed climatology,
while weighted average method (Xie and Arkin, 1996) was used to blend satellite-
based estimates and model-based forecasts with the observed data on a monthly time

scale. Systematic differences between variety of merged products exist; hence, in



order to improve the accuracy of the merged products reducing the systematic errors
between them is necessary. Among merging methodologies, however, merging after
rescaling the precipitation datasets using linear regression has never been conducted
(although this technique has been used for merging different soil moisture datasets by
Yilmaz and Crow, 2013). Another significant gap in the literature is that real-time
(e.g., 1-3 daily) forecasts have never been merged to improve their statistical accuracy

and applicability for operational purposes.
1.4. Motivation for this Study

Firstly, a comprehensive study, not only simultaneously considering evaluation and
inter-comparison of several recently released precipitation products from various
platforms like model-based forecast, model-based reanalysis and remote sensing-
based estimates but also assessing their performance over varying climatic conditions
and terrain complexity, is lacking. Secondly, although merging products from
different sources has been reported to be improving their overall accuracy, there have
been no effort (in our knowledge) to merge different real-time precipitation forecasts
with the intention to get a better real-time input for operational fields, as improving
the quality of precipitation forecasts might have definite implications in flood
forecasting, natural hazard management and different water resources management
processes. Thirdly, the impact of merging the precipitation products after rescaling

them by linear regression has not been studied in the literature.
1.5. Goals of the Study
The goals of this study are:

1. A comprehensive evaluation of recently released precipitation products from
model-based forecasts (ECMWF HRES, ALARO, WRF, GFS, and CFS), model-
based reanalysis (ERA-Interim and ERAS), and satellite-based estimates (TMPA
3B42V7 and GPM IMERGVO05) by using precipitation data from ground-based gauges
as reference data over varying topographical and climatic conditions to assess the error

variations associated with each product over daily, monthly and annual time scales.



2. Merging different real-time (1-3 daily) precipitation forecasts (ECMWF
HRES, ALARO, WRF, GFS, and CFS) and assessing the impact of merging on their

error variance.

3. Merging different post-real-time precipitation products (ERA-Interim, ERAS5,
TMPA 3B42V7, and GPM IMERGVO05) and assessing the impact of merging on their

error variance.
1.6. Innovation in this Study

Firstly, this study intends to comprehensively evaluate a set of nine precipitation
products (including forecasts, reanalysis and satellite-based estimates) over varying
topographical and climatic conditions of Turkey. Secondly, for the first time, this
study merges up-to-date and state of the art satellite- and model- based products with
special emphasis on varying climate and complexity of terrain. Thirdly, to author’s
knowledge, no study has ever merged different real-time (operational) forecasts; this
study intends to merge them and to assess the impact of merging on their statistical
performance. Lastly, this study is the first to apply the technique of merging different
precipitation products after rescaling them, and to investigate the added utility of this

technique of merging.






CHAPTER 2

METHODOLOGY

2.1. Study Area
2.1.1. Terrain Complexity and Variability of Climate

The study area is selected as Turkey, having an area of 783,500 km?2. The area is
situated in the Mediterranean region with temperate climatic conditions, but in
general, the diverse nature of its landscape and presence of the mountains contribute
to significant differences in climatic conditions from one region to the other. The
coastal areas enjoy milder climates while inland Anatolian plateau experiences
extremes of hot summers and cold winters with limited precipitation (Sensoy, 2004).
Depending on location, the annual precipitation in Aegean and Mediterranean coasts
ranges between 580 mm and 1300 mm. The eastern coast of the Black Sea region
receives 2200 mm annual precipitation and is the only region of the study area that
receives precipitation throughout the year. The amount of total precipitation on the
coastal and inland stations differs significantly due to mountain blockage. For
example, Antalya station, which is located at the Mediterranean coast in the windward
side of the Taurus Mountain, receives three times a higher amount of annual
precipitation compared to Karaman and Burdur stations which are situated in the
leeward side of that mountain. Similar mountain blockage makes the precipitation
highly variable along the northern Black Sea Region (Derin and Yilmaz, 2014,
Sensoy, 2004) where a coastal station (windward), named Hopa, receives 2182 mm
annual rainfall while an inland station (leeward), named Bayburt, receives only 420
mm. Overall, the entire country consists of undulating regions, while most of the high
mountainous ranges are situated in the eastern and northeastern parts of the country.

Very long coastlines draw its borders with the Black Sea in the north, the



Mediterranean Sea in the south, and the Aegean Sea in the west. Most of the relatively
flat and low-land areas are situated in western regions while most of the high-land
areas and high mountainous areas are located in the eastern regions. Black Sea region
(northeast of Turkey) and some of the southeastern regions have relatively higher

mountainous areas there.

The term “complex topography” has been widely used in the literature to refer to the
regions with high elevation (e.g., Hirpa et al., 2010) or standard deviation of elevation
(e.g., Chiaravalloti et al., 2018). Even though more complex topographies are
associated with a higher tendency to receive more orographic precipitation than less
complex topographies, there seems a need to make a clear consensus over the
definition of the term complex topography. Following earlier studies, this study
associates the topographical complexity with slope and elevation, but it also classifies
the regions into different classes of elevation and slope and specifies clearer thresholds

for those classes.
2.1.2. The Sparsity of Ground-based Gauges Network

The ground-based gauge station density (area per gauge station) against the increasing
elevation above mean sea level (MSL) is shown in Figure 2.1a and increasing terrain
slope in Figure 2.1b. The proportion of the number of gauge stations is lower in the
case of areas with higher elevations and slopes. World Meteorological Organization
(WMO) standards suggest an average gauge density of 1 gauge per 575 km? area for
hilly/undulating regions while 1 gauge per 250 km? area in case of mountainous
regions (Awadallah, 2012). In the case of the study area under consideration, the rain
gauges are sparser (especially at higher elevation and slope zones) than the average
rain gauge density defined by WMO standards. Taking example of regions with slopes
steeper than 15% (which could be associated with highly undulating or mountainous
areas), gauge station density in the study area is one gauge station for an area of above
6000 km?, which is way lower than the density (1 gauge per 250 km?) defined by

WMO. This lower station density would impact the calculation of area-averaged
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precipitation estimates over selected regions of interest. Therefore, here in this study,
area-averaged estimates are not analyzed (rather station-based estimates, which are
point data in nature, are utilized in the analyses). The detailed rationale for using

station-based data (instead of area-averaged data) is discussed in section 2.3.2.
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Figure 2.1. Gauge density against varying a) Elevation above MSL (m), and b) Percent Terrain Slope

2.2. Datasets

This study uses two satellite-based estimates, two model-based reanalysis products,
five model-based forecasts, and their merged products for evaluation using ground-
based observed precipitation data over gauge stations (755 in total). The detailed

description of the input datasets is given below.
2.2.1. Gauge-based Precipitation Observations (Reference Data)

Subject to its availability, precipitation data observed through ground-based gauge
stations can be considered as the most reliable data. Hence, evaluating the remotely
sensed and model-based estimated precipitation datasets by using gauge stations data
as a reference is the most common procedure in the literature adopted for accuracy

assessment of those datasets.
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Precipitation data from gauge stations (1936 in total) spread all over Turkey was
obtained from the General Directorate of Meteorology (Turkish acronym: Meteoroloji
Genel Midirligi [MGM]) of Turkey. The obtained data contained certain
discrepancies including outliers, discontinuities, and repetition of data entries.
Therefore, it was undergone through certain quality control procedures to remove
outliers or any apparent discrepancies in the raw data. The adopted quality control
procedure is described in detail in Section 2.3.1. The daily precipitation data for a
period of ~5.5 years (January 2014 to May 2019) from the stations passing the quality
control filters were used for evaluation of individual products and further analyses.

2.2.2. Satellite-based Precipitation Products

Two satellite-based precipitation products were considered in this study for evaluation
and further processes. A detailed description of each of these products is provided in

the following paragraphs.
2.2.2.1. TMPA 3B42V7

The TMPA algorithm merges several ground-based observations (in the non-real-time
products) with two types of satellite-based observations (i.e., microwave [MW] and
infrared [IR]). The MW sensors include the Advanced Microwave Scanning
Radiometer-Earth Observing System, Advanced Microwave Sounding Unit-B,
TRMM Microwave Imager (TMI), and the Spectral Sensor Microwave
Imager/Sounder, which combine to make the 3B40RT product. The IR observations
combine the geostationary satellites. The MW and IR observations constitute the
TMPA 3B40RT and 3B41RT products, respectively. Together these products are used
to generate the 3B42RT product, which when combined with the Global Precipitation
Climatology Center (GPCC), TMI, and TRMM Precipitation Radar produce the post-
real-time 3B42 product (Huffman and Bolvin, 2018; Yong et al., 2014). Hence, the
TMPA 3B42 retrievals consist of two products: near-real-time (3B42RT, spatial
coverage: 60°N-60°S) and research-grade (3B42, spatial coverage: 50°N-50°S). The
former is less accurate (Milewski et al., 2015) but provides estimates suitable for near-
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real-time monitoring and modeling activities (Wu et al., 2012). The latter, available
approximately two months after observation, is released after calibration with gauge
data, different sensor calibration, and additional post-processing in the algorithm. The
resulting product is more accurate and suitable for research (Huffman et al., 2007;
Huffman and Bolvin, 2018). This study uses daily precipitation data from version 7 of
research-grade daily product, TMPA 3B42V7, that has 0.25° spatial resolution.

2.2.2.2. GPM IMERG

The GPM Core Observatory carries a dual-frequency precipitation radar (DPR; the
Ku-band at 13.6 GHz and Ka-band at 35.5 GHz) and a conical-scanning multi-channel
GPM Microwave Imager (GMI; frequencies range between 10 and 183 GHz). GPM
extends the sensor package compared to TRMM instruments, which had a single-
frequency precipitation radar (PR) and a multichannel TRMM Microwave Imager
(TMI). Therefore, the GPM sensors can detect light and solid precipitation more
accurately than TRMM sensors (Hou et al., 2014). GPM IMERG algorithm provides
three levels of products, including the near-real-time ‘‘Early” and ‘‘Late” run
products, and the post-real-time ‘‘Final” run product, which is considered as a
research-grade product. This study focuses on the Level-3 “Final” product, which is
released after inter-calibration, merging, and interpolation of all microwave estimates
of the GPM constellation, infrared estimates, gauge observations, and other data from
potential sensors at 0.1° x 0.1° (Huffman et al., 2015). The product used in this study
is SIMERGDFv05 (DFvO05 denotes version 5 of Daily Final run product) with a spatial
resolution of 0.1° x 0.1°.

For brevity, the short names IMERG and TMPA, are used from here on instead of
complete names of satellite-based products, GPM 3IMERGDFv05 and TMPA
3B42V7, respectively.

2.2.3. Model-based Reanalysis Precipitation Products

Reanalysis datasets are generated by a data assimilation system combining

observations with a numerical weather prediction model. For the entire reanalysis
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period, the model physics remain unchanged in the forecast model for consistency of
the output data. The reanalysis consequently provides a picture of the global climate
over a period during which observational data are available. Reanalysis data can
provide a multivariate, spatially complete, and coherent record of the global

atmospheric circulation (Dee et al., 2011).
2.2.3.1. ECMWF ERA-Interim

The ECMWF ERA-Interim reanalysis (Dee et al., 2011) dataset is produced with a
sequential data assimilation scheme, advancing forward in time using 12-hourly
analysis cycles. In each cycle, available observations are combined with prior
information from a forecast model to estimate the evolving state of the global
atmosphere and its underlying surface. The analyses are then used to initialize a short-
range model forecast, which provides the prior state estimates needed for the next
analysis cycle. The spatial resolution of ERA-Interim data is 79 km (T255 spectral
truncation) (Dee et al., 2011). For ERA-Interim data retrieval, the ECMWF web
applications server (http://apps.ecmwf.int) offers a default spatial resolution grid of
0.75° as well as other spatial-resolution grids (ranging from 0.125° to 3°) based on a
bilinear interpolation technique for continuous parameters. In this study, 0.75° spatial

resolution for the ERA-Interim product is used.
2.2.3.2. ECMWF ERA5

In 2017, the ECMWEF released a new reanalysis data ERA5 (Herbach and Dee, 2016).
There are major improvements in ERAS5 compared with ERA-Interim. For example,
ERADS provides datasets starting from 1950 (ERA-Interim from 1979) to present, has
0.25° spatial resolution (ERA-Interim has 0.75°) and hourly analysis fields (ERA-
Interim has 6-hourly), improved variational bias scheme (in addition to satellite
radiances now ozone, aircraft and surface pressure data are also used), includes more
information on variation in quality over space and time, an improved representation
of troposphere, better global balance of precipitation and evaporation, and more

consistent sea surface temperature and sea ice coverage (Herbach and Dee, 2016). This
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study uses ERAS daily accumulated reanalysis data at the native spatial resolution of
0.25°.

For brevity, the short name ERAInt is used from here on instead of the complete name
of ERA-Interim.

2.2.4. Model Forecast-based Precipitation Data

This study uses five model-based precipitation forecast products including: (1) HRES
deterministic forecasts from ECMWEF, (2) ALARO forecasts, (3) WRF forecasts, (4)
GFS forecasts, and (5) CFS forecasts.

2.24.1. ECMWF HRES

For the medium-range forecasts based on ECMWF Integrated Forecasting System
(IFS), an ensemble of 52 individual ensemble members are created twice a day. One
member is at a higher spatial resolution than the other members (called the HRES at
ECMWEF), its initial state is the most accurate estimate of the current conditions, and
it uses the current best description of the model physics. It provides a highly detailed
description of future weather and, averaged over many forecasts, it is considered as
the most accurate forecast for a certain period, which is currently estimated as ten days
for large scale properties of the atmosphere. This study used 1-daily accumulated total
precipitation (TP) forecasts from these deterministic forecasts (with a spatial
resolution of 0.1°) from ECMWF for initial evaluation, and 1-3 daily accumulated
total precipitation (TP), convective precipitation (CP) and large-scale precipitation
(LSP) forecasts for further merging analyses. These datasets can be retrieved from the
Meteorological Archival and Retrieval System (MARS) of ECMWEF.

2.24.2. ALARO

As the AROME software is computationally expansive, particularly for real-time
weather forecasting, a framework for the transition, called ALARO, has been
developed, based on the ALADIN model with a refined formulation of the physical

parameterizations. ALARO uses an AROME-oriented mesoscale physics, and the aim
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of this canonical configuration of the ALADIN System is to provide a setup that can
also be used in intermediate resolutions between the mesoscale and the convection-
permitting scales. For moist deep convection, the Modular Multiscale Microphysics
and Transport scheme (3MT) has been developed to overcome problems when
convection gets partly resolved at the so-called gray-zone model resolutions. The
ALARO configuration is built upon this physics parameterization concept relying on
the governing equations for the moist physics. Operational ALARO Turkey cycle 40t1
has 4.5 km horizontal resolution and 60 vertical layers. Boundary conditions are
applied at 3-hour intervals from the global model ARPEGE (Action de Recherche
Petite Echelle Grande Echelle). The model is run four times (00, 06, 12, and 18 UTC),

and forecasts up to 72 hours are produced.
2.2.4.3. WRF

WRF, maintained by Mesoscale and Microscale Meteorology Laboratory of National
Center for Atmospheric Research (NCAR), produces simulations based on actual
atmospheric conditions (i.e., from observations and analyses) or idealized conditions.
Running WRF model to get high-resolution precipitation data needs high-tech
assembly of simulation running machines and currently, MGM has facilities to
provide WRF data to the end-users. The data can be obtained at a spatial resolution of
~4.5 km.

2.24.4. GFS

GFS, produced by the National Centers for Environmental Prediction (NCEP), uses a
coupled model to provide an accurate picture of weather conditions. Its forecasts
starting from 2015 to today can be retrieved from the archive of the National Center
for Atmospheric Research (NCAR) at a spatial resolution 0.25°. This study used 1-
daily accumulated (derived from 6-hourly) total precipitation forecasts for initial
evaluation analyses, while 1-3 daily accumulated (derived from 6-hourly) total
precipitation, convective precipitation, and large-scale precipitation forecasts were

utilized in further analyses related to merging of real-time forecasts.
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2.2.4.5. CFS

CFS, maintained by the National Centers for Environmental Prediction (NCEP), is a
model representing the global interaction between Earth's oceans, land, and
atmosphere. CFS models are used in producing precipitation data reanalysis,
reforecasting, and forecasting (based on reanalysis). This study used 1-daily (derived
from 6-hourly) TP and CP data (with a spatial resolution of 0.5°) retrieved from NCAR
archive. LSP data was further obtained by subtracting CP from TP.

For brevity, simple names (ECM, ALR, WRF, GFS, and CFS) will be used from here

on instead of complete names of the real-time forecast products.
2.2.5. Selection of Common Study Period

Table 2.1 shows the maximum available period for each of the included datasets.
Including the recently released precipitation products required a compromise on the
length of the common study period. Hence, the longest possible common period of
~72 months (2014-2019) was selected as the study period for evaluation and merging

of the precipitation products.

Table 2.1. Information about the datasets used in the study (last checked on September 2019)

Sr. Spatial Temporal | Availability
No. Dataset Type Resolution | Resolution Period Source
1 | Observed Data | Ground-based Gauges data - 1-daily 22001%%5 MGM, Turkey
2 GPM Satellite-based Estimates 0.1° 1-daily 201404- NASA Earth Data,
3IMERGDFv05| (Research-grade product) ) (Derived) 201806 Huffman et al. (2015)
Satellite-based Estimates o 1-daily 1998- NASA Earth Data,
3 |TMPA3BA2VT (Research-grade product) 0.25 (Derived) 201907 Huffman et al. (2007)
4 ERA-Interim Model-based Reanalysis 0.75° 1-daily 2%)%%6 ECMWEF, Dee et al. (2011)
) . o 1-daily 1979- ECMWEF, Herbach and
5 ERA5 Model-based Reanalysis 0.25 (Derived) 201906 Dee (2016)
6 |ECMWF HRES Model-based Forecasts 0.1° 1-3 daily 22001%709 ECMWF MARS Archive
7 ALARO Model-based Forecasts 0.045° 1-3daily | 2011-2018 MGM, Turkey
8 WRF Model-based Forecasts ~0.045° 1-3daily | 2013-2018 MGM, Turkey
o 1-3 daily 2015- .
9 GFS Model-based Forecasts 0.25 (Derived) 201909 NCEP, NCAR Archive
i o 1-3 daily 2011- .
10 CFSv2 Model-based Forecasts 0.5 (Derived) 201909 NCEP, NCAR Archive
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2.3. Pre-processing of Data
2.3.1. Quality control of Reference Data

Observed daily precipitation data over a total of 1936 gauge stations managed by
Turkish State Meteorological Services (MGM) for a period of 16.5 years (January
2003 to May 2019) was initially obtained from MGM. The data was then subjected to
a certain quality control procedure to remove any discontinuities or outliers. The
adopted quality control procedure is described in the following paragraphs.

To remove outliers in the daily precipitation data, it was passed through a maximum
precipitation threshold filter of 466 mm/day (which is, according to MGM, the most
extreme daily precipitation observed in the recorded history of Turkey). After that, the
remained daily data from those 1936 stations were trimmed to the required study
period (~2014-2019). A further quality control procedure was applied to the daily data,
which consisted of removing the stations with significant data gaps, removing the
stations having many repeated data entries, and removing the stations with zero long
term monthly means. Moreover, the stations whose average annual precipitation for
the entire study period differed more than 200 mm/year from their long-term average
annual precipitation were also removed. Finally, the stations whose data is being
shared with the World Meteorological Organization (WMOQO) were excluded to ensure
the independence of the reference dataset from the satellite- and the model-based

datasets.

It is to note that most of the threshold filters during the quality control procedure were
specified after getting information from MGM. Nevertheless, after application of all
the quality control steps, the remaining daily data for 5.5 years (January 2014 to May
2019) from 755 gauge stations spread all over Turkey was utilized as the reference

data for evaluation of individual precipitation products and further processes.
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2.3.2. The Rationale and Preparation of Data for Point-to-Grid Evaluation

First, as the gauge-based observation data is point data in its kind, potential errors are
resulted when interpolation techniques are applied to convert the point data into
continuous spatial precipitation data (Kidd and Huffman, 2011). Moreover, the spatial
representativeness of gauge-based observations (i.e., point) and satellite- and model-
based datasets (i.e., grids) is different. In the studies performing comparisons of such
datasets, in general, two different methodologies are commonly used to reconcile the
spatial scale differences between the gauges data and the products: either the grids of
satellite and the model data that are closest to the gauge stations are extracted (point-
to-grid methodology following EI Kenawy et al., 2015; Heidinger et al., 2012; Islam
et al., 2012) or the station-based observations within the grids of satellite/model
datasets are averaged so that a compatible and spatially distributed estimate can be
obtained. Over many locations of the world, when a dense network of precipitation
gauges is absent and/or in the case of precipitation products with coarse spatial
resolution (like in our case: ~0.10° — 0.25°) are evaluated, only minority of the grids
contain more than single station; hence, the second methodology is not viable in this
study. Here in this study, the first methodology is adopted for all the analyses (i.e.,

data for satellite and model grids closest to the stations are extracted).

Following the above-discussed methodology, daily data from all nine precipitation
products (gridded in nature), other than gauges data, were extracted over the locations
of 755 gauge stations for compatible comparison between the observed and products
data. Hence, a total of 10 datasets (including the observed data) over 755 stations were
made ready for the further analyses.

2.3.3. Classification of Stations for Wetness, Elevation, and Slope

As mentioned in Section 2.1.1, the study area is quite diverse regarding the terrain
complexity and varying climate. This diversity required a detailed evaluation of the
precipitation products as the conclusions over the entire area would not be enough to

make any generalization about the performance accuracy of the products. This
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motivated the classification of the stations (755 in total) based on wetness, terrain
elevation, and terrain slope so that the performance of the products could be
investigated over varying climate and terrain complexity; where this study associates

the climate variability with wetness and terrain complexity with elevation and slope.

For the classification based on wetness, the stations of the entire study area were
grouped into four wetness classes: dry, moderately dry, moderately wet, and wet. Four
arbitrary thresholds of average monthly precipitation amount of observed data (< 40,
40-60, 60-80, and > 80 mm/mon) were used to define wetness (dry, moderately dry,
moderately wet, and wet, respectively) of individual stations (Table 2.2). Figure 2.2a
shows locations of the stations of wetness classes plotted over the observed annual
average precipitation map of Turkey. Under the elevation classification, the stations
were grouped into five classes (i.e., <500 m, 500-1000 m, 1000-1500 m, 1500-2000
m, and >2000 m) depending on the elevation of individual stations above MSL (Table
2.2 and Figure 2.2b). Similarly, the stations were grouped into five classes (i.e., <5%,
5-10%, 10-15%, 15-20%, and >20%) based on percent terrain slope (Table 2.2 and
Figure 2.2c). For elevation and slope classifications, 1 km mean elevation and percent
slope data (source: NASA’s Shuttle Radar Topography Mission, SRTM) obtained
from https://www.earthenv.org/topography (Amatulli et al., 2018) were extracted over
point locations of individual stations and the stations were then grouped into five

classes each, respectively.

Considering the number of stations against each slope class, a major proportion (i.e.,
499) of the total stations (i.e., 755) were situated in the regions with slope less than
5%. Whereas, only 30 stations were situated in much steeper slope classes (i.e.,
>15%). Here, the scope of meteorological application of terrain complexity is being
forced by specifying some randomly selected threshold intervals. Otherwise,
topographical complexity is a very complex term for which there exist no fixed and
well-established thresholds in the literature, as well as only two parameters (i.e.,
elevation and slope) might not be enough to fully define the terrain complexity. As

this study intended to investigate the variation in performance accuracy of the
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precipitation products against varying terrain complexity, it was considered necessary

to specify some thresholds for varying elevation and terrain slope.

2500

42

2000

40

-1500

Latitude

-1000

38

500

«’0;:‘
Mo % v Dry © Mod-Dry = Mod-Wet ¢ Wet i 0
25 30 35 40 45

36

(b) DEM (m)

3000

-2500

g 2000
o
E
£3 1500
L

] 1000

.”b

5190, % o X A2 : -500

B . zd

© v Elv <500 e Elv500-1000 = Elv1000-1500 @ Elv 1500-2000 4 Elv >200

{
25 30 35 40
(c) % Slope

50

40

8 30
So
.:T"«:
3
20
3
o,
L 10
s
$3 girig
8 v Slp<5% e SIp5-10% = Slp10-15% ¢ Slp 15-20% A Slp >20% ) lo
25 30 40 i

Lonéir'tude

Figure 2.2. (a) Locations of stations ordered using four wetness classes plotted over observed annual
average precipitation map of Turkey, (b) Locations of stations ordered using five elevation classes
plotted over Digital Elevation Map (m), (c) Locations of stations ordered using five slope classes
plotted over percent slope map

21



Table 2.2. Classification of stations of entire area based on wetness, elevation, and slope

Wetness No. of Elevation No. of Slope No. of
(mm/mon) Stations (m) Stations P Stations
Entire 755 Entire 755 Entire 755

Dry (<40) 279 <500 237 < 5% 499

Mod-dry (40-60) 303 500-1000 219 5-10% 170
Mod-wet (60-80) 123 1000-1500 209 10-15% 56
Wet (>80) 50 1500-2000 77 15-20% 19

- - > 2000 13 > 20% 11

Evaluation analyses were applied separately over stations of four wetness classes, five
elevation classes, and five slope classes.

2.4. Evaluation of Precipitation Products

All nine products (Table 2.1) were initially evaluated using ground station-based

observed precipitation data on daily, monthly, and annual time scales.
2.4.1. Daily Time Scale
2.4.1.1. Daily Evaluation statistics

Daily precipitation products were evaluated for their mean (P) and standard deviation
(SD):

1

I:_)n= ?Z%L:lpi (1)

$Dy = [EEiL(Pi— P @

as well as for their error statistics (Bias, Error Standard Deviation (ErrSD), and Root
Mean Square Error (RMSE)) and Correlation Coefficient (CC):
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where n is the station number (from 1 to 755, for the entire study area); t is the number
of day; subscripts “0” and “p” denote observed data and products; P, ; is the product
precipitation estimate (mm/day); P, ;is the observed precipitation (mm/day); P, is the
product mean precipitation (mm/day); P, is the mean observed precipitation
(mm/day).

All the statistics (P, SD, Bias, ErrSD, RMSE, and CC) were determined for each
product over stations of the entire study area as well as over stations of all the wetness,

elevation, and slope classes.
2.4.1.2. Intensity-Frequency Analysis

To investigate the performance of the products in accurately matching the observed
frequency of different precipitation intensities, their frequency of detection was
plotted against 5 different thresholds/intervals of daily precipitation intensity. The
intensity thresholds/intervals (Table 2.3) were defined following (Zambrano-Bigiarini
etal., 2017).

Table 2.3. Classification of precipitation intensities

Name Precipé’;a}:ri%al;tensity
No precipitation 0-1
Light precipitation 1-5
Moderate precipitation 5-20
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Heavy precipitation 20-40
Extreme precipitation > 40

2.4.1.3. Categorical Performance Indices

Over the entire area and individual wetness, elevation, and slope classes, three
categorical performance indices (CPI) were investigated for different daily
precipitation intensity thresholds (Table 2.4); namely probability of detection (POD),
false alarm ratio (FAR) and critical success index (CSI). Here, POD and FAR measure
the fraction of data points that are correctly and incorrectly (respectively) estimated to
be above a threshold value, while CSl is also related with the depiction of the fraction
of data points correctly estimated as having values above the threshold (Yucel et al.,
2011). A perfect detection should have CSI and POD values equal to 1 and a FAR

value of 0.

Table 2.4. Algorithm for categorical performance indices

Observed Precipitation
Above Threshold Below Threshold
Product | Above Threshold Hit (H) False Alarm (F)
Precipitation | Below Threshold Miss (M) Correct Negative (CN)

The categorical performance indices are calculated as:

H

POD = —— ()
F

FAR = o (8)
H

CS1 = Gy ©)

where H indicates a hit (i.e., a satellite/model estimate that correctly identifies an
observed precipitation above a threshold), M is a miss (i.e., satellite/model showing
daily precipitation less than a threshold while station-based observations show higher
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precipitation than that threshold), F is a false alarm (i.e., satellite/model show
precipitation greater than a threshold while station-based observations show lower
precipitation rates than that threshold), and CN is when both the observed data and

satellite/model data show daily precipitation less than a threshold.

Following Yucel et al. (2011), the statistics POD, FAR, and CSI were computed using
six thresholds of precipitation intensity (1, 10, 20, 30, 40, and 50 mm/day). However,
instead of using 0 mm/day threshold for “no precipitation” (Yucel et al., 2011), this
study used the threshold of 1 mm/day to define “no precipitation” (Zambrano-
Bigiarini et al., 2017).

2.4.2. Monthly Time Scale

To investigate the performance of the products over monthly time scale, the daily
observed precipitation data as well as the daily precipitation data from the nine

products were converted to monthly accumulated data.
2.4.2.1. Time Series Plots

For each dataset, monthly precipitation data for all the stations within each class were
averaged for each month separately; thus, forming a monthly complete time series.
Later, these complete time series were decomposed into climatology and anomaly

components following the below equations:

Climatology __ n

Bom = 2y=1Fym (10)
Anomaly __ Climatology

Boym =Bym— Fpym (11)

where, n is the total number of years (6 in our case); P, , , is the precipitation estimate

y,m
in mm/mon for each product (p), year (y), and month (m); prf,ilmaw“’gy is the
seasonality component (mean of each product for a specific month of all the years);
and pr‘;‘,’nm“ly is the remaining anomaly component. Here, the climatology of a

specific month of the year is calculated by taking the average of precipitation for that

month during all the study years (~6 years in our case).
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Monthly complete time series, climatology, and anomaly were plotted for all the
datasets over the entire study area to make a general view about their time-series
performance. In addition to plots on the whole study area, monthly climatology and
anomaly time series were plotted for all the datasets over different wetness, elevation,
and slope classes to assess the time-series performance of all the datasets in detail over

varying wetness, elevation, and slope.
2.4.2.2. Monthly Evaluation Statistics
2.4.2.2.1. Temporal Statistics

Like daily evaluation metrics, the evaluation metrics for monthly datasets included
Mean, SD, Bias, ErrSD, RMSE, and CC. However, on the monthly time scale, all
these statistics were computed not only for the complete time series but also for its
climatology and anomaly components over the entire study area as well as over

individual wetness, elevation, and slope classes.
2.4.2.2.2. Spatial Statistics

In addition to computation of the above-mentioned temporal statistics, the spatial
distribution maps (of the entire study area) for Bias and RMSE were prepared to
visually assess the performance of the products over different regions of the area. For
this, the station-based point data for Bias and RMSE were converted from point to
spatial maps using inverse distance weighting interpolation (using data from 3 closest

neighboring stations).

Monthly evaluation analyses also included the investigation of how absolute Bias and
ErrSD vary with the increasing terrain elevation and slope.

2.4.3. Annual Time Scale

The performance of the products over the annual time scale was assessed by

converting the daily data to accumulated annual data for the individual datasets.

26



To visually assess the accuracy of the products in capturing the spatial variability of
observed annual average precipitation, the spatial distribution maps were prepared by
converting annual average precipitation for each dataset over stations to spatial maps
by using inverse distance weighting interpolation (using data from 3 closest
neighboring stations).

Moreover, the variability of the annual average precipitation for each dataset was

plotted against different elevations and slopes.

2.5. Merging Precipitation Products

This study does not merge the ground-based observed data with the precipitation
products, rather it keeps the observed data independent so that, later, the individual
and merged products could be evaluated using this independent data.

2.5.1. Preparing Datasets for Merging

The satellite estimation-based and model reanalysis-based products are released after
a lag of 2-3 months as these products undergo certain calibration processes (in case of
satellite-based products) or data assimilation processes (in case of reanalysis
products); this study terms four of the products (i.e., IMERG, TMPA, ERAInt, and
ERA5) as ‘“Research-grade products” or “Research products”. Similarly, the
remaining five real-time forecast products (i.e., ECM, ALR, WRF, GFS, and CFS) are
termed as “Real-time Forecasts” in this study. Thus, the set of nine precipitation
products (i.e., IMERG, TMPA, ERAint, ERA5, ECM, ALR, WRF, GFS, and CFS)
was divided into two groups based on the accessibility and type of the individual
products. The two groups of the individual products were separately merged and

evaluated afterwards.

1-daily total precipitation data from IMERG, TMPA, ERAint and ERA5 were merged
and evaluated using the ground-based observed data as the reference over daily as well

as over monthly time scales (as these products are research-grade products, merging
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and evaluating them over monthly time scale finds its implication in the fields like

drought management).

Total precipitation, as well as its convective and large-scale components for 1-3 daily
real-time forecast data from ECM, ALR, WRF, GFS, and CFS were merged and
evaluated. Here, CFS forecasts do not include large-scale precipitation variable,

because of this, LSP amounts were determined by subtracting CP from TP.

Now, as the observed 1-daily TP data obtained from MGM did not contain any
information about the proportions of CP and LSP within TP for a specific day, this
study had to rely on the skills of the ECMWF forecast model in segregating CP and
LSP proportions. Thus, the observed 1-daily TP data was split to CP and LSP using
proportions provided by ECM data each day, and then this 1-daily observed TP, CP,
and LSP data was converted to 2-daily and 3-daily accumulated data for later

evaluation of individual and merged datasets.
2.5.2. Merging Procedure
2.5.2.1. Simple Merging

Simple merging of data on a specific day is calculated by taking the mean of data from
all the merged products on that day (in other words, it is the same as the ensemble
mean, where all the individual products combine to form the ensemble). Say if five
products a, b, c, d, and e are being merged, their simple merge (SimpMRG) will be

produced as:

a;+b;+citdi+e;
5

SimpMRG = (12)
where i denotes the specific day on which the SimpMRG is being produced.

SimpMRG was produced for each of the 755 stations on each day of the study period
separately for research-grade products (IMERG, TMPA, ERAInt, and ERA5) and
real-time forecasts (ECM, ALR, WRF, GFS, and CFS).
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As an example, Figure 2.3a visually depicts simple merging method for the five

forecast products to obtain SimpMRG by applying the Eq. 12.
2.5.2.2. Merging after Regression-based Rescaling

This method includes two steps: (1) Rescaling the individual products in the space of
a reference product (here, reference product does not indicate the observed data, but
it is one of the products which is taken at a time as a reference for rescaling the other
products), and (2) Merging the rescaled products with simple merging method (Eq.
12).

Figure 2.3. Merging Methodology. (a) Simple Merging, (b) — (f): Simple Merging after regression-
based rescaling using ECM, ALR, WRF, GFS, and CFS as reference product (one at a time),
respectively

Rescaling the products with linear regression is done by considering one of the
products at a time as the reference product and rescaling the other products on the
space of this reference products. Hence, if we are rescaling five products by linear
regression, we consider five different scenarios, where one of the five products are

considered as the reference product in each scenario. Now, rescaling by linear
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regression is implemented by using a simple linear relation between unscaled product
(YY) and the reference product (X) as:

Y'=ux + (Y —pup)ly (13)

where Y* is the rescaled form of Y; px and py are time averages of X and Y,
respectively; and cy is the rescaling factor which can be found through linear

regression method (Yilmaz and Crow, 2013):
Cy = pxyOx/0y (14)
where Cy is the rescaling factor, oy and oy are the standard deviations of X and Y

products; and pyy is the correlation coefficient between X and Y. After rescaling the

individual products, they were simply merged by using Eqg. 12.

The process of “selecting one of the products as a reference, applying regression-
based rescaling on all the products based on that reference product, and merging
rescaled products using Eq. 127 was repeated five times (Figures 2.3b to 2.3f) for the
five forecast products. Similarly, it was repeated four times for the four research

products.

The resulting merged real-time forecasts were denoted as SimpMRG (ensemble
mean of all the forecasts), MRG_ECM_REG, MRG_ALR_REG, MRG_WRF_REG,
MRG_GFS_REG, and MRG_CFS_REG (simply merged products obtained after
rescaling all the forecasts in the space of ECM, ALR, WRF, GFS, and CFS,
respectively). The merged products were produced for 1-3 daily TP, CP and LSP.

Similarly, the satellite-based estimates and model-based reanalysis were merged by
using the two methods of merging, and the resulting merged products were denoted
as SIMpMRG, MRG_IMERG_REG, MRG_TMPA_REG, MRG_ERAInt_REG, and
MRG_ERA5_REG.
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2.5.3. Evaluation of Merged Products
2.5.3.1. Categorical Performance Indices

Over 1-daily time scale, individual real-time forecasts and their merged products for
TP, CP, and LSP were analyzed for their performance in the detection of daily
precipitation events and boxplots for POD, FAR, and CSI averaged over the entire
area were prepared for discussion on this analysis. A similar study was conducted in
the case of 1-daily individual research-grade (satellite and reanalysis) products and

their merged products but only for TP data.
2.5.3.2. Intensity-Frequency Analysis

To investigate and compare the performance of individual and merged products in
accurately matching the observed frequency of different precipitation intensities, their
frequency of detection was plotted against 5 different thresholds/intervals (Table 2.3)
of daily precipitation intensity. This analysis was conducted for TP, CP, and LSP for
real-time forecasts, while only TP was considered in the case of satellite and reanalysis

products.
2.5.3.3. Error Statistics of Individual and Merged Products

Evaluation metrics including Bias, ErrSD, and CC were determined for 1-3 daily
individual and merged forecasts considering TP as well as its Cp and LSP components.
These metrics were determined for individual and merged research-grade products

over 1-daily and monthly time scales.

2.5.3.4. Investigating Improvement in Accuracy of Individual Products after

Merging

To investigate the added utility of merging methods, an overall percent improvement
in the accuracy of individual products due to merging was analyzed where ErrSD and

CC were considered as accuracy indicators.
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CHAPTER 3

RESULTS AND DISCUSSION

3.1. Evaluation of Precipitation Products

The initial assessment of precipitation data from four research-grade products (i.e.,
IMERG, TMPA, ERAInt, and ERAS5) and five real-time forecast products (i.e., ECM,
ALR, WRF, GFS, and CFS) was conducted using observation gauges data on daily,

monthly and annual time scales. The results are presented and discussed below.
3.1.1. Daily Time Scale
3.1.1.1. Daily Evaluation Statistics

Daily data from ALR shows the best accuracy in reproducing the mean observed
precipitation (Table 3.1) by showing almost no Bias (Table 3.2) over the entire study
area, where CFS data shows the most substantial wet Bias (0.6 mm/day). Contrary to
the Bias related results, overall, ERA5 and ECM both show the least ErrSD (3.9
mm/day) and the highest daily CC (0.66) with the observed data (Table 3.3) while
TMPA performed the worst regarding ErrSD (5.7 mm/day) and CC (0.47).

All the datasets, except ALR, overestimate the observed daily precipitation not only
over the entire study area but over dry to moderately dry regions as well. IMERG,
TMPA, ERAInt, GFS, and CFS datasets tend to underestimate the observed
precipitation over wetter regions while ERA5, ECM, and WRF consistently
overestimated it over all the wetness classes (Table 3.2); with ERA5 and WRF
showing more pronounced overestimation. ErrSD for a given product increases with
increasing wetness of the region, which is obvious that increased amounts of
precipitation tend to increase the errors; CC, on the other hand, does not follow such
trend (Table 3.3).
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Table 3.1. Daily Mean and SD for the entire study area and wetness classes

Region Entire | Dry | Mod-dry Mod-wet | Wet

No. of Stations 755 279 303 123 50
Obs 1.6 1.1 1.6 2.2 3.2

IMERG 1.9 15 1.9 2.3 2.8

TMPA 1.8 15 1.9 2.0 2.4

ERAInt 1.9 1.7 1.9 2.0 2.2

Mean ERA5 2.0 1.6 2.0 2.5 3.4
(mm/day) ECM 1.8 1.4 1.8 2.4 3.3
ALR 1.6 1.0 15 2.2 3.2

WRF 1.9 1.4 1.9 2.5 3.7

GFS 1.9 15 2.0 2.4 2.4

CFS 2.2 1.8 2.4 2.6 2.6

Obs 5.0 35 5.0 6.5 9.0

IMERG 5.4 4.2 5.6 6.6 7.6

TMPA 5.8 4.8 6.0 6.7 7.9

ERAInt 4.0 3.6 4.0 4.4 4.4

SD ERA5 4.3 3.4 4.3 5.5 6.8
(mm/day) ECM 4.3 3.2 4.2 5.6 7.2
ALR 4.6 3.2 4.6 6.2 8.3

WRF 5.1 3.7 5.1 6.6 9.5

GFS 4.6 3.6 4.8 6.0 6.1

CFS 5.1 4.0 5.5 6.3 6.4

Table 3.2. Daily Bias and ErrSD for the entire study area and wetness classes

Region Entire | Dry | Mod-dry | Mod-wet | Wet

No. of Stations 755 279 303 123 50
IMERG 0.3 0.4 0.3 0.1 -0.4

TMPA 0.2 0.4 0.3 -0.2 -0.8

ERAiINt 0.3 0.6 0.3 -0.1 -0.9

Bias ERA5 0.4 0.5 0.4 0.3 0.3
(mmiday) ECM 0.2 0.3 0.2 0.2 0.2
ALR 0.0 -0.1 -0.1 0.0 0.0

WRF 0.3 0.3 0.3 0.3 0.5

GFS 0.3 0.4 0.4 0.3 -0.8

CFS 0.6 0.7 0.8 0.4 -0.6

IMERG 4.6 3.7 4.6 5.4 7.7

TMPA 5.7 4.7 5.7 6.7 9.2

ERAiInt 4.2 34 4.1 4.9 7.1

ErrSD ERA5 3.9 3.1 3.9 4.7 6.8
(mm/day) ECM 3.9 3.0 3.9 4.7 6.5
ALR 4.4 3.3 4.4 55 7.8

WRF 4.5 34 4.5 55 7.8

GFS 4.5 3.6 4.5 5.5 7.2

CFS 4.8 3.9 4.9 5.5 7.3
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Table 3.3. Daily CC for the entire study area and wetness classes

Region Entire | Dry | Mod-dry | Mod-wet | Wet
No. of Stations 755 | 279 | 303 123 | 50
IMERG | 062 | 059 | 064 0.66 | 057
TMPA | 047 | 044 | 049 049 | 0.40
ERAINt | 0.62 | 058 | 0.6 0.66 | 0.64
. ERA5 | 066 | 063 | 067 072 | 0.68
O(;Sce::’/'gg E)haeta ECM | 066 |063| 067 071 ] 0.70
ALR | 058 |055| 059 0.63 | 059
WRE | 0.62 | 059 062 0.66 | 0.66
GES | 060 |055| 061 0.66 | 0.62
CFS | 059 |054| 060 0.66 | 0.62

Table 3.4. Daily Mean and SD for the entire study area and elevation classes

Elevation (m) Entire | < 500|500-1000 | 1000-1500 | 1500-2000 | > 2000
No. of Stations 755 | 237 219 209 77 13
Obs 1.6 2.0 14 14 14 15
IMERG| 1.9 2.3 1.8 1.7 1.7 1.9
TMPA | 18 2.1 1.7 1.6 1.7 1.8
ERAInt| 1.9 1.9 1.8 1.8 2.3 24
Mean ERA5 | 20 | 23 1.8 1.8 2.1 2.2
(mm/day)| ECM 18 | 2.2 1.6 1.6 1.8 1.9
ALR 1.6 2.1 14 1.2 11 1
WRF 1.9 2.3 1.7 1.7 1.9 2.2
GFS 1.9 1.8 1.8 1.9 2.3 2.5
CFS 22 | 25 2.1 2.0 2.3 2.7
Obs 5.0 6.8 4.2 4.1 4.1 4.1
IMERG| 54 7.1 5.0 4.5 4.2 4.4
TMPA | 58 | 7.2 5.3 5.0 5.0 5.2
ERAInt | 4.0 4.2 3.9 3.7 4.2 4.2
SD ERAS 4.3 5.4 4.0 3.7 3.9 3.7
(mm/day) | ECM 43 | 54 3.8 3.6 3.8 3.6
ALR 46 | 6.4 4.2 3.6 33 3
WRF 51 6.6 4.4 4.3 4.7 4.9
GFS 4.6 5.1 4.3 4.3 4.7 4.7
CFS 51 6.4 4.9 4.3 4.4 4.5

Usually, the highest precipitation amounts are associated with the regions with higher
elevations. However, this is not strictly the case with the study area under
consideration. The observed data, TMPA, and ALR show the highest average daily
precipitation amounts to be received by the regions with the lowest elevations (Table

3.4), whereas all the other datasets show the regions with the highest elevations being
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the wettest ones. With a few exceptions (e.g., Bias in ALR over the regions with
elevation > 1000 m), all the precipitation products overestimate the observed

precipitation over all the elevation classes (Table 3.5).

Table 3.5. Daily Bias and ErrSD for the entire study area and elevation classes

Elevation (m) Entire | <500 | 500-1000 | 1000-1500 | 1500-2000 | > 2000
No. of Stations 755 | 237 219 209 77 13
IMERG| 0.3 0.3 0.3 0.3 0.3 0.5
TMPA | 0.2 0.1 0.2 0.2 0.3 0.3
ERAInt| 03 | -0.1 0.4 0.4 0.8 0.9
Bias ERA5 | 04 0.3 04 0.4 0.7 0.7
(mm/day) ECM 0.2 0.1 0.2 0.2 0.4 0.4
ALR 0.0 0.1 0.0 -0.2 -0.4 -0.5
WRF 0.3 0.3 0.2 0.3 0.5 0.8
GFS 03 | -0.2 0.4 0.5 0.9 1.1
CFES 0.6 0.5 0.7 0.6 0.9 1.3
IMERG| 4.6 5.9 4.0 3.9 4.2 4.7
TMPA | 5.7 7.1 5.0 4.9 5.3 5.6
ERAInt | 4.2 54 3.6 3.5 4.0 4.3
ErrsD ERA5 | 3.9 5.2 3.4 3.3 3.6 3.8
(mm/day) ECM 3.9 5.2 3.3 3.2 3.5 3.8
ALR 4.4 5.9 3.8 3.7 3.8 4.1
WRF 45 6.0 3.7 3.7 4.1 4.6
GFS 45 54 4.0 4.0 45 4.9
CFES 4.8 6.0 4.3 4.0 45 4.8

Table 3.6. Daily CC for the entire study area and elevation classes

Elevation (m) Entire | < 500|500-1000 | 1000-1500 | 1500-2000 | > 2000
No. of Stations 755 | 237 219 209 77 13
IMERG | 0.62 | 0.66 | 0.6 0.59 052 | 045

TMPA | 047 | 051 | 0.49 0.43 038 | 034

ERAInt | 062 | 0.63 | 0.63 0.61 057 | 049

. ERA5 | 0.66 | 0.68 | 0.68 0.65 061 | 055
Ogsce:\vl'gg éhaeta ECM | 0.66 | 0.68 | 068 0.66 0.62 | 056
ALR | 058 | 062 | 0.60 0.55 050 | 045

WRF | 062 | 062 | 063 0.62 059 | 054

GES | 0.60 | 062 | 0.60 0.58 0.56 | 0.49

CFS | 059 | 0.63| 059 0.57 052 | 046

The combined average ErrSD (5.8 mm/day) for all the products over regions with the
lowest elevation is higher than that (4.3 mm/day) over regions with elevations above

1500 m (Table 3.5). This implies (keeping in mind that most of the products associate
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the regions with the lowest elevations receiving more average precipitation) that
wetness has a prominent role in the error statistics of the products over the study area.
However, for all the products, the daily CC with the observed data decreases with the
increasing regional elevation (Table 3.6). The combined average daily CC of all the
products decreases from 0.63 over regions with the lowest elevations to 0.48 over

those with the highest elevations.

Table 3.7. Daily Mean and SD for the entire study area and slope classes

Slope Entire | <5% | 5-10% | 10-15% | 15-20% | > 20%
No. of Stations 755 499 170 56 19 11
Obs 1.6 15 1.7 2.0 2.3 1.9
IMERG | 1.9 1.8 2.0 2.1 2.4 2.6
TMPA 1.8 1.7 1.9 1.9 2.1 2.1
ERAInt | 1.9 1.8 2.0 2.2 2.6 3
Mean ERA5S 2.0 1.8 2.1 2.6 3.3 4.1
(mm/day) | ECM 1.8 1.7 1.9 2.3 2.9 3
ALR 1.6 15 15 2.0 2.2 1.8
WRF 1.9 1.8 2.0 2.4 3.1 2.4
GFS 1.9 1.7 2.0 2.5 3.3 4.5
CFS 2.2 2.1 2.3 2.6 2.3 3.4
Obs 5.0 4.9 4.8 5.7 5.9 4.4
IMERG 5.4 5.4 5.4 5.6 5.8 5.3
TMPA 5.8 5.7 5.8 6.0 6.2 5.6
ERAINt 4.0 3.9 4.1 4.3 4.7 4.7
SD ERA5S 4.3 4.2 4.4 5.0 5.6 6.1
(mm/day) | ECM 4.3 4.1 4.3 4.8 5.4 4.9
ALR 4.6 4.5 4.5 5.3 5.8 4.5
WRF 5.1 4.9 5.1 5.8 6.9 5.6
GFS 4.6 4.4 4.7 5.4 6.4 7.1
CFS 5.1 5.1 5.2 5.4 4.8 6.4

Contrary to the variability of daily precipitation averages related to the varying
elevations, the observed data, as well as all the products, indicate that the higher the
terrain slope is, the wetter is the region (Table 3.7). Except for ALR and WRF, all the
products have the highest Bias occurring over regions with the highest slopes (Table
3.8), while the relationship between ErrSD and terrain slope is not as linear. However,
on average, the products show lower ErrSD (4.4 mm/day) over regions with the lowest
terrain slopes (i.e., < 5%) as compared to that (4.9 mm/day) over regions with the

highest terrain slopes (i.e., > 20%); which depicts the impact of terrain complexity on
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error variation. Increasing terrain slopes have an inverse effect on the daily CC of a
given product (Table 3.9), which results in the combined average daily CC of all the
products to drop from 0.60 over regions with the lowest terrain slopes to 0.55 over

those with the highest slopes.

Table 3.8. Daily Bias and ErrSD for the entire study area and slope classes

Slope Entire | <5% | 5-10% | 10-15% | 15-20% | > 20%

No. of Stations 755 499 170 56 19 11
IMERG | 0.3 0.3 0.3 0.1 0.1 0.7

TMPA 0.2 0.2 0.2 -0.1 -0.3 0.2

ERAInt | 0.3 0.3 0.3 0.1 0.3 1.1

Bias ERA5 0.4 0.3 0.4 0.5 1.0 2.2
(mmiday) ECM 0.2 0.2 0.2 0.3 0.5 1.1
ALR 0.0 0.0 -0.1 0.0 -0.1 -0.1

WRF 0.3 0.3 0.3 0.3 0.8 0.5

GFS 0.3 0.2 0.3 0.4 0.9 2.6

CFS 0.6 0.6 0.7 0.5 0.0 15

IMERG | 4.6 4.5 4.5 5.2 5.7 4.9

TMPA 5.7 5.6 5.6 6.4 7.1 6.1

ERAINt | 4.2 4.1 4.0 4.7 4.8 4

ErrSD ERA5 3.9 3.9 3.8 4.5 4.7 4.6
(mmiday) ECM 3.9 3.9 3.7 4.4 4.4 3.9
ALR 4.4 4.3 4.3 5.1 5.5 4.6

WRF 4.5 4.4 4.3 5.1 5.4 4.6

GFS 4.5 4.4 4.4 5.5 5.9 6

CFS 4.8 4.7 4.6 5.4 5.3 5.4

Table 3.9. Daily CC for the entire study area and slope classes
Slope Entire | < 5% | 5-10% | 10-15% | 15-20% | > 20%

No. of Stations 755 | 499 | 170 56 19 11
IMERG | 0.62 | 0.63 | 0.62 0.59 0.52 0.49

TMPA | 0.47 | 0.48 | 0.46 0.43 0.36 0.3
ERAInt | 0.62 | 0.61 | 0.63 0.62 0.64 0.62
CC with the ERAS5 | 0.66 | 0.66 | 0.68 0.67 0.69 0.63

ECM | 0.66 | 0.65 | 0.68 0.68 0.71 0.67
ALR 0.58 | 0.58 | 0.58 0.58 0.56 0.47
WRF | 0.62 | 0.61 | 0.63 0.63 0.67 0.63
GFS 0.60 | 0.59 | 0.61 0.59 0.61 0.58
CFS 0.59 | 0.58 | 0.59 0.59 0.59 0.58

Observed Data
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3.1.1.2. Intensity-Frequency Analysis

The model-based products, except ALR, show a smaller number of dry days (i.e., with
“no precipitation”) compared to observed data (Figure 3.1), which is a common thing
related to this kind of products (e.g., Gampe and Ludwig, 2017; Hénin et al., 2018).
ALR shows the highest accuracy in matching the observed frequency of days against
all the intensity intervals while ERAInt and CFS show converse of this. The poor
performance of ERA-Interim and CFS in estimating the precipitation events can be
related to their coarser spatial resolutions (0.75° and 0.5°, respectively) at which cloud-
precipitation systems are weakly resolved, and lower number of observations

assimilated into the models.

90

Obs
IMERG

ECM
ALR

OoEOEnm

Frequency (%)

<1 1-5 5-20 20-40 >40
Intensity (mm/day)

Figure 3.1. Daily precipitation intensity vs. frequency bar plots for the entire study area

Although, both the model-based reanalysis products (ERAInt and ERADS)
underestimate the frequency of observed days with “heavy precipitation” and

“extreme precipitation” (Figure 3.1), ERAS5 shows some improvement over ERA-
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Interim in recording the frequency of these specific days. Among the satellite-based
products, TMPA performs slightly better than IMERG in intensity-frequency analysis

against almost all the daily precipitation intensity intervals.
3.1.1.3. Categorical Performance Indices

As in this study, CPl were computed against different precipitation intensity
thresholds (not the intervals) (please refer to Section 2.4.1.3); the results related to CPI

must be considered differently than intensity-frequency analysis.
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Figure 3.2. Categorical Performance Indices, a) POD, b) FAR, and c) CSI, against different intensity
thresholds over the entire study area. The dashed lines show the optimum scores for the respective
CPI

Over the entire study area, better POD, FAR and CSI (Figure 3.2a, 3.2b, and 3.2c,
respectively) of IMERG as compared to TMPA indicate its improved precipitation
detection ability against almost all the intensity thresholds. Similarly, ERAS performs
better than ERAInNt in all the CPI against all the intensity thresholds. The CPI of the

real-time forecast, ECM, are well in line with those of ERAS, thus depicting its utility
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in operational fields. Increasing the magnitude of precipitation intensity threshold

causes lower POD, higher FAR, and lower CSI.
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Figure 3.3. Categorical Performance Indices. POD (from (a) to (d)), FAR (from (e) to (h)), and CSI
(from (i) to (1)) against different daily precipitation intensities over wetness classes; Dry (a,e,i), Mod-
Dry (b,f,j)), Mod-Wet (c,g,k)), and Wet (d,h,1)), respectively. The dashed lines show the optimum
scores for the respective CPI

With the increasing wetness of the region, the differences between the CPI of different
products increase (Figure 3.3). Moreover, the increasing wetness causes a decrease in

POD for both the satellite-based products while it results in raised POD for model-
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based products (Figures 3.3a to 3.3d). Low FAR for model-based products (Figures
3.3e to 3.3h) is an indication of them underestimating the frequency of dry days.
Among all the products, TMPA consistently shows higher FAR over all the wetness
classes; IMERG shows much improved FAR. TMPA and ERAint show the worst CSI
(Figures 3.3i to 3.3l) among the products over all the wetness classes, while CFS and
GFS have moderate ability regarding CPI. Among all the model-based products, ECM

shows the best CSl, especially against light to moderate precipitation intensities.

The POD of satellite-based products is inversely affected by an increase in the
elevation of the regions (Figures 3.4a to 3.4e); the POD of ALR also has the same
trend. Overall, ERA5 shows better POD than ERAInt over all the elevation classes.
Like its performance over wetness classes, TMPA shows the highest FAR over all the
elevation classes (Figures 3.4f to 3.4j). ECM, again, counts it among the top
performers regarding CSI over varying elevation regions (Figures 3.4k to 3.40). With
some exceptions, the CPI results for the products over elevation classes are like those

over wetness classes.

The difference between performances of ERA5 and ERAInt regarding CPI over
varying terrain slopes (Figure 3.5) is even more substantial as compared to that over
varying elevations. IMERG shows the highest POD score over regions with the lowest
slopes (Figure 3.5a); however, its POD score is inversely affected by increasing terrain
slopes. ECM consistently shows the highest CSI scores (Figures 3.5k to 3.50),

especially over steeper terrain slopes.
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Figure 3.4. Categorical Performance Indices. POD (from (a) to (e)), FAR (from (f) to (j)), and CSI
(from (k) to (0)) against different daily precipitation intensities over elevation classes; Elev <500
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Figure 3.5. Categorical Performance Indices. POD (from (a) to (e)), FAR (from (f) to (j)), and CSI
(from (k) to (0)) against different daily precipitation intensities over slope classes; Slope <5% (a,f,k),
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3.1.2. Monthly Time Scale

3.1.2.1. Time Series Plots
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Figure 3.6. Monthly time series over the entire study area. a) complete time series, b) climatology,
and c) anomaly. The color-coded horizontal lines in the climatology plot show the mean monthly
precipitation for the respective datasets. The horizontal line in the anomaly plot shows zero anomaly
level

Investigating the country-scale monthly precipitation time series variability (Figure
3.6a) suggests that the products follow the trends of observed data time series very
well. There are a few patches of time (e.g., March 2016 to November 2016) where
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monthly complete time series of all the products perfectly match the observed data
time series. However, during most of the study period, product time series show
differences with the observed data. Discrepancies at the peaks have implications in
water resources management, where the product data may cause more optimistic
management decisions. Overall, the climatology of the products (Figure 3.6b) shows
that July to September are the driest months, while December to May are the wettest
months over the study area. The products’ overestimation of the observed precipitation
is more pronounced in winter as compared to the summer season. Overall, the
products, except ALR, overestimate the monthly observed data; CFS does it the most.
Monthly anomaly time series of all the products, on the other hand, very closely follow

the anomaly time series of the observed data throughout the study period (Figure 3.6¢).

Monthly precipitation data from ALR, ECM, and ERAint could better be
recommended for hydrological applications during the summer months (June-August)
as they follow the climatology of the observed data better than all the other products
(Figure 3.6b). ECM follows the monthly observed precipitation during autumn
(September-November) better than the other products, while ALR also shows
consistency with the observed data especially during the months of September and
October. During the winter season (December-February), none of the products has a
consistent matching for the trends in climatology of observed data. Nevertheless,
WRF, ALR, and TMPA could be considered as better recommendable products during
winter season. The trends and magnitudes of monthly observed precipitation during
the spring season (March-May) are better followed by ALR compared with all the

other products.

The country-scale monthly precipitation time series variability is assessed in more
detail by plotting its climatology and anomaly components for the individual wetness
(Figure 3.7), elevation (Figure 3.8), and slope classes (Figure 3.9). IMERG, TMPA,
ERAInt, GFS, and CFS overestimate the observed monthly precipitation over dry to
moderately wet regions (Figures 3.7a to 3.7c) while they do the inverse over wet

regions (Figure 3.7d). However, all the other products, except ALR, consistently
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overestimate the observed precipitation over all the wetness classes. The discrepancies
in following the observed monthly anomaly time series increase with the increasing

wetness (Figures 3.7e to 3.7h).
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Figure 3.7. Monthly climatology (from (a) to (d)) and monthly anomaly (from (e) to (h)) for wetness
classes. The color-coded horizontal lines in the climatology plot show the mean monthly precipitation
for the respective datasets. The horizontal line in the anomaly plot shows zero anomaly level

As an only exception, ALR overestimates the monthly observed data over regions with
the lowest elevations (i.e., <500 m) and does the inverse over regions with elevations
above 1000 m (Figures 3.8a to 3.8e). Climatology plots for all the other products show
a consistent overestimation over each elevation class. The differences in climatology

time series between the observed data and the products are more pronounced over the
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regions with elevations above 1500m, which is evidence of the impact of elevation

increase on the accuracy of the products. A similar conclusion is valid for monthly

anomaly time series over regions with elevations above 1500m (Figures 3.8i and 3.8j).
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Figure 3.8. Monthly climatology (from (a) to (e)) and monthly anomaly (from (f) to (j)) for elevation
classes. The color-coded horizontal lines in the climatology plot show the mean monthly precipitation
for the respective datasets. The horizontal line in the anomaly plot shows zero anomaly level
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Figure 3.9. Monthly climatology (from (a) to (e)) and monthly anomaly (from (f) to (j)) for slope
classes. The color-coded horizontal lines in the climatology plot show the mean monthly precipitation
for the respective datasets. The horizontal line in the anomaly plot shows zero anomaly level

Differences between climatology plots of the observed data and the products increase
with the increasing terrain slopes (Figures 3.9a to 3.9¢e), where the climatology time
series of ERA5, GFS, and CFS show the most differences (overestimation) with the
observed ones. Climatology plots for ALR show a slight underestimation of the
observed data, especially over the higher terrain slopes. It is to note that the effect of
increasing terrain slopes is more pronounced on the climatology plots of model-based
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products. Contrary to their variation with wetness and elevation, the monthly anomaly
time series of the products show larger discrepancies with increasing terrain slopes
(Figures 3.9f to 3.9j), thus indicating the impact of increasing terrain complexity on

the accuracy of the products.

Summarizing, investigating the time-series variability shows that the variabilities of
monthly and seasonal precipitation and, in turn, the accuracy of the products are

profoundly affected by all three factors (i.e., wetness, elevation, and slope).
3.1.2.2. Spatial Distribution of Statistics

The spatially distributed maps for monthly Bias show sharp transitions of Bias values
frequently occurring in cases of GFS (Figure 3.10h), and CFS (Figure 3.10i) forecasts

depicting their very wet and very dry biases over different parts of the area.

(a) IMERG (b) TMPA | (c) ERAint

42

40 42
40

38
38

i _ i g
25 30 35 40 45 25 30 35 40 45 25 30 35 40 45

(d) ERA5

42
42

Figure 3.10. Spatial distribution maps for monthly Bias (mm/month). Negative values denote dry
Bias while positive ones denote wet Bias

Along most of the Black Sea coastline (the entire northern side of the study area), the
products tend to underestimate the observed precipitation, which is the case with
IMERG (Figure 3.10a), TMPA (Figure 3.10b), ERAInt (Figure 3.10c), and ALR
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(Figure 3.10f). Almost all the products have less Bias display over the central parts of
the region where most of the dry to moderately dry areas exist. Regarding terrain
complexity, all the products, except ERA5 (Figure 3.10d), tend to show dry Bias over
a mountainous patch of northeastern Black Sea region, while they show wet bias over
the regions situated right below that patch; this pattern is prominent in cases of
IMERG, TMPA, ERAInt, GFS, and CFS. The apparent reason behind this behavior is
the orographic character of precipitation falling over that region.
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Figure 3.11. Spatial distribution maps for monthly RMSE (mm/month)

The spatially distributed maps for monthly RMSE (which is a combination of Bias
and ErrSD) provide an overall picture of the errors associated with the products
(Figure 3.11). GFS and CFS are, again, the two worst performers showing large
monthly RMSE over several regions of the study area, especially over the eastern parts
of it, which are known for their complex topography. Although ECM shows larger
monthly Bias compared to ALR, it shows overall slightly less RMSE than ALR
(Figures 3.11e and 3.11f), especially over eastern and northeastern regions with
complex topography. Similar patterns exist in research-grade products, where IMERG
(Figure 3.11a) shows slightly less RMSE than TMPA (Figure 3.11b) over western
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regions, and ERA5 (Figure 3.11d) performs better than ERAInt (Figure 3.11c) over

some eastern regions of the study area.

3.1.2.3. Temporal Statistics — The Entire Study Area

Table 3.10. Monthly Mean and SD for the entire area and wetness classes

Region Entire | Dry | Mod-dry | Mod-wet | Wet
No. of Stations 755 [279] 303 123 50
Obs | 49.2 |32.9| 4838 675 |97.7
IMERG| 57.6 |46.0] 59.3 68.6 | 84.7
TMPA | 548 |455| 574 62.3 | 73.0
ERAInt | 57.5 |52.8| 58.4 623 | 673

Mean C"T”i"rf]fte ERA5 | 614 |48.0| 60.4 768 |104.8
(mm/month)| ¢ 1" | ECM | 558 [41.5] 545 727 |101.0
ALR | 46.6 |30.6] 46.0 646 | 953

WRF | 57.8 |40.7] 586 742 |107.9

GFS | 583 |447] 612 756 | 73.9

CFS | 67.9 |54.7| 739 786 | 78.4

Obs | 41.6 |289] 421 556 | 75.4

IMERG | 40.3 |32.4] 42.0 479 | 556

TMPA | 41.2 |335| 433 476 | 554

Compl ERAINt | 39.4 |36.5| 40.2 433 | 41.0

"T”i"rf]:te ERAS | 421 |344| 42.1 516 | 616

Series | _ECM | 406 [321] 405 511 | 626

ALR | 40.7 ]29.0] 40.9 540 | 727
WRF | 452 |34.6] 45.7 544 | 79.2
GFS | 47.0 |37.6] 487 59.6 | 579
CFS | 505 |41.3] 54.1 595 |58.1
Obs 29.0 120.3] 29.1 388 |533
IMERG| 29.1 |23.1] 304 345 1409
TMPA | 28.7 |23.3] 30.2 329 395
ERAInt | 27.7 |25.7| 28.3 304 |28.2
SD ERAS | 30.2 |249| 30.2 36.3 |44.0

(mm/month) | C1Matolody =y 590 23.8] 28.0 354 |43.1
ALR | 30.0 [21.6] 295 | 395 |56.2
WRF | 32.0 [259] 323 | 358 |552
GFS | 34.4 |270] 357 | 438 |455
CFS | 355 |29.3] 375 | 417 |42.4
Obs | 29.4 |20.6] 298 | 389 |53.1
IMERG| 27.9 [225] 291 | 335 |37.7
TMPA | 29.4 [240] 308 | 343 |385
ERAINt| 27.8 [259] 282 | 305 |29.3
ERA5 | 292 [236] 292 | 364 |42.2
Anomaly

ECM | 279 |21.3] 279 36.1 | 444
ALR | 26.7 |18.7] 27.0 36.1 | 473
WRF | 29.8 |20.7] 30.2 39.0 |55.0
GFS | 31.2 |25.2] 324 39.8 |359
CFS | 352 |285] 38.0 41.7 1390
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Over the entire study area, ALR shows the closest average monthly precipitation to
the observed data (Table 3.10) with a dry Bias of 2.6 mm/month (Table 3.11). All the
other products overestimate (i.e., wet Bias) the observed monthly data, with CFS data

showing the most substantial wet Bias (18.7 mm/month).

Table 3.11. Monthly Bias and ErrSD for the entire area and wetness classes

Region Entire | Dry | Mod-dry | Mod-wet | Wet

No. of Stations 755 |279] 303 123 50
IMERG| 84 |13.1| 105 1.1 [-13.0

TMPA | 56 |126] 86 -5.2  [-24.6

ERAInt | 8.3 [19.9] 96 -52  [-304

Bias Complete ERAS | 122 |151| 116 9.3 7.1
(mm/month) Time ECM 6.6 |8.6 5.7 5.2 3.3
Series ALR | -26 |-24| -28 -2.9 -2.4

WRF | 86 |78 9.8 6.7 10.2

GFS 9.0 |117| 124 81 |-23.8

CFS | 18.7 |21.8] 25.1 111 |-19.3

IMERG| 24.3 |19.5| 24.1 279 429

TMPA | 27.7 |21.8] 274 334 484

ERAInt | 29.5 |255| 277 334 |54.0

Complete | ERA5 | 27.6 |22.7| 26.6 32.3 |49.8

Time ECM | 26.6 |21.2]| 259 32.7 459

Series ALR | 304 [22.0] 306 38.7 |54.8

WRF | 30.6 |22.6] 315 38.1 |52.0

GFS | 35.8 |28.8| 36.1 434 |54.2

CFS | 359 [29.8| 36.8 405 |53.2

IMERG| 17.9 |14.1| 18.0 21.3 305

TMPA | 17.7 |14.2| 18.1 20.3 |28.9

ERAInt | 184 |16.5| 16.8 195 |355

ErrsD _ ERA5 | 17.8 |15.3] 16.9 19.9 [32.0
(mm/month) Climatology| ECM | 16.5 |14.2| 1538 18.8 |27.6
ALR | 214 |142| 20.9 30.0 |44.6

WRF | 228 |16.2] 23.1 305 [395

GFS | 234 |195| 23.6 27.3 340

CFS | 22.8 |19.8] 233 245 1329

IMERG| 216 |16.9] 215 264 |37.1

TMPA | 232 |18.2] 229 28.8 |40.1

ERAInt | 24.6 |20.4| 239 29.0 |41.9

ERAS5 | 23.0 |18.0f 227 28.1 |40.6

Anomaly ECM | 228 |17.2] 22.6 29.3 [39.9

ALR | 26.1 |19.1| 26.4 33.1 |45.6

WRF | 26.2 |19.0] 26.6 33.7 |46.1

GFS | 29.1 |22.3| 299 36.7 |43.6

CFS | 29.0 |235] 30.1 335 [423

53



Compared to the anomaly SD of the observed data (29.4 mm/month), a larger anomaly
SD of CFS data (35.2 mm/month) (Table 3.10) along with its substantial wet Bias of
18.7 mm/month (Table 3.11) suggest it to be, probably, less beneficent in operational
fields like flood forecasting. Whereas, both the anomaly SD (26.7 mm/month), as well
as the Bias (2.6 mm/month) of ALR are the lowest among all the products. IMERG
shows the lowest ErrSD (24.3 mm/month) among all the products when the complete

time series, as well as the anomaly components, are considered (Table 3.11) over the

entire area.
Table 3.12. Monthly CC for the entire area and wetness classes
Region Entire| Dry | Mod-dry | Mod-wet | Wet
No. of Stations 755 [279] 303 123 50
IMERG| 0.82 |0.81] 0.84 0.84 [0.78
TMPA | 0.79 |0.79] 0.79 0.78 [0.72
ERAInt| 0.76 |0.74| 0.77 0.79 |0.71
Complete | ERA5 | 0.79 |0.77] 0.80 0.82 [0.73
Time ECM | 0.79 |0.77] 081 0.82 [0.77
Series ALR | 0.72 |0.74] 0.72 0.72 |0.66
WRF | 0.78 |0.79| 0.77 0.76  |0.76
GFS | 0.74 |0.73] 0.75 0.76  [0.69
CFS | 0.75 |0.73] 0.76 0.76 [0.70
IMERG| 0.81 |0.81] 0.82 0.82 (0.80
TMPA | 0.82 |0.81] 0.82 0.83 [0.79
ERAInt| 0.81 |0.79] 0.82 0.84 [0.75
CC with the ERA5 | 0.82 |0.81] 0.84 0.84 [0.74

Climatology| ECM | 0.83 [0.82] 0.85 0.85 [0.78
ALR | 0.74 10.80] 0.75 0.68 [0.59
WRF | 0.75 ]0.81| 0.75 0.65 [0.66
GFS | 0.79 |0.77] 0.80 0.80 [0.75
CFS | 0.79 ]0.79] 0.80 0.80 [0.75

IMERG]| 0.71 |0.69| 0.72 0.72 |0.68

TMPA | 0.69 |0.69] 0.71 0.68 [0.63

ERAInt| 0.65 [0.64| 0.66 0.67 [0.63
ERAS | 0.69 [0.67| 0.70 0.72 |0.68

Anomaly | ECM | 0.68 |0.66| 0.70 0.71 [0.68

ALR | 056 |0.54| 0.56 0.59 |0.57

WRF | 0.61 |0.57| 0.62 0.63 |0.65

GFS | 0.58 |0.59| 0.57 0.62 |0.58
CFS | 0.63 |0.61] 0.64 0.66 |0.61

Observed Data

ERADS shows improved ErrSD (27.6 mm/month) compared to that of ERAInt (29.5
mm/month), while GFS and CFS are among the products with the highest ErrSD.
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Besides having the lowest ErrSD, IMERG data shows the highest monthly CC (with
the observed data) as well (Table 3.12), while ALR data comes out to have the least
CC. The climatology components of the products have lower ErrSD (on average, 19.9
mm/month) and higher CC (on average, 0.80) as compared to their anomaly
components (ErrSD: 25.1 mm/month, CC: 0.64).

3.1.2.4. Temporal Statistics — Wetness Classes

As it is mentioned already while discussing the daily statistics, higher precipitation
amounts tend to cause higher ErrSD. Hence, monthly ErrSD for a given product
increases with the increasing wetness of the region (Table 3.11); this is valid for
monthly complete time series, as well as for climatology and anomaly components of
all nine products. As the larger values of ErrSD result into lower correlation, the
combined average monthly CC of the products over wet regions (0.72) is lower than
that over dry regions (0.76) (Table 3.12). Over the wet regions (i.e., receiving higher
amounts of precipitation), IMERG, ERA5, and ECM show the highest monthly
anomaly CC (0.68) while ALR and GFS are among the products showing lower

anomaly CC there.
3.1.2.5. Temporal Statistics — Elevation Classes

Means and SD are higher for the observed precipitation as well as for the products
over the regions having the lowest elevations (Table 3.13) as these regions receive the
highest total amount of precipitation. Hence the conclusion “wetness has a prominent
role in the error statistics of the products over the study area” over the daily time scale
is also valid over the monthly time scale. Over the highest elevations (i.e., > 2000m),
ALR shows very less anomaly SD (16.3 mm/month) compared to that (27.7
mm/month) of the observed data while, among all the products, GFS shows the highest

SD for complete time series and both of its components over these regions.
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Table 3.13. Monthly Mean and SD for the entire area and elevation classes

Region EntireElv < 500EIv 500-1000Elv 1000-1500EIv 1500-2000EIv > 2000
No. of Stations 755 | 237 219 209 77 13
Obs |49.2 | 618 44.1 42.7 436 443
IMERG| 57.6 | 69.4 53.4 50.5 525 58.6
TMPA | 54.8 | 639 50.8 49.7 52.1 55.2
ot |ERAINt[ 575 | 58.2 54.7 54.7 68.6 72.8
Mean C"T’T‘pete ERA5 | 61.4 | 713 56.0 55.0 63.1 66.1
(mm/month) S;pi":s ECM | 558 | 66.2 50.1 49.6 56.3 57.8
ALR | 46.6 | 64.2 427 373 313 29.7
WRF |57.8 | 70.2 50.4 50.2 59.5 69.6
GFS | 583 | 55.9 557 57.7 70.9 782
CFS |67.9| 76.1 63.9 605 71.0 84.0
Obs | 416 | 551 356 34.4 37.1 40.9
IMERG| 40.3 | 51.9 36.8 34.0 327 323
TMPA| 412 | 533 37.2 35.1 332 323
ot |ERAIN[ 394 | 416 38.2 36.8 425 43.4
C‘;r?ra:te ERAS | 42.1 | 50.4 39.1 37.0 39.6 38.0
Series | ECM [406 ] 482 372 36.1 39.8 36.2
ALR | 40.7 | 537 36.4 33.4 33.9 34.8
WRF | 452 | 53.9 395 39.8 48.7 517
GFS | 47.0 | 486 437 46.0 52.8 55.4
CFS | 505 60.7 48.0 435 452 52.3
Obs |29.0 | 375 249 24.2 28.0 29.8
IMERG| 29.1 | 37.8 26.5 24.4 23.2 225
TMPA| 287 | 36.8 26.0 24.6 235 221
ERAInt| 27.7 | 29.0 26.8 25.8 30.4 3L5
SD | limatology ERAS | 302|352 28.1 26.8 29.7 28.4
(mm/month) ECM |29.0 | 330 26.9 265 29.9 26.7
ALR | 30.0 | 38.9 26.4 245 275 30.5
WRF | 32.0 | 354 282 29.6 37.6 389
GFS | 344 | 365 313 33.1 39.6 40.9
CFS | 355 | 42.0 336 30.6 33.4 39.3
Obs |29.4 | 395 254 24.3 24.1 217
IMERG| 27.9 | 36.0 25.5 235 22.8 22.9
TMPA | 29.4 | 382 26.6 25.0 23.4 23.4
ERAINt| 27.8 | 29.4 27.1 26.1 29.3 29.2
Anomaly |ERAS (202 | 359 27.1 252 25.8 24.6
ECM |27.9 | 348 25.3 24.0 25.7 23.9
ALR | 26.7 | 36.4 24.6 216 18.7 16.3
WRF | 29.8 | 39.3 259 24.0 26.7 315
GFS | 312 | 320 29.7 30.9 33.0 35.2
CFS |352| 428 337 30.1 29.6 337

Although the lowest elevation regions receive the most substantial amounts of average
precipitation, monthly ErrSD for a given product is not the highest over these regions
(Table 3.14). Instead, the elevation effect dominates in the regions with the highest
elevations where all the products show the highest ErrSD. Generally, the elevation

effect is more prominent on the monthly CC of the products over the regions with

elevations higher than 1000 m (Table 3.15).
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Table 3.14. Monthly Bias and ErrSD for the entire area and elevation classes

Region EntireElv < 500EIlv 500-1000EIv 1000-1500EIv 1500-2000Elv > 2000,
No. of Stations 755 237 219 209 7 13
IMERG| 8.4 7.6 9.3 7.8 8.9 14.3
TMPA | 5.6 2.1 6.8 7.0 8.5 10.9
ERAInt| 8.3 -3.6 10.7 12.0 25.0 28.5
Bias Con_1p|ete ERA5 | 122 | 95 12.0 12.3 19.5 218
(mm/month) Tlme ECM | 6.6 4.3 6.1 6.9 12.6 134
Series ALR | -2.6 24 -1.3 -5.4 -12.3 -14.6
WRF | 8.6 8.3 6.3 7.5 15.8 25.2
GFS | 9.0 -5.9 11.6 15.1 27.3 33.9
CFS |18.7 | 143 19.9 17.8 273 39.6
IMERG| 243 | 29.8 19.8 213 26.0 355
TMPA | 27.7 | 34.0 243 24.2 26.9 322
ERAInt| 29.5 | 34.9 25.1 26.4 32.4 39.7
Complete | ERA5 | 27.6 | 33.6 23.6 24.1 28.9 33.6
Time ECM |26.6 | 33.0 22.0 233 217 322
Series ALR 304 | 36.6 25.8 27.6 30.4 37.7
WRF | 30.6 | 39.6 24.7 254 316 433
GFS [358 | 393 312 336 41.6 50.9
CFS | 359 | 422 319 313 384 47.2
IMERG| 17.9 | 21.7 154 15.3 19.6 24.3
TMPA | 17.7 | 20.7 15.8 15.7 18.7 22.4
ERAiInt| 18.4 | 20.8 15.7 16.6 21.8 26.5
ErrSD ) ERA5 [ 178 | 204 15.8 15.7 20.4 23.3
(mm/month)CIlmatology ECM [16.5| 19.0 14.3 14.7 19.4 22.5
ALR (214 | 26.8 174 18.4 23.6 27.2
WRF | 228 | 295 18.9 18.0 25.2 30.9
GFS [234 | 243 20.8 22.6 28.7 318
CFS [228 | 25.7 20.5 20.5 25.2 32.3
IMERG| 21.6 | 26.7 18.5 19.0 214 26.1
TMPA | 232 ] 29.0 20.2 20.2 22.0 254
ERAINt| 24.6 | 29.3 213 22.0 25.9 30.8
ERA5 [ 23.0 | 289 19.6 19.8 22.6 27.2
Anomaly | ECM | 228 | 29.1 18.9 19.6 22.4 26.6
ALR [26.1 | 328 22.7 22.6 24.0 274
WRF | 26.2 | 34.2 21.9 21.6 25.3 32.8
GFS [29.1| 336 254 26.7 30.7 39.6
CFS [29.0 | 35.2 25.7 25.1 29.2 355

Summarizing, the combined average monthly CC of all the products decreases from
0.78 for the lowest elevation regions to 0.66 for the highest elevation regions, whereas
ErrSD increases from 35.9 mm/month for the lowest elevation regions to 39.1

mm/month for the highest elevation regions.
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Table 3.15. Monthly CC for the entire area and elevation classes

Region EntireElv < 500Elv 500-1000EIv 1000-1500EIv 1500-2000EIv > 2000
No. of Stations 755 237 219 209 7 13
IMERG| 0.82 | 0.84 0.85 0.82 0.75 0.68
TMPA|0.79 | 0.79 0.80 0.79 0.75 0.7
ERAInt| 0.76 | 0.77 0.78 0.76 0.71 0.61
Complete | ERA5 [ 0.79 | 0.80 0.81 0.79 0.75 0.68
Time ECM | 0.79 | 0.80 0.81 0.79 0.76 0.69
Series ALR |0.72 | 0.75 0.74 0.70 0.66 0.6
WRF | 0.78 | 0.74 0.79 0.81 0.79 0.69
GFS [0.74| 0.74 0.75 0.74 0.72 0.65
CFS |0.75| 0.76 0.77 0.74 0.69 0.63
IMERG| 0.81 | 0.83 0.83 0.81 0.74 0.68
TMPA | 0.82 | 0.83 0.83 0.80 0.78 0.73
ERAInt| 0.81 | 0.83 0.83 0.80 0.76 0.68
cC with the | . ERA5 | 0.82 | 0.83 0.83 0.82 0.78 0.75
Observed Da,[aCIlmatology ECM [0.83 | 0.84 0.85 0.83 0.80 0.75
ALR |0.74 | 0.73 0.78 0.73 0.70 0.69
WRF | 0.75 | 0.66 0.78 0.82 0.79 0.74
GFS |0.79 | 0.79 0.78 0.79 0.79 0.76
CFS |0.79 | 081 0.82 0.77 0.74 0.72
IMERG| 0.71 | 0.74 0.73 0.70 0.58 0.61
TMPA|0.69 | 0.71 0.71 0.69 0.59 0.58
ERAInt| 0.65 | 0.69 0.67 0.65 0.55 0.46
ERA5 | 0.69 | 0.72 0.71 0.69 0.59 0.53
Anomaly | ECM | 0.68 | 0.71 0.71 0.67 0.59 0.52
ALR | 0.56 | 0.62 0.58 0.54 0.39 04
WRF | 0.61 | 0.64 0.62 0.60 0.51 0.55
GFS | 0.58 | 0.59 0.63 0.58 0.50 0.42
CFS | 0.63 | 0.67 0.65 0.62 0.52 0.47

The factor of increasing elevations most pronouncedly affects the monthly absolute
Bias and monthly ErrSD of GFS and CFS (Figure 3.12), while boxplots for WRF also
show the inverse effect of increasing elevations. Overall, the products tend to have the
most substantial absolute Bias and ErrSD over elevations higher than 1500 m. Very

few stations lying under the highest elevation bins might also be contributing towards

the larger errors by the products.
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Figure 3.12. Boxplots for monthly absolute Bias (from () to (e)) and monthly ErrSD (from (f) to (j))
for elevation classes
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3.1.2.6. Temporal Statistics — Slope Classes

Table 3.16. Monthly Mean and SD for the entire area and slope classes.

Region Entire/SIp < 5%;SIp 5-10%SIp 10-15%|Slp 15-20%|Slp > 20%
No. of Stations 755 | 237 219 209 77 13
Obs | 49.2 | 46.0 51.0 63.4 711 56.7
IMERG] 57.6 | 55.0 59.4 64.9 745 79.7
TMPA | 548 | 529 57.4 59.6 63.2 64.4
ot [ERAINt 57.5 | 54.0 60.6 65.7 80.0 92.0
Mean C"Tr‘i‘r?]:te ERA5 | 614 | 559 63.6 78.1 100.6 1254
(mm/month) o 7% [ECM [558 | 515 57.4 711 87.7 90.1
ALR | 46.6 | 44.4 45.7 60.4 67.4 53.7
WRF | 57.8 | 540 59.4 72.1 93.1 726
GFS | 583 | 521 60.8 76.0 99.9 1372
CFS | 67.9| 646 71.2 78.7 70.8 103.0
Obs | 416 | 408 411 493 48.7 36.1
IMERG]| 40.3 | 40.1 40.0 42.0 433 41.2
TMPA | 412 | 415 405 41.7 40.1 372
Complete |ERAINE[ 30.4 | 38,9 39.7 40.9 432 41.4
(’T”i‘rf]:te ERAS | 42.1 | 410 418 472 50.6 57.0
Seriec | ECM [ 406 | 39.7 407 455 46.0 44.2
ALR | 40.7 | 39.8 39.4 48.4 52.4 46.2
WRF | 452 | 438 458 50.9 59.0 49.7
GFS | 47.0 | 444 47.6 56.6 63.4 76.9
CFS | 505 | 506 50.2 52.4 41.0 55.9
Obs | 29.0 | 28.0 28.8 36.1 37.9 273
IMERG]| 29.1 | 29.0 287 30.3 316 285
TMPA | 287 | 2838 28.6 28.9 27.8 25.0
ERAInt| 27.7 | 275 28.1 28.4 28.9 247
SD | limatology ERAS [302 | 293 30.3 333 359 387
(mm/month) ECM | 29.0 | 284 295 32.2 314 27.4
ALR |30.0 | 291 28.6 36.7 39.3 36.1
WRF | 320 | 310 326 359 405 344
GFS | 344 | 324 35.0 42.0 46.1 56.7
CFS | 355 355 355 37.2 29.2 39.4
Obs | 29.4 | 292 28.9 33.4 30.4 23.7
IMERG]| 27.9 | 27.7 2738 293 298 298
TMPA | 294 | 29.6 287 30.1 29.1 277
ERAInt| 27.8 | 27.4 27.9 29.1 316 32.7
Anomaly | ERAS [202 | 284 285 33.1 349 40.8
ECM | 279 | 274 276 315 326 34.1
ALR | 26.7 | 261 26.0 315 34.8 284
WRF | 29.8 | 28.9 295 34.3 405 337
GFS |3L2| 297 31.2 37.1 41.9 49.6
CFS [352| 353 34.8 36.1 28.6 394

All the datasets (including the observed and product data) associate the lowest
amounts of average precipitation with the regions having the lowest terrain slopes
(Table 3.16), while the average precipitation generally increases by going towards
higher slopes. ALR and WRF follow the observed data in showing the highest monthly
average precipitation amounts over the regions having slopes between 15-20%, while
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all the other products show it over the highest slope regions (i.e., with > 20% slopes).

Monthly ErrSD does not necessarily follow the trend mentioned above.

Table 3.17. Monthly Bias and ErrSD for the entire area and slope classes

Region Entire/SIp < 5%SIp 5-10%SIp 10-15%|Slp 15-20%|Slp > 20%
No. of Stations 755 237 219 209 77 13
IMERG| 8.4 9.0 8.4 15 34 23.0
TMPA| 5.6 6.9 6.4 -3.7 -7.9 7.8
ERAiInt| 8.3 7.9 9.6 2.4 8.8 35.4
Bias Complete ERAS | 12.2 9.9 12.6 14.8 29.5 68.8
(mm/month) Tlme ECM | 6.6 55 6.4 7.7 16.6 335
Series ALR | -2.6 -1.7 -5.3 -3.0 -3.8 -2.9
WRF | 8.6 7.9 8.4 8.7 22.0 16.0
GFS | 9.0 6.0 9.8 12.6 28.7 80.6
CFS |18.7| 186 20.2 154 -0.3 46.3
IMERG| 24.3 234 23.9 29.1 334 275
TMPA | 27.7 | 27.2 26.9 31.8 36.7 28
ERAInt| 295 | 28.8 28.8 35.7 38.3 29.4
Complete | ERAS | 27.6 26.6 26.6 33.2 39.4 404
Time ECM | 26.6 | 25.9 25.7 317 35.1 29.6
Series ALR | 304 28.4 30.9 37.9 48.3 39.7
WRF | 30.6 | 30.0 30.1 35.1 40.0 27.9
GFS | 358 | 335 35.1 47.1 52.9 62.6
CFS |359 | 350 34.9 42.3 41.8 48.6
IMERG| 17.9 17.1 174 21.9 29.7 24.2
TMPA| 17.7 17.0 17.1 21.7 28.6 21.8
ERAInNt| 18.4 17.6 174 24.4 275 20.8
ErrSD ) ERAS5 | 17.8 16.8 16.8 23.3 31.2 29.5
(mm/month)cnmato'ogy ECM | 16.5 15.7 15.8 21.3 27.8 18.7
ALR | 214 19.4 21.3 29.7 43.5 354
WRF | 22.8 22.1 22.0 28.6 334 23.3
GFS |234| 216 23.0 32.1 35.9 43.6
CFS | 228 21.8 22.4 27.8 33.1 32.1
IMERG| 21.6 | 20.9 21.6 26.2 28.0 21.7
TMPA|[ 232 | 228 22.7 26.6 29.8 235
ERAInt| 24.6 23.9 24.3 29.0 31.8 25.9
ERA5 | 23.0 | 22.2 22.3 27.7 314 31.6
Anomaly | ECM | 22.8 22.2 22.1 27.4 29.7 26.5
ALR [26.1| 249 26.3 31.6 36.6 27
WRF | 26.2 255 25.8 31.7 33.2 25.6
GFS | 29.1 275 28.6 37.1 42.7 45.3
CFS |29.0| 286 27.9 34.1 32.0 35.7

Wet bias (Table 3.17) in the precipitation products, except ALR, over very complex
topography (i.e., slopes > 20%), may result in an increased number of false alarms for
floods. Among all the products, GFS shows the largest ErrSD over the regions with
terrain slopes greater than 5% (Table 3.17); the same is valid for complete time series,
climatology, and anomaly. IMERG consistently performs the best regarding ErrSD
over varying slopes, while ECM shows the second-best ErrSD values after IMERG;
this is true for both the complete time series and anomaly.
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ECM and IMERG both show the equal amount of monthly CC (0.75) over the steepest
slope regions (Table 3.18), which depicts the utility of this real-time product against a
gauge-adjusted research-grade product over complex topography. Here, the inverse
effect of increasing terrain complexity over the accuracy of the products is noticeable,
as the combined average anomaly CC drops from 0.66 over the lowest slope regions
to 0.56 over the highest slope regions, whereas ErrSD increases from 28.8 mm/month

to 37 mm/month on the same criteria.

Table 3.18. Monthly CC for the entire area and slope classes

Region Entire[Slp < 5%SIp 5-10%Slp 10-15%SIp 15-20%SIp > 20%
No. of Stations 755 237 219 209 77 13
IMERG]| 0.82 | 0.83 0.82 0.82 0.76 0.75
TMPA | 0.79 0.79 0.79 0.77 0.70 0.7
ERAInt| 0.76 | 0.76 0.77 0.74 0.70 0.72
Complete | ERA5 [ 0.79 | 0.79 0.80 0.79 0.73 0.68
Time ECM | 0.79 | 0.79 0.80 0.80 0.76 0.75
Series ALR | 0.72 | 0.74 0.70 0.71 0.56 0.58
WRF | 0.78 | 0.77 0.78 0.79 0.78 0.8
GFS 1074 | 0.75 0.74 0.72 0.66 0.64
CFS [0.75| 0.75 0.75 0.73 0.64 0.61
IMERG| 0.81 | 0.83 0.81 0.79 0.65 0.62
TMPA|0.82 | 0.82 0.83 0.80 0.65 0.65
ERAInt| 0.81 0.82 0.83 0.75 0.67 0.64
cC with the |, ERA5 [ 0.82 | 0.83 0.84 0.80 0.65 0.64
Observed DataCllmatology ECM [0.83 | 0.84 0.84 0.82 0.68 0.74
ALR | 0.74 | 0.77 0.74 0.67 0.40 0.45
WRF | 0.75 | 0.75 0.78 0.69 0.66 0.73
GFS | 0.79 0.79 0.79 0.74 0.70 0.71
CFS [0.79| 081 0.79 0.76 0.58 0.59
IMERG]| 0.71 0.72 0.71 0.66 0.63 0.66
TMPA|0.69 | 0.70 0.70 0.65 0.57 0.6
ERAInt| 0.65 | 0.66 0.65 0.62 0.54 0.61
ERA5 | 0.69 | 0.70 0.70 0.66 0.59 0.58
Anomaly | ECM | 0.68 | 0.69 0.69 0.66 0.61 0.6
ALR [ 056 | 0.58 0.52 0.55 0.42 0.44
WRF | 0.61 | 0.61 0.60 0.60 0.56 0.61
GFS | 058 | 0.60 0.58 0.55 0.47 0.43
CFS |0.63| 0.64 0.64 0.57 0.49 0.52
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Figure 3.13. Boxplots for monthly absolute Bias (from () to (e)) and monthly ErrSD (from (f) to (j))
for slope classes
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Considering the variation in terrain slopes (Figure 3.13), although both the absolute
Bias and ErrSD tend to increase over the slope range of 0-20%, the change in these

two statistics is not linear for all the products.
3.1.2.7. Correlation Histograms

To investigate the frequency of correlations over entire study area, histograms of the
monthly CC of the products with the observed data were prepared. Histograms for CC
of research-grade products (Figure 3.14a) suggest that higher CC values (say > 0.8)
occur more frequently in case of IMERG as compared to TMPA, which in turn, results
in the higher average CC of IMERG.
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Figure 3.14. Histograms of monthly CC between the observed data and research-grade products; (a)
Complete Time Series, (b) Climatology, and (c) Anomaly. The color-coded vertical lines show mean
monthly CC for the respective dataset with the observed data
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A similar situation exists between ERAInt and ERA5, where ERAInt shows relatively
lower frequency bars against higher values of monthly CC as compared to those shown
by ERA5. Among the components of the monthly complete time series, climatology
components (Figure 3.14b) of the products are more correlated compared to anomaly
components (Figure 3.14c), thus showing higher frequency bars against higher CC

values.
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Among the real-time forecast datasets (Figure 3.15), ECM and WRF equally show the
lowest frequency bars against lower CC values (say < 0.6). Overall, ECM shows the

most frequent occurrence of higher CC values (slightly better than WRF). Considering
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complete (Figure 3.15a), climatology (Figure 3.15b), and anomaly (Figure 3.15c) time
series, ALR shows the highest frequency bars against the lowest CC values (say <
0.4), thus depicting its worst performance related to monthly CC with the observed
data. CFS shows slightly better CC as compared to GFS.

3.1.3. Annual Time Scale

Table 3.19. Annual spatial mean precipitation and its SD

Dataset Annual Mean Annual SD (mm/year)
(mmlyear)

OBS 590.6 232.2
IMERG 691.2 1925
TMPA 658.1 160.0
ERAInt 690.5 177.7

ERA5 737.1 2914

ECM 669.2 253.5

ALR 558.9 271.3

WRF 693.5 289.0

GFS 699.1 405.2

CFS 814.6 382.6

For the observed data and the products, the annual mean precipitation in space and its
SD are shown in Table 3.19. The wet Bias in the products have been already discussed
over both the daily and monthly time scales. Here, the purpose of presenting Table
3.19 is to show the precipitation variability in the space displayed by each dataset.
TMPA shows the least spatial variability (SD value of 160 mm/year) in annual
precipitation, while GFS shows it to be 405.2 mm/year against the observed annual
precipitation SD of 232.2 mm/year. Although ECM shows a wet Bias of 78.6
mm/year, its variability of annual spatial precipitation (SD of 253.5 mml/year) is the

closest (among all the products) to the observed SD.

The spatial distribution of observed precipitation and the nine products is shown in
Figure 3.16, where the station-based precipitation data are converted from point to
spatial maps using inverse distance weighting interpolation (using data from 3 closest
neighboring stations). Although IMERG displays the most smooth transitions, the

spatial distribution of observed annual average precipitation (Figure 3.16a) is visually
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best captured by IMERG (Figure 3.16b), ECM (Figure 3.16f), and ALR (Figure 3.16Q)
as compared to all the other products. For example, the northeastern part of the Black
Sea coastal region has very high observed annual precipitation of (~2500 mm/year)
while southern parts of this wet region receive much lower precipitation (~500
mm/year), making a very sharp transition (Figure 3.16a). Location-wise, this sharp
transition is well captured via all the products except for ERAInt (Figure 3.16d), WRF
(Figure 3.16h), and CFS (Figure 3.16j).
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Figure 3.16. Spatial distribution maps for annual average precipitation (mm/year)

ERA-Interim have very low visual sensitivity to high magnitude precipitation or to
this sharp transition (Figure 3.16d); perhaps it captures the spatial variability in this
area the worst, while its predecessor ERA5 has a much better representation of the
transition even though it overestimates the high precipitation amounts (Figure 3.16¢).
Similarly, the wet strip (~ 800-1000 mm/year) starting from the south-east corner of
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the country towards the central parts is better captured by IMERG, ECM, and ERAS5.
The spatial precipitation variability over the south-western part is well represented by
all the products except ERAInt, GFS, and CFS. The transitions from the relatively
wetter (around 800 mm/year) to drier (below 500 mm/year) regions towards the
central parts are accurately captured by all products except GFS and CFS.

On average, the highest observed annual precipitation amounts in the study area are
associated with the lowest elevations (Figure 3.17a). This might be because of the
orography effect on the precipitation amounts falling over coastlines (i.e., the lowest
elevation) where the moist air masses pour major amount of precipitation over the
windward side of those mountains. This is potentially true for the case of the eastern
Black Sea region (northeast of Turkey). The central parts of Turkey, having an average
elevation around 500 m to 1500 m (Figure 2.2b), mostly contain dryer stations and
receive lower amounts of precipitation (Figures 3.16a and 3.17a). It is interesting that
the observed precipitation is still less over the regions with higher elevations (mostly
attributed towards mountainous regions) whereas all the products (except ALR) show
a considerable uptrend in precipitation over highly elevated regions (Figure 3.17a).
This might be because a gauge station installed over the leeward side of a mountain

would report less precipitation despite being at high elevation.
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With increasing slope (which denotes increasing complexity of topography) till 20%,
all ten datasets (including the reference dataset and the products) show increasing
trends in annual average precipitation (Figure 3.17b). Here, we may associate the
stations with a higher % slope (mountainous regions) to wet regions. However, over
the regions with slopes greater than 20%, only WRF and ALR follow the decreasing
trend of the observed precipitation. ALR performs the best in matching the observed

annual precipitation trends, with a small underestimation, over all the slope classes.

3.2. Evaluation of Merged Forecasts

After merging the real-time forecast products (ECM, ALR, WRF, GFS, and CFS) by
the two merging methods (i.e., simple merging and merging after rescaling the
products), the individual and merged precipitation products were evaluated using the
ground-based observed data as an independent reference data. The evaluation analyses
included categorical performance indices and intensity-frequency analysis over a 1-
daily time scale, while evaluation metrics (including Mean, SD, ErrSD, and CC) were
determined over 1-3 daily time scales. The evaluation procedure was applied to the
three variables: TP, CP, and LSP. The evaluation results are presented and discussed
below.

3.2.1. Daily Evaluation Statistics

For brevity, only the boxplots depicting three statistics (i.e., CC, Bias, and ErrSD)
over the entire study area (i.e., 755 stations) for individual and merged forecasts are
included here. Among the individual forecasts, ECM shows the highest 1-daily CC
with the observed data (Figures 3.18a to 3.18c) for all three variables (i.e., TP, CP,
and LSP). However, the simple merge (SimpMRG) of these forecasts is better
correlated to the observed data than all the individual products, especially in the cases
of TP (Figure 3.18a) and CP (Figure 3.18b); which shows a considerable improvement
in CC of the individual products when they are simply merged by taking their
ensemble mean. On the other hand, as ECM has the highest CC among the individual
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products, producing a merge of all the forecasts after rescaling them on ECM space
(i.e., MRG_ECM reg) results in a product having the highest CC; which shows the
benefit of choosing a better reference product to produce a merge after regression-
based rescaling. The CC values of the individual products, like CFS and ALR,
considerably improve (studies like Afshar et al. (2019) have also reported the
improvement in CC of soil moisture products due to merging) when they are merged

by either method of merging.
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Figure 3.18. For individual and merged forecasts, boxplots for 1-daily CC (from (a) to (c)), Bias
(from (d) to (f)), and ErrSD (from (g) to (i)) for TP, CP and LSP. The bold black dots show the mean
of the particular statistics

Considering the biases of daily products (Figures 3.18d to 3.18f), the SimpMRG
improves the Bias of only the products having already higher individual Bias (e.g.,

CFS), although the improvement in Bias of those particular products is not as
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pronounced as it was the case with CC. Moreover, SImpMRG shows higher Bias than
individual forecasts with lower Bias (e.g., ALR); this is because we are merging low-
bias products with very high-bias products with the same weight. For a given product
(say ALR), the Bias in the individual product and MRG_ALR _reg product is almost
the same because in the linear regression-based rescaling, means of all the rescaled

products are replaced with the mean of the reference product (here it is ALR).

The daily ErrSD of ECM is the lowest among the individual products for TP (Figure
3.18qg), CP (Figure 3.18h), and LSP (Figure 3.18i). Like the improvement in CC, the
improvement in 1-daily ErrSD due to merging is substantial. Both merging methods
(1. Simple merging or taking the ensemble mean of the products, and 2. Simple
merging the products after rescaling them by linear regression) improve the ErrSD of
individual products. Merging improves the ErrSD of the individual forecasts not only
for TP but for CP and LSP as well, which might have a vital implication in the

operational fields like flood management.

When the error statistics of TP for individual and merged forecasts are investigated
over wetness classes, the results show that the 1-daily ErrSD values (Table 3.20) of
the individual products are improved over all the wetness classes. The combined
average ErrSD over dry, moderately dry, moderately wet, and wet regions decrease
from 3.4, 4.4, 5.4, and 7.3 mm/day for the individual products to 2.8, 3.6, 4.4, and 6.3
mm/day for the merged products. For the same arrangement, daily CC improves from
0.57, 0.62, 0.66, and 0.64 for the individual products to 0.67, 0.71, 0.76, and 0.74 for
the merged products (Table 3.21).

Both the merging methods improve the daily ErrSD (Table 3.22) and CC (Table 3.23)
over each elevation region. For example, the average ErrSD over the five elevation
classes decrease from 5.7, 3.8, 3.7, 4.1, and 4.5 mm/day for the combined individual
products to 4.8, 3.0, 3.0, 3.2, and 3.5 mm/day for the combined merged products

(Table 3.22). Moreover, for the same arrangement, daily CC improves from 0.63, 0.62,
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0.60, 0.56, and 0.50 for the combined individual products to 0.72, 0.71, 0.69, 0.66,
and 0.59 for the combined merged products (Table 3.23).

Table 3.20. Bias and ErrSD for 1-daily individual and merged forecasts over the entire study area

and different wetness classes

Wetness Entire | Dry | Mod-Dry | Mod-Wet | Wet

No. of Stations 755 | 279 303 123 50
ECM 0.22 | 0.27 0.19 0.20 0.16

ALR -0.05 |-0.06| -0.07 -0.01 0.03

WRF 0.31 | 0.27 0.33 0.29 0.50
GFS 0.28 | 0.36 0.39 0.26 -0.76
BIAS _ CFES 0.61 | 0.70 0.82 0.39 -0.59
(mm/day) SimpMRG 0.27 031 0.33 0.22 -0.15
MRG_ECM _reg | 0.20 | 0.26 0.17 0.18 0.14
MRG_ALR_reg | -0.06 |-0.07| -0.08 -0.02 0.03
MRG_WRF reg | 0.30 | 0.25 0.32 0.28 0.49
MRG_GFS reg | 0.27 | 0.35 0.38 0.25 -0.76
MRG_CFS reg | 0.60 | 0.68 0.81 0.38 -0.60

ECM 3.88 | 3.04 3.86 4.75 6.52

ALR 442 |3.33 4.42 5.51 7.80

WRF 447 |3.38 4.49 5.52 7.84

GFS 451 | 357 4.52 5.54 7.18

ErrsD _ CFES 478 | 391 4.88 5.51 7.30
(mm/day) SimpMRG 3.61 | 2.84 3.63 4.32 6.06
MRG_ECM _reg | 353 | 2.67 3.55 4.37 6.20
MRG_ALR_reg | 358 |2.72 3.60 441 6.26
MRG_WRF reg | 3.53 | 2.68 3.56 4.34 6.13
MRG_GFS reg | 3.70 | 2.82 3.67 4.54 6.70
MRG_CFS reg | 3.66 | 2.81 3.63 4.46 6.57

Table 3.21. CC for 1-daily individual and merged forecasts over the entire study area and different

wetness classes

Wetness Entire | Dry | Mod-Dry | Mod-Wet | Wet

No. of Stations 755 |279| 303 123 | 50
ECM 0.66 |0.63| 0.67 0.7 [0.70

ALR 0.58 |0.55| 059 0.63|0.59

WRF 0.62 |0.59] 0.62 0.66 |0.66

GFS 0.60 |0.55| 0.61 0.66  |0.62

. CFS 0.59 |0.54] 0.60 0.66  |0.62
chgexggéha‘ia SimpMRG | 0.70 [0.66] 0.71 076 |0.74
MRG_ECM reg| 0.70 |0.67] 0.71 0.76__|0.74
MRG_ALR reg | 0.70 |0.67] 0.7 0.76 |0.73
MRG_WRF reg| 0.70 |0.67| 0.71 0.76__|0.74
MRG_GFS reg | 0.70 |0.66] 0.70 0.76 |0.73
MRG_CFS reg | 0.70 |0.66] 0.70 076 |0.73
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Table 3.22. Bias and ErrSD for 1-daily individual and merged forecasts over the entire study area

and different elevation classes

Elevation (m) Entire|Elev <500|Elev 500-1000|Elev 1000-1500|Elev 1500-2000|Elev > 2000
No. of Stations 755 237 219 209 77 13
ECM 022 | 0.15 0.21 0.22 0.42 0.42
ALR -0.05| 0.2 0.00 -0.15 -0.37 -0.50
WRF 031 031 0.24 0.28 0.51 0.77
GFS 028 | -0.21 0.38 0.48 0.87 1.06
BIAS ' CFS 0.61 | 047 0.66 0.58 0.89 1.27
(mm/day) SimpMRG 0.27 | 0.17 0.30 0.28 0.46 0.59
MRG_ECM reg| 0.20 | 0.14 0.20 0.21 0.39 0.39
MRG_ALR reg|-0.06| 0.12 -0.01 -0.16 -0.38 -0.52
MRG_WRF reg| 0.30 | 0.30 0.23 0.27 0.49 0.74
MRG_GFS _reg| 0.27 | -0.22 0.37 0.47 0.85 1.03
MRG_CFS reg| 0.60 | 0.46 0.65 0.56 0.87 1.24
ECM 3.88 5.16 3.26 3.22 3.52 3.77
ALR 4.42 5.87 3.76 3.70 3.85 4.11
WRF 4.47 5.98 3.73 3.65 4.10 4.60
GFS 4.51 5.44 3.99 4.00 4.48 491
ErrsSD _ CFS 4.78 6.03 4.25 4.04 4.45 4.85
(mmiday) SimpMRG 361 | 476 3.07 3.00 3.28 3.62
MRG_ECM reg| 353 | 4.79 2.95 291 3.05 3.35
MRG_ALR reg| 3.58 | 4.77 2.98 3.00 3.24 3.55
MRG_WRF reg| 353 | 4.80 2.95 2.88 3.08 3.39
MRG_GFS reg| 3.70 | 4.99 3.08 3.04 3.30 3.56
MRG_CFS reg| 3.66 | 4.92 3.05 3.01 3.27 3.58

Table 3.23. CC for 1-daily individual and merged forecasts over the entire study area and different

elevation classes

Elevation (m) Entire|Elev <500|Elev 500-1000|Elev 1000-1500|Elev 1500-2000|Elev > 2000
No. of Stations 755 237 219 209 77 13
ECM 0.66 | 0.68 0.68 0.66 0.62 0.56
ALR 0.58 | 0.62 0.60 0.55 0.50 0.45
WRF 0.62 0.62 0.63 0.62 0.59 0.54
GFS 0.60 | 0.62 0.60 0.58 0.56 0.49
- CFS 059 | 0.63 0.59 0.57 0.52 0.46
chge;’\vl'etg Bh{;a SimpMRG__ | 0.70 | 0.72 0.71 0.69 0.66 0.59
MRG_ECM _reg| 0.70 | 0.72 0.72 0.69 0.66 0.60
MRG_ALR reg| 0.70 0.72 0.71 0.69 0.66 0.60
MRG_WRF reg| 0.70 | 0.72 0.72 0.70 0.66 0.60
MRG_GFS reg| 0.70 | 0.72 0.71 0.69 0.65 0.59
MRG_CFS reg| 0.70 | 0.72 0.71 0.69 0.65 0.58

The similar trends of improvements in daily ErrSD and CC over wetness and elevation

classes are witnessed over different slope classes as well. Summarizing Table 3.24,

which shows the Bias and ErrSD of individual and merged forecasts, the ErrSD
improves from 4.4, 4.3, 5.1, 5.3, and 4.9 mm/day to 3.6, 3.5, 4.1, 4.2, and 3.4 mm/day
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(over the five slope classes, respectively) due to merging. Although the daily ErrSD
of the merged products also increases with increasing terrain complexity, they show
improvement in ErrSD compared to the individual products over each slope class.
Similarly, merging improves the daily CC (Table 3.25) from 0.60, 0.62, 0.61, 0.63,
and 0.59 t0 0.70, 0.71, 0.71, 0.73, and 0.70 (over the five slope classes, respectively).

Table 3.24. Bias and ErrSD for 1-daily individual and merged forecasts over the entire study area

and different slope classes

Slope (%) Entire[Slope < 5%|Slope 5-10%|Slope 10-15%|Slope 15-20%|Slope > 20%
No. of Stations 755 499 170 56 19 11
ECM 0.22 0.18 0.21 0.28 0.53 1.06
ALR -0.05 -0.03 -0.12 -0.02 -0.10 -0.13
WRF 0.31 0.29 0.31 0.34 0.78 0.50
GFS 0.28 0.18 0.32 0.41 0.91 2.61
BIAS ' CFS 0.61 0.61 0.67 0.53 -0.02 1.48
(mm/day) SimpMRG 0.27 0.25 0.28 0.30 0.39 1.08
MRG_ECM _reg| 0.20 0.17 0.20 0.27 0.51 1.03
MRG_ALR_reg| -0.06 -0.03 -0.13 -0.03 -0.11 -0.14
MRG_WRF_reg| 0.30 0.28 0.30 0.32 0.76 0.47
MRG_GFS reg| 0.27 0.17 0.30 0.40 0.89 2.57
MRG_CFS_reg| 0.60 0.60 0.65 0.51 -0.04 1.44
ECM 3.88 3.87 3.70 4.36 4.41 3.86
ALR 4.42 4.34 4.27 5.13 5.52 4.64
WRF 447 4.42 4.29 5.10 5.37 4.62
GFS 451 4.36 437 5.50 5.92 6.03
ErrSD _ CFS 4.78 4.74 4.64 5.36 5.29 5.43
(mmiday) SimpMRG 3.61 3.59 3.45 412 411 3.69
MRG_ECM _reg| 3.53 3.52 3.38 4.04 4.04 3.15
MRG_ALR reg| 3.58 3.55 3.46 4.09 4.20 3.39
MRG_WRF_reg| 3.53 3.52 3.38 4.03 3.98 3.18
MRG_GFS reg| 3.70 3.66 3.55 4.33 4.22 3.58
MRG_CFS reg| 3.66 3.63 3.48 423 4.42 3.45

Table 3.25. CC for 1-daily individual and merged forecasts over the entire study area and different

slope classes

Slope (%) Entire[Slope < 5%|Slope 5-10%|Slope 10-15%|Slope 15-20%|Slope > 20%
No. of Stations 755 499 170 56 19 11
ECM 0.66 0.65 0.68 0.68 0.71 0.67
ALR 0.58 0.58 0.58 0.58 0.56 0.47
WRF 0.62 0.61 0.63 0.63 0.67 0.63
GFS 0.60 0.59 0.61 0.59 0.61 0.58
. CFS 0.59 0.58 0.59 0.59 0.59 0.58
chfe;’\"/gg g‘:ta SimpMRG__ | 0.70 | 0.70 0.71 0.71 0.73 0.70
MRG_ECM reg| 0.70 0.70 0.72 0.71 0.74 0.71
MRG_ALR reg| 0.70 0.70 0.71 0.71 0.73 0.69
MRG_WRF reg| 0.70 0.70 0.72 0.71 0.74 0.71
MRG_GFS reg| 0.70 0.69 0.71 0.71 0.73 0.70
MRG_CFS reg| 0.70 0.69 0.71 0.71 0.73 0.70
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3.2.2. Intensity-Frequency Analysis
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Figure 3.19. Intensity-frequency analysis for 1-daily (a) TP, (b) CP, and (c) LSP.
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As mentioned earlier, model-based products show dry days (with precipitation <
1mm/day) as well as the extreme precipitation days (with precipitation > 40mm/day)
occurring less frequently than the observed data. Here we are assessing the impact of
merging on this intensity-frequency relation. For total precipitation (TP), overall,
merging causes even further over- or under-estimation of the observed frequency of
specific intensity days (Figure 3.19a), where under-estimation occurs for days with
‘no precipitation” while over-estimation occurs for light to extreme precipitation days.
However, the individual and merged products better match the frequency of days with

precipitation 5-20 mm/day.

Here, an important thing to note is that, for most of the daily intensity intervals for TP
(Figure 3.19a), CP (Figure 3.19b), and LSP (Figure 3.19c), SimpMRG performs better
than all the other merged products (i.e., MRG_ECM reg, MRG_ALR reg,
MRG_WRF _reg, MRG_GFS reg, and MRG_CFS _reg) which are produced after
rescaling of the individual products. For TP, SimpMRG, among all the merged
forecasts, better matches the observed frequency against all the daily intensity
intervals (Figure 3.19a). Compared to their performance in matching the observed
frequency of dry days for TP, the merged products show improvement in cases of both
CP (Figure 3.19b) and LSP (Figure 3.19c). The under-estimation of the frequency of

days with light to moderate precipitation intensities is also improved in CP and LSP.
3.2.3. Categorical Performance Indices

Specifying a threshold of detection (i.e., precipitation >= 1mm/day), the categorical
performance indices (CPI) were investigated for the individual and merged forecasts.
Merging generally further improves the POD of individual products for TP (Figure
3.20a) and LSP (Figure 3.20c); it also improves POD of all the individual products
(except ECM) for the case of CP (Figure 3.20b). However, it further increases the
FAR of the products, which already had higher FAR values, especially for TP (Figure
3.20d) and LSP (Figure 3.20f). Overall, merging seems to improve the CSI of
individual products for TP (Figure 3.20g), CP (Figure 3.20h), and LSP (Figure 3.20i).
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Compared to all the merged products produced after rescaling, SImpMRG shows an
overall better CSI, especially for TP. Whereas, for CP and LSP, MRG_ECM reg
shows the highest CSl, as the CSI of individual ECM is already high.

The choice of reference product for regression-based rescaling and merging has a
noticeable impact on the performance of merge in CPI. However, a simple merge (i.e.,
ensemble mean) of the forecasts results in overall improvement regarding, especially

the CSI, which goes in favor of simple merging here.
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Figure 3.20. 1-daily Categorical Performance Indices. POD for TP, CP, and LSP ((a) to (c)); FAR for
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3.2.4. Improvement in ErrSD and CC Due to Merging

Here, we investigate the percent improvement in two of the most critical statistics (i.e.,
ErrSD and CC) of the individual products when they are merged by the two methods.
The individual ECM has less margin of improvement in ErrSD in the sense that it
already has lower ErrSD. Therefore, SimpMRG and the other merges add the least
improvement in ErrSD of ECM over 1-3 daily time scales for TP (Table 3.26), CP
(Table 3.27) and LSP (Table 3.28). Still, this is a very encouraging fact that merging
can further improve the ErrSD of ECM. Considering TP (Table 3.26) and LSP (Table

3.28), the average 1-3 daily benefit (improvement in ErrSD) due to merging increases

Table 3.26. Percent improvement, due to merging, in ErrSD for Total Precipitation of the individual

products
Percent Improvement in ErrSD for TP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average

SIMMRG 80 | 231 ] 243 | 282 36.0 23.9
MRG ECM reg | 116 | 27.1 | 28.6 | 33.6 | 41.7 28.5
1-Daily MRG_ALR reg 9.8 | 249 | 265 | 314|394 26.4
MRG WRF reg | 116 | 27.2 | 285 | 33.6 | 41.7 28.5
MRG_GFS _reg 6.6 | 216 | 228 | 26.2 | 354 22.5
MRG_CFS reg 78 229 | 242 | 29.0 353 23.8
SIMMRG 84 | 244 | 295 |30.7 | 370 26.0
MRG _ECM reg | 13.0 | 29.6 | 353 | 37.8 | 445 32.0
2-Daily MRG_ALR reg | 11.1 | 271 | 329 | 353|419 29.7
MRG_WRF _reg | 12.7 | 29.2 | 346 | 374 | 440 31.6
MRG_GFS_reg 6.8 | 226 | 278 | 28.2 | 36.5 24.4
MRG_CFS _reg 82 | 241 ] 295 |31.9|358 25.9
SIMMRG 9.1 | 249 | 334 | 323|365 27.2
MRG_ECM reg | 14.3 | 30.6 | 40.0 | 40.1 | 44.7 33.9
3-Daily MRG_ALR_ reg | 121 | 279 | 373 | 374|419 31.3
MRG_WRF _reg | 13.6 | 29.9 | 38.8 | 39.3 | 43.8 33.1
MRG_GFS_reg 75 1231 ] 318 | 29.6 | 36.2 25.6
MRG_CFS _reg 9.1 | 248 | 33.7 | 339|353 27.4

Average Improvement 10.1 | 258 | 31.1 | 33.1 | 39.3

with the order of individual forecasts: ECM > ALR > WRF > GFS > CFS. Whereas,
this order changes to ECM > ALR > CFS > GFS > WRF for CP (Table 3.27).
Considering TP, although SimpMRG considerably improves (on average, 23.9%), the
ErrSD of the individual products, MRG_ECM _reg and MRG_WRF _reg add more
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Table 3.27. Percent improvement, due to merging, in ErrSD for Convective Precipitation of the

individual products

Percent Improvement in ErrSD for CP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average
SIMMRG 43 | 212 ] 29.1 | 283|228 21.1
MRG_ECM reg | 57 | 23.0 | 31.2 | 310|247 23.1
MRG_ALR_reg 1.3 | 18.0 | 259 | 255|194 18.0
MRG WRF reg | 29 | 197 | 274 | 275|214 19.8
MRG_GFS reg | -0.1 | 16.2 | 23.8 | 229 | 178 16.1
MRG_CFS reg 05 | 169 | 248 | 246 | 186 17.1
SIMMRG 31 | 210 ] 331 | 318|257 22.9
MRG_ECM reg | 52 | 236 | 36.2 | 359 | 28.6 25.9
MRG_ALR reg | -0.1 | 175 | 29.6 | 28.9 | 21.9 19.6
MRG WRF reg | 19 | 19.7 | 313 | 317 | 246 21.8
MRG_GFS reg | -24 | 147 | 26.2 | 243|193 16.4
MRG_CFS reg | -0.7 | 165 | 28.6 | 28.2 | 21.3 18.8
SIMMRG 27 | 210 | 357 | 33.0|26.8 23.8
MRG_ECM reg | 51 | 24.0 | 395 |38.2|304 274
MRG_ALR reg | -0.7 | 17.3 | 32.0 | 30.2 | 22.9 20.3
MRG WRF reg | 1.6 | 20.0 | 34.0 | 33.5 | 26.0 23.0
MRG_GFS reg | -3.3 | 141 | 28.0 | 245|198 16.6
MRG_CFS reg | -0.9 | 16.8 | 31.5 | 30.0 | 22.6 20.0
Average Improvement 15 [ 19.0 | 304 | 294 | 23.0

1-Daily

2-Daily

3-Daily

improvement. However, for CP and LSP, the improvement in ErrSD of individual
products brought by MRG_ECM _reg stands alone as the best among all. Overall, the
improvement added by merging to the 1-3 daily ErrSD of the individual products is
larger in the case of LSP (Table 3.28) than CP (3.27).

For TP, on average, SImpMRG adds a 17.1% improvement in 1-daily CC of the
individual products (Table 3.29), while MRG_ECM reg adds the highest
improvement (17.6%) in CC of the individual products. For TP (Table 3.29) and LSP
(3.31), ALR receives the greatest improvement in 1-3 daily CC due to merging, as the
individual ALR shows the lowest correlation with the observed data, thus having more
margin for improvement. Overall, the improvement added by merging to the 1-3 daily
CC of the individual products is larger in the case of CP (Table 3.30) than LSP (3.31).

79



Table 3.28. Percent improvement, due to merging, in ErrSD for Large-scale Precipitation of the

individual products

Percent Improvement in ErrSD for LSP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average
SIimMMRG -95 24.7 | 372 | 435 | 773 34.6
MRG_ECM_reg 9.6 51.0 | 68.0 | 79.1 | 123.1 66.2
1-Daily MRG_ALR reg 4.3 428 | 595 | 704 | 1127 57.9
MRG_WRF_reg 5.6 455 | 599 | 714 | 1138 59.2
MRG_GFS_reg -0.7 37.2 | 51.7 | 554 | 1014 49.0
MRG_CFS_reg -1.4 276 | 416 | 499 | 781 38.0
SIimMRG -11.0 | 26.7 | 43.7 | 429 | 750 355
MRG_ECM_reg 10.7 | 579 | 812 | 84.2 | 1283 725
2-Daily MRG_ALR reg 4.9 483 | 710 | 742 | 1165 63.0
MRG_WRF_reg 4.6 49.1 | 684 | 723 | 114.0 61.7
MRG_GFS_reg -14 410 | 60.7 | 55.7 | 102.2 51.6
MRG_CFS_reg -9.3 29.2 | 480 | 49.2 | 739 38.2
SIMMRG -104 | 27.0 | 488 | 437 | 736 36.5
MRG_ECM_reg 126 | 59.8 | 89.6 | 87.2 | 129.5 75.7
3-Daily MRG_ALR_reg 6.5 499 | 784 | 76.7 | 1174 65.8
MRG_WRF_reg 55 496 | 744 | 736 | 113.0 63.2
MRG_GFS_reg 0.3 429 | 68.3 | 58.3 | 1034 54.6
MRG_CFS_reg -8.3 299 | 538 | 50.7 | 725 39.7
Average Improvement 0.4 41.1 61.3 | 63.2 | 1014

Table 3.29. Percent improvement, due to merging, in CC for Total Precipitation of the individual

products
Percent Improvement in CC for TP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average
SIMMRG 6.3 240 | 145 | 198 | 20.7 17.1
MRG_ECM_reg 6.8 246 | 150 | 203 | 21.3 17.6
1-Daily MRG_ALR _reg 6.5 239 | 146 | 20.0 | 20.9 17.2
MRG_WRF_reg 6.7 245 | 148 | 203 | 21.2 17.5
MRG_GFS_reg 5.9 236 | 141 | 193 | 20.3 16.6
MRG_CFS_reg 5.9 235 | 140 | 193 | 201 16.6
SIMMRG 5.7 236 | 151 | 188 | 165 15.9
MRG_ECM_reg 6.2 242 | 156 | 19.2 | 17.0 16.4
2-Daily MRG_ALR _reg 5.8 234 | 152 | 188 | 16.6 16.0
MRG_WRF_reg 6.0 240 | 154 | 191 | 16.9 16.3
MRG_GFS_reg 5.5 234 | 149 | 183 | 16.2 15.7
MRG_CFS_reg 5.6 235 | 151 | 186 | 16.3 15.8
SIMMRG 2.7 219 | 178 | 188 | 143 15.1
MRG_ECM_reg 2.2 217 | 186 | 193 | 148 15.3
3-Daily MRG_ALR _reg 1.8 209 | 18.0 | 188 | 143 14.8
MRG_WRF_reg 2.0 215 | 182 | 19.1 | 146 15.1
MRG_GFS_reg 1.2 20.7 | 179 | 184 | 140 14.4
MRG_CFS_reg 0.6 20.3 | 18.7 | 189 | 143 14.6
Average Improvement 4.6 23.0 16.0 | 19.2 | 17.2
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Table 3.30. Percent improvement, due to merging, in CC for Convective Precipitation of the

individual products

Percent Improvement in CC for CP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average
SIMMRG -0.3 | 39.7 | 345 | 344|495 31.6
MRG_ECM reg | 33 | 446 | 395 | 39.1 | 55.1 36.3
MRG_ALR reg | -0.3 | 38.7 | 346 | 34.8 | 49.7 315
MRG_WRF reg | -1.2 | 38.7 | 32.7 | 33.2 | 483 30.3
MRG_GFS reg | -23 | 372 | 319 | 309 | 46.2 28.8
MRG_CFS reg | 42 | 355 | 30.2 | 294 | 425 26.7
SIMMRG -0.3 | 343 | 332 | 338|411 28.4
MRG_ECM reg | 29 | 39.2 | 38.0 | 38.8 | 46.2 33.0
MRG_ALR _reg 03 | 347 | 343 | 35.2 | 424 29.4
MRG_WRF reg | -0.9 | 336 | 319 | 332|404 27.6
MRG _GFS reg | -14 | 333 | 319 | 312|388 26.8
MRG _CFS reg | -1.8 | 32.2 | 31.0 | 309 | 36.4 25.7
SIMMRG -1.1 | 32.7 | 338 | 34.2 | 37.3 27.4
MRG_ECM reg | 23 | 37.7 | 395 | 39.5 | 427 32.3
MRG_ALR reg | -0.2 | 335 | 354 | 359 |39.1 28.7
MRG_WRF reg | -15 | 32.0 | 328 | 33.9 | 37.0 26.8
MRG _GFS reg | -19 | 319 | 336 | 319353 26.2
MRG _CFS reg | -26 | 31.0 | 329 | 319 | 334 25.3
Average Improvement -0.6 | 35.6 | 34.0 | 34.0 | 423

1-Daily

2-Daily

3-Daily

Table 3.31. Percent improvement, due to merging, in CC for Large-scale Precipitation of the

individual products

Percent Improvement in CC for LSP due to Merging
Data ECM | ALR | WRF | GFS | CFS | Average
SIimMMRG -1.3 334 12.1 | 170 | 26.3 17.5
MRG_ECM_reg 0.7 36.4 148 | 19.6 | 28.9 20.1
1-Daily MRG_ALR reg -1.3 32.6 123 | 17.2 | 264 17.4
MRG_WRF_reg 0.1 35.6 140 | 189 | 28.1 19.3
MRG_GFS_reg -0.6 345 132 | 179 | 27.2 18.4
MRG_CFS_reg -1.4 335 124 | 171 | 26.0 17.5
SIMMRG -1.1 37.2 147 | 15.7 | 20.8 175
MRG_ECM_reg 0.8 40.0 170 | 18.0 | 23.2 19.8
2-Daily MRG_ALR reg -1.5 354 143 | 153 | 20.3 16.8
MRG_WRF _reg 0.1 39.0 16.1 | 17.2 | 224 19.0
MRG_GFS reg -0.4 38.4 157 | 165 | 218 18.4
MRG_CFS_reg -0.7 37.7 152 | 16.2 | 21.2 17.9
SIMMRG -1.1 41.9 171 | 156 | 188 18.5
MRG_ECM _reg 0.8 44.7 194 | 17.7 | 211 20.7
3-Daily MRG_ALR reg -1.9 38.8 16.2 | 146 | 178 17.1
MRG_WRF _reg 0.0 435 18.3 | 16.8 | 20.2 19.8
MRG_GFS reg -0.4 43.0 18.0 | 16.3 | 19.7 19.3
MRG_CFS_reg -0.6 42.6 177 | 16.1 | 193 19.0
Average Improvement -0.5 38.2 155 16.9 | 22.8
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From the results presented till now, MRG_ECM _reg might be considered as a merged
product showing the least ErrSD and the highest CC values for 1-3 daily time scales
for all the three variables (i.e., TP, CP, and LSP). Thus, Figure 3.31 shows a summary
of the comparison between the improvement in ErrSD and CC for TP, CP, and LSP
of the individual products brought by the two merges: SimpMRG and
MRG_ECM reg. The larger improvement in accuracy of the individual products
brought by MRG_ECM reg indicates the importance of choice of the reference
product while rescaling the products before merging them (Afshar et al., 2019).
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Figure 3.21. Comparison of improvement, due to two merging methods, in ErrSD for TP (a), CP (b),
and LSP (c) and CC for TP (d), CP (e), and LSP (f)
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3.3. Evaluation of Merged Research-Grade Products

After merging the research-grade products (IMERG, TMPA, ERAInt, and ERA5) by
the two merging methods (i.e., simple merging and merging after rescaling the
products), the individual and merged precipitation products were evaluated using the
ground-based observed data as truth. The accuracy assessment included categorical
performance indices and intensity-frequency analysis over daily time scale, while
evaluation metrics (including Mean, SD, ErrSD, and CC) were determined over daily
and monthly time scales. The evaluation results are presented and discussed below.

3.3.1. Daily and Monthly Evaluation Statistics

Considering the entire study area (i.e., all 755 stations), the individual ERA5 has the
highest daily CC (Figure 3.22a) among the products. However, when these daily
datasets are accumulated to a monthly time scale, IMERG shows the highest monthly
CC (Figure 3.22b) with the observed data. MRG_ERAS5 reg shows the highest daily
CC among the merged products, while taking an ensemble mean (SImpMRG) also
improves the daily CC of all the individual products by a considerable amount. For
example, although TMPA has the lowest daily CC, a simple merge of it with the other
three products improves the daily CC from 0.47 to 0.70. The advantageous thing about
merging is that it improves the daily CC of even the products (e.g., ERA5), which
have already high daily CC values. Both merging methods improve the monthly CC
of TMPA, ERAInt, and ERA5. As the Bias is more of a magnitude-dependent variable,
comparing the biases on daily (Figure 3.22c) or monthly (Figure 3.22d) time scales is
the same. So, considering monthly Bias in the individual and merged products,
SimpMRG improves the Bias of ERA5 individual product, which had high Bias
(Figure 3.22d). However, the selection of the reference product for merging after
regression-based rescaling is more important in the case of Bias. Daily (Figure 3.22¢)
and monthly (Figure 3.22f) ErrSD of the individual products are considerably
improved due to SImpMRG. IMERG, having the lowest monthly ErrSD, when used

as a reference product for rescaling, the resulting merged product MRG_IMERG reg
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shows the lowest monthly ErrSD among all the individual and merged products
(Figure 3.22f). For the sake of brevity, Figure 3.22 includes only the overall (the entire
study area) CC, Bias, and ErrSD over daily and monthly time scales, while the detailed
results on monthly scale are presented in following tables (Tables 3.33 to 3.38) over
wetness, elevation, and slope classes. Please refer to Appendix A for detailed results
over daily time scale where Appendix Tables 0.1 to 0.6 show the daily metrics for the
individual and merged products investigated in detail over wetness, elevation, and

slope classes.
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Figure 3.22. For individual and merged research-grade products, boxplots for daily (a) and monthly
(b) CC, daily (c) and monthly (d) Bias, and daily () and monthly (f) ErrSD. The bold black dots
show the mean of the particular statistics

Considering the monthly error variations over wetness classes, merging improves the
monthly ErrSD (Table 3.32) of individual products over the entire study area as well
as over all the wetness classes. The average monthly ErrSD over the four wetness

classes decrease from 22.4, 26.4, 31.8, and 48.8 mm/month for the combined
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individual products to 17.8, 23.5, 30.9, and 48.9 for the combined merged products.

For the same arrangement, daily CC improves from 0.78, 0.80, 0.81, and 0.74 for the
combined individual products to 0.81, 0.84, 0.85, and 0.79 for the combined merged

products (Table 3.33).

Table 3.32. Monthly Bias and ErrSD for individual and merged research-grade products over the

entire study area and different wetness classes

Wetness Entire | Dry | Mod-Dry | Mod-Wet | Wet

No. of Stations 755 | 279 303 123 50

GPM 84 |13.1 10.5 11 -13.0

TMPA 5.6 |12.6 8.6 -5.2 -24.6

ERAiInt 8.3 [19.9 9.6 -5.3 -30.4

ERAS 12.2 151 11.6 9.3 7.1

(m';'/'?n% ny __SimpMRG 88 [155] 10.2 0.2 |-15.2
MRG IMERG reg| 86 [13.2 10.7 1.6 -12.7
MRG_TMPA reg 54 123 8.3 -5.4 -24.9
MRG_ERAint reg | 85 |20.1 9.8 -5.0 -30.2
MRG_ERAS5 reg 124 ]15.3 11.8 9.7 7.4

GPM 243 |195| 241 27.9 42.9

TMPA 27.7 |21.8 274 334 48.4

ERAInt 295 [255 21.7 334 54.0

ErrsSD _ ERA5 276 |22.7| 26.6 32.3 49.8
(mm/mon) SimpMRG 24.0 |19.7| 23.0 27.9 44.6
MRG_IMERG reg | 234 [17.0] 229 30.0 46.5

MRG _TMPA reg | 238 |17.1 23.2 31.0 47.8
MRG_ERAint reg | 25.9 |17.8 24.8 34.6 56.8

MRG _ERAS5 reg | 244 [17.7] 23.9 31.0 |[49.0

Table 3.33. Monthly CC for individual and merged research-grade products over the entire study

area and different wetness classes

Wetness Entire | Dry | Mod-Dry | Mod-Wet | Wet

No. of Stations 755 | 279 303 123 50
GPM 0.82 |10.81| 0.84 0.84 |0.78

TMPA 0.79 |0.79] 0.79 0.78 0.72

ERAINt 0.76 |0.74 0.77 0.79 0.71

. ERA5 0.79 10.77| 0.80 0.82 ]0.73
chgel‘r’\vl'efg E)h;ta SimpMRG | 0.83 [0.81] 084 | 085 |0.79
MRG_IMERG reg| 0.83 [0.82| 0.84 0.85 [0.79
MRG_TMPA reg | 0.83 [0.82| 0.84 0.85 [0.79
MRG_ERAiIint reg | 0.82 [0.80] 0.83 0.84 ]0.78
MRG_ERA5 reg | 0.82 |0.80] 0.83 0.85 ]0.78
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Both the merging methods improve the monthly ErrSD (Table 3.34) and CC (Table
3.35) over each elevation region. For example, the average monthly ErrSD over the
five elevation classes decrease from 33.1, 23.2, 24.0, 28.6, and 35.3 mm/month for the
combined individual products to 31.2, 19.7, 20.8, 24.6, and 30.7 mm/month for the
combined merged products (Table 3.34). Moreover, for the same arrangement, the
monthly CC values improve from 0.80, 0.81, 0.79, 0.74, and 0.67 for the combined
individual products to 0.84, 0.84, 0.82, 0.78, and 0.71 for the combined merged
products (Table 3.35).

Table 3.34. Monthly Bias and ErrSD for individual and merged research-grade products over the
entire study area and different elevation classes.

Elevation (m) Entire[Elev <500Elev 500-1000Elev 1000-1500Elev 1500-2000[Elev > 2000
No. of Stations 755 237 219 209 77 13
GPM 8.4 7.6 9.3 7.8 8.9 14.3
TMPA 5.6 2.1 6.8 7.0 8.5 10.9
ERAiINt 8.3 -3.6 10.7 12.0 25.0 28.5
BIAS - ERAS5 12.2 9.5 12.0 12.3 19.5 21.8
(mm/mon) SimpMRG 8.8 3.9 9.9 10.0 16.0 19.2
MRG_IMERG reg| 8.6 8.1 95 7.8 8.9 143
MRG_TMPA reg| 5.3 1.9 6.5 6.7 8.2 10.5
MRG_ERAInt_reg| 8.5 -3.3 10.9 12.1 25.1 28.5
MRG ERA5 reg | 124 ] 9.8 12.2 12.4 19.6 218
GPM 24.3 29.8 19.8 21.3 26.0 35.5
TMPA 27.7 34.0 24.3 24.2 26.9 32.2
ERAInt 29.5 34.9 25.1 26.4 32.4 39.7
ErrsD _ ERA5 276 | 336 23.6 24.1 28.9 33.6
(mm/mon) SimpMRG 24.0 29.4 19.9 21.3 25.1 31.3
MRG_IMERG _reg| 234 29.6 18.9 20.2 24.7 30.5
MRG_TMPA reg| 23.8 30.3 195 20.4 24.4 30.1
MRG_ERAIint_reg| 25.9 35.3 20.3 21.3 24.4 30.7
MRG ERA5 reg | 244 | 316 19.9 20.7 243 30.8

Table 3.35. Monthly CC for individual and merged research-grade products over the entire study

area and different elevation classes

Elevation (m) EntirefElev <500Elev 500-1000[Elev 1000-1500[Elev 1500-2000Elev > 2000
No. of Stations 755 237 219 209 77 13
GPM 082 | 0.84 0.85 0.82 0.75 0.68
TMPA 0.79 0.79 0.80 0.79 0.75 0.70
ERAINt 0.76 0.77 0.78 0.76 0.71 0.61
CC with the _ERA5 0.79 | 0.80 0.81 0.79 0.75 0.68
Observed Data SimpMRG 083 | 0.84 0.85 0.82 0.78 0.71
MRG_IMERG reg| 0.83 0.84 0.85 0.82 0.78 0.71
MRG_TMPA reg| 0.83 0.84 0.85 0.82 0.78 0.72
MRG_ERAint reg| 0.82 | 0.83 0.83 0.81 0.77 0.69
MRG_ERAS reg | 0.82 0.83 0.83 0.81 0.77 0.70
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The similar trends of improvements in monthly ErrSD and CC over wetness and
elevation classes are observed over different slope classes as well (Table 3.36). For
example, the monthly ErrSD improves from 26.5, 26.6, 32.5, 37.0, and 31.3
mm/month to 23.6, 23.7, 30.2, 32.6, and 24.0 mm/month (over the five slope classes,
respectively) due to merging. Although the monthly ErrSD of the merged products
also increases with increasing terrain complexity, they show improvement in ErrSD
compared to the individual products over each slope class. Similarly, merging
improves the monthly CC (Table 3.37) from 0.79, 0.81, 0.78, 0.72, and 0.71 to 0.83,
0.83,0.82, 0.78, and 0.77 (over the five slope classes, respectively).

Table 3.36. Monthly Bias and ErrSD for individual and merged research-grade products over the

entire study area and different slope classes

Slope (%) EntireSlope < 5%/Slope 5-10%|Slope 10-15%|Slope 15-20%Slope > 20%
No. of Stations 755 499 170 56 19 11
GPM 8.4 9.0 8.4 15 34 23.0
TMPA 5.6 6.9 6.4 -3.7 -7.9 7.8
ERAINt 8.3 7.9 9.6 24 8.8 354
BIAS i ERAS5 12.2 9.9 12.6 14.8 29.5 68.8
(mmi/mon) SimpMRG 8.8 8.6 9.4 4.0 8.8 34.1
MRG_IMERG reg| 8.6 9.3 8.6 16 34 22.8
MRG_TMPA reg| 5.3 6.6 6.0 -4.1 -8.3 7.2
MRG_ERAInt reg| 85 8.2 9.7 25 8.9 35.2
MRG_ERAS reg | 124 10.2 12.8 14.9 29.5 68.5
GPM 24.3 234 239 20.1 334 275
TMPA 27.7 27.2 26.9 31.8 36.7 28.0
ERAINt 29.5 28.8 28.8 35.7 38.3 294
ErrsD ERA5 27.6 26.6 26.6 332 394 40.4
(mm/mon) SimpMRG 24.0 234 234 28.8 31.6 24.8
MRG_IMERG _reg| 23.4 22.6 229 29.5 323 236
MRG_TMPA reg| 23.8 23.0 23.3 29.8 33.2 24.2
MRG_ERAInt_reg| 25.9 25.2 25.2 324 335 237
MRG_ERA5 reg | 244 23.6 238 30.7 324 236

Table 3.37. Monthly CC for individual and merged research-grade products over the entire study

area and different slope classes

Slope (%) Entire[Slope < 5%Slope 5-10%Slope 10-15%iSlope 15-20%|Slope > 20%
No. of Stations 755 499 170 56 19 11
GPM 0.82 0.83 0.82 0.82 0.76 0.75
TMPA 0.79 0.79 0.79 0.77 0.70 0.70
ERAINnt 0.76 0.76 0.77 0.74 0.70 0.72
CC with the . ERA5 0.79 0.79 0.80 0.79 0.73 0.68
Observed Datal SimpMRG 0.83 0.83 0.83 0.82 0.79 0.78
MRG_IMERG reg| 0.83 0.83 0.83 0.83 0.79 0.78
MRG_TMPA reg | 0.83 0.83 0.83 0.82 0.78 0.78
MRG_ERAInt reg| 0.82 0.82 0.82 0.81 0.77 0.77
MRG_ERA5 reg | 0.82 0.82 0.82 0.81 0.77 0.76
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3.3.2. Intensity-Frequency analysis
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Figure 3.23. Daily intensity-frequency analysis of individual and merged research-grade products

Merging causes further under- and over-estimation of the observed frequency of dry
days (with precipitation < 1mm/day) and light precipitation intensity days (with
precipitation of 1-5 mm/day), respectively (Figure 3.23). However, SimpMRG
performs better than all the other merges produced after rescaling of the individual
products over all the daily intensity intervals. Merging slightly improves the ability of
individual products to match the frequency of observed days with moderate
precipitation intensities (i.e., 5-20 mm/day). In matching the observed frequency of
heavy to extreme precipitation days (i.e., 20-40 to >40 mm/day), SImpMRG slightly

edges ahead of the other merged products.

3.3.3. Categorical Performance Indices
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Merging, generally, improves the POD of individual products (Figure 3.24a). A
simple merge of the individual products shows an improvement in the POD of even
ERADS which already had the highest POD among the individual products. However,
merging further increases the FAR of the products (Figure 3.24b), although the
improvement in POD is more than the decline in FAR. SimpMRG shows an overall
better CSI than the individual and merged products (Figure 3.24c). The choice of
reference product for regression-based rescaling and merging has a substantial effect
on the performance of merge in CPI. However, a simple merge (i.e., ensemble mean)
of the forecasts results in an overall improvement regarding, especially, the CSI, which
goes in favor of the simple merging of the research-grade products.
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Figure 3.24. Daily Categorical Performance Indices for individual and merged research-grade
products. (a) POD, (b) FAR, and (c) CSI. The bold black dots represent mean values for the particular
CPI

3.3.4. Improvement in ErrSD and CC Due to Merging

The improvement added by merging in the daily ErrSD is more significant in cases of
the individual satellite-based products, whereas monthly ErrSD has more margin for
improvement in cases of the individual model-based reanalysis products (Table 3.39).
On average, merging adds more improvement in the ErrSD of individual products on
the daily time scale. On both the daily and monthly time scales, MRG_IMERG _reg
adds the greatest average improvement in ErrSD of the individual products. IMERG
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receives the least improvement, due to merging, in the monthly ErrSD (Table 3.38),

as it already has the lowest ErrSD among the individual products.

Table 3.38. Percent improvement, due to merging, in ErrSD of the individual research-grade

products

Percent Improvement in ErrSD due to Merging
Data IMERG | TMPA | ERAInt | ERA5 | Average
SIMMRG 28.0 61.7 16.1 8.7 28.6
MRG_IMERG _reg| 34.1 69.7 21.7 13.8 34.8
Daily | MRG_TMPA reg 28.1 61.7 16.2 8.8 28.7
MRG_ERAiInt reg | 30.4 65.0 18.0 10.5 31.0
MRG_ERAS5 reg 33.3 68.6 20.7 12.9 33.9
SIMMRG 1.6 17.5 26.0 16.7 15.5
MRG_IMERG_reg 7.6 23.8 34.7 24.7 22.7
Monthly | MRG_TMPA _reg 6.6 21.7 335 23.5 21.3
MRG_ERAiINt_reg 0.1 15.0 23.7 14.6 13.4
MRG_ERAS5 reg 3.5 19.2 28.4 18.5 17.4

Table 3.39. Percent improvement, due to merging, in CC of the individual research-grade products

Percent Improvement in CC due to Merging
Data IMERG | TMPA | ERAInt | ERAS5 | Average

SIMMRG 14.8 55.2 13.5 5.6 22.3
MRG_IMERG reg 154 56.1 14.2 6.3 23.0
Daily MRG_TMPA reg 94 47.1 8.6 11 16.6
MRG_ERAint reg 17.0 58.1 14.9 7.0 24.3
MRG_ERAS5 reg 17.7 59.1 15.6 7.7 25.0

SIMMRG 2.9 6.5 104 5.6 6.4
MRG_IMERG reg 2.9 6.7 10.6 5.8 6.5
Monthly | MRG_TMPA reg 2.7 6.3 10.3 5.6 6.2
MRG_ERAiIint_reg 13 4.9 8.2 3.6 4.5
MRG_ERAS5 reg 17 5.3 8.8 4.0 5.0
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Percent Improvement in Error SD and CC after Simple Merging
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Figure 3.25. The improvement, added by SimpMRG, in the daily and monthly statistics of the
individual research-grade products. (a) ErrSD and (b) CC.

MRG_ERAGS reg adds the most substantial average improvement in the daily CC of
the individual products (Table 3.39), while SImpMRG and MRG_IMERG _reg cause

the most significant improvements in the CC on the monthly time scale.

Summarizing, Figure 3.25 shows the percent improvement which SImpMRG brings,
in daily and monthly ErrSd and CC of the individual products.

3.4. Discussion

Here, nine products with variety of spatial resolutions (i.e., 0.045° to 0.75°) are
simultaneously evaluated and inter-compared for their statistical performance against
the in-situ observed precipitation data. The difference in spatial resolution is
considered as an influential driver for the accuracy of a given dataset, and
downscaling/upscaling the spatial resolutions of various datasets to a common
resolution is considered as an arguable solution. However, this study did not convert

the datasets with different resolutions to a common resolution. Rather it extracts the
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products data from the grids closest to the ground-based station locations (i.e., point-
to-grid). This results in addition of no uncertainty introduced by interpolation. The
author did upscaling IMERG (0.1°), TMPA (0.25°), ERAS5 (0.25°), and ERAINt (0.75°)
to a set of coarser resolutions (ranging between 0.15° to 1.5°), and then investigated
the impact of change in grid-scale resolution on the accuracy of the individual products
by adopting the point-to-grid evaluation technique. The conclusion was that there was
no significant change in the accuracy of the products. Therefore, for this study, the
point-to-grid evaluation methodology has been applied on the products with their

native spatial resolutions.

Simultaneous evaluation of all the products against the in-situ observed precipitation
data indicates that, among the real-time forecasts, ECM has the highest CC as well as
the smallest ErrSD, which finds its applications in real-time operational purposes like
energy production, agriculture, and flood forecasting and management. IMERG could
be referred as the most suitable product (among the research products) for non-real-
time researches and applications like drought management, as it has the highest
monthly CC and the smallest ErrSD.

This study included a simultaneous evaluation and inter-comparison of precipitation
products based on model-based forecasts against those based on model-based
reanalysis with the intention to investigate the utility of real-time accessible forecasts
vs. post-real-time accessible reanalysis. However, it did not consider cross merging
these products (i.e., no forecast has been merged with reanalysis). There are two main
reasons for not merging forecasts with reanalysis-based products: (1) The differences
in their processing algorithms and (2) The difference in accessibility which in turn
decides their specific applications. While producing a forecast, the model estimates a
wide variety of physical parameters such as precipitation, turbulent fluxes, radiation
fields, cloud properties, soil moisture, etc. The accuracy of these model-generated
estimates naturally depends on the quality of the model physics as well as that of the
analysis data that are always done by operational data assimilation system which could

be performed to provide an initial condition for a subsequent forecasting. There are
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frequent improvements or changes in the forecasting model physics as well as in the
data assimilation processes. On the other hand, reanalysis data are produced the same
way with a frozen model - so there is no change in time, the resolution is not varying
with time, and mainly the resolution is lower than the resolution of the analysis data
produced at the time when the re-analysis data are produced. Reanalysis data are
regenerated by using data assimilation models and adding more observations from

several non-real-time dataset.

As mentioned in Section 2.5.1. that the observed 1-daily TP data obtained from MGM
did not contain any information about the proportions of CP and LSP within TP for a
specific day, this study had to rely on the skills of the ECMWEF forecast model in
segregating CP and LSP proportions. Hence, the proportions of CP and LSP for the
observed data were dependent on ECM. This might have played a role in
comparatively better performance of ECM and MRG_ECM _reg regarding CP and
LSP. However, both ECM and MRG_ECM _reg showed values of ErrSD and CC for
TP competitive to even those for ERA5 and IMERG. This implies that splitting the
proportions of CP and LSP based on ECM did not have a significance influence on

the independence of the truth data (i.e., ground-based observation data).

The choice of the reference product in producing merged products after regression-
based rescaling largely affects the error variability of the merged product. For
example, among the merged forecasts, MRG_ALR reg yields the smallest bias
because ALR has the smallest Bias among all the individual forecasts. Similarly,
MRG_ECM _reg has the smallest ErrSD and the highest CC compared with the other
merged forecasts because its reference product (ECM) has the smallest ErrSD and the

highest CC among the individual forecasts.
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CHAPTER 4

SUMMARY AND CONCLUSIONS

4.1. Summary

This study evaluates and merges a total of nine precipitation products (two satellite-
based products: GPM IMERGVO05 and TMPA 3B42V7; two model-based reanalysis
products: ERA-Interim and ERA5; and five real-time forecasts: ECMWF HRES,
ALARO, WRF, GFS, and CFS) by using ground-based observed precipitation data as
a reference. Evaluation analyses were conducted over stations of the entire study area
as well as over different classes of stations based on their wetness, elevation, and
terrain slope. Evaluation procedure included determination of evaluation metrics (i.e.,
Mean, Standard Deviation (SD), Bias, Error Standard Deviation (ErrSD), and
Correlation Coefficient (CC)) over daily and monthly time scales, as well as, the
investigation of time-series variability and spatial error variability on the monthly time
scale. In addition to this, intensity-frequency analysis and analysis related to
categorical performance indices were conducted over a daily time scale. The spatial
distribution of annual precipitation was also investigated under the evaluation
analysis.

After the initial evaluation of the individual products, they were divided into two
groups (i.e., real-time forecasts and research-grade products), and the products of each
group were merged using two methods: a simple merging method and the method of
simple merging after regression-based rescaling of the products. The individual and
merged products were then evaluated, and inter-compared using the ground-based
observed precipitation data. The added utility of merging the real-time forecasts was
investigated over 1-3 daily time scales, while that of merging the research-grade

products was investigated over daily and monthly time scales.
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4.2. Conclusions
4.2.1. Conclusions from the Initial Evaluation of Individual Products

e For successor products vs. predecessor products comparison, IMERG and
ERAS show lower ErrSD, higher CC, and better CPI compared with their
predecessors (TMPA and ERAInNt, respectively). However, TMPA and ERAInt
have smaller bias values compared with those of IMERG and ERA5

e All the products, except ALR, tend to overestimate the observed precipitation
not only over dry to moderately dry classes but also over almost all the
elevation and slope classes

e Among all nine precipitation products, ALR has the smallest bias (a dry bias
of 2.6 mm/month), whereas CFS shows the most substantial wet bias (18.7
mm/month)

e Averaged over the entire study area, the climatology components of the
products have lower ErrSD (on average, 19.9 mm/month) and higher monthly
CC (on average, 0.80) as compared to their anomaly components (ErrSD: 25.1
mm/month, CC: 0.64)

o All three meteorological parameters, investigated in this study, have prominent
role in error variation of the precipitation products. Compared to elevation,
wetness has a more prominent role in the error variability of the products in
the study area

e The errors of the products increase, and their CC values decrease with the
increasing terrain complexity

e The performance of model-based products is more adversely affected by
increasing terrain complexity than that of satellite-based products

e ECM outperforms the other real-time forecasts regarding CPI, ErrSD, and CC,
thus indicating its better suitability in operational purposes.

e IMERG consistently outperforms all the other products regarding ErrSD over

varying slopes, while ECM shows the second-best ErrSD values after IMERG
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e Almost all the products have less bias display over the central parts of the study
area where most of the dry to moderately dry areas as well as flatter areas exist

4.2.2. Conclusions from Merging of the Real-Time Forecasts

e The choice of the reference product in producing merged products after
regression-based rescaling largely affects not only the error variability of the
merged product, but also its categorical performance indices

e On average, merging the individual forecasts improves their 1-3 daily ErrSD
and CC not only over the entire study area, but also over all the wetness,
elevation, and slope classes

e SimpMRG performs better than the other merged products (which are
produced by merging after rescaling) regarding the detection ability against
various precipitation intensity thresholds

e Considering total precipitation, SimpMRG, MRG_ECM reg, and
MRG_WRF _reg considerably improve the 1-daily ErrSD (on average, 23.9%,
28.5%, and 28.5%, respectively) and CC (on average, 17.1%, 17.6%, and
17.5%, respectively) of the individual forecasts

e Merging the forecasts after rescaling them in the space of ECM (i.e.,
MRG_ECM _reg) brings the highest improvement in 1-3 daily ErrSD and CC

of the individual forecasts
4.2.3. Conclusions from Merging of the Research-Grade Products

e Both the merging methods (1. Simple merging or taking the ensemble mean,
and 2. Simple merging the products after rescaling them with linear regression)
consistently improve the monthly CC and ErrSD of the research products

e Merging improves the daily CC of even the products (e.g., ERA5) which have
already high daily CC with the observed data

e On both the daily and monthly time scales, MRG_IMERG_reg adds the most
significant average improvement in ErrSD of the individual products
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e Considering CPI, SimpMRG performs better than all the other merged
products (produced after rescaling the individual products) against all the daily

intensity intervals
4.3. Recommendations

e Real-time and non-real-time datasets could be merged just to investigate their
added utility in different applications

e Hybrid merging technique could be applied by taking, at a time, two to nine
products under consideration

e Merging could be done by considering only the best performing products (e.g.,
ALR has the smallest bias, ECM has the highest CC and the smallest ErrSD
over daily time scale, IMERG has the highest CC and the smallest ErrSD over
monthly time scale)

e Real-time and seasonal forecasts for different variables could be merged to

investigate the utility of merging in the applications like crop yield assessment
4.4. Future Studies
The intended future studies include:

e Expanding the list of products to be merged

e Applying the evaluation and merging analyses over a sub region of Turkey
with dense network of ground-based gauge stations so that grid-to-grid
evaluation could be adopted

e Applying the same analyses of this study by using triple-collocated gauge

stations data as the truth data

e A dedicated and comprehensive investigation of utility of real-time forecasts

against their reanalysis data

e Applying triple-collocated error technique of merging on different

combinations like seasonality-anomaly, signal-noise, and complete time series
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APPENDICES

A. Appendix: Resulting Statistics Tables from Merging the Research-Grade

Products

Table 0.1. Bias and ErrSD for daily individual and merged research-grade products over wetness

classes
Wetness Entire | Dry | Mod-Dry | Mod-Wet | Wet
No. of Stations 755 |279 303 123 50
GPM 0.28 |0.42| 0.35 0.07 |-0.38
TMPA 0.17 |0.39 0.27 -0.16  [-0.78
ERAiInt 0.28 |0.65| 0.32 -0.14  [-0.95
BIAS i ERA5 0.41 |0.49 0.39 0.34 0.29
(mmiday) SimpMRG 0.28 |0.48]| 0.32 0.02 |-0.48
MRG_IMERG reg| 0.28 |0.42 0.35 0.07 -0.38
MRG_TMPA reg | 0.17 [0.38 0.26 -0.17  [-0.79
MRG_ERAiInt reg| 0.28 |0.65| 0.32 -0.13  [-0.95
MRG_ERAS reg | 041 [0.49 0.39 0.34 0.29
GPM 459 [3.69] 4.60 5.38 7.65
TMPA 5.69 |4.66 5.65 6.69 9.24
ERAInt 417 341 4.08 4.94 7.12
ErrsD _ ERA5 3.94 |3.13] 3.89 4.73 6.76
(mm/day) SimpMRG 3.66 |2.89| 3.58 4.39 6.60
MRG_IMERG reg| 356 [2.65] 3.50 448 [6.71
MRG_TMPA reg | 3.71 [2.78 3.62 4.69 7.02
MRG_ERAInt reg| 3.70 |2.66| 3.62 4.80 7.32
MRG_ERAS reg | 3.58 [2.66 3.55 451 6.71

Table 0.2. CC for daily individual and merged research-grade products over wetness classes

Wetness Entire | Dry [ Mod-Dry | Mod-Wet | Wet

No. of Stations 755 |279| 303 123 50

GPM 0.62 [059| 0.64 0.66 |0.57

TMPA 0.47 |0.44| 049 0.49 0.40

ERAINt 0.62 [0.58| 0.62 0.66 [0.64

CC with the ERA5 0.66 |0.63| 0.67 0.72 |0.68

SimpMRG 0.70 10.67] 0.71 0.74 10.68
MRG_IMERG reg| 0.70 |0.67| 0.71 0.74 10.68
MRG_TMPA _reg | 0.67 |0.64| 0.69 071 0.63
MRG_ERAInt_reg | 0.71 |0.68] 0.72 076 0.71
MRG_ERA5 reg | 0.71 |0.68] 0.72 0.76 0.71

Observed Data
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Table 0.3. Bias and ErrSD for daily individual and merged research-grade products over elevation

classes

Elevation (m) Entire|Elev <500|Elev 500-1000|Elev 1000-1500|Elev 1500-2000|Elev > 2000
No. of Stations 755 237 219 209 77 13
GPM 0.28 0.26 0.32 0.25 0.30 0.45
TMPA 0.17 0.05 0.22 0.22 0.27 0.33
ERAInt 0.28 -0.11 0.37 0.40 0.83 0.92
BIAS _ ERA5 0.41 0.32 0.41 0.41 0.65 0.70
(mm/day) SimpMRG 0.28 0.11 0.32 0.31 0.52 0.60
MRG_IMERG reg| 0.28 0.26 0.31 0.25 0.29 0.45
MRG_TMPA reg | 0.17 0.05 0.21 0.21 0.26 0.31
MRG_ERAInt reg| 0.28 -0.11 0.37 0.40 0.83 0.92
MRG_ERAS5 reg | 041 0.32 0.41 0.41 0.65 0.70
GPM 4.59 5.88 3.96 3.93 4.21 4.67
TMPA 5.69 7.11 5.03 4.95 5.29 5.58
ERAInt 4.17 5.36 3.57 3.52 3.96 4.34
ErrSD . ERA5 3.94 5.16 3.36 3.29 3.60 3.84
(mm/day) SimpMRG 3.66 4.80 3.07 3.07 3.37 371
MRG_IMERG reg| 3.56 4.75 2.94 2.98 3.23 3.47
MRG_TMPA reg | 3.71 4.93 3.08 3.11 3.36 3.59
MRG_ERAInt_reg| 3.70 5.15 3.01 3.01 3.16 342
MRG_ERAS5 reg | 3.58 4.85 2.97 2.96 3.14 3.40

Table 0.4. CC for daily individual and merged research-grade products over elevation classes

Elevation (m) Entire|Elev <500]Elev 500-1000]Elev 1000-1500]Elev 1500-2000[Elev > 2000
No. of Stations 755 237 219 209 77 13
GPM 0.62 | 0.66 0.64 0.59 0.52 0.45
TMPA 0.47 | 051 0.49 0.43 0.38 0.34
ERAINt 0.62 | 0.63 0.63 0.61 0.57 0.49
. ERAS 0.66 | 0.68 0.68 0.65 0.61 0.55
O%(S:e‘;‘\’/';z g‘aeta SimpMRG | 070 |_0.72 0.72 0.68 0.63 0.56
MRG_IMERG reg| 0.70 | 0.72 0.72 0.69 0.63 0.56
MRG_TMPA reg | 0.67 | 0.70 0.69 0.65 0.59 0.53
MRG _ERAINt reg| 0.71 | _0.73 0.72 0.69 0.65 0.58
MRG_ERAS reg | 071 | 073 0.73 0.70 0.65 0.58
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Table 0.5. Bias and ErrSD for daily individual and merged research-grade products over slope

classes

Slope (%) Entire|Slope < 5%|Slope 5-10%|Slope 10-15%|Slope 15-20% [Slope > 20%
No. of Stations 755 499 170 56 19 11
GPM 0.28 0.30 0.29 0.08 0.11 0.72
TMPA 0.17 0.21 0.20 -0.11 -0.28 0.21
ERAiInt 0.28 0.27 0.33 0.11 0.29 1.13
BIAS ' ERA5 0.41 0.33 0.43 0.52 0.97 2.23
(mm/day) SimpMRG 0.28 0.27 0.30 0.14 0.26 1.06
MRG_IMERG _reg| 0.28 0.30 0.28 0.08 0.10 0.71
MRG_TMPA reg | 0.17 0.21 0.19 -0.12 -0.30 0.19
MRG_ERAInt _reg| 0.28 0.27 0.33 0.11 0.28 1.12
MRG_ERAS5 reg | 041 0.33 0.43 0.52 0.96 2.22
GPM 4.59 4.50 4.49 5.21 5.74 4.94
TMPA 5.69 5.58 5.61 6.38 7.06 6.11
ERAInt 4.17 4.13 4.03 4.73 4.80 4.05
ErrsD i ERA5 3.94 3.88 3.77 4.55 4.70 4.65
(mm/day) SimpMRG 3.66 3.61 351 4.24 4.47 3.69
MRG_IMERG reg| 3.56 3.49 343 4.20 4.48 3.55
MRG_TMPA reg | 3.71 3.63 3.58 4.38 475 3.82
MRG_ERAInt _reg| 3.70 3.66 3.55 4.34 4.42 3.38
MRG_ERAS5 reg | 3.58 3.55 3.45 4.18 4.26 3.32

Table 0.6. CC for daily individual and merged research-grade products over slope classes

Slope (%) Entire[Slope < 5% |Slope 5-10% |Slope 10-15%|Slope 15-20%|Slope > 20%
No. of Stations 755 499 170 56 19 11
GPM 0.62 0.63 0.62 0.59 0.52 0.49
TMPA 0.47 0.48 0.46 0.43 0.36 0.30
ERAINt 0.62 0.61 0.63 0.62 0.64 0.62
CC with the _ ERA5 0.66 0.66 0.68 0.67 0.69 0.63
Observed Data SimpMRG 0.70 0.70 0.71 0.69 0.68 0.65
MRG_IMERG reg| 0.70 0.70 0.71 0.69 0.67 0.63
MRG_TMPA reg | 0.67 0.67 0.67 0.65 0.60 0.55
MRG_ERAint_reg| 0.71 0.70 0.72 0.70 0.71 0.68
MRG_ERAS5 reg | 0.71 0.71 0.72 0.71 0.71 0.68

109




110



CURRICULUM VITAE

PERSONAL INFORMATION

Surname, Name : Amjad, Muhammad
Nationality : Pakistani
Date and Place of Birth : 1 June 1987, Multan, Pakistan
Phone : +905070945649, +923126307917
E-mail : amjadigm@gmail.com
EDUCATION
Degree Institution Year of Graduation

B.Sc. Agricultural Engineering BZU, Multan, Pakistan 2010

M.Sc. Water Resources Mgt. UET, Lahore, Pakistan 2013

PhD in Civil Engineering METU, Ankara, Turkey 2020

FOREIGN LANGUAGES
English
PUBLICATIONS

Peer Reviewed Publication:

1. Meric Yilmaz, M. Tugrul Yilmaz, Muhammad Amjad, Burak Bulut (2017). Uydu
Kaynakli Yagmur Verilerinin Hata Oranlarinin Deniz Kiyilarma Olan Uzakligina
Bagh Analizi. Teknik Dergi, 484, 7993-8005, (in Turkish),
https://doi.org/10.18400/tekderg.306970.

Peer Reviewed Conference Papers:

1. M.H. Afshar, M. Amjad, B. Bulut, E. Duzenli, K.P. Yousefi, M.T. Yilmaz (2019).
Validation of TMPA and ECMWEF Precipitation Estimates Using Gauge Based
Observations over West Azarbayjan province of Iran. The 1st International and 4th
National Congress on Iranian Irrigation and Drainage, Urmia, Iran.

111


https://doi.org/10.18400/tekderg.306970

2. M. Amjad, E. Diizenli, M.H. Afsar, B. Bulut, A.U.G. Senocak, K.K. Yilmaz, M.T.
Yilmaz, 1. Yiicel (2019). TMPA VE ECMWF yagis verilerinin yer gdzlem verileriyle
dogrulanmasi. 10. Ulusal Hidroloji Kongresi.

3. M. Tugrul Yilmaz, Muhammad Amjad, ismail Yiicel, Burak Bulut (2017). TRMM
VE GPM UZAKTAN ALGILAMA VE ECMWF NUMERIK MODEL KAYNAKLI
YAGIS VERILERININ DOGRULANMASI. UZALMET I1l. Meteorolojik Uzaktan
Algilama Sempozyumu (16-19 Ekim 2017, Antalya).

4. M. T. Yilmaz, M. Amjad, M. Selamoglu (2015). Tropical Rainfall Measuring
Mission Uydu Kaynakli Yagmur Verilerinin Yer Gozlemleri ile Karsilastirilmasi. I1.
Meteorolojik Uzaktan Algilama Sempozyumu, Antalya, 3-5 Kasim 2015.

Conference Presentations:

1. Muhammad Amjad, B. Bulut, E. Duzenli, A.U.G. Senocak, M.T. Yilmaz, 1. Yiicel,
K.P. Yousefi, M.H. Afshar, K.K. Yilmaz (2020). Intercomparison Of the Accuracy
Statistics of ERA5 and ERA-Interim Reanalysis Precipitation Products Over Turkey.
14th International Conference on Hydroscience and Engineering.

2. Muhammad Amjad, M. Tugrul Yilmaz, Ismail Yucel, and Koray K. Yilmaz (2019).
The Evaluation of Remotely Sensed and Model-Based Soil Moisture Products
According to Different Soil Type, Vegetation Cover and Climate Regime Using
Station-Based Observations over Turkey. HS6.4 EGU2019-15438. EGU General
Assembly 2019.

3. Muhammad Amjad et al. (2019). Uncertainty Assessment of Satellite- and Model-
based Precipitation Products over Complex Terrain of Turkey. AS1.32 EGU2019-
12786. EGU General Assembly 2019.

4. Muhammad Amjad, M. Tugrul Yilmaz, Ismail Yucel, and Koray K. Yilmaz (2018).
Inter-comparison and Accuracy Assessment of Satellite and Model Precipitation
Products. Geophysical Research Abstracts, Vol. 20, EGU2017-6834, EGU General
Assembly 2018.

5. Muhammad Amjad and M. Tugrul Yilmaz (2017). Evaluation of Satellite and
Model Precipitation Products Over Turkey. H51J-1403. American Geophysical Union
Fall Meeting, 2017.

6. Muhammad Amjad and M. Tugrul Yilmaz (2016). Inter-comparison and accuracy
assessment of TRMM 3B42 products over Turkey. Geophysical Research Abstracts,
Vol. 18, EGU2016, 2016, EGU General Assembly 2016.

7. M. Amjad; M.T. Yilmaz (2015). Accuracy assessment of TRMM 3B42 V6 and V7
products using station data over various topographical regions in Turkey. American
Geophysical Union Fall Meeting, 2015.

8. Muhammad Amjad and M. Tugrul Yilmaz (2015). Accuracy assessment of TRMM
3B42 V6 and V7 products over regions with varying hydro-climatology and

112



topography using station data over Turkey. Geophysical Research Abstracts (17),
EGU2015-9860, EGU General Assembly 2015.

HOBBIES

Research analysis through coding, Internet surfing, Sports, Singing, Poetry, Cooking

113



