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MepiAnyn

Ta xwpoxpovikd uotifa Bpoxomwong otnv EAAGda emnpedlovial amd OldPopoug
TaPAyovTEG, CUUTIEPIAAUBAVOUEVNG TNG OLUVOETNG TOTIOYPAQIOG KAl TwV TIOAUTIOIKIAWY
KALUOTIKWY ouotnuatwy. Ta Bpoxduetpa, av Kal amoteAouv tn Bdon yw tnv adldtmiotn
TIOOOTIKOTIOINON TNG BpoxoTtwaong, TTapouctalouy eAALTIEIS KaTaypagEg, sival OTIoPAdIKA
KaL ouxvd ouvinpoUlVIaL TIANUUEAWG. 2€ AUTEG TIG TIEPLTTTWOELS, TA TIAEYHUATIKA Oedouéva
MTIOPOUV va aTIOTEAECOUV PO AUOT), TIOPEXOVTAG XWPELKA KOl XPOVIKA cuvexr dedopéva
Bpoxomwaong. Ta dedopéva autd, wotdoo, TIAPOLTLAlouV TIEPLOPLOPOUSG GO0V apopd TN
PEAALOTIKA ATIOTOTIWGN TNG BPOXOTITWONG, OL OTIol0L OPEIAOVTAL KUPIWG OTIG EYYEVEIC ATEAELES
TWV UTIOKEINEVWY PEBOBWYV TIOU XPNOLUOTIOIOUY. 2TV TIapoloa epyacia yivetat afloAdynon
yla EVVEQ ATIO TO TILO XWPOXPOVIKA AETITOUEPN) MOVTEAQ, KOl OLYKEKPIUEVA Twv ERA5-Land
(ERA5L), AQERA5, CHELSA-WS5ES5 v1.1 (CHELSA), MSWEP V2.8, CHIRPSO05, IMERG V06,
PERSIANN-CCS-CDR (PCCSCDR) kat E-OBS, o¢ avtimapafoAr ye apatnproclg mediou
Tou Afednkav amd 304 BPoXOHETPIKOUG oTaBuols oe OAn tnv EAAGDa. H adloAdynon
TIPAYHOTOTIOLEITAL O€ NUEPAROLA KAl PNviaia KAipaka, ya pua tepiodo 32 stwv (1984 - 2016),
afloAoywvtag tnv arddoon Twv TIAEYHOTIKWY OeO0UEVWY, €EETATOVTAC TN CUVETIELD TOUG
TO00 o€ €TUMEDO XWPAG OCO KAl KATA TIEPLOXIKEG CLOTADEG TIAPOMUOLWY XAPAKTNELOTIKWY. H
(KOVOTNTA TWV TIAEYMOTIKWY OEQONEVWY VA ATIOTUTIWVOUV OWOTA TIG AKPAIEG TIMEG KAl T
potiBa Bpoxdémwong e§etaletal Ye OTATIOTIKOUG OEIKTEG, VW TIEPALTEPW CUUTIEPACHATA
efAyovial Pe OTATIOTIKI) avAAUON TUTIOTIOINPEVWY KAMOTIKWY OELKTWY Kol OLOXPOVIKWY
tdocwv. Ta poviéha CHELSA, CERRAL kat AGERAS mtapdyouv cuoTNUATIKA CUVETIEGTEQO
ATIOTEAECOHATA Y1 OAOUG TOUG OEiKTES EvavTl AAAwY, OTwg yia Ttapadetyua to PCCSCDR, 10
oTt0i0 TtIaPOoUCLAleL LTTODEEDTEPES ETLOOOELS KAL OTIG OUO XPOVIKEG KAIMOKES. H OTOTIOTIKN
avaAuon attoKaAUTITeL SlakpLtd PoTiRa evIOVOTEPWY BPOXOTITWOEWY OTIS BOPELES KAl OUTIKEG
TIEPLOXEG TNG XWPAG, UE EVIOVN ETIOXIAKA OlaKUUAVON ota dUTIKA Kal votla. MNpoodlopiletal
emiong pla ubavn péon avénon dvw twv 110 mm otn yéon etrola Bpoxomtwon kKat 30 mm
otnv akpaia Bpoxomtwaon, ava dekaetia, Katd tnv TePiodo afloAdynong. ZUVOAKd, Ta
TAeypaTikG Sedopéva aduvatolv va armodWwoouV HE OKPIBEL TIS aKpaAieS BPOXOTITWOELG,
aAAG to CHELSA kat 1o CERRAL &exwpifouv wg Tio aglotioTteg ETIAOYEG YLa TNV TIEPLYPAPH)
NG OUVAULKAG TwV Bpoxomtwoewyv otnv EANGSa.




Abstract

The spatiotemporal precipitation patterns in Greece are accentuated by several factors,
including the complex topography and the multifaceted climatic regimes of the country. Rain
gauges, albeit a reliable tool for the accurate quantification of rainfall, are scarce, sporadic,
and not properly maintained. In these instances, gridded datasets may provide a solution by
administering spatially and temporally continuous precipitation data. The products,
however, reveal limitations in the realistic simulation of precipitation, primarily caused by the
intrinsic flaws of the underlying methods used. The assessment of nine of the most spatially
and temporally detailed precipitation datasets, namely ERA5-Land (ERA5L), AgERAS5,
CHELSA-W5E5 v1.1 (CHELSA), MSWEP V2.8, CHIRPS05, IMERG V06, PERSIANN-CCS-
CDR (PCCSCDR), and E-OBS, compared against field observations acquired from 304
gauging stations across Greece has not been previously attempted. The evaluation is
conducted on a daily and a monthly timescale, over a 32-year period (1984 — 2016),
assessing the performance of the gridded products by considering both the country as a
whole and its individual regions. The ability of the datasets to correctly portray the
occurrence of extreme events and precipitation patterns is examined by statistical metrics
and further insights are provided by the application and statistical analysis of climate indices
on ground observations. CHELSA, CERRAL and AgERAS5 consistently yield acceptable
results across statistical metrics, outperforming others like PCCSCDR, which exhibits
inferior performance in both temporal scales. The statistical analysis reveals distinct patterns
of heavier precipitation in northern and western regions, with strong seasonal variability in
the West and South and a possible average decennial increase of over 110 mm in mean
annual rainfall and 30 mm in extreme rainfall, over the assessment period. Overall, the
datasets fail to accurately depict extreme precipitation, but CHELSA and CERRAL stand out
as more reliable options for describing the precipitation dynamics in Greece.
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1. Introduction

1.1 Field of Research

Precipitation plays a pivotal role in the hydrological cycle and atmospheric regulation, so
accurate measurement is significant for a multitude of applications, such as water resources
management, risk assessment and mitigation in extreme weather conditions (i.e. floods,
droughts), and climate research. Achieving a precise description of rainfall can be
challenging across different time scales, since it is a highly unpredictable physical
phenomenon that lacks consistent spatial distribution and as the time intervals of
measurement or analysis decrease, the complexity of describing it becomes more
pronounced.

In hydrological modelling, the accurate measurement and understanding of precipitation
patterns is essential in simulating the movement and availability of water resources within a
region. The simulated behaviour of rivers, lakes, and groundwater systems improve upon
decisions related to water management, such as reservoir operations and drought mitigation
strategies. Agriculture also relies heavily on precipitation data for crop planning and
irrigation regimes, as it directly influences soil moisture levels and plant growth. Timely and
accurate precipitation data help farmers adapt to weather variations and make informed
decisions that contribute to food security. In flood prediction, a comprehensive
understanding of precipitation patterns is fundamental for anticipating and responding to
potential flood events, allowing for early warnings and effective disaster planning.

In the last few decades, there has been an upsurge in the development and use of gridded
datasets, bringing new prospects in precipitation monitoring. The datasets are products of
reanalysis, satellite observations, spatial interpolation of point-scale observations, data from
ground-based meteorological radars, or a combination of them. Information derived from
such products is extremely valuable, considering it benefits the study of the spatio-temporal
continuity of the rainfall distribution and supports hydrological applications, especially where
gauge observations are scarce. Nevertheless, there are limitations in the realistic simulation
of precipitation, primarily caused by the intrinsic flaws of the underlying method of the
dataset. Therefore, validating the consistency of the datasets using rain-gauge observations
is essential.

The assessment of nine of the most spatially and temporally detailed precipitation datasets,
compared against field observations deriving from approximately 300 gauging stations
across Greece, has not been previously attempted. The main objective of this study is to
identify the most reliable product for Greece, considering both the country as a whole and
its individual regions, which would prove invaluable for hydrological studies of local water
catchments and limited drainage basins. The assessment is carried out on a daily and a
monthly timescale, covering a wide range of hydrological processes, like the occurrence of
extreme events and precipitation pattern analysis.



1.2 Thesis Structure

The present thesis comprises the following chapters,

e Chapter 2:
Introduction to the study area and a basic theoretical background regarding the means
of acquiring precipitation measurements and the limitations that arise with each method.
This chapter also offers an overview of relevant studies conducted on Greece and the
shortcomings in research the present study aims to abridge.

e Chapter 3:
Presentation of the chosen gridded precipitation datasets and ground observations and
the processes followed to ensure the quality of the data for the assessment. We describe
the range and scope of the analysis, in addition to the statistical indicators and indices
used for the evaluation.

e Chapter 4:
This chapter contains the results of the analysis of the datasets, accompanied by
corresponding figures and tables, which further describe and highlight the findings.

e Chapter 5:

A summary of the results and outcomes of the study, and recommendations for future
research.
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2. Background

2.1 Study Area

Greece is located in the south-eastern part of the European Continent, between the latitudes
35°N — 42°N and longitudes 19°E — 28°E, occupying a total area of 131,957 km?, 80% of
which is considered mountainous. It has an intricate coastline of 13,676 km and two major
mountain ranges, the Pindus and Rhodope Mountain Ranges, that extend across the largest
portion of northern and western continental Greece. Therefore, a diverse climate can be
observed with varying patterns of rainfall distribution (Figure 4.1), both temporally and
spatially, as is identified in mountainous and coastal regions (Ballantyne, 1983; Barros &
Lettenmaier, 1994; Basist et al, 1994; Marra et al., 2021). The climate of the country is
characterised by mild and wet winters over the central and southern part, as well as cold
winters accompanied by heavy snowfall mainly in the mountainous areas of northern and
central Greece. During summer, precipitation is sparse across the entire country. According
to the updated Kdppen-Geiger climate classification system, Greece falls primarily under
the Mediterranean climate type, but other types can be observed to a minimal extent (Beck
et al., 2020). Greece is divided into fourteen water districts (Figure 4.2), of areas that share
similar morphological characteristics, available water resources, and water demands
(Baltas, 2008).

2.2 Precipitation Measurement

2.2.1 Gauge-based observations

Ground-based precipitation measurements are collected using a variety of instruments,
including rain gauges, snow gauges and disdrometers. Rain gauges record point-specific
rainfall accumulation and are divided into non-automatic and automatic. Non-automatic
types, like the Helmann rain gauge, rely on human observation by collecting the rainwater
in a funnel. The funnel then, directs the accumulated rain in a measuring container with
calibrated markings (in inches or millimetres), which the observer must physically read and
record at regular time intervals (hourly or daily). Automatic rain gauges (e.g. the Tipping
Bucket Rain Gauge, Weighing Precipitation Gauge, Doppler Radar) are devices equipped
with sensors and data recording systems designed to automatically and consistently
measure and document rainfall. These devices offer precise detailed information on the
timing and intensity of precipitation events, as well as remote sensing of inaccessible
locations. Data from automatic rain gauges are digitally recorded, eliminating the need for
manual measurements, therefore reducing the risk of human errors associated with manual
data collection. Non-automatic rain gauges are less suited for real-time or continuous
monitoring, compared to automatic rain gauges which can provide more frequent and
immediate information.

Consequentially, there are certain disadvantages that stem solely from the placement of rain
gauges, related to location and altitude. Since precipitation magnitude is closely linked to
elevation, the orographic characteristics of a given region can produce measured
precipitation that varies eminently between two points of different heights (Briggs & Cogley,
1996). This is considered an effect of the orographic lift, which occurs when elevated terrain
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causes humid air masses to ascend and quickly become colder. The ascending air
eventually reaches its dew point temperature, becoming more saturated and the water
vapor within it more condensed forming water droplets. Influenced by factors such as wind,
humidity, and temperature, the water droplets can coalesce and produce various types of
clouds. A process which often results in precipitation, as the condensed moisture falls to
the ground. The loss of a significant amount of moisture leads to less cloud formations and
reduced precipitation on the leeward side, thus creating a rain shadow or a drier area.

Dispersed gauge networks do not incorporate enough stations, especially at high altitudes,
to correctly describe the variations in precipitation over regions with complex topography.
The interpolation of data for unknown points is necessary in these cases but can lead to a
misrepresentation of the actual occurring rainfall amount (Tapiador et al., 2012).

2.2.2 Satellite-based observations

Satellite-based observations are a critical component of meteorological and hydrological
monitoring systems. These observations involve the use of low-orbiting satellites, equipped
with advanced sensors to remotely detect, and quantify precipitation patterns over vast
geographic areas (Levizzani et al., 2007). By continuously scanning the surface of the Earth,
the satellites produce homogeneous information about the distribution, intensity, and
movement of precipitation.

One of the main advantages of satellite-based precipitation observations is the global
coverage, which allows for the monitoring of rainfall in remote and inaccessible regions
where ground-based data may be scarce or non-existent. Satellite sensors use a variety of
techniques, including passive microwave sensors, which detect microwave radiation
emitted or scattered by precipitation particles, and radar sensors, which use active beams
of electromagnetic waves to measure the intensity of precipitation (Levizzani et al., 2020)
These sensors provide data at different spatial and temporal resolutions, making the analysis
of precipitation events possible on a variety of scales, from large weather systems to local
storms.

The first satellite, created exclusively for the research of precipitation over the tropics, was
the Tropical Rainfall Measuring Mission (TRMM) by the National Aeronautics and Space
Administration (NASA), launched in 1997. The TRMM used multiple satellite and radar
sources as input to measure the microwave energy emitted by the Earth and assess the
presence of water and the intensity of rainfall in the atmosphere (Huffman et al., 2007).
Several datasets were later introduced that utilise satellite imaging to effectively estimate
precipitation rates and adequately capture the spatial and temporal fluctuations in
precipitation in great detail, across most regions of the world (Mahmoud et al., 2018).

Present satellite sensors use integrated methods involving microwave and infrared radiation
to detect variations in the temperature of the cloud tops, based on the understanding that
colder temperatures are indicative of larger vertical cloud expansion, thereby signifying a
higher probability of precipitation (Levizzani et al., 2007). But considering the intricate layers
of cloud formations, this method might not identify the precipitating cloud or correctly
calculate the amount of rainfall, as the temperature of the cloud tops and precipitation
intensity are not clearly corelated. To address this, datasets introduce cloud classification
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systems which categorise clouds by type and distinguish their unique features determined
by their infrared brightness temperature (So & Shin, 2018). An example being the
Precipitation Estimation from Remote Sensed Information using Artificial Neural Networks
(PERSIANN) Cloud Classification System (CCS) (Hong et al., 2004), which uses infrared
sensors to detect rain occurrences. Nevertheless, infrared satellites can mistake high
temperature clouds as non-precipitating instances and disregard rain above a certain
temperature threshold. Additionally, the cloud classification system incorporated in this
product, requires manual characterisation of cloud types, which reduces the variations of
precipitating clouds to their most evident features (Sadeghi et al., 2021). Cases such as
these, highlight the inherent challenges and limitations of rainfall estimation across varying
elevations and point out the need for improved methodologies that focus on data integration
to enhance accuracy in complex terrains.

Satellite products evaluated in this study include the Precipitation Estimation from Remotely
Sensed Information using Artificial Neural Networks-Cloud Classification System-Climate
Data Record (PERSIANN-CCS-CDR) and the Integrated Multi-satellitE Retrievals for GPM
(IMERG) datasets. The products provide 3-hourly and half-hourly precipitation estimations,
at 0.04° and 0.2° horizontal resolutions, respectively, with more than 20 years of global data
available.

2.2.3 Reanalysis datasets

Reanalysis datasets are generated by assimilating various observational data sources, such
as satellite observations, ground-based measurements, and model simulations into a unified
numerical framework (Donat et al., 2014). The aim is to produce a temporally and spatially
continuous distribution of precipitation by interpolating and extrapolating information from
areas where direct measurements are unavailable.

The spatial continuity of the datasets is achieved by estimating the unknown values between
the known data points, using common interpolation methods like the nearest neighbour
remapping, inverse distance weighting, bi-linear interpolation, and geostatistical methods
(e.g., the kriging interpolation). Although some methods are better suited for specific
applications, no explicit method is known to overall accommodate every aspect of
reanalysis. For instance, bi-linear interpolation tends to produce smoother estimates over
large areas but underestimates the total maximum rainfall and overestimates the total
minimum, whilst nearest neighbour does not affect the total maxima of rainfall but can be
positively biased due to the spreading of precipitation (Accadia et al., 2003). Kriging
interpolation is prone to less errors (S. Vicente-Serrano et al., 2003), as it is a stochastic
method that incorporates non-biased weights into the estimations and considers both the
variability and spatial correlation present in the data (Tabios & Salas, 1985), but can be a
complex and computationally heavy process.

The choice of assimilation techniques and model parameterisation can introduce biases and
errors, particularly in earlier periods with sparse data coverage. So, the accuracy of the
datasets depends greatly on the quality and coverage of past observations, as well as the
processing of the models used (Bengtsson et al., 2004). Nonetheless, their ability to provide
a coherent and homogeneous time series of precipitation estimates, even in regions with
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sparse or irregular gauge networks, makes them valuable for studying large-scale climate
phenomena and for assessing changes in precipitation patterns over decades.

Commonly used reanalysis precipitation datasets include products like CHIRPS (Climate
Hazards Group InfraRed Precipitation with Station data) (Funk et al., 2015), ERA5 (Fifth
Generation of the European Centre for Medium-Range Weather Forecasts Reanalysis)
(Hersbach et al., 2020), and MSWEP (Multi-Source Weighted-Ensemble Precipitation) (Beck
et al., 2019). Each dataset has its own strengths and limitations, and the choice depends on
the specific requirements of the research or application. The field of atmospheric reanalysis
is continuously evolving, with advancements in computational capabilities, improvements in
observational technologies, and refinement in modelling techniques. Future directions
include enhancing the resolution, extending reanalysis to include more components of the
Earth’s system, like ocean and land processes, and improving the representation of
uncertainties.

2.3 Relevant research, gaps, and study aim

Preceding studies of similar interest, conducted on Greece, are mainly directed towards the
spatial and temporal variability of rainfall, or focus on the analysis of the varying trends of
precipitation, largely combined with the inspection of other climatic factors. A few of them
evaluate gridded precipitation datasets, insomuch as the availability of the data permits, but
are confined by the limited extend of the time series used and the number of gridded
datasets under evaluation. A common conclusion of these studies is the acknowledgment
of precipitation as a highly variable physical phenomenon, recognising that complex
topography, such as mountainous terrain, hinders its description to a sufficient degree. The
usefulness of reliable gridded datasets is emphasised in those instances, where in situ data
are unattainable or non-existent.

A range of studies have evaluated gridded precipitation over Greece, with varying results.
Nastos et al. (2016) found that the TRMM 3B43 product generally underestimates high
precipitation in high altitude areas, while Mavromatis & Voulanas (2021) identified E-OBS
and Agri4Cast as the most reliable products, with E-OBS performing better in capturing
variability and extreme precipitation. Feidas (2010) in contrast, highlighted the excellent
performance of the TRMM 3B43 product, particularly at different spatial scales. Kazamias et
al. (2022) further investigated the performance of GPM-IMERG rainfall estimates over a 5-
year period and found that IMERG faces limitations in capturing orographic precipitation
over western Greece and underestimates rainfall in islands and coastal areas. In a recent
study, Alexandridis et al. (2023) evaluated the ERA5 and ERA5-Land datasets and
concluded that ERAS-Land describes rainfall seasonality more accurately than ERAS, but
both datasets underestimate precipitation during spring and summer.

However, these studies rely either on the use of a limited number of gauging stations and
have examined a limited array of datasets or span over short periods of time. The present
study evaluates nine datasets against 304 stations, considering both daily and monthly
temporal scales. Some of these datasets are relatively new products, but are equipped with
promising features, like the highest spatial resolution to date and a substantially long
temporal coverage. Our analysis incorporates metrics for mean, seasonal, and extreme
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precipitation, along with their respective trends, spanning from 1984 to 2016 and identifies
the best performing datasets, inclusive of specific factors such as the update frequency and
suitability for various types of applications.

Over the past several decades, there has been a significant increase in both the
development and use of gridded precipitation datasets, offering new opportunities for the
extensive monitoring of precipitation. These datasets are products of integrated reanalysis,
satellite observations, terrestrial data, or a combination. In regions like Greece, where
traditional gauge-based observations may be sparse or unevenly distributed, gridded
datasets prove a solution by providing spatially continuous precipitation information, crucial
for hydrological and climatic studies (Olmo & Bettolli, 2021; Najmi et al., 2023). Despite their
utility, gridded datasets are not without limitations. Technical demands, intrinsic to the
design of each dataset, can lead to inaccuracies in precipitation simulation, amplified in
cases of elaborate climatic conditions, such as those of the Eastern Mediterranean.
Validating these datasets against ground-based observations is therefore essential to
ensure their reliability for regional applications (Bouizrou et al., 2023; Viviroli et al., 2011).

The present study aims to rigorously evaluate nine gridded precipitation datasets: ERA5-
Land, AQERA5, CERRA-Land, CHELSA-W5E5 v1.1, MSWEP V2.8, CHIRPSO05, IMERG V06,
PERSIANN-CCS-CDR, and E-OBS, against field observations from around 300 gauging
stations across Greece. This effort is unprecedented in its scope and depth for the study
area, focusing on identifying the most reliable dataset for various Greek regions, therefore
addressing a critical gap in regional hydrometeorological research. The extensive range of
the study, which includes analysis on both daily and monthly timescales, facilitates an in-
depth examination of hydrological processes, including the analysis of extreme events, as
well as seasonal and spatial precipitation patterns. The methodology involves a comparative
evaluation of these datasets against ground-truth, assessing their performance across
different hydrological districts within Greece. This approach is pertinent given the complex
climate dynamics of the Mediterranean, which distinctly challenge precipitation modelling
and remote sensing. The outcomes of the study are expected to guide dataset developers
in refining their methodologies and offer invaluable insights to practitioners selecting
appropriate precipitation datasets for hydrological and agricultural applications in the
Mediterranean region.
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3. Data and Methods

3.1 In Situ Observations

3.1.1 Data selection

Rainfall data were collected from 307 gauging stations, 264 managed by the Hellenic
Ministry of Environment and Energy (YPEN) and 43 by the Hellenic National Meteorological
Service (HNMS). The data comprises rainfall values at a daily timestep which spans several
decades, predominantly starting from 1945 and ending in 2020. The stations are distributed
across the entirety of Greece, with the majority being in the water division of the West
Central Greece and the Peloponnese peninsula, at various altitudes (Figure 3.1).

Altitude
0-100
100 - 300
300 - 600
600 - 900
900- 1150

@0 00O

Figure 3.1. Location and elevation of rainfall stations and fourteen water districts of Greece.

16




3.1.2 Data processing

An in-depth evaluation of rainfall time series was conducted to identify and address potential
errors related to precipitation frequency and abnormal values. The datasets obtained both
from YPEN and HNMS, were based on raw daily data and had not been subjected to any
process prior to this study, so a basic quality control has been implemented as an essential
step in ensuring the integrity and usefulness of the precipitation data in our analysis.

Specifically, for values greater than 300 mm nearby stations were examined, and contingent
upon inconsistency, values were excluded. Similarly, for values between the range of 200
mm and 300 mm, a thorough examination of neighbouring observations was performed to
verify their validity, and in the case of spurious values the data were removed.

The gauging stations were operational for an average period of 57.9 years, with the longest
duration being 77.3 years for station YPEN150, and the shortest duration being 9.5 years
for station 200331. The period of available records, after excluding missing values, ranged
from a minimum of 8.4 years (for station 200331) to a maximum of 73.1 years (for station
YPEN150), with an average period of 55.1 years. To assess the applicability of the stations,
we calculated a fill rate based on available data, ranging from 31.75% to 100%, with an
average fill rate of 95.16%.

For 10 stations, up to 20 — 30% of the data were missing, and for 30 stations up to 10 — 20%,
whereas 258 stations had less than 10% of missing data. Out of the 307 stations, 6 had afill
rate of 100%. Finally, we dismissed 3 stations with a fill rate of less than 70% (ID numbers:
YPENO67, YPEN127, YPEN233), resulting in a total of 304 stations for further assessment.
Table 3.1 provides an overview of the fill rate and period of operation of the stations.

Table 3.1: Summary information of fill rate, operation period, and available data.

Fill Rate (%) Operating period (years) Available Data (years)
Minimum Average Maximum Minimum Average Maximum Minimum Average Maximum

31.75 95.16  100.00 9.50 57.88  77.33 8.38 55.08  73.07

In addition to the assessment of the daily time series, our analysis was extended to monthly
time series since several applications are based on a monthly time scale. Thus, daily data
were aggregated to monthly using a homogenisation and data filling method developed by
Vicente-Serrano et al. (2009), which was applied to the overall dataset. The method aims at
reconstructing incomplete precipitation series by combining the shortest time series from
nearby gauging stations into a single dataset. Any discontinuities in the time series are
corrected using the nearest neighbour interpolation method and then checked for errors.
The homogeneity of the datasets is inspected through parameters relating to frequency and
intensity of precipitation, and periods that do not meet the criteria are removed. The final
data are composed of long-term continuous series, containing values that preserve the
distribution of rainfall probability.

The application of the method resulted in a complete dataset of 251 out of 304 stations over
the period 1961 — 2020. Figure 3.2 compares the number of stations containing daily
records, before and after implementing the homogenisation procedure.
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Figure 3.2. Number of stations with daily rainfall data over time for the full dataset (blue) and for the
two different data providers, YPEN (green) and HNMS (yellow). The flat grey line corresponds to
the monthly filled and homogenised dataset (251 stations). The shaded period (1984 — 2016)
highlights the period of assessment.

3.2 Gridded Precipitation Datasets

3.2.1 Data selection

The evaluation encompasses nine distinct gridded precipitation datasets, classified under
three broad categories: reanalysis, satellite, and gauge-based products. The following
datasets were considered:

Reanalysis datasets:

ERA5-Land (Muioz-Sabater et al., 2021)

The ERA5-Land dataset is a product of reanalysis on the ERA5 atmospheric model, which
incorporates data collected from rain gauges into the estimated data. By emphasizing the
ground-based components and considering the atmospheric variables of ERAS, the ERA5-
Land provides a temporally consistent global dataset, at 0.1° x 0.1° horizontal resolution,
which covers more than seventy years (from 02/01/1950 to 31/12/2021) at hourly timesteps.

AgERAS5 (Boogaard et al., 2020)

In the same manner, AGQERA5 derives from reanalysis on the ERA5 model, by processing
the hourly timesteps and integrating them into a dataset with a daily temporal resolution.
The horizontal resolution of 0.1° x 0.1° was achieved by interpolating ERA5 into a 0.1° grid,
prior to applying specific regression equations used on the ECMWF’s high-resolution
atmospheric model (HRES) and readjusted at a 0.1° resolution. The AgERA5 dataset
consists of global surface meteorological data from 01/01/1950 to 31/12/2020 and is best
suited for research pertaining to agriculture, due to it being adapted to accommodate a
more detailed landscape.
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CERRA-Land (Verrelle et al., 2022)

The CERRA-Land dataset is produced using the CERRA-Land system, which combines the
SURFEX V8.1 land surface model, the CERRA atmospheric reanalysis model, and a daily
accumulated precipitation analysis system (MESCAN). The system operates by transferring
data from the CERRA reanalysis model into SURFEX, which in turn generates forecasts by
consolidating the input data. The observations of the MESCAN system are used for the
reanalysis process and affect the output indirectly through other variables (atmospheric
forcings) included in the CERRA model. Succeeding the CERRA-Land system, the dataset
covers the European continent at a 5.5 km x 5.5 km spatial resolution and contains daily
precipitation estimates from 01/09/1984 to 31/12/2020.

CHELSA-W5ES5 v1.0 (Karger et al., 2022)

The daily climate dataset provided by ISIMIP (CHELSA-W5E5 v1.0), is created by
downscaling the W5ES5 v1.0 dataset to a 1 km horizontal resolution. The model produces
precipitation estimates from 01/01/1979 to 31/12/2016 and uses wind components from the
ERA5 model to allow for better representation of precipitation in intricate topography. The
CHELSA v2.0 downscaling algorithm implemented to achieve the 1 km spatial resolution,
considers the contour of the terrain, and introduces readjustments influenced by orographic
variables (e.g., altitude) but omits corrected estimations over the sea, where the
readjustment is not applied.

MSWEP V2.8 (Beck et al., 2019)

MSWEP V2.8 combines satellite and gauge derived information to create global
precipitation datasets at a 0.1° spatial and 3-hourly temporal resolution (from 01/02/1979 to
30/12/2020) and uses reanalysis to minimise temporal inaccuracies between the data. The
dataset is suitable for areas with high convection, frontal precipitation, and dense rain gauge
networks due to the three different means of administering data.

CHIRPS05 (Funk et al., 2015)

The CHIRPSO05 dataset is a mixture of five different data sources: CHPCIlim, thermal infrared
NOAA satellites, the TRMM 3B42 product (developed by NASA), the NOAA CFSv2
atmospheric model, and in situ observations; all aggregated into 5 — day intervals. Satellite
observations are expressed as a percentage of the time where the temperature of the cloud
tops falls below 235° K and are converted into millimetres of precipitation using local
regression with the TRMM 3B42 precipitation data. The 5-day satellite estimates are
reconveyed as Percent of Normal Precipitation indices, which are then multiplied by the
corresponding CHPCIim intervals to generate new unbiased estimates (CHIRP). The final
dataset is available at a daily temporal (01/01/1981 — 31/12/2020) and 0.05° horizontal
resolution by readjusting CHIRP values with data obtained from gauging stations.
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Satellite datasets:

IMERG V06 (Huffman et al., 2020)

The IMERG V06 dataset is created by combining data from multiple satellite sensors to
produce half-hourly and monthly precipitation estimates. The produced data are filtered
through an algorithm that considers the errors of each sensor and provides a weighted
combination of these estimates to obtain a more accurate and reliable estimation. The
dataset contains global daily rainfall values from 19/06/2000 to 31/12/2020, at a 0.2°
horizontal resolution.

PERSIANN-CCS-CDR (Sadeghi et al., 2021)

PERSIANN-CCS-CDR provides global precipitation estimates at 0.04° spatial and 3-hourly
temporal resolution and has a temporal coverage of 37 years (01/01/1983 — 28/02/2021).
The dataset is produced by merging the algorithms used in PERSIANN-CCS and
PERSIANN-CDR, where the former is applied on the GridSat-B1 and NOAA CPC-4km
satellite data, and the latter introduces Artificial Neural Networks to acquire estimations. The
merged algorithm employs the Cloud Classification System of PERSIANN-CCS to
accommodate cloud - rain distribution curves and bias adjustment is achieved using the
Global Precipitation Climatology Project (GPCP) dataset.

Gauge-based datasets:

E-OBS (Cornes et al., 2018)

E-OBS is a daily (24-hour timestep) observational dataset that uses station data from the
European Climate Assessment & Dataset (ECA&D) project, assisting in model validation,
monitoring the European climate, and the study of daily extremes. The data are procured
mainly from the European National Meteorological and Hydrological Services (NMHSs),
without adjusting the time differences of data collection from each region. It offers a high
spatial resolution of 0.1° and covers data from 01/01/1950 to 31/12/2021.

Succinctly, the AgERA5, ERA5-Land, and CERRA-Land datasets use the process of
reanalysis, CHELSA-W5E5 uses gauge corrected reanalysis, IMERG (V6) uses gauge
corrected information from satellites, and E-OBS is gauge-based. Two of the datasets,
CHIRPS and MSWEP (V2.8), use both gauge and satellite correction for the reanalysis.
Distinctively, PERSIANN-CCS-CDR was created by combining Artificial Neural Networks
and satellite information. The datasets offer a high spatial resolution of 0.04°, 0.05°, 0.1°,
0.2°, 1 km, 5.5 km, and are also available at the same daily temporal resolution. Table 3.2
summarises information on the precipitation datasets evaluated in this study, i.e., the dataset
type, the spatial and temporal resolution, the temporal coverage, and the corresponding
sources.
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Table 3.2. Summary information of gridded precipitation datasets.

Name Developer Type Spatla_l Tem por al Temporal Reference
Resolution  Resolution Coverage
DOI:10.2438
ERA5-Land  ECMWF  Reanalysis 0.1° Hourly 01021950 40ps Eote
— present
1BAC
DOI:10.2438
AGERAS5 ECMWF  Reanalysis 0.1° Daily 010171979 4,cps.6ce8
— present
C9BB
CERRA- ' . 01/09/1984 DOI:10.2438
Land ECMWF Reanalysis 5.5 km Daily - 1/CDS.A7F3
30/04/2021 CDh0oB
Gauge 01/01/1979 DOI:10.4836
V(\-l)l5-|EESL3:‘E) ISIMIP Corrected 1km Daily - 4/ISIMIP.836
’ Reanalysis 31/12/2016  809.2
Reanalysis DOI:10.1175
M\S/ZVEI;EP GloH20 (Gauge + 0.1° 3-Hourly 0_1/059/312;9 /BAMS-D-
: Satellite) P 17-0138.1
Reanalysis DOI:10.1038
CHIRPS05 CHG (Gauge + 0.05° Daily o1/ orz;sr? /sdata.2015.
Satellite) P 66
IMERGVOS ~ NASA Corrected 0.1° Half-Hourly 002000 /GPM/IMER
Satellites P GDL/DAY/06
Gauge
PERSIANN- Corrected o 01/01/1983 DOI:10.1157
CCS-CDR CHRS Satellites + 0.04 3-Hourly —present  2/P24W2F
ANN
DOI:10.2438
E-OBS ECMWF Gauge- 0.10 Daily 01/01/1950  1)0hs 151D
Based — present 3EC6

3.2.2 Data processing

Point scale time series of precipitation values were extracted from each dataset using the
nearest neighbour interpolation method. Missing values or trace precipitation, similar to the
in-situ data, were represented with values unlikely to occur. Those values were discarded,
and trace precipitation values (between -0.1 mm and 0.1 mm) were substituted with values
of zero.

In reanalysis and model data, trace precipitation refers to very small amounts of precipitation
that are present but fall below a certain measurable threshold. In many cases, these small
amounts are not captured accurately or are considered insignificant for specific
applications. The threshold of 0.1 mm is commonly used to distinguish trace precipitation
from measurable precipitation (Ma et al., 2009; Barrett et al., 2020). In the present study,
precipitation events with values below 0.1 mm were considered as trace amounts and were
approximated to 0.
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3.2.3 Data pre-processing

The Climate Data Operators (CDO) software by the Max-Planck Institute for Meteorology
(Schulzweida, 2023) was selected for its robust handling of gridded precipitation datasets,
stored in netCDF files, and to produce manageable file formats. To extract the point scale
timeseries we used the -remapnn operator provided by CDO, which performs the nearest
neighbour interpolation method to transform the input square grids into isometric triangular
tiles, thus distributing the values among finer and more precise points. This method was
chosen because it preserves the original data values of the source points, suitable for
variables like precipitation of daily temporal resolution, where maintaining peak values within
the dataset is crucial. Following the interpolation, Python was utilised to conduct further data
processing and calculate key evaluation metrics. Finally, the processed data and evaluation
results were imported into ArcGIS Pro software by ESRI to create the corresponding maps.

3.3 Evaluation

For the assessment, a period of approximately 32 years (from 01/09/1984 to 31/12/2016)
was selected, where daily precipitation measurements are available on most of the datasets
and field data. The IMERG dataset was evaluated separately since the product of this dataset
corresponds to the period 2000 — 2021, therefore restricting the assessment period to 2000
— 2016 and is denoted with an asterisk as IMERG” in the respective figures and tables.

3.3.1 Performance metrics

To evaluate the performance of the datasets in simulating precipitation, six indicators were
calculated, two of which are used widely in hydrology.

Nash — Sutcliffe Efficiency [NSE] (Nash & Sutcliffe, 1970):

2(E-0)? (3.1)

NSE=1—Z(0_6)2

where, E the estimated values, O the observed values, and O the mean of the observed
values.

NSE takes a maximum value of one, which states that the estimated values are comparable
to the observed. A value of zero expresses an estimation ability on a par with that of the
mean observed values and negative values indicate a poor prognostic performance of the
datasets. Generally, a dataset with NSE equal or greater than 0.5 is considered to have
acceptable performance (Duc & Sawada, 2023).
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Kling — Gupta Efficiency [KGE] (Gupta et al., 1999):

s T 2
KGE=1—\](R—1)2+<%_1) +<%_1> (3.2)
(0]

where, E the mean of the estimated values, o the standard deviation of the estimated
values, oq the standard deviation of the observed values, and R the Pearson correlation
coefficient.

The values of the KGE metric can be compared to those of the NSE regarding model
performance, with the exception being that KGE considers the linear correlation between
the estimated and observed values, the variance of the values, and the bias error. Similar to
NSE, positive values of KGE are associated with improved model performance and negative
values with poor performance, although a specific threshold is not placed (Knoben et al.,
2019).

Percent Bias [PBIAS]:

_M. 0 3.3
PBIAS—[ o ]100@ (33)

Percent Bias expresses the average deviation of the estimated values relative to the
observed. Negative values of PBIAS indicate an underestimation tendency of the model and
positive values an overestimation tendency. A value of zero is considered optimal, and near-
zero values state accurate model estimation.

Root Mean Square Error (RMSE) [mm]:

RMSE — IW (3.4)

The RMSE metric measures the level of accuracy of a specific dataset, by calculating the
square root of the mean squared errors between the estimated values and the observed
data. Larger errors have a greater effect on the metric, and data points that have a significant
difference (outliers) can produce inordinate results (Chai & Draxler, 2014). RMSE gives
positive values and lower values indicate better model performance, while a value of zero is
considered a perfect fit.

Mean Absolute Error (MAE) [mm]:

1
MAE=NEIO—E| (3.5)
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MAE calculates the average of the absolute errors between the observed and the estimated
data. The produced errors represent the average absolute distance between the datasets
and the Y = X line.

Pearson Correlation Coefficient (R) (Pearson, 1895):

L(0-0)(E-E)

= (3.6)
JZ(0-0)2/¥(E-E)?

Pearson’s R assesses the linear correlation between the observed and the estimated data.
The values range from —1 to 1, with 1 (optimal value) signifying a positive relation and 0 a
non-existent relation. A value of —1 indicates a negative correlation between the datasets,
meaning that as one increases the other tends to decrease.

3.3.2 Precipitation Indices

Further to the typical evaluation metrics we calculated the following statistical measures,
referred to as climate indices, which give insight on trends in mean and extreme
precipitation patterns. The ETCCDI (Expert Team on Climate Change Detection and
Indices), with the aim to develop a standardised set of climate indices for extreme events,
created a flexible approach that has broad applicability and limits background noise
originating from the input data. These indices derive from daily temperature and
precipitation data, offering advantages over restrictions when managing daily datasets (Karl
et al., 1999; Schar et al., 2016).

Annual total precipitation on wet days (PRCPTOT):

(3.7)
PRCPTOT = Z RR
where, RR is the daily amount of precipitation above or equal to 1.0 mm.
Annual total 95" percentile precipitation events (R95p):
(3.8)

P95p = Z RRos

R95p expresses the sum of the daily precipitation on wet days (RR > 1.0 mm), where the
amount of precipitation surpasses the 95" percentile of the given period.
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Annual count of days when RR > 10 mm (R10mm):

R10mm = Z Lo (3.9)

where, l1o represents a day with a precipitation amount equal or greater than 10 mm.

Annual count of days when RR > 20 mm (R20mm):

(3.10)
RZOmm = Z 120

where, | represents a day with a precipitation amount equal or greater than 20 mm.

Simple Precipitation Intensity Index (SDII):

RR (3.11)
SDII = ZT

where, RR dictates the amount of daily precipitation on wet days (equal or greater than 1.0
mm), and N equals to the number of wet days for that period.

4, Results

4.1 Precipitation patterns based on ground observations

To obtain a preliminary overview of the rainfall distribution across Greece, mean annual
precipitation values were extracted from the homogenised time series for the hydrological
years (from 1%t of September to 315 of August) of 1962 — 2020. The spatial distribution of
precipitation across Greece, as shown in Figure 4.1, highlights the substantial regional
variations in rainfall patterns, which are intrinsically linked to the complex topography. The
mean annual precipitation across the examined stations is 749.2 mm, but with large spatial
disparities. The western mountainous part of the study region receives the highest
precipitation accumulations, up to more than 2000 mm/yr, due to orographic uplift, while
the lowest values (249.5 mm/yr) are recorded over the Aegean Islands (Santorini), as a
result of their geographical location and prevailing wind patterns, which further contribute
to their semi-arid conditioning. This variability poses a significant challenge for gridded
precipitation products to realistically capture the complex precipitation patterns that are
affected by the topography, the microclimates, and the interplay of atmospheric circulation
patterns.
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Figure 4.1. Mean annual precipitation of 251 homogenised timeseries for 1962-2020.

Regarding the homogenised time series, the largest mean annual precipitation amount was
recorded on station YPEN084 with a total of 2331.8mm, and the smallest on station
YPENOOG6 with a total of 281.6mm. The stations are situated in the water districts of West
Central Greece and West Macedonia, at 941m and 808.2m, respectively. Whereas the
maximum mean annual precipitation of the daily time series is seen on station YPEN084
with a value of 2157.3mm and the minimum on station WMO16744 with 250.6mm (located
in Santorini of the Aegean Islands water district, at 19m). Attica and East Central Greece
receive the least amount of rain, as rainfall decreases from West to East and South to North.

The network of the available stations included in this study is considered sufficiently
dispersed among the water districts, therefore eliminating larger errors that derive from the
congregation of stations to a particular area. Table 4.1 contains the number of stations in
the daily and monthly datasets, as well as the water district in which they are located, the
total area of each district, and the area that each station covers.
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Table 4.1. Number of stations and station coverage in the fourteen water districts.

Number of stations Station Coverage (km?/station)

Water District Area (km?) Daily Monthly Daily Monthly
GRO1 7234 22 18 329 402
GRO02 7396 33 24 224 308
GRO03 8442 14 11 603 767
GR04 10496 42 36 250 292
GRO5 9980 24 21 416 475
GRO6 3186 9 8 354 398
GRO7 12290 29 26 424 473
GRO08 13141 26 26 505 505
GRO09 13619 16 11 851 1238
GR10 10164 16 7 635 1452
GR11 7320 14 13 523 563
GR12 11242 24 22 468 511
GR13 8344 23 21 363 397
GR14 9141 12 7 762 1306

Figure 4.2 illustrates the spatial and seasonal precipitation variability across the fourteen
water districts of the country. Greece experiences the heaviest precipitation during winter,
predominantly in the western part of the mainland, the Peloponnese peninsula, and western
Crete, averaging at 294.9 mm. The maximum mean DJF (December-January-February)
rainfall amounts to 840.8 mm, observed in the water district of West Central Greece. These
seasonal heterogeneities are less pronounced across the northern region of the country, as
the mean JJA (June-July-August) rainfall varies between 8.2 mm and 220.9 mm and the
mean DJF rainfall does not exceed 546.5 mm. Overall, the mean annual precipitation
increases with altitude, at a rate of 39.3 mm/100 m across the stations. Figure 4.3 offers
supplemental information on the spatial distribution of mean seasonal precipitation, as
derived from the observations.
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Figure 4.2. a) Mean annual precipitation at the level of the fourteen water districts is illustrated in
the central map and their corresponding seasonal distribution in the surrounding bar-graphs. (b)
illustrates the mean seasonal rainfall of Greece and (c) the variation of mean annual precipitation
with altitude.
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Figure 4.3. Spatial distribution of seasonal variability of mean accumulated precipitation across
stations.
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The spatial variability of rainfall, and whether a relation between the stations exists, was
further investigated with the k-means clustering method using nine descriptive parameters:
the latitude, the longitude, the 95" percentile threshold, the mean annual precipitation, the
mean seasonal December-January-February (DJF), June-July-August (JJA), March-April-
May (MAM), September-October-November (SON) precipitation, and the mean annual
precipitation above 20 mm of every station. The application resulted in eight different sub-
divisions of stations, as shown in Figure 4.4, grouped by their similar characteristics.

Cluster 3 presents the highest values of each feature, with a mean annual precipitation range
of 1241.8 mm to 2087.6 mm and a median value of 1380.9 mm (Table 4.2). The stations
included in Cluster 3 are mostly located in the water district of Epirus and West Central
Greece. Cluster 2 displaying dissimilar mean annual accumulations to Cluster 3, despite
being geographically near, can be attributed to the Pindus Mountain Range casting a rain
shadow effect on its leeward side (Sindosi et al., 2015). All stations receive the heaviest
rainfall during winter (DJF) and autumn (SON), which in Cluster 8 accounts for up to 78%
of the mean annual total.

A research by Markonis et al. (2017), employing, among others, the k-means clustering
method, reached a similar conclusion. Their analysis was conducted on 136 monthly and
annual time series, which largely encompasses a period between 1940 and 2012, with the
objective of providing new information on the spatiotemporal variability of precipitation
across Greece. They decidedly created eight regional subgroups, depending on the climatic
aspects of each area. Larger emphasis was placed on the longitude of the station rather
than the altitude, stating that accumulation of stations above a certain elevation (1000 m)
could produce significant bias and skewed results. The stations incorporated in this
research are situated between 1 m to 1200 m, above sea level, and have an adequately
consistent coverage across different altitude ranges, therefore an upper elevation boundary
is not applied.

Based on their study, the West presents the highest precipitation values, while the lowest
are observed over the North, the North-East, and Eastern Central Greece. Similarly, the
highest rainfall accumulations can be seen in Cluster 3 and Cluster 6 and the lowest in
Clusters 2, 5, and 1 of this study, which mostly correspond to the same general vicinities
and hydrological districts. Also, in accordance with our findings, they detected a strong
seasonal variability in the South, as well as clusters of comparable characteristics in the
western midlands and western Peloponnese.
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Figure 4.4. a.) Visualisation of eight station clusters and their location. b) Analysis fields
(parameters) and c) number of stations in each cluster.

Table 4.2. Number of stations and median values of features in the clusters.

Cluster ID Number of Annual DJF MAM JUA SON 95p R20mm
stations (mm) (mm) (mm) (mm) (mm) (mm) (mm)

1 38 468.7 201.2 102.2 21.2 130.3 34.3 6.6

2 36 450.9 128.7 119.5 60.8 133.7 25.9 5.0

3 24 1380.9 560.8 309.3 104.8 419.2 57.6 26.6

4 66 715.7 290.9 156.6 46.4 223.7 36.0 10.7

5 23 520.7 179.7 1211 714 150.5 38.7 8.1

6 56 1015.6 389.5 223.0 68.8 323.2 45.9 17.9

7 35 612.4 163.5 157.5 109.4 159.3 33.0 8.4

8 22 877.0 473.2 163.0 6.4 211.3 524 14.9
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Figure 4.5 provides an overview of the results based on the ETCCDI climate indices, with a
focus on extreme precipitation. The median R95p index (accumulated precipitation of wet
days exceeding the 95" percentile) across all stations is 152.2 mm/yr, with values reaching
up to 478.3 mml/yr, indicating the existence of areas with precipitation extremity in the
western and central parts of Greece. The medians of maximum 1-day (rx1) and 5-day (rx5)
precipitation are 132.4 mm/d and 225.5 mm/d, respectively, but vary substantially among
the inspected stations, while the precipitation intensity of wet days (SDII) is 12.4 mm/d by
median. The median values of the R10mm and R20mm indices, showing the annual
frequency of moderate and heavy rainfall days, respectively, are 22.5 d/yr and 9.9 d/yr. The
patterns of the examined indices suggest that while the study region experiences a
considerable degree of variability in extreme precipitation events, there are consistent
patterns that emerge, particularly in the occurrence of heavy rainfall.
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Figure 4.5. Spatial distribution and median values of ETCCDI climate indices for R95p, rx1, rx5,
SDIl, R10mm and R20mm.
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A further scope of this study is to broadly identify trends in extreme climate indices and their
spatial variability across the study area and assess the consistency of the derived trends
with the corresponding estimates from the gridded datasets. For the description of the
trends found in ETCCDI climate indices, we used the non-parametric Theil-Sen (Sen, 1968)
approach, as well as the Mann-Kendall statistical test (Mann, 1945; Kendall, 1948), both
widely used methods in hydrological studies (Hamed, 2008; Y. Tramblay et al., 2013; Westra
et al., 2013; Tzanis et al., 2019). The tests were conducted on a 32-year period (from
September of 1984 to August of 2016), at a 95% confidence level. The outcome of the
statistical analysis may serve as a benchmark in the examination of the gridded datasets
and their capacity of supporting realistic trend analyses.

The trends of the R95p index of 66 stations (21.71% of the total) are estimated as statistically
significant, increasing with an average decennial rate of 33.1 mm. In comparison, 103
stations (37.5% of the total) exhibit a statistically significant trend of the PRCPTOT index,
with an average decadal increase of 114.4 mm. Approximately, a third of those stations are
found in northern Greece, specifically in western, northern, eastern Macedonia, and Thrace.
The distribution of the PRCPTOT and R95p trends suggests that the two occurrences do
not necessarily coincide with each other. Meaning that one area could receive less
precipitation through high-intensity, short-term events, while another could display an
overall increase in precipitation accumulation, which is more spread out and long-term.
Figure 4.6 showcases the spatial variability of the PRCPTOT and R95p trends and their
statistical significance, across Greece.
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Figure 4.6. Trends of PRCPTOT and R95p indices for 1985 — 2016.

4.2 Precipitation patterns in gridded datasets

All datasets deviate in the representation of the mean annual rainfall; most evident when
compared visually against the recorded data (Figure 4.7). The degree of misrepresentation
varies for each dataset and might depend on the availability of data records, the composition
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of the model, or the method used to achieve the resolution of interest (downscaling).
Ostensibly, CERRAL captures the spatial variability of precipitation more accurately, while
maintaining a resolution of 5.5 km, but slightly overestimates the rainfall accumulation in
northern regions. The ERA5L, CHIRPS, AgERAS5, and IMERG datasets seem to competently
interpret the spatial variability of heavier precipitation, although the small-scale variability
between neighbouring grid cells is reduced. Both CHELSA and MSWEP produce similar
results, with MSWEP displaying a greater over-smoothing effect, whereas E-OBS vastly
underestimates the mean annual accumulation across the entire country. The largest
disparities are observed in the water districts of East Macedonia, Thrace, Crete, as well as
the Aegean Islands, but can be partially attributed to lack of sufficient station data until recent
years.
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Figure 4.7. Mean annual rainfall distribution resulting from the nine gridded datasets and point
observations of the 1985 — 2016 period. *For IMERG: mean annual rainfall corresponds to the 2000
— 2021 period.

CHELSA and AgERAS performed relatively better in terms of NSE, with median values of
0.23 and 0.16, respectively. However, none of the models demonstrate acceptable
performance based on this metric, as the range of NSE values varies from -1.11
(PCCSCDR) to 0.23 (CHELSA). Regarding KGE, MSWEP achieved the highest median
score of 0.36, while PCCSCDR had the lowest at 0.06. All datasets suggest a slight positive
correlation between the observed and estimated precipitation, out of which CHELSA
presents the highest correlation coefficient (R), equal to 0.50, and PCCSCDR the lowest,
equal to 0.17. Figure 4.8 shows the performance of the gridded datasets in 304 stations,
concerning NSE, KGE, and R, along with the respective median values of each metric.
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Figure 4.8. NSE, KGE, R score values for 1985 — 2016, derived from 304 daily time series, and the

median value of the nine gridded precipitation datasets.

Figure 4.9, Figure 4.10, and Figure 4.11 provide the spatial distribution of NSE, KGE, and R,
respectively, in 304 stations across the country, and the median values of the metrics for
the nine datasets.
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Figure 4.9. NSE values of 304 daily time series and median values of the nine gridded datasets.
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Figure 4.10. Median values of KGE for the nine datasets.
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Figure 4.11. R values of 304 daily time series and median values of the nine gridded datasets.

IMERG, ERASL, AgERA5, CERRAL, and PCCSCDR tend to overestimate daily precipitation
by a maximum of 8.17% (IMERG), while E-OBS, CHELSA, MSWEP, and CHIRPS
underestimate it by a maximum of 30.93% (E-OBS). Specifically, PCCSCDR presents the
lowest overestimation, reflected in a PBIAS value of —0.81%. The datasets exhibit similar
MAE scores, ranging from 2.14 mm (E-OBS) to 3.18 mm (PCCSCDR) and produce minimal
fluctuations in the root-mean-square error (RMSE), as the values range from 6.30 mm for
CHELSA to 10.95 mm for PCCSCDR. The performance of the gridded datasets in 304
stations, concerning MAE, RMSE, and PBIAS, along with the respective median values of

each metric are shown in Figure 4.12.
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Figure 4.12. MAE, RMSE, PBIAS score values for 1985 — 2016, derived from 304 daily time series,
and the median value of the nine gridded precipitation datasets.

Figure 4.13, Figure 4.14, and Figure 4.15 provide the spatial distribution of MAE, RMSE, and
PBIAS, respectively, in 304 stations across the country, and the median values of the metrics
for the nine datasets.
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Figure 4.14. RMSE values of 304 daily time series and median values of the nine gridded datasets.
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Figure 4.15. PBIAS values of 304 daily time series and median values of the nine gridded datasets.

On a point scale, AQERA5, CERRAL, ERA5L, IMERG, and PCCSCDR overestimated rainfall
at over 50% of the stations, whereas CHELSA, CHIRPS, E-OBS, and MSWEP
underestimated rainfall, on average, at 70.7% of the stations. The datasets, seemingly,
perform worse at higher altitudes, apart from IMERG, PCCSCDR, MSWEP, and ERAS5L,
where NSE displays a minor improvement within the 700 — 1200 m range (Table 4.3). The
KGE scores remain constant for both ERA5L and PCCSCDR.

The percentage of bias reveals an increasing tendency towards underestimation at higher
elevation, likely due to the limitations of the datasets in accurately capturing diverse types
of hydrometeors and the smoothing effect of the chosen interpolation method (Accadia et
al., 2003). The input data for E-OBS are procured mainly from the European National

42




Meteorological and Hydrological Services (NMHSs) and are limited to the availability and
density of the station network of each country. In higher altitudes, where rain gauges might
be insufficient, the interpolation methods used can generate significant inaccuracies and
bias errors (Hofstra et al., 2009). In that respect, E-OBS produces the highest absolute value
of PBIAS, equal to 33.63%.

Many techniques use only temperature boundaries or cloud classification to calculate
orographic precipitation and do not consider the upward change in atmospheric pressure.
A mechanism that ultimately dictates the formation of clouds and by extension precipitation
(Houze, 2012). For example, PCCSCDR utilises the predated PERSIANN-CCS (PCCS)
dataset as input, which uses infrared sensors to detect rain occurrences. Infrared satellites
can mistake high temperature clouds as non-precipitating instances and disregard rain
above a certain temperature threshold. In addition, the cloud classification system
incorporated in PCCS, requires manual characterisation of cloud types, which reduces the
variations of precipitating clouds to their most evident features (Sadeghi et al., 2021). These
cases highlight the inherent challenges and limitations of rainfall estimation across varying
elevations and point out the need for improved methodologies that focus on data integration
to enhance accuracy in complex terrains.

Table 4.3. Median values of the statistical metrics of the nine datasets and number of stations, at
three different altitude ranges.

Altitude (m) Name NSE KGE PBIAS RMSE MAE R
0-200 AgERA5 0.18 0.38 -12.85 5.91 1.18 0.51
No. of stations CERRAL -0.03 0.35 -5.13 6.61 1.21 0.44
123 CHELSA 0.26 0.39 3.19 5.36 1.06 0.54
CHIRPS -0.17 0.29 -2.98 6.83 1.40 0.35

E-OBS 0.13 0.24 25.47 5.63 1.07 0.41

ERAS5L -0.16 0.22 -14.73 6.77 1.43 0.33

IMERG* -0.20 0.31 —25.39 7.28 1.31 0.50

MSWEP 0.15 0.40 -4.13 5.93 1.09 0.49

PCCSCDR -1.37 0.06 -19.86 10.16 1.65 0.20

Altitude (m) Name NSE KGE PBIAS RMSE MAE R
200-700 AgERA5 0.17 0.35 3.89 6.85 1.14 0.48
No. of stations CERRAL 0.03 0.31 -0.34 7.22 1.20 0.39
113 CHELSA 0.23 0.34 16.46 6.46 1.06 0.50
CHIRPS -0.32 0.24 3.98 8.52 1.39 0.29

E-OBS 0.14 0.17 32.71 6.63 1.06 0.42

ERA5L -0.02 0.20 4.73 7.25 1.26 0.33

IMERG* -0.10 0.32 -1.29 8.05 1.22 0.43

MSWEP 0.11 0.36 8.47 6.97 1.13 0.44

PCCSCDR -1.02 0.06 6.48 11.24 1.50 0.18

Altitude (m) Name NSE KGE PBIAS RMSE MAE R
700-1200 AgERAS5 0.13 0.32 5.91 7.15 1.15 0.44
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No. of stations CERRAL 0.03 0.33 3.54 7.75 1.17 0.41

68 CHELSA 0.18 0.30 18.26 6.88 1.07 0.46
CHIRPS -0.36 0.23 4.07 9.37 1.39 0.26
E-OBS 0.11 0.16 33.63 7.11 1.06 0.39
ERAS5L -0.01 0.22 4.79 7.51 1.23 0.34
IMERG* -0.14 0.28 4.88 8.38 1.22 0.34
MSWEP 0.08 0.33 12.73 7.28 1.13 0.42
PCCSCDR -0.99 0.06 15.24 11.39 1.47 0.14

Figure A1 (in the Appendix) presents the metric scores of CHELSA in three altitude ranges,
as an indication of the performance of the datasets when considering the change in
elevation.

Regionally, there are discernible variations in the performance of the datasets. AQERAS
performs well within the central part of the country, resulting in the best values of the
statistical metrics in Cluster 1, and displays acceptable performance throughout the West
and South (i.e. Clusters 3, 6, 8). CHELSA estimates rainfall with greater precision than the
rest of the products in northern and northcentral regions but possesses a larger
underestimation bias in western parts. Overall, MSWEP and E-OBS are unable to interpret
the distribution of precipitation, as they deliver the poorest scores across the entirety of the
clusters. Table A1, of the Appendix, contains the daily metric scores of the datasets,
regarding the 8 Clusters.

The efficiency of the datasets improves on a monthly timescale, as demonstrated by the
statistical metrics depicted in Figure 4.16 and Figure 4.17, which exhibit greater uniformity
and minimal discrepancies. PCCSCDR displays the poorest performance in five out of the
six metrics (NSE = -0.03, KGE = 0.38, RMSE = 68.32 mm, MAE = 42.06 mm, R = 0.52) but
produces a satisfactory PBIAS with a value of 1.21%, revealing possible inaccuracies in the
temporal representation of precipitation or significant limitations of reproduction of short-
term precipitation events. The CHELSA dataset shows promising results with a NSE and
KGE equal to 0.61, RMSE of 37.02 mm, MAE of 23.55 mm, R of 0.83, and PBIAS of 13.02%,
but is limited to a data record of 38 years, from 1979 to 2016 (at the time of this study),
making it most suitable for research pertaining to that assessment period. Evidently, when
assessed on a monthly timescale, CERRAL and CHELSA achieve the best median scores
out of the nine products, while PCCSCDR exhibits the poorest performance across both
temporal scales.
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Figure 4.16. NSE, KGE, R score values for 1985 — 2016, derived from 251 monthly time series, and
the median value of the nine gridded precipitation datasets.
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Figure 4.17. MAE, RMSE, PBIAS score values for 1985 — 2016, derived from 251 monthly time
series, and the median value of the nine gridded precipitation datasets.
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The competence of the datasets in estimating extreme precipitation events, was also
evaluated using the ETCCDI indices and contrasted with those obtained from station data.
The 95" percentile threshold, in most datasets, is overestimated by a maximum of -56.96%
(IMERG) and underestimated by a maximum of 54.87% (E-OBS). PCCSCDR vastly
overestimates the daily maxima of rainfall, scoring a PBIAS value of —-162.86%, but performs
relatively well in moderate and heavy precipitation (PBIAS of 4.78% and 6.63%,
respectively), which further confirms the temporal obscurities of this specific product.
IMERG produces a PBIAS value of -56.96% when estimating the 95" percentile threshold
but displays a minor improvement in less acute conditions. E-OBS underestimates all
aspects of extreme precipitation by equable amounts.

The strength of the correlation between the datasets and the observations is low or medium
in most extreme indices, except for CERRAL, CHELSA, CHIRPS, and MSWEP where they
produce values that range from 0.14 to 0.75 and a mean R value equal to 0.55, among the
four datasets. CERRAL and CHELSA outperform the other products by producing mean R
scores, of 0.56 and 0.60 respectively, that suggest moderate correlation. Table 4.4 includes
the median values of R and PBIAS of the datasets in relation to extreme precipitation, as
well as the median values of the ETCCDI indices, as estimated by the observations. The
median scores of R and PBIAS within the 8 Clusters, with respect to the extreme indices of
the datasets, are presented in Table A2, which is located in the Appendix.

Table 4.4. Median correlation coefficient (R) and percent bias of extreme indices for the nine
datasets, between 1985 — 2016. Disclosed in brackets are the corresponding values of each index,
as derived from the observations. *The extreme indices of IMERG were based on the period
between 2000 - 2020.

AgERA5 CERRAL CHELSA CHIRPS E- ERASL IMERG* MSWEP PCCSCDR

0BS
R95p R 0.52 0.64 0.70 062 051 050 0.47 0.62 0.40
[152.2 -
mm] PBIAS -19.33 -28.68 7.00 6.13 5487 .., -56.96 -1185 -54.39
rx1 R 0.21 0.23 0.43 033 021 0.8 0.11 0.14 0.13
[132.4

mm] PBIAS 27.03 -8.40 40.91 10.46 50.70 30.32 -18.37 -0.17 -162.86

rx5 R 0.29 0.49 0.52 047 024 027 0.25 0.20 0.20
[225.5
mm] PBIAS  22.65 063 3385 1465 56.17 2718 432 13.04 -73.45
SDIl R 0.38 0.56 0.55 054 050 0.37 0.31 0.42 0.38
[12.4
mm/d]  PBIAS  39.00 27.82 4140 -20.23 46.99 41.75 2367  36.31 -4.82
R10mm R 0.65 0.73 0.72 074 076 067 0.67 0.75 0.47
[22.5
days] PBIAS -428 -558 1348 -1565 4488 -141 -8.84 7.20 478
R20mm R 0.55 0.72 0.68 073 063 057 0.55 0.67 0.50
[9.9
days] PBIAS 2598  13.75 4560 -8.30 79.34 2851 -224 3241 6.63
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The trends of the PRCPTOT index produced by the datasets seen in Figure 4.18, are notably
lower in value and exhibit less fluctuation compared to the trends based on observations.
As revealed by the coefficient of variation (CV) in Table 4.5, the datasets score lower in that
metric against the observations, meaning that the slope estimations deviate only slightly
from the mean slope value and indicating that the datasets are incapable of replicating the
minute regional characteristics of precipitation. Not true for datasets that demonstrate
inaccuracies on account of deficient data (i.e. E-OBS and IMERG).

Statistically significant trends are detected predominantly in larger values of slope, both for
the datasets and the observations. The variations of the slope with respect to the mean slope
value, also in the case of the statistically significant trends, display minimal contrast in all
datasets and do not coincide with the value assumed by the observations. Correspondingly,
the linear correlation (R) between the observational and estimated indices is low and veers
on non-existent in the statistically significant constrained subset of stations. Similar
indications emerge from the trend analysis of the R95p index (Table 4.6 and Figure 4.19).

Table 4.5. Values of mean slope, and its coefficient of variation (CV) and R metric, fraction of joint
significance, as well as CV, R, and mean values of jointly significant stations, based on the statistical
analysis of the PRCPTOT index. Joint significance fraction (JSF) refers to the fraction of statistically
significant stations of the datasets, where both the gridded datasets and the station observations
(OBS) present statistical significance. CV is an indicator of the average deviation of the values from
the mean value, relative to the mean of the specific series. The data provided by IMERG were
proven statistically insignificant and the corresponding estimations were not calculated. **Single
value.

PRCPTOT OBS AgERAS CERRAL CHELSA CHIRPS E-OBS  ERAS5L IMERG* MSWEP PCCSCDR

Mean 6.01 6.02 625 643 465 -398 6.15 216  4.09 6.99
Slope
cv 162 071 075 052 062 -271 0.71 -3.04 085 0.93
R - 030 033 031 024 012 0.31 001 032 0.13
JSF - 24%  23%  29%  19%  25% 24% 0%  16% 21%
Mean

Slope 13.61 944 10.03 8.26 7.08 -110 951 -18.89** 8.03 12.28
of JS

o(f:\\J/S 0.81 0.36 0.36 0.34 0.38 -11.99 0.40 - 0.31 0.27
R - 0.11 0.31 0.27 0.33 0.01 0.7 - 0.18 0.02
of JS
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Figure 4.18. Scatter plots of the jointly statistically significant slope values (red points) and the
remaining slope values (black points), regardless of significance, based on the statistical analysis of
the PRCPTOT index. The vertical axis corresponds to the observational values, whereas the
horizontal axis to the values of the datasets. Note that the range and size of the vertical axis is not
identical among all datasets.
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Table 4.6. Values of mean slope, and its coefficient of variation (CV) and R metric, fraction of joint
significance, as well as CV, R, and mean values of jointly significant stations, based on the statistical
analysis of the R95p extreme index. Joint significance fraction (JSF) refers to the fraction of
statistically significant stations of the datasets, where both the datasets and the observations (OBS)
present statistical significance. CV is an indicator of the average deviation of the values from the
mean value, relative to the mean of the specific series. The estimations marked in bold italic were
derived from two values.

R95p OBS AgERAS CERRAL CHELSA CHIRPS E-OBS ERASL IMERG* MSWEP PCCSCDR

Mean

0.33 1.67 1.32 1.80 -1.11 1.98 1.68 -2.32 1.47 -5.77
Slope
Ccv 2.95 1.36 2.1 1.10 -1.93 1.10 1.32 -1.84 1.59 -0.78
R - 0.31 0.30 0.31 0.19 0.14 0.32 -0.06 0.23 0.00
JSF - 9% 6% 13% 5% 16% 10% 1% 11% 12%
Mean
Slope 4.46 4.54 6.19 3.66 -0.86 3.25 3.92 711.64 4.19 -9.09
of JS
Ccv
of JS 0.96 0.23 0.49 0.28 -4.37 0.55 0.43 0.08 0.42 -0.25
ofI?JS - 0.24 0.23 -0.01 -0.08 -0.06 0.38 1.00 0.09 0.21
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Figure 4.19. Scatter plots of the jointly statistically significant slope values (red points) and the
remaining slope values (black points), regardless of significance, based on the statistical analysis of
the R95p extreme index. Note that the range and size of the vertical axis is not identical among all
datasets.
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5. Conclusions

All datasets present inaccuracies when estimating daily rainfall and are not completely
efficient in reproducing the intricacies of regional precipitation in Greece, both spatially and
temporally. CHELSA and AQERA5 outperform the other datasets by systematically
achieving acceptable scores throughout the six statistical metrics, although CHELSA
underestimates daily rainfall by a median of 12.3%. PCCSCDR produces the poorest results
in five out of six metrics (NSE = -1.11, KGE = 0.06, RMSE = 10.95 mm, MAE = 3.18 mm,
and R = 0.17), but only slightly overestimates precipitation by —0.81%, therefore indicating
errors of temporal representation of precipitation events. In higher elevation (700 — 1200 m)
the competence of the datasets decreases, however CHELSA, CERRAL, and MSWEP
capture orographic precipitation more precisely. The performance expectedly improves on
a monthly timestep, but slight underestimation tendencies are still detected in most datasets.
PCCSCDR underperforms in both temporal analyses.

Based on station observations and the implementation of the k-means clustering, there are
distinct patterns of heavier precipitation, introduced mostly in northern and western regions
of Greece. On average, Greece receives 749 mm of total rainfall. The West receives
approximately 40% of the mean annual precipitation, whereas 30% is observed over the
general northern Greek area. There is a strong seasonal variability in the West and South,
while rainfall is minimal during summer months, especially in the central and southern parts
of the country. The performance of the datasets, regarding specific regions, is limited, but
AgERAS5 provides better estimations for the hydrological district of Central Greece and
CHELSA for West, Central Macedonia, and Thrace.

The analysis of the ETCCDI indices, suggests an average increase of 114.4 mm in mean
annual rainfall and 33.1 mm in extreme rainfall per decade, during the 32 years of the
assessment, as well as subareas of precipitation extremity in the western and central
regions. The products fail to accurately describe the occurrence of extreme precipitation by
producing poor correlation between the measured and estimated datasets, as well as
pronounced biases.

Many studies suggest that there has been a noticeable shift across the Mediterranean
countries regarding the increase of temperature and reduction of rainfall, stating that the
Mediterranean region is undergoing a drier transformation, accompanied by prolonged
droughts and severe storms (Stockhecke et al., 2016; Drobinski et al., 2018; Hertig &
Tramblay, 2017; Caloiero et al., 2018; Tramblay et al., 2020). However, recent research
mentions of an increase in the total amount of annual precipitation in the Northern
Mediterranean, through short-term, high intensity rainfalls (Tramblay & Somot, 2018; Ribes
et al., 2019). This rate of atmospheric water exchange is considered a flood triggering
parameter, does not contribute to soil water renewal, and has been proven disastrous in
numerous occasions for Greece (Diakakis, 2017).

Therefore, a gridded precipitation dataset of a sub-daily or daily resolution, which allows for
specific applications pertaining to risk mitigation and management, such as rapid analysis
of extreme events or drought evolution monitoring, is beneficial to these regions. The
suitable application of each product depends on its capabilities and the frequency with



which it is renewed. Six out of the nine datasets under evaluation use the method of
reanalysis, which may incorporate several sources of data as input (e.g. gauges and/or
satellite imaging), that undergo a process of refinement before the final product. This
particular approach is used for the ERA5SL and MSWEP reanalysis datasets, which, in
addition to the timely (near real-time) data outputs, renders them appropriate for operational
climate analysis, systematic monitoring, assessment, and forecasting of weather and
climatic conditions. Regions with insufficient gauging stations, may benefit from satellite
products, such as IMERG or PCCSCDR, which do not require ground-based data as input
and can provide information on remote areas, at a high spatial resolution and half-hourly
and 3-hourly timesteps, respectively. CHELSA has proven suitable for a diversity of
applications, but the confined temporal coverage of the dataset is restrictive for the potential
temporal extent of the analyses.

The evaluation and assessment of the gridded products, using an updated dataset of rainfall
observations, may provide greater insights into the behaviour of precipitation and further
contribute to the interpretation of long-term climate trends and their variability. A suggestion
is the utilisation of the latest NOA Automatic Network (NOAAN) gauge-data collection,
provided and managed by the National Observatory of Athens (NOA), which incorporates
contemporary, real-time, measurements of climatic parameters, but is of limited temporal
coverage (less than 20 years) (Lagouvardos et al., 2017).
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7. Appendix

Table A1. Median values of the statistical metrics of the nine datasets and number of stations
included in the 8 clusters.

Cluster ID Name NSE KGE PBIAS RMSE MAE R

1 AgERAS5 0.27 0.43 1.86 5.07 1.49 0.55

No. of stations  CERRAL -0.09 0.34 -16.42 6.21 1.82 0.40
38 CHELSA 0.15 0.37 -1.97 5.27 1.63 0.46
CHIRPS -0.24 0.26 -8.15 6.56 2.17 0.29

E-OBS 0.15 0.28 18.75 5.40 1.58 0.43

ERA5L -0.05 0.25 3.32 6.07 1.74 0.35

IMERG* 0.00 0.39 -9.10 5.95 1.73 0.41

MSWEP -1.59 0.00 -28.77 9.55 2.56 0.15

PCCSCDR -0.23 0.24 —20.96 6.84 2.08 0.39

Cluster ID Name NSE KGE PBIAS RMSE MAE R

2 AgERAS5 -0.07 0.33 -41.12 5.19 1.89 0.45
No. of stations CERRAL -0.32 0.31 -20.25 5.52 1.88 0.38
36 CHELSA 0.13 0.39 -3.86 4.61 1.59 0.47
CHIRPS -0.39 0.20 -16.94 5.99 2.08 0.29

E-OBS 0.01 0.26 13.02 4.89 1.64 0.35

ERA5L -0.47 0.17 -41.34 5.92 217 0.30

IMERG* -0.01 0.36 -14.77 4.96 1.71 0.43

MSWEP -2.78 -0.37 -53.99 9.49 2.72 0.14

PCCSCDR -0.57 0.23 -29.84 6.14 2.06 0.37

Cluster ID Name NSE KGE PBIAS RMSE MAE R

3 AgERA5 0.23 0.29 26.41 10.67 4.18 0.51
No. of stations CERRAL 0.10 0.25 28.01 11.47 4.44 0.40
24 CHELSA 0.25 0.21 38.81 10.39 3.89 0.52
CHIRPS -0.10 0.20 31.14 12.74 4.86 0.33

E-OBS 0.12 -0.03 55.51 10.97 3.92 0.41

ERAS5L 0.06 0.21 21.24 11.67 4.73 0.35

IMERG* 0.17 0.18 37.10 10.82 4.11 0.45

MSWEP -0.50 0.11 35.50 14.87 5.07 0.19

PCCSCDR 0.09 0.28 27.21 11.47 4.50 0.42

Cluster ID Name NSE KGE PBIAS RMSE MAE R

4 AgERA5 0.09 0.35 -5.39 6.86 2.58 0.43
No. of stations  CERRAL 0.13 0.47 -1.82 6.81 2.32 0.52
66 CHELSA 0.16 0.33 15.61 6.59 2.34 0.45
CHIRPS -0.44 0.24 -2.98 8.54 3.02 0.27

E-OBS 0.14 0.27 25.11 6.59 2.19 0.43

ERA5L 0.09 0.34 -5.46 6.86 2.62 0.42

IMERG* 0.05 0.38 -0.52 7.05 2.48 0.42
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MSWEP -1.26 0.08 1.15 10.99 3.29 0.16

PCCSCDR -0.29 0.26 -4.96 8.08 2.85 0.32

Cluster ID Name NSE KGE PBIAS RMSE MAE R
5 AgERAS 0.17 0.41 -25.47 6.02 1.98 0.51

No. of stations = CERRAL -0.23 0.21 -18.22 6.79 243 0.30
23 CHELSA 0.30 0.45 -5.18 5.39 1.77 0.57
CHIRPS -0.08 0.33 -5.39 6.68 2.20 0.37

E-OBS 0.12 0.20 26.53 5.96 1.80 0.38

ERA5L -0.28 0.16 —27.63 7.08 2.56 0.20

IMERG* 0.06 0.41 -6.50 6.22 1.80 0.45

MSWEP -0.94 0.15 -21.02 9.34 2.59 0.22

PCCSCDR -0.11 0.37 -35.45 7.09 2.22 0.51

Cluster ID Name NSE KGE PBIAS RMSE MAE R
6 AgERAS 0.23 0.39 4.91 7.99 3.09 0.53

No. of stations = CERRAL 0.00 0.33 10.58 8.91 3.40 0.40
56 CHELSA 0.29 0.32 28.28 7.68 2.83 0.55
CHIRPS -0.25 0.29 11.22 10.24 3.75 0.35

E-OBS 0.14 0.14 40.83 8.21 2.87 0.42

ERA5L -0.07 0.24 2.92 9.18 3.64 0.33

IMERG* 0.20 0.36 20.75 8.12 3.00 0.48

MSWEP -0.86 0.11 16.83 12.61 4.01 0.18

PCCSCDR 0.00 0.39 12.17 9.07 3.23 0.50

Cluster ID Name NSE KGE PBIAS RMSE MAE R
7 AgERAS 0.07 0.33 -19.69 5.96 2.35 0.44

No. of stations = CERRAL -0.34 0.24 -14.45 6.51 2.55 0.29
35 CHELSA 0.14 0.34 10.58 5.47 1.98 0.47
CHIRPS -0.24 0.26 -2.91 6.76 2.50 0.29

E-OBS 0.06 0.16 2547 5.76 2.00 0.36

ERA5L -0.30 0.14 -17.44 6.54 2.80 0.23

IMERG* 0.00 0.33 3.50 6.07 210 0.40

MSWEP -1.47 0.05 -17.22 9.92 3.02 0.17

PCCSCDR -0.17 0.32 -6.77 7.08 242 0.37

Cluster ID Name NSE KGE PBIAS RMSE MAE R
8 AgERAS 0.28 0.16 39.01 8.01 2.25 0.56

No. of stations = CERRAL 0.13 0.26 25.66 8.57 2.52 0.43
22 CHELSA 0.32 0.36 22.65 7.82 2.38 0.58
CHIRPS -0.33 0.18 26.51 11.05 3.23 0.26

E-OBS 0.26 0.17 46.63 7.75 2.28 0.52

ERA5L 0.08 0.05 42.73 8.56 2.57 0.34

IMERG* 0.21 0.34 31.56 8.21 2.39 0.52

MSWEP -0.64 0.06 37.19 11.86 3.31 0.15

PCCSCDR 0.09 0.28 15.21 9.53 2.88 0.45
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Table A2. Median correlation coefficient and percent bias of extreme indices of the nine datasets, in
the 8 clusters, between 1985 — 2016. Disclosed in brackets are the corresponding values of each
index, as calculated from the observations. The asterisks (**) denote insufficient data due to the
pre-processing of E-OBS and implementation of the 70% fill rate of daily values.

1 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERASL IMERG* MSWEP PCCSCDR
R95p R 0.38 0.41 0.43 067 003 0.48 0.09 0.71 0.02
[111.4

mm]  PBIAS -346 3117  -11.11 324 6533 747 7983  -24.77 -80.84
rx1 R 0.24 0.44 0.33 025 0.1 025  -0.20 0.23 -0.05
[113.2
mm]  PBIAS 20.71 -9.21 3780 1164 4215 2366 -3270 -11.54  -181.97
x5 R 0.15 0.27 0.19 018 0.6 0.08 0.11 -0.08 -0.21
[178.7
mm]  PBIAS 23.17 6.58 3524 1770 5023 2838  -514  14.66 -67.10
SDII R 0.43 0.48 0.39 045 038 0.40 0.32 0.32 0.36
[9.9
mm/d]  PBIAS 36.17 27.37 4202 -1870 3878 3957 2276  36.83 -6.13
R10mm R 0.68 0.63 0.72 075 072 0.69 0.65 0.71 0.70
[15.2
days]  PBIAS -5.81 -5.02 1740  -1645 3908  -234  -8.20 8.45 2.76
R20mm R 0.69 0.72 0.67 075 067 0.69 0.57 0.69 0.69
[6.5
days]  PBIAS 22.64 15.75 4975  -456 7781 2498  -1.71 35.55 5.13

2 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
RO5p R 0.30 0.27 0.16 026 -0.13 0.27 0.11 0.25 0.31
[99.3

mm]  PBIAS -110.88 10099  -3423 -3817 874 .. ge C139004 7162 18632
rx1 R 0.16 0.19 0.38 031 013 0.04 0.13 0.00 0.04
[95.2
mm]  PBIAS 2249  -2143 34.71 040 3675 2407 -2568  -882  -173.38
rx5 R 0.54 0.62 0.65 066  0.26 0.48 035  -0.08 0.09
[162.0
mm]  PBIAS 1871  -14.70 2588  -077 4550 2169 -11.86 4.55 -88.34
sDIl R 0.35 0.53 0.60 061  0.65 0.48 0.33 0.43 0.50
8.1
mm/d]  PBIAS 34.82 22.55 3806 -32.68 3537 3672 1923  33.16 -12.80
R10mm R 0.58 0.61 0.56 073  0.66 0.63 0.58 0.67 0.47
[14.3
days] PBIAS -10.86  -15.99 11.02 -2620 3380 -958 -11.31 2.78 -1.36
R20mm R 0.34 0.60 0.55 074 060 0.47 0.47 0.57 0.52
[4.8
days]  PBIAS 23.29 1.87 4346 2175 7500 2439  -351 29.16 0.54
3 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
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R95p R 0.44 0.45 0.40 018 025 0.43 0.46 0.24 0.20
[273.6
mm]  PBIAS 7.19 -2.46 31.02 2939  60.82 437  -725 2518 -3.26
rx1 R 0.11 -0.09 0.39 034 030 -002  -0.14 0.34 0.12
[164.7
mm]  PBIAS 13141 -19.85 4096 1383 3736 1994 1173 143  -157.73
rx5 R 0.25 0.75 0.66 054  0.26 0.31 0.13 0.51 0.26
[345.2
mm]  PBIAS 17.76 -3.33 36.01 17.32 4681  23.05 3.81 15.41 -66.57
SDII R 0.60 0.80 0.69 056 043 0.53 0.48 0.47 0.24
[19.3
mm/d]  PBIAS 39.84 28.78 4619 1034 3599 4178 2995  41.14 -2.03
R10mm R 0.75 0.89 0.90 086  0.85 0.80 0.79 0.82 0.61
[44.4
days] PBIAS  -1692  -20.11 1559  -23.84 3176 -13.82 -10.72 2.14 —5.20
R20mm R 0.82 0.90 0.88 085  0.73 0.77 0.78 0.76 0.58
[25.7
days]  PBIAS 17.89 -3.44 4845  -754 7577  18.39 004  31.34 -2.14
4 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
RO5p R -0.07 -0.12 004  -013 -004 -013  -010  -0.22 0.03
[160.5
mm]  PBIAS  -1822  —24.11 10.21 612 5802 -1359 -5024  -15.18 -50.28
rx1 R 0.34 0.22 0.39 023 024 0.29 0.20 0.14 0.27
[149.0
mm]  PBIAS 26.03 -3.58 4123 1086 4321 2609  -7.79 043  -166.66
rx5 R 0.35 0.42 0.48 043 032 0.42 0.25 0.37 0.31
[231.1
mm]  PBIAS 20.98 1.31 33.09 1461 5001  21.37 584 1173 -73.55
SDII R 0.45 0.54 0.60 043 043 0.45 0.45 0.48 0.41
[11.8
mm/d] PBIAS 4196 32.45 4526 -1599 4186 4215  30.14  40.99 1.40
R10mm R 0.52 0.68 0.73 061 075 0.58 0.69 0.74 0.25
[24.2
days]  PBIAS -0.86 —2.74 19.91 -3.76 4005  -3.00  -1.11 10.74 10.03
R20mm R 0.47 0.66 0.70 060 065 0.51 0.57 0.71 0.37
[10.2
days]  PBIAS 31.17 18.17 50.32  -672 7845  30.16 886  36.78 12.29
5 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
RO5p R 0.38 0.22 0.29 017 005 041  -0.05 0.34 0.45
[123.7
mm]  PBIAS = -27.77  -40.56 112 1415 4810 -19.15 -90.59 -21.74 -61.22
rx1 R 0.34 0.20 0.42 032 042 0.11 0.21 -0.04 0.50
[110.0
mm]  PBIAS 36.85 8.47 49.08 2374 5561 3907 -11.37  -1.86  -129.77
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rx5 R 0.57 0.26 0.69 070 052 0.54 0.53 0.06 0.43
[182.5
mm]  PBIAS 34.29 14.63 4139 2029 6186  38.15 9.31 22.27 -43.09
SDIl R 0.60 0.69 0.66 066  0.75 0.54 0.73 0.58 0.48
[12.4
mm/d] PBIAS 4876 41.44 5096  -113 5573 5153 3507  46.76 14.63
R10mm R 0.83 0.71 0.82 084 084 0.84 0.84 0.88 0.70
[18.7
days]  PBIAS 5.27 6.92 2313 -3.04 5040 9.15 418  18.15 17.44
R20mm R 0.70 0.73 0.76 078  0.76 0.72 0.82 0.78 0.68
[8.0
days]  PBIAS 34.25 28.14 50.98 742 8222 3748 1415 4188 24.13
6 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
RO5p R -0.27 0.24 009  -022 -036 -034 -030  -0.17 -0.15
[203.7
mm]  PBIAS  -18.18  -20.13 12.99 725 5259 1315 —49.00  —-4.50 -38.39
rx1 R 0.29 0.37 0.46 032 017 0.32 034  -0.01 0.07
[132.5
mm]  PBIAS 28.48 -8.70 4365 1224 4458 2795 -1505  11.51 -159.73
rx5 R 0.37 0.61 0.45 045  0.21 0.39 0.50 0.12 0.22
[276.0
mm]  PBIAS 25.66 7.48 3913 1969 52.85 2556  -0.74  23.68 -61.01
) R 0.58 0.76 0.71 063 062 0.63 0.48 0.60 0.50
[15.4
mm/d]  PBIAS 4027 32.29 4481 1592 4097  39.62 2580  40.01 142
R10mm R 0.78 0.86 0.86 081  0.81 0.79 0.81 0.84 0.52
[33.9
days]  PBIAS -0.81 3.46 2349  -8.36 4242  -146  -018  16.03 9.51
R20mm R 0.66 0.84 0.79 080 067 0.70 0.71 0.75 0.55
[16.5
days]  PBIAS 26.84 22.26 5300 101 77.85 2677 598  39.66 10.25
7 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
RO5p R 0.16 0.20 000  -0.06 -0.16 0.16 000  -0.19 0.07
[125.8
mm]  PBIAS  —4227  -50.00 2.40 319 3638 4369 -70.16 -17.18 -83.85
rx1 R 0.19 0.25 0.65 049  0.66 009  -0.01 0.32 0.06
[91.0
mm]  PBIAS  44.65 9.10 46.42 1435 8319 4761 225 1373  -143.81
rx5 R 0.07 0.62 0.74 049 053 012  -0.02 0.57 0.24
[158.8
mm]  PBIAS 33.92 11.13 3862 2442 8273 4318 048 2064 -76.26
) R -0.23 0.41 0.61 065 087 -024  -0.11 0.48 0.30
[10.4
mm/d]  PBIAS  44.81 29.19 3936  -1571 79.02  50.04 2872 3453 0.58
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R10mm R 0.26 0.70 0.81 042 091 0.25 0.32 0.51 -0.11
[19.8
days]  PBIAS 10.51 5.31 3.34 053 7620 1881  -7.75 6.91 14.19
R20mm R 0.11 0.70 0.76 063 074 0.07 0.19 0.47 -0.06
[7.9
days]  PBIAS 35.23 21.29 37.05 147 8940 4467  -313  27.71 15.55
8 AgERA5 CERRAL CHELSA CHIRPS E-OBS ERA5L IMERG* MSWEP PCCSCDR
R95p R 0.74 0.70 0.65 0.34 wx 0.63 0.33 0.59 0.45
[176.9
mm]  PBIAS 29.59 -1.00 12.96 9.90 » 3071 -3654  -1.04 -9.92
rx1 R 0.02 0.22 0.11 037 -0.55 027  -0.10 0.15 0.40
[158.5
mm]  PBIAS 899  -53.64 2719 1222 6756 3419 -7229  -32.51 -191.09
rx5 R 0.15 0.39 0.35 044  -047 0.40 0.02 0.26 0.08
[288.8
mm]  PBIAS  -19.79  -59.55 221 -19.04  65.36 921 -8355 -49.73  -160.57
) R 0.88 0.91 0.76 063  0.71 0.96 0.72 0.77 0.91
[16.9
mm/d]  PBIAS 022  -30.27 -399 -9541 5394 2290 -4748 -17.25 7817
R10mm R 0.87 0.88 0.70 0.81 0.92 0.87 0.84 0.90 0.68
[25.7
days] PBIAS -6587 -7591  -7555 -90.73 5545 -28.27 -12366  -66.20 -62.88
R20mm R 0.88 0.87 0.68 0.81 0.62 0.87 0.69 0.85 0.77
[14.1
days] PBIAS -39.83 -66.34  -30.84 -106.82 77.79 -11.80 -17328  -50.05 -85.80
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Figure A1. Distribution of statistical metrics of the CHELSA dataset in three altitude ranges and the
corresponding median scores.
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