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Abstract

Accurate rainfall measurements are a critical component in many hydrological and agricultural applications. Tropical
regions often lack the infrastructure for measuring rainfall at high spatial and temporal resolutions.

Commercial Microwave Links (CML) provide opportunities for high-resolution rainfall measurements in tropical regions.
As their standalone applicability is limited by various sources of error and their distribution in space they should be
complemented with additional sources of rainfall measurements. For that purpose, this study uses rainfall estimations
from the Integrated Multi-satellitE Retrievals for GPM (IMERG) V06 Late Half Hourly. CML and IMERG-derived
rainfall estimations between September and December 2019 for Sri Lanka are combined through Kriging with External
Drift (KED). This study was the first one to attempt to merge CML and satellite data and found that KED is not
suitable. Using KED does not increase performance compared to IMERG or CML as standalone methods. Overall,
KED underestimates rainfall and contains more errors than IMERG and CML, due to the low correlation between
CML and IMERG and the strong variation over the domain. Validations using a gauge data set showed some seasonal,
but no spatial patterns. Future research should implement methods that rely less on assumptions such as Double
Kernel Density Smoothing or Geographically Weighted Regression Kriging. Additionally, improving understanding of
precipitation and landscape characteristics allows more effective tailoring of the merging method.



Contents

1 Introduction
1.1 Context and motivation
1.2 Research questions
1.3 Thesis contents

2 Materials and Methods
2.1 Field Site
2.2 Data
CML derived rainfall measurements
Satellite rainfall measurements
Rain gauge measurements
2.3 Methods
2.3.1 Merging CML and IMERG precipitation measurements
2.3.2 Performance measures
Wet-Dry classification
Statistical evaluation

3 Results
3.1 Evaluation overall performance

3.1.1 Wet-Dry Classification

3.1.2 Statistical evaluation
Monthly comparison
Spatial variability
Rainfall maps
Violation of Kriging Assumptions

4 Discussion
4.1 Data limitations

411 IMERG
412 CML

4.1.3 Gauges
4.1.4 General

4.2 Limitations of using KED

5 Conclusion
5.1 IMERG
5.2 KED

Acknowledgements
Bibliography

A Additional figures

O ~N~NOOOo U A A~NDND W N =

© ©

10
11
12
14
15

19
19
19
19
19
19
20

22
22
22

24

25

29



10

15

20

25

30

35

40

45

1 | Introduction

1.1 Context and motivation

Accurate rainfall monitoring is required for applications
such as flood prediction and management, agricultural
modelling, and weather forecasting (Grum et al., 2005;
Brauer et al., 2016; Gaona et al., 2018; Chwala and
Kunstmann, 2019; Overeem et al., 2021). Additionally,
precipitation data can be used to assess the effects of cli-
mate change (Skofronick-Jackson et al., 2018). Because
of its high variability in both time and space, rainfall is no-
toriously difficult to measure on large scales (Grum et al.,
2005; Chwala and Kunstmann, 2019; Overeem et al.,
2021). Especially in developing countries with tropical
climates, rainfall estimation remains a hefty challenge
(Tapiador et al., 2021). The rainfall regimes in tropical
climates are characterised by high spatial and temporal
variability (Wong and Jim, 2014). However, developing
regions usually lack measuring networks that can accu-
rately capture the diversity in precipitation intensity and
location (Gosset et al., 2016).

Various methods to estimate rainfall over large areas
exist, such as rain gauges, satellites, weather radar and
commercial microwave links (CML), each with different
benefits and drawbacks. Rain gauges, for example, are
able to directly measure rain but are negatively affected
by wind, evaporation, and snow and usually have limited
spatial coverage (Brauer et al., 2016). Regional rainfall
estimates interpolated using sparse gauge networks are
shown to contain large errors due to the limited sampling
density (Shao et al., 2021).

Weather radars can continuously measure precipita-
tion with a radius of 200 kilometres but are costly to
install and maintain and often not present in econom-
ically underdeveloped regions. Radar estimations are
also affected by errors such as ground clutter and beam
blockage (Todini and Mazzetti, 2006).

Satellites provide global estimates, often being the
only source of precipitation estimation in developing re-
gions. However, satellite estimations of precipitation are
known to be afflicted by errors and bias and can have very
low accuracy. The quality of the estimations is mainly
impacted by instrumental, algorithmic and sampling er-
rors (Zhao et al., 2022). Additionally, most satellite
products have coarse resolutions, both on spatial and
temporal scales (Gaona et al., 2018). This severely limits
the stand-alone applicability of satellites for precipitation
measurements (Overeem et al., 2016a).

CML are recognized as a valuable opportunistic source
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of precipitation estimations (e.g. Leijnse et al. (2007);
Overeem et al. (2016b); Gaona et al. (2018); Christofi-
lakis et al. (2020); Graf et al. (2020)). The frequency
of the emitted electromagnetic waves from telephone
towers is sensitive to attenuation by rainfall (figure 1.1).

] " MM/\NW\AWWWN h

Figure 1.1: Workings of CML. Adapted from Polz et al. (2021).
Karlsruhe Institute of Technology.

Records of the transmitted and received signal level
(RSL) allow the estimation of a path averaged rain rate
based on a power-law attenuation equation (equation
1.1), where A is the attenuation, R is the path averaged
rain rate and a and b are functions of the drop size dis-
tribution and signal frequency and polarisation (Zinevich
et al., 2008).

A=aR’ (1.1)

The difference in RSL of the emitted and received mi-
crowave between wet and dry events allows for estimation
of path-averaged rainfall rates (Overeem et al., 2016b).
Overeem et al. (2013) found that around 90% of the
land area of the world is covered by telecommunication
networks, resulting in the low additional costs and global
applicability of this technique.

CML derived rainfall data also knows drawbacks. Sig-
nal strength is not only affected by precipitation, but
also by fog, dust, wet antenna attenuation, and reflection
of the beam by objects such as buildings (Gaona et al.,
2018; Overeem et al., 2021). The accuracy of the esti-
mation depends on the number of links present and the
density of radio towers strongly correlates with popula-
tion density. This results in CML estimations being most
accurate in and around urban areas, but generally much
less so in remote regions (Gaona et al., 2017; Chwala
and Kunstmann, 2019). As stated by David et al. (2021),
the associated sources of error and the unequal spatial
distribution means that CML should be supplemented
with other data sources, especially when used in remote
areas.
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Efforts to improve precipitation estimation worldwide
are made through NASA's and JAXA's Global Precipita-
tion Mission (GPM). Their Multi-satellitE Retrievals for
GPM (IMERG) product offers a gridded global precipi-
tation data set that is available at 30 minute intervals.
While IMERG has been a big step towards tackling ac-
curate precipitation measurements, the product does
contain significant bias and error. Anjum et al. (2019)
found that IMERG tends to underestimate low-intensity
events and fails to capture light rainfall. Subsequently,
multiple studies have found that IMERG fails to record
high-intensity events, underestimating the total amount
of precipitation (Foelsche et al., 2017; Maranan et al.,
2020; Bogerd et al., 2021). However, validations of
IMERG in the West African forest zone and the Merapi
basin in Indonesia have shown promising results regard-
ing IMERG's performance in tropical climate regimes
(Maranan et al., 2020; Rahmawati et al., 2021). Addi-
tionally, Skofronick-Jackson et al. (2017) have confirmed
IMERG's capability to capture monsoon dynamics in In-
dia. IMERG is thus a viable candidate to supplement
CML in tropical regions. However, as mentioned by
Sunilkumar et al. (2019), evaluation results differ be-
tween regions and region-specific evaluation is advisable
prior to using IMERG precipitation estimates.

Merging multiple sources of measurements is a so-
lidified manner to improve rainfall estimation (Liberman
et al., 2014; Tromel et al., 2014; Kumah et al., 2020; Shao
et al., 2021). Bianchi et al. (2013) have demonstrated
that rainfall estimations combining satellite, gauge, radar,
and CML derived measurements perform better than the
individual methods. For example, Kumah et al. (2021)
used satellite data for Wet-Dry classification and esti-
mation of wet path length resulting in improved CML
accuracy. Most research on merging rainfall products is
conducted on merging gauges and radar, radar and CML,
or satellites and gauges (e.g. Krajewski (1987); Sinclair
and Pegram (2005); Yuehong et al. (2008); Kim and Yoo
(2014); Park et al. (2017)). As radar and gauges are not
always available in tropical regions, the current research
will merge CML and satellites, which is, as far as the
author is aware, the first attempt at doing so.

Merging can be done using a panoply of methods (Sa-
font et al., 2019). Some examples are a mean field bias
(MFB) adjustment (Cummings et al., 2009), a distance
weighted algorithm (Liberman et al., 2014), various types
of Kriging (Haberlandt, 2007; Cantet, 2017; Eisele et al.,
2021), a Kalman filter (Trémel et al., 2014), Kernel den-
sity smoothing (Li and Shao, 2010; Long et al., 2016)
and by integrating some of the previously mentioned
methods (Shao et al., 2021). Simplistic methods such
as using an MFB adjustment, Inverse Distance Weight-
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ing and Nearest Neighbours usually fail to capture the
variability of the rainfall field (Haberlandt, 2007; Trémel
et al., 2014; Liberman et al., 2014). Approaches using
calculus of variation such as described by Bianchi et al.
(2013), are complex and difficult to implement for large
data sets.

In the existing literature, Kriging is reported as one
of the best methods for merging different sources of
rainfall measurements when using a sufficiently large
number of observations. Non-stationary types of Kriging
that combine a regression of the dependent variable, an
auxiliary variable, and the spatial autocorrelation between
the residuals such as Kriging with External Drift (KED)
show the most favourable performance compared to some
of the other methods mentioned above. When used
for large regions, these non-stationary Kriging methods
are able to capture the dynamic nature of rainfall and
produce lower errors and inaccuracies (Goudenhoofdt and
Delobbe, 2009; Sideris et al., 2014; Park et al., 2017).
Implementing a merged product in tropical regions can
significantly improve rainfall estimation. The current
research uses multiple sources of rainfall estimation to
create such a merged product, combining IMERG and
CML using KED.

1.2 Research questions

This research will study the potential of a merged IMERG-
CML based rainfall product. The input measurements
need to be evaluated on their performance to identify
sources of bias and error that can propagate into the
merged product. Initially, the performance of IMERG
in Sri Lanka should be evaluated. For the evaluation
of the performance of CML, the results from Overeem
et al. (2021) will be used, which examine the same area
and period as the current research. These evaluations
will be used to assess whether combining of CML and
IMERG leads to improved estimation compared to the
individual products. From this objective, the following
research questions are formulated.

1. How accurate are IMERG precipitation estimates
over Sri Lanka?

2. What is the potential of a merged product using
KED for estimating rainfall in Sri Lanka?

a) How does the performance of the merged prod-
uct compare to the rain gauge measurements
and CML and IMERG individually?

b) What are the most important precipitation
characteristics and spatial factors associated
with errors and biases in the merged product?
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1.3 Thesis contents

This thesis is divided into five chapters. Chapter 2 ad-
dresses the data and methods used and describes the area
under evaluation. In this chapter the site characteristics
of the study area are discussed. Additionally, the studied
data sets, preprocessing steps and implemented methods
are described. Subsequently, the chapter describes the
methods used. Chapter 3 describes the results of the
previously described methods. In chapter 4, the limita-
tions of the current research as well as suggestions for
future research are presented. The last chapter, chapter
5, provides the conclusion of the research.
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2.1 Field Site

The research area comprises Sri Lanka, an island na-
tion located in the Indian Ocean. The yearly average
temperature is 27° C and the country has a tropical
monsoon climate. The Sri Lankan monsoon climate is
characterised by intense precipitation events, as stated
by Thambyahpillay (1954): "It never rains, it pours."

The precipitation pattern is subject to strong temporal
and spatial variation, with mean annual rainfall below
900 mm in the southeast and northwest and above 5000
mm on the western slopes of the mountains in the south
(Overeem et al., 2021). Following the classification of
Karunaweera et al. (2014), the country is divided into
three climatic zones: wet, dry, and intermediate (figure
2.1).
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Figure 2.1: Climatic regions Sri Lanka. Adapted from Karunaweera
et al. (2014)

Rainfall characteristics such as intensity and drop
size distribution influence the accuracy of measurements,
understanding the different drivers of the Sri Lankan
weather patterns thus increases understanding of valida-
tion results.

The period under review spans from 12 September
to 31 December 2019. This period captures the last
part of the southwest monsoon (SWM) -from May until
September-, the second inter-monsoon period (IMP) -
between October and November-, and the first part of
the northeast monsoon (NEM), between December and
February (Thambyahpillay, 1954).

During the SWM the monsoon brings moisture from
the Indian Ocean and causes intense precipitation, up to
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Materials and Methods

2500 mm per month, on the southwest coast. Addition-
ally, heavy rains occur on the windward (southwestern)
side of the mountains, while there is very little rain on
the leeward (northeastern) side.

Within the IMP, rainfall most of Sri Lanka receives
400 mm of rain. In the same period, the southwestern
slopes are subject to rainfall sums of up to 1200 mm.
Furthermore, this period is characterized by strong winds,
thunderstorms, and high-intensity precipitation events.
These are influenced by the southward migration of the
Inter Tropical Convergence Zone over Sri Lanka, tropical
depressions, and cyclones.

During the NEM, the west coast receives relatively
little rain, while heavier precipitation occurs in the north-
eastern part. The windward slopes of the mountain range
experience rainfall up to 2500 mm (Marambe et al., 2015;
Overeem et al., 2021).

2.2 Data

Three sources of rainfall data are used: CML, satellite,
and gauge measurements. CML and satellite measure-
ments will be merged and the gauge data is used for
the validation of the merged product and IMERG. These
sources will be described in the following section.

CML derived rainfall measurements

Path averaged rainfall rates derived from the CMLs are
retrieved using the R package RAINLINK!. Using the
maximum and minimum signal level over a period of
15 minutes, the maximum and minimum RSL are deter-
mined which are converted to mean rainfall intensities.
To estimate rainfall rates, RAINLINK follows a five-step
process: 1. Wet-Dry classification, 2. reference level
calculation, 3. outlier filtering, 4. conversion to signal
attenuation, and 5. path averaged rainfall intensity calcu-
lation. These steps are shortly explained in the following
paragraph.

Firstly, to prevent rainfall overestimation during dry
periods, wet-dry classification using the nearby link ap-
proach is employed to separate wet and dry periods (step
1). If at least half of the links in the vicinity (i.e., within
10 km) are experiencing a decrease in RSL, the link for
that time step is classified as wet. Secondly, a Reference
Signal Level is computed (step 2) after which outliers

IThe package can be found on GitHub

https://github.com/overeem11/RAINLINK
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Figure 2.2: Cml locations. Adapted from Overeem et al. (2021)

are removed based on a Received Power Threshold (step
3). Subsequently, the minimum and maximum received
powers are converted to attenuations using the reference
signal level (step 4). Lastly, the path averaged rainfall
intensities are computed from these corrected and filtered
attenuations (step 5). For more details on RAINLINK,
consult Overeem et al. (2016a).

The minimum and maximum RSL used for produc-
ing rainfall rates for Sri Lanka are provided by Dialog
Sri Lanka for 1326 link paths at 15-minute intervals
(Overeem et al., 2021). Although RAINLINKSs parame-
ters such as the nearby link search radius, wet antenna
attenuation, and the outlier filter threshold are calibrated
for the Netherlands, Overeem et al. (2021) found that
this does not severely impact RAINLINKs performance
for Sri Lanka. This is likely due to the smaller relative im-
portance of wet antenna attenuation and errors in dry-wet
classification as a result of the generally higher rainfall
intensity in Sri Lanka. Additionally, Gaona et al. (2017)
found that differences in climatology do not strongly
affect the power-law relation (equation 1.1) used to re-
trieve rainfall rates. This renders RAINLINK useful and
effective for estimating rainfall in tropical regions.

Satellite rainfall measurements

For the satellite measurements the GPM IMERG prod-
uct is used, of which the most current version is V06.
IMERG is a combination of observations from the GPM
Core Observatory satellite, the GPM constellation, and
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reanalysis data®. Gaps in the observations are filled using
morphing algorithms (consult Huffman et al. (2015b);
Tan et al. (2019); Huffman et al. (2015a) for a more
in-depth description of IMERG). Additionally, temporal
interpolation is done using displacement vectors derived
from infrared measurements (Tan et al., 2016; Maranan
et al., 2020). This combination allows for precipitation
estimation at 30-minute intervals at a 0.1° resolution
(~120km?). 1066 IMERG pixels are considered in the
current research, depicted in figure 2.3 (Foelsche et al.,
2017).
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Figure 2.3: IMERG pixel location over Sri Lanka

Three types of IMERG products exist, IMERG Early
(IMERG-E), IMERG Late (IMERG-L) and IMERG Final
(IMERG-F). Their respective latencies are three hours,
twelve hours, and three months. Selecting the most
appropriate version of IMERG is subject to several con-
siderations, regarding their performance and temporal
availability.

Bogerd et al. (2021) describes that IMERG-L per-
forms better than IMERG-E, due to the inclusion of
additional sources of data and the usage of both forward
and backward propagation, instead of only forward in-
terpolation. The IMERG-F product is regarded as the
most accurate version, due to its calibration using gauges
from the Global Precipitation Climate Centre (GPCC)
(Huffman et al., 2015a). However, these GPCC gauges
are unequally spread. As Brocca et al. (2020) have
found, IMERG-L outperforms IMERG-F in gauge-poor
areas. As the number of GPCC gauges in Sri Lanka is
limited and the latency of IMERG-L is much lower than
that of IMERG-F, 14 hours versus 3 months, IMERG-L
is assumed to perform best and is chosen. The prod-

?Reanalysis data is a combination of past short-term forecasts
and observations through assimilation, used in meteorology.
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uct is available both on half-hourly and daily timescales.
The current research uses the V06 IMERG-L half-hourly
product, hereafter referred to as IMERG.

Rain gauge measurements

A rain gauge network provided by the Sri Lanka Depart-
ment of Meteorology is used to validate both IMERG and
the merged precipitation estimates. Two sets of gauge
measurements are available, one containing the data for
September-December 2019, and one data set for the
whole of 2020. Both contain stations that take hourly
and/or daily measurements. Daily measurements span
from 08:30-08:30 (+5:30 UTC) the following day.

The location of the gauges is shown in figure 2.4.
Not all gauges provide consistent measurements due to
instrument errors, in which case no data is available for
that time step. The stations, months for which data
is available, and the percentage of time intervals where
rainfall data was recorded (availability) are displayed in
table 2.1. The 2019 data serves as validation for the final
product, whereas the 2020 data only serves as validation
for IMERG.

Table 2.1: Available data

Measurement Months Year Nr. of Availability
‘ ‘ Interval stations ‘
Hourly Sept-Dec 2019 12 86%
Daily Sept-Dec 2019 11 100%
Hourly Jan-Aug 2020 19 99%
Daily Jan-Dec 2020 428 100%

79°E 80°E SI°E 82°E 79°E 80°E

(a) Gauge data 2019 (b) Gauge data 2020

Figure 2.4: Hourly and daily rain gauge measurement locations

2.3 Methods

This section describes the preprocessing of the data, the
method used for merging CML and IMERG predictions,
and the subsequent validation. To increase insight into
the performance of IMERG in Sri Lanka and the sources
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of error in the merged product, a separate validation of
IMERG is conducted, also explained in this section.

2.3.1 Merging CML and IMERG
precipitation measurements

For combining the gridded IMERG and the CML point
estimations, Kriging with External drift (KED) is used.
To avoid confusion, it should be mentioned that KED is
mathematically very similar to and thus sometimes also
called Regression Kriging or Universal Kriging. Kriging is
a statistical method that describes the unknown value Z
as a weighted combination of observations and a trend.

KED is an extension of Kriging that uses a drift func-
tion to describe a non-constant trend, allowing for the
interpolation of non-stationary variables, such as rainfall
(Cantet, 2017). KED utilises the correlation between
measurements of the variable to be interpolated at lo-
cation s, Z(s), and a second variable Y (s) to construct
the drift function. The drift function represents a linear
model of the prediction of Z(s) by Y, where Y is well
known and accurately sampled. Additionally, Z and Y
are assumed to strongly correlate over the whole domain.

After the construction of the drift function, the resid-
uals are computed. Using the covariance structure of
these residuals, the variogram that captures the spatial
autocorrelation of the residuals of Z(s) is constructed.
Local differences in Z(s) that are not captured with the
drift function, are modelled by this variogram. This au-
tocorrelation is described by the variogram parameters:
the nugget, which represents random error, the highly
local variation between observations, the range, which
is the maximum distance over which there is correlation,
and the sill, the variance in the observations at the range
distance. Additionally, there are multiple shapes of vari-
ogram models such as Gaussian, exponential, and linear.
Using the drift function and the spatial autocorrelation
Z is estimated (Haberlandt, 2007).

As IMERG data is available for the whole country, it
represents Y'(s), while the CML derived measurements
represent the value to be estimated, Z(s). Prior to merg-
ing, path averaged rainfall rates are converted to points
in the middle of the link path to simplify the interpola-
tion procedure. Additionally, the CML measurements are
averaged from measurements of every 15 minutes to half-
hourly measurements to match the temporal resolution
of IMERG. KED requires some variation in the value of
Z(s) for the construction of the variogram. Following
Grimes and Pardo-Iglizquiza (2010), only time steps with
at least 0.1% of CML measurements indicating precipi-
tation over 0.001 mm were interpolated. Instances with
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lower precipitation do not yield meaningful KED results
and are considered as dry.

Using KED for rainfall estimation faces two important
challenges. Fitting variograms on rainfall data is complex
because of the variable nature of precipitation events,
where the spatial autocorrelation of one time step can
strongly differ from the autocorrelation at the next. As
such, constructing a variogram from observations for ev-
ery subsequent time step leads to improved performance
of KED. This requires sufficient data, with a minimum
of 300 measurements of Z(s). The data provides at
least 500 measurements per time step, which makes the
continuous fitting of the variogram possible.

For every iteration, the linear model is constructed,
the residuals are computed, and the variogram is drawn
up. This will increase processing time but improve ac-
curacy (Grimes and Pardo-Igiizquiza, 2010). The auto-
mated variogram fitting is done for every iteration using
the automap package in R3. The variogram parameters
are determined for every time step separately, which re-
sults in unique variograms with a different nugget, sill,
range, and model structure. An overview of the vari-
ogram parameters can be found in the appendix ?7.

To further complicate matters, rainfall is strongly
non-normal and Kriging assumes Gaussianity (Goovaerts
et al., 1997). This is all the more important for KED, as it
requires the residuals to be Gaussian as well. Normalising
rainfall is complex due to the large number of zero values
and extremes, causing the high possibility of introducing
bias when back transforming the data.

Cecinati et al. (2017) compared different normali-
sation techniques when merging rainfall measurements
through KED. It was concluded that a Box-Cox trans-
form with A = 0.25 provides the best trade-off between
improving Gaussianity and avoiding high bias introduced
through the back transform after the interpolation. Box-
Cox transformation is a well-known method and is defined

as follows
y -1
Y= B
log(y)

here y represents the untransformed variable of inter-
est and yx is the same variable after transformation (Box
and Cox, 1964). IMERG and CML derived measurements
are both normalised using the Box-Cox transform with
A = 0.25. Normalised CML and IMERG measurements
are then interpolated on a 0.02° grid. These interpolated
values are back-transformed to obtain rainfall intensities
at half-hour temporal resolutions. Regular back trans-
formation produces the median of the variable. When

A#0

. (2.1)

3The documentation on this package can be found on:
https://cran.r-project.org/web/packages/automap/automap.pdf.
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interpolation is done, the interpolation variance can be
used to decrease bias in the back transform, after which
the back-transformed mean is produced using equation
2.2.

(A + 1)1/ [1+ %} if A #£0 02
e |1+ %] ifA=0 '
Using the Kriging variances, the KED derived measure-
ments are back transformed.

KED derived measurements below zero are set to zero
as negative rainfall is physically impossible. Additionally,
rainfall intensity values over 500 mm/h are removed for
the same reason.

2.3.2 Performance measures

The validation of rainfall measurements consists of two
parts. Firstly, the wet-dry classification is assessed, which
relates to the skill of signalling rainfall, irrespective of the
amount. This classification is followed by an appraisal
of the rainfall intensity estimation. Both evaluations are
conducted for IMERG and KED predictions. Rain gauge
measurements are compared to both measurements. As
mentioned before, some stations provide daily measure-
ments while others provide hourly measurements. As
these are not always the same station nor provide the
same amount of measurements, the hourly and daily
data are evaluated separately. As the stations used for
the daily and hourly evaluations are not the same (table
2.1), the performance scores, apart from the HSS, cannot
easily be compared between the hourly and daily evalu-
ations. The HSS is normalised by the complete range
of of possible improvement over the standard, thus this
metric can be compared.

Wet-Dry classification

Evaluation of the wet-dry classification is conducted as
follows. IMERG and KED predictions are averaged to
match the temporal resolution of the gauges. IMERG
and KED values are extracted at the location of the
gauges and compared.

Based on a threshold of at least 0.1 mm/h to distin-
guish between wet and dry, following Gaona et al. (2017),
IMERG and KED predictions are compared to the gauge
measurements and classified as Hit (H), Miss (M), False
Alarm (FA), and Correct Negative (CN). H represents a
correctly classified wet event, CN a correctly classified
dry event, M is a wet event which is classified as dry,
and FA defines dry events classified as dry. These perfor-
mance scores are combined to obtain several contingency
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metrics, following Kumah et al. (2020): Probability of
Detection (POD), Probability of False Alarm (POFA),
Accuracy (ACC) and Heike Skill Score (HSS).

Formulas for these metrics are shown in table 2.2. The
POD represents the fraction of rain correctly detected,
the POFA (also known as False Alarm Ratio) is the
fraction of no rain incorrectly detected, and ACC is the
fraction of rain and no rain correctly detected. The HSS
compares the performance of the forecast to random
chance. A POFA of 0 and POD of 1 indicate that rain is
always correctly classified. The optimal score for HSS and
ACC is 1, representing flawless forecasting and perfect
accuracy of the forecasting respectively.

Table 2.2: Metrics for evaluating Wet-Dry classification of IMERG
and KED

Metric Formula Range Optimum
POD Otol 1
POFA  as Otol 0
ACC = Otol 1
HSS (11+M)(zxfiféjv(j)]i&ff;ixj))(FA+cm') —ootol 1

Statistical evaluation

The estimations of rainfall intensity by IMERG and the
KED are compared to the gauge measurements. Perfor-
mance of the rainfall depth estimation is evaluated using
the Normalized Mean Absolute Error (NMAE) and the
Relative Bias (RB).

The NMAE is the Mean Absolute Error (MAE), nor-
malized using the mean. The MAE expresses the total
amount of error between the sample and the prediction.
The normalisation is applied to be able to compare the
metric between different scales. Not all stations and mea-
surement periods have the same data availability, so the
normalisation allows for comparison between the different
months, stations, and time intervals. The RB indicates
the average systematic error. A RB smaller than 0 and
over 0 indicate under and over estimation respectively.
An NMAE and RB of 0 would indicate perfect agreement
between the gauges and the estimation (table 2.3).

To compare the performance of KED and IMERG with
the CML data as evaluated by Overeem et al. (2021),
additional metrics, found in that paper, are used. These
are the coefficient of determination, r2 and the coefficient
of variation of the residuals, CV. Comparison between
CML and gauge values is done by constructing a simple
linear model, describing the relationship between the
two measurements. CML estimations are treated as the
predictor variable and the gauge measurements are the
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measured variable. From this linear model the 2 and
the CV are calculated. Model fit is described by the 72,
where 0 indicates no skill and 1 indicates perfect skill.
CV captures the spread of the residuals of the model
around the regression line, the maximum value depends
on the values in the data set. A CV of 0 indicates perfect
agreement between the predictor and measured variable.
Table 2.3: Statistical metrics for evaluating IMERG and the merged
product

Metric

Formula Range Optimum

0to —o0 0

NMAE ZLJRZI’MEHG.[*Ryuwe.x

g
iz1 Rgauge,i

RB L Qoene Rt 4 100%  —cotooo 0
T (vi-¥)*

cv O - 0

2 1 — 35w Otol 1

— SStut

Previous research has shown that IMERG performance
depends on rainfall intensity, which varies with location
and season (e.g Bogerd et al., 2021). As briefly men-
tioned before, CML are mainly present around urban
areas and thus, CML-derived rainfall measurements are
not equally spread over the country. Additionally, not
all links consistently provide trustworthy power levels,
resulting in a variable number of usable links over time.
Thus both the availability and the performance of CML
and IMERG vary over time and space.

This spatial and temporal variability of CML and
IMERG can propagate into the KED estimations. To
discover whether bias and error in IMERG and the KED
estimation is linked to season or location, all evaluations
are carried out on the complete data set, on data aggre-
gated per month, and data aggregated per location. For
a more in-depth evaluation of IMERG, the measurements
are also compared against the 2020 gauge data set. To
conduct spatial evaluation for 2020, aggregation is done
based on the three climatic regions as seen on figure 2.1.

KED measurements are compared to the performance
evaluation of IMERG and the CML evaluation as provided
by Overeem et al. (2021). Furthermore, as KED is
based upon assumptions regarding the input data, these
assumptions are checked. These assumptions constitute
the strong correlation between the auxiliary variable and
the variable to be estimated and the anisotropy of the
data. Investigating the validity of these assumptions
for the current data sets improves understanding of the
results.
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3 | Results

This section consists of four parts. Firstly, overall per-
formance scores and statistical metrics are presented.
Secondly, metrics are compared between months to un-
cover seasonal effects. Thirdly, evaluations are conducted
between stations for the 2019 evaluations and per cli-
matic region for the validation of IMERGs performance
in 2020. Lastly, four rainfall maps derived from KED
and IMERG are presented to appreciate rainfall patterns
produced by IMERG and KED and possible sources for
errors are discussed.

3.1 Evaluation overall performance

Firstly, the Wet-Dry classification is assessed. This relates
to the ability to distinguish between rain and no rain.
The results of the evaluations of IMERG in 2019 serve as
a benchmark for the later evaluation of the KED derived
rainfall (referred to as KED). Also, the evaluations of
IMERG in 2020 are used for general conclusions on the
performance of IMERG in Sri Lanka.

3.1.1 Wet-Dry Classification

The Wet-Dry classification is evaluated by comparing the
POD, POFA, ACC, and HSS (table 2.2). The aggregated
scores are shown in table 3.1.

The POD and POFA indicate that IMERG can accu-
rately distinguish between wet and dry time days. Hourly
variations are classified a lot more poorly. As hourly rain-
fall is a lot more variable, classification per hour is more
challenging than classification per day, partly explaining
this difference (Haberlandt, 2007). IMERG has a low
HSS, especially for hourly measurements, with almost
no improvement of skill compared to random guessing.
When considering the performance of IMERG in 2020,
the discrepancy between the hourly and daily evaluation
is again striking. The HSS between 2019 and 2020 is
similar. This indicates that the time period does not
strongly impact IMERG's country wide Wet-Dry classifi-
cation. ACC and HSS are comparable for daily IMERG
between 2019 and 2020, while slightly worse for hourly
in 2019. IMERG has a overall high accuracy, which can
be accounted to IMERGs skill at correctly classifying no
rain.

The latter is further investigated and confirmed by
calculating the same performance scores after the re-
moval of rainfall events below 1 mm, using the gauge
measurements as the indicator. From table 3.2, it can
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Table 3.1: Performance scores IMERG

Scores 2019 POD POFA ACC HSS
Daily 0.83 0.35 0.71 0.42
Hourly 0.34 0.73 0.64 0.06
Scores 2020

Daily 0.67  0.47 0.76  0.43
Hourly 0.27 0.84 0.84 0.12

be seen that the ACC and HSS decrease, this effect is
most pronounced for the daily evaluations. Performance
for daily and hourly measurements become more similar.

Table 3.2: Performance scores IMERG when solely considering
rainfall depths > 1 mm

Scores 2019 ACC HSS
Daily 0.69 0.22
Hourly 0.58 0.19
Scores 2020

Daily 0.65 0.16
Hourly 0.64 0.06

When considering KED performance scores, daily Wet-
Dry classification is somewhat decreased compared to
IMERG (table 3.3). POD and POFA are similar and there
is a small decrease in ACC and HSS. Hourly variations are
captured slightly better with KED. All hourly performance
scores have increase with respect to IMERG. However,
HSS is still very low, indicating skill on par with random

guessing.
Table 3.3: Performance scores KED
Scores POD POFA ACC HSS
Daily 0.76  0.37 0.66 0.32
Hourly 0.43  0.80 0.73 0.13

Performance scores change when only considering
rainfall depths over 1 mm. The difference with the full
evaluation for KED is smaller than for IMERG. Both for
IMERG and KED, the HSS is more favourable in the
filtered evaluations, albeit this effect is more pronounced
for IMERG. In general, neither IMERG nor KED display
high skill in Wet-Dry classification, regardless of the
inclusion of light rainfall.

Table 3.4: Performance scores KED with rainfall depths > 1 mm

Scores ACC HSS
Daily  0.72 0.12
Hourly 0.67 0.2
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3.1.2 Statistical evaluation

For a more quantitative evaluation the NMAE, RB, CV,
and r? are computed (table 2.3). Scatter plots indicating
the correlation between gauge measurements and IMERG
are shown in figure 3.1. From the figures, it can be seen
that while the NMAE is rather low, the measurements
are not aligned with the 1:1 line. For the hourly measure-
ments, there is a strong scatter around the zero rainfall
values for both years. This can stem from local variations
at the location of the gauges not captured by IMERG.
Overall, the RB indicates that IMERG slightly overesti-
mates rainfall, apart from the hourly measurements in
2019, which show an underestimation of 10.6%.

IMERG rainfall correlation for 2019
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Figure 3.1: Scatter plots for IMERG rainfall depth correlation

Figure 3.2 shows that KED performs worse at estimat-
ing rainfall sums than IMERG. Generally, the NMAE is
quite low an comparable for both intervals and measure-
ments, with KED measurements having higher NMAE
for both hourly and daily gauge values. The RB shows
that daily rainfall is underestimated and hourly rainfall is
overestimated. This pattern is also visible in IMERG. The
hourly measurements show significant disagreement with
the 1:1 line, with strong scatter at zero rainfall values,
both for IMERG and KED.

In Overeem et al. (2021), scatter plots displaying
the correlation between CML and gauge measurements
can be found. To compare the patterns, these plots
are also presented here. The CML measurements show
better agreement with the 1:1 line than both IMERG
and KED. Additionally, the scatter shows a better skill
in estimating correct rainfall depths with non-zero rain-
fall, which is absent for both KED and IMERG. For the

CHAPTER 3. RESULTS | 10

KED rainfall correlation for 2019
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Figure 3.2: Scatter plot for KED rainfall depth correlation

hourly measurements, it can be seen that there are large
rainfall depths estimated by KED, CML, and IMERG
for near-zero gauge measurements. This is most likely
stemming from strong local variability in rainfall or gauge
measurement errors, as the same pattern is found in all
three measurements and thus originates from the gauges
rather than the measurement method. Additionally, from
this, the propagation of the rainfall estimation errors in
IMERG and CML into KED can be seen.
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Figure 3.3: Scatter plots for CML rainfall depth. Adapted from
Overeem et al. (2021)

This statistical evaluation is concluded by a compari-
son of metrics from the paper by Overeem et al. (2021),
IMERG, and KED. From table 3.6 it can be seen that
IMERG and KED are outperformed by CML, with lower
r2 and a higher CV. KED shows a decrease in all met-
rics, while IMERG shows lower 72 and CV but less over-
and underestimation for the daily measurements and the
hourly measurements respectively. Especially the very
low 72 values show that KED has no skill in estimating
rainfall depth.

When only considering rainfall > 1 mm, both KED
and IMERG show further decreased performance. CV
slightly improves, but 72 is lower and especially increased
underestimation of hourly rainfall is found. It is interest-
ing to note that KED performs significantly worse than
both IMERG and CML.
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Table 3.5: Comparison of the statistical metrics IMERG, CML and
KED

All rainfall values

IMERG v RB
Daily 15 03 -10.6%
Hourly 57 02 1.1%
CML

Daily 0.87 079 -17.6%
Hourly 433 057 21%
KED

Daily 1.70 0.07 -7.8%
Hourly 59 0.003 3.2%

Table 3.6: Comparison of the statistical metrics IMERG, CML and
KED with > 1 mm of rain

Rainfall values > 1 mm

IMERG

Daily 1 02  244%
Hourly 25 0.1 -60.1%
CML

Daily 0.87 0.79 -18.6%
Hourly 0.86 058 15.6%
KED

Daily 11 002 -11.9%
Hourly 35 0.001 -63.4%

Monthly comparison

To evaluate how seasons affect performance, metrics are
aggregated per month as shown in figure 3.4. Recall that
the period under review spans three different monsoonal
periods, with the first one taking place until September,
the second one between October and November and
the last one starting in December. From this figure, no
clear seasonal pattern is visible. There is some variation
between the different months, the most notable is the
difference in HSS in KED measurements. December,
which coincides with the NEM, has the most favourable
ACC and HSS for both IMERG and KED, but the effect
is small. The differences between the months do overlap
for KED and IMERG, indicating that seasonal effects
propagate.

The same comparison is made for 2020, displayed in
figure 3.5. The daily rainfall sums are available for the
whole year, the hourly only from January until August.
There is some difference between the months, with July
having the best overall performance and February the
worst. Monthly differences between are comparable for
the hourly and daily evaluations. Low HSS and ACC are
found for March-May, which coincides with the first inter-
monsoon period. December still has more favourable
scores compared to September - November, comparable
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Figure 3.4: Performance skills per month in 2019

to what is seen in figure 3.4. January has the best HSS
and ACC, which also falls within the NEM. However, the
differences remain small and February, which is also part
of the NEM, is characterised with worse performance
metrics.

To further explore seasonal effects, metrics per month
are shown in figure 3.6. The NMAE is relatively consis-
tent between the months, the figure displays that IMERG
is associated with lower error than KED for all months.
From the NMAE plots, no pattern is visible. When com-
paring the NMAE for hourly and daily measurements
the small monthly variations are different. For example,
NMAE is higher in September than in October for both
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Figure 3.5: IMERG performance skills per month in 2020

IMERG and KED for the daily comparisons. For the
hourly evaluations, NMAE is similar for KED and higher
in October for IMERG. In case of strong seasonality, its
effect should have been visible in both the hourly and
daily gauge measurements.

Daily NMAE per month in 2019 Daily Relative bias per month in 2019
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Figure 3.6: Monthly statistical metrics KED and IMERG

The difference in RB between the months is larger.
The direction of the bias, albeit not the amount, shows
agreement between KED and IMERG performance for
September - November, whereas the directions in De-
cember are opposite. Agreement between the hourly and
daily metrics is variable. The overestimation of KED and
underestimation of IMERG in December are present in
both plots, but October rainfall is underestimated on a
daily interval but overestimated on an hourly one. When
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considering the patterns found in the Wet-Dry classi-
fication, with December having the best performance,
these plots show a different outcome. The spikes and
dips in IMERG metrics do somewhat correspond to the
spikes and dips in the KED metrics, again indicating the
propagation of the seasonal effects.

To conclude the monthly validations, the metrics for
IMERG in 2020 are displayed in figure 3.7. Here, a
strong increase in both NMAE and RB is found between
March and May, whereas the rest of the months have
comparable scores. These months coincide with the first
inter monsoonal period, which runs from the end of
February until April. This decreased performance for this
season was also found in figure 3.5.
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Figure 3.7: Monthly statistical metrics for IMERG in 2020

Spatial variability

The spatial distribution of the metrics is evaluated by
aggregating the data over the whole period per location.
For the 2019 data, maps are created displaying the hourly
and daily metrics per station (figure 3.8 and figure 3.9).

There is no distinct spatial pattern visible, however,
IMERG performs slightly worse in the eastern part of the
country, especially at the station that is at the upper
part of the eastern coast (Trincomalee). POD, POFA
and HSS show worse performance in the dry part of the
country (figure 2.1).

The scores of the daily data set are more homoge-
neous compared to the hourly ones, seen in figure 3.8
and figure 3.10. Additionally, the hourly data are both
under and overestimated, while the daily measurements
are mainly underestimated. The most favourable scores
coincide with the wet region as seen in figure 2.1. The
strong difference between the performance scores for the
hourly measurements may stem from the highly local
hourly rainfall dynamics. The large variation between
performance among gauges was also found by Overeem
et al. (2021) and can also originate from gauge errors.

The 2020 data sets are aggregated into a wet, in-
termediate, and dry zone (figure 2.1). The aggregated
scores per climatic region in 2020 for the hourly and daily
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Figure 3.8: Hourly performance metrics per station for IMERG

sets are shown in table 3.7. IMERG performs best in the
wet zone, with the most striking difference the improved
RB for the hourly data. The fact that scores indicating
the most optimal IMERG performance in the wet zone

775 and decreased performance elsewhere overlaps with the
results as seen in the maps.
Table 3.7: Scores for IMERG in 2020
Scores (Hourly) Dry Intermediate  Wet
POD 0.18 0.31 0.34
POFA 0.89 0.82 0.82
ACC 0.87 0.82 0.80
HSS 0.07 0.14 0.14
NMAE 2.32 2.27 1.81
Rel. Bias 75.7 78.3 27.6
Scores (Daily) Dry Intermediate  Wet
POD 0.86 0.88 0.86
POFA 0.7 0.61 0.46
ACC 0.6 0.6 0.63
HSS 0.23 0.26 0.3
NMAE 1.36 1.31 1
Rel. Bias 43.2 24.5 -14.6
The KED maps display no particular spatial pattern.
The reduced performance in the eastern part of Sri Lanka
as seen in figure 3.12 is also visible in the KED perfor-
780 mance scores. Again, Wet-Dry classification skill is lowest

at the Trincomalee station. From the figure, it can be
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Figure 3.9: Daily performance metrics per station for IMERG

seen that the locations of the CMLs (figure 2.2) coincide
with more favourable performance scores for KED. Espe-
cially for the daily performance, the locations with better
scores are similar between KED and IMERG, indicating
that spatial differences in IMERG performance are some-
what present in KED. Both maps indicate propagation
of spatial variability of CML and IMERG into KED.

The same spatial separation is conducted for the
hourly RB and NMAE and displayed in figure 3.12. Strik-
ing are the two stations with very distinct scores. The
most extreme ones are again Trincomalee, on the east
coast with an NMAE of 2.13 and an RB of 50.7% and
Ratmalana, on the bottom west coast, with an NMAE
of 2.12 and an RB of 105.3%. Especially the last one is
remarkable, as the stations that are close display signif-
icantly better metrics. It is unlikely that the variations
in rainfall are that local, the high RB might stem from
errors with the gauge. When looking at these metrics, no
clear relation with the climatic regions is seen. There is
no overlap between the spatial distribution of the perfor-
mance scores and the metrics. Both maps show strong
variation in performance scores per station, indicating
that there is a strong spatial variability in the perfor-
mance of IMERG, with the variation between the hourly
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Figure 3.10: Daily performance metrics per station for KED

measurements once again being greater than the daily
ones.

When appreciating the hourly KED map (figure 3.13),
the extreme values for the Trincomalee station are even
more pronounced with an NMAE of 7.58 and an RB
of 503.7% for KED. The Ratmalana station shows less
extreme metrics, however, the difference in RB with the
stations that are near remains notable.

The daily map, figure 3.15, contains less extreme val-
ues but still shows strong variation between the stations.
The similarity between scores and their magnitude is less
pronounced between the daily evaluation of KED and
IMERG as compared to the hourly evaluations (figure
3.9). For example, the station on the bottom has an
RB of -79.2% compared to IMERG and an RB of 53.6%
compared to KED. The locations with the most links,
on the eastern coast, do somewhat coincide with more
favourable metrics, but the effect is less pronounced than
as seen on the performance score maps.

Rainfall maps

The last part of this results section contains four rainfall
maps showing the rainfall patterns over Sri Lanka as de-
rived from IMERG and KED. To increase understanding
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Figure 3.11: Hourly performance metrics per station for KED
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Figure 3.12: Hourly RB and NMAE per station for IMERG

of the results and possible sources of error, two events
are chosen where KED performs well, with differences
between the gauges and KED below 0.001 mm/h. Ad-
ditionally, two events where KED performs bad, with
differences over 100 mm /h, are selected.

Figure 3.16 and figure 3.17 show two maps for itera-
tions with small differences between the interpolated and
the gauge rainfall. For the event on the 2nd of October
(figure 3.16), the location of the rainfall event overlaps
partly between IMERG and KED, rainfall on the top part
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Figure 3.13: Daily RB and NMAE per station for IMERG
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Figure 3.15: Daily RB and NMAE per station for KED)
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of the west coast is visible on both maps. Precipitation
at the bottom part of the country is not found by KED,
this part corresponds to a location with virtually no link
coverage. For the other two precipitation events in figure
3.16, the location of the rain is different. When looking
at the gauge values in table 3.8, the gauges only indi-
cate zero rainfall values, whereas KED displays very low
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rainfall values. Non-zero IMERG rainfall values are more
sparse in the table but mostly higher than KED. Rainfall
as depicted by KED is highly local, IMERG shows more
spread-out events.

In figure 3.17 the location of the rainfall is widely
different between KED and IMERG. The location of the
precipitation event on the current and the previous map is
similar for KED but not for IMERG. This might indicate
the effect of CML picking up a highly local event or a
malfunctioning link. Rainfall as indicated by IMERG is
now also highly local and isolated. Again, all gauges
indicate zero rainfall, with IMERG estimating less wet
instances but with higher values.

The two events where KED performs bad are depicted
in figure 3.18 and figure 3.19. The interpolated precipi-
tation intensities on the 25th of October do somewhat
coincide with higher precipitation intensities as measured
by IMERG. Additionally, the rainfall pattern is compara-
ble, however IMERG estimates rain are more locations
and again shows less local rainfall.

Especially for the the 9th of November, the rainfall
patterns as depicted by KED are present at locations
where IMERG measures very low to no rainfall and vice
versa. From table 3.11, it can be seen that KED generally
gives estimations close to the zero values as indicated by
the gauges, but has one high value, which is the cause
for the large overall difference. Note that four all four
maps, gauges indicated zero values. It might be the
case that IMERG incorrectly detected rainfall, however
looking at the intensities, it is more likely that the gauges
were affected by measurement errors. Additionally, the
location of the precipitation events might not have been
close to the gauges.

The KED interpolated rainfall is more local, while
the IMERG measurements are more smooth. From the
figures, it can be concluded that KED is better at captur-
ing the highly local and intense tropical rainfall patterns,
albeit giving possible overly local estimations. Neither
IMERG nor KED show very realistic representations of
rainfall patterns, however IMERG might have a slightly
better performance.

Violation of Kriging Assumptions

As mentioned in the methods section, KED assumes
isotropy and correlation between the variables used in the
interpolation. Some interpolated time steps contain very
high rainfall values and the overall performance of KED
is bad. An attempt at understanding the bad perfor-
mance of Kriging is made by comparing two directional
variograms and two correlation plots. Again, the com-
parison between a time step with bad and good KED
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Table 3.8: Rainfall values for IMERG, KED and gauges

Station Name IMERG KED Gauge
Colombo 0.1 0.0008 0
Jaffna 0 9.1E-07 O
Puttalam 0 1.7E-08 O
Trincomalee 0 0.63
Batticaloa 0 0 0
Kurunegala 0.1 78E-05 O
Katunayake 0 0 0
Anuradhapura 1.2 1.79E-05 O
Mahailluppalama 0 0
Polonnaruwa 0 0 0
Ratmalana 0.6 0 0
Vavuniya 0 2.7E-07 0

Table 3.9: Rainfall values for IMERG, KED and gauges

Station Name IMERG KED Gauge
Colombo 0 0 0
Jaffna 0 0 0
Puttalam 0 0 0
Trincomalee 0.4 0

Batticaloa 0 6.08E-14 0
Kurunegala 0 9.20E-12 0
Katunayake 0 3.26E-10 0
Anuradhapura 0 0 0
Mahailluppalama 0 3.26E-10 O
Polonnaruwa 0 0 0
Ratmalana 0 0 0
Vavuniya 0 0 0

performance is made. The plots shown here serve as an
general example for the time steps not presented, the
patterns described are also present in the variograms and
scatter plots of events with similar performances.

One of the reasons for the low skill of KED could be
anisotropy. Figure 3.21 shows two directional variograms,
displaying the spatial autocorrelation of the residuals in
multiple directions. In case the variogram displays a
strongly differing pattern in one of the directions it indi-
cates anisotropy. The left variogram is based on a time
step with good KED performance (see figure 3.18). The
variogram shows some anisotropy, with autocorrelation
in the 0 direction varying from the other directions. How-
ever, when the variogram is compared to the one on the
right, it can be seen that its fit is much better. The right
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Figure 3.16: Rainfall maps of IMERG and KED on the 2nd of
October
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Figure 3.17: Rainfall maps of IMERG and KED on the 13th of
October

plot shows the variogram for the 9th of November, a
time step with bad KED performance (figure 3.19). The
variogram has distinctly different shapes in the different
directions and thus anisotropy is present.

The second Kriging assumption that can be violated
in the current research is the strong correlation between
the drift and the variable to be interpolated. When
looking at figure 3.23, it can be see that the left plot
has a low Pearson’s correlation. When looking at the
scatter, most points are indicating zero rainfall and the
scatter indicates good agreement between IMERG and
CML, with limited outliers. Looking at the gauge values
in figure 3.17, KED, gauge, and IMERG values show
good agreement.

The right plot shows a strong deviation from the
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Table 3.10: Rainfall values for IMERG, KED and gauges

Station Name IMERG KED Gauge
Colombo 1.2 1.19E-05 O
Jaffna 0 0.15 0
Puttalam 0.3 0.3 0
Trincomalee 0.3 0.3

Batticaloa 0.8 0.002 0
Kurunegala 0.3 0.3 0.4
Katunayake 0.2 0.0005 0
Anuradhapura 0 8.22E-05 0
Mahailluppalama 0 0.0006 0
Polonnaruwa 1 0.0001 0
Ratmalana 0.7 0.0004 0
Vavuniya 0.3 1.66 0

Table 3.11: Rainfall values for IMERG, KED and gauges

Station Name IMERG KED Gauge
Colombo 3.2 5.6 0
Jaffna 0.1 0.02 0
Puttalam 0.1 0.05 0
Trincomalee 0.1 0.07
Batticaloa 0 2.84E-05 0
Kurunegala 0.2 0.22 0
Katunayake 0.5 0.5 0
Anuradhapura 0.1 4.17 0
Mahailluppalama 0 0 0
Polonnaruwa 0.2 147.34 0
Ratmalana 3.8 0.002 0
Vavuniya 0 0.0005 0

1:1 line. The scatter portraying a straight line can be
explained by the fact that the resolutions of CML and
IMERG measurements do not match. Within an IMERG
pixel with a single measurement, multiple CML mea-
surements are present. Additionally, the figure shows
that CML measures significantly higher rainfall intensi-
ties. When comparing the values seen in the scatter
plots to the gauge values found in figure 3.19 it can be
seen that the gauges and IMERG indicate much lower
rainfall intensities than KED. The weak correlation be-
tween IMERG and CML measurements can be seen in
the different between the location of KED and IMERG
rainfall, resulting in the difference between KED and the
gauges.
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Figure 3.18: Rainfall maps of IMERG and KED on the 25th of
October
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Figure 3.19: Rainfall maps of IMERG and KED on the 9th of
November
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Figure 3.20: Directional variogram for IMERG and CML on 13-10-
2019
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Figure 3.22: Correlation plot for IMERG and CML on 13-10-2019
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Figure 3.21: Directional variogram for IMERG and CML on 9-11-
2019
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4 | Discussion

First, the limitations of the different sets of data used
are discussed, the limitations of KED and the overall
methodology are considered. Suggestions for further
research are given throughout all sections.

4.1 Data limitations

4.1.1 IMERG

The applicability of KED used is strongly dependent
on the data quality and availability of the drift and in-
terpolation variable. Passive rainfall retrieval such as
used in IMERG is intrinsically affected by bias and error
which is usually region-specific Maranan et al. (2020).
While IMERG has shown to have improved performance
compared to KED, CMLs mostly outperformed IMERG,
indicating that IMERG provides lower quality estimates.
Especially when considering the more variable hourly
rainfall, IMERG displayed bad performance.

Uncovering the sources of error and bias in IMERG
for Sri Lanka will increase understanding of errors in
the final product and allows for tailoring of the merging
method (Kumah et al., 2020). The scope of the current
research was not covering an in-depth analysis of sources
of IMERG errors. A more extensive validation the quasi-
real-time products IMERG-E and IMERG-L for Sri Lanka,
such as the recent paper by Bandara et al. (2022) will
provide opportunities for improving the current method
as sources of error and bias can be dealt with accord-
ingly. Furthermore, Li and Shao (2010) found that direct
merging using gridded satellites estimate introduces sig-
nificant bias around the boundaries between consecutive
grids. The current study directly used the gridded prod-
uct, which possibly introduced these boundary errors. A
suggestion to circumvent these errors, as presented by Li
and Shao (2010), is using a smoothing method such as
Kernel Density Smoothing.

Lastly, the release of IMERG V07 is due in near future.
This version will likely have improved accuracy and thus
the possibility to improve the overall quality of merged
estimates in which IMERG is used as a source.

4.1.2 CML

As mentioned in the method section, the parameters
of RAINLINK were not optimized for Sri Lanka. The
discrepancy this causes between the measured and actual
rainfall can propagate through the merged product al-
though Overeem et al. (2021) showcased that the effect
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of this lack of optimization is limited. However, as found
by Overeem et al. (2016a), interpolation methods and
the link density play a minor, albeit, important role in
the total error. Main sources of error are related to the
retrieval of the rainfall rates. With the current efforts
to reduce errors in CML rainfall retrieval, as stated by
Chwala and Kunstmann (2019), future versions of rainfall
estimation might produce better quality CML estimations.
By extend, this will increase the performance of KED.

4.1.3 Gauges

While the rain gauge measurements had good availability,
the number of stations was rather limited. The spatial
variability in interpolated rainfall map quality may be very
large, which is difficult to accurately assess based on the
limited coverage of the gauges (Overeem et al., 2021).
Additionally, the daily gauges were mainly located in the
southern part of the country, preventing an appraisal
of the spatial variation in performance over the whole
country. The rain gauge measurements in 2020 were
more spread, so future research could consider choosing
2020 as their period under review to provide more holistic
conclusions on this variation. It is well known that gauges
are also subject to errors, and taking them as absolute
truth measurements is sometimes incorrect (Haese et al.,
2017). However, the gauge data used in this research
was sufficient to provide general conclusions.

4.1.4 General

Merging different sources of data has the benefit that
weak points of a source may be counteracted with the
other. In this research, the limited availability of CML
measurements in sparsely inhabited regions could poten-
tially be counteracted by the widespread availability of
IMERG. However, in case both sources have the same
weak points, the weak points can reinforce each other.
For example, both IMERG and CMLs are negatively af-
fected by orthography. As described by Tan et al. (2019),
the current version of IMERG, used in this study, does
not have a scheme to account for orthographic influ-
ences on precipitation, leading to decreased accuracy in
mountainous areas. CML density in mountains is usually
limited.

As the elevated areas in Sri Lanka receive a lot of
rain, accurate measurement is vital for applications such
as flood and hydrological modelling (Min et al., 2020).
For the current research, there was only a limited amount
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of validation gauges available in mountainous regions, so
no clear conclusions can be made on whether the KED
interpolation performed worse in mountainous regions.
The 2020 gauge data is significantly more extensive and
does provide opportunities for evaluation of both IMERG
and KED based on elevation. Staying on the topic of
elevation, it has shown to be a very effective drift variable
in previous studies to be added to the KED interpola-
tion (e.g. Hudson and Wackernagel (1994); Hengl et al.
(2007)). By combining different measurement methods
with additional drift variables, such as presented in Park
et al. (2017), KED performance can be improved.

Assessing the effect of geographical characteristics
such as elevation is a valuable extension of the current
research. This research addressed spatial variation to
some extent, but did not go in-depth on the underlying
mechanics. Linking the spatial variance in performance
to landscape characteristics may provide additional op-
portunities for tailoring merging methods. Both IMERG
and KED show strong spatial variations, however, it re-
mains unclear what exactly causes this. It is advised that
prior to a implementation of different methods of rainfall
estimation in Sri Lanka, more research into spatial factors
influencing rainfall is conducted.

The Box-Cox transformation with A = 0.25 used to
normalise the CML and IMERG measurements before
interpolation has greatly improved the results of KED.
However, as mentioned before, normalisation of rain-
fall values is tricky. There are many methods available,
all with their strengths and weaknesses (Krzysztofowicz,
1997; Cecinati et al., 2017). The current research em-
ployed the Box-Cox normalisation, which has provided the
best results in previous research, however, it was beyond
the scope to compare different methods and quantify the
bias introduced through this normalisation. In the future,
different methods for normalisation of tropical rainfall
prior to interpolation should be conducted.

4.2 Limitations of using KED

KED assumes that the drift variable and the variable to
interpolated are strongly correlated. However, the corre-
lation between IMERG and CML rainfall measurements is
highly variable. This limits the accuracy and consistency
of the interpolated rainfall between interpolations. An
additional assumption is the requirement that the drift
variable is accurately sampled over the whole domain.
As mentioned before, IMERG is not always accurate. As
found in the scatter plots showing the correlation be-
tween IMERG and CML, correlation is often very low.
This can partly be explained by the difference in reso-
lution, causing IMERG to fail to capture local rainfall
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events. Applying methods where this correlation is not
required, such as a simplistic mean-field bias Cummings
et al. (2009) or a more sophisticated one, like Double
Kernel Density Smoothing (Shao et al., 2021), will likely
improve results. The anisotropy of rainfall in Sri Lanka
violates the second assumption of Kriging. This will
decrease the effectiveness of the method for estimating
rainfall. However, Haberlandt (2007) and Overeem et al.
(2016a) have reported minute decreases in uncertainty
related to the anisotropy of the data (e.g.Hudson and
Wackernagel, 1994; Goudenhoofdt and Delobbe, 2009).
No in-depth evaluation of the effect of anisotropy on the
accuracy of Kriging has been done for tropical climates,
however. Current results have suggested that anisotropy
negatively impacts the KED performance, although the
effect is limited. However, the methods mentioned previ-
ously do not require isotropy and might thus pose even
better candidates for future endeavours.

Most implementations of KED separate wet and dry
pixels and only employ KED for the wet pixels. This is
motivated by the complication of large amounts of zero
values and improves the correlation of the drift variable
with Z(s) (Haberlandt, 2007; Park et al., 2017). The
exclusion of zero values has the added benefit of making
the normalisation and the subsequent back transform
more effective. However, as the current research aimed to
produce rainfall estimations for the whole country, KED
was employed for all locations. Additionally, assuming the
aim of creating a method that is applicable to real-life,
the creation of country-wide estimations is important.
Thus it is advisable to change the method used or alter
the parameters, rather than limiting the scope.

Kriging on both wet and dry areas significantly com-
plicates the fitting of the variogram. The added lack
of correlation between CML and IMERG prevented the
usage of a climatological variogram, such as used by
Overeem et al. (2021), as the Kriging function could not
be solved. This created the necessity for fitting a new
variogram for each iteration. This method can, however,
lead to badly fitted variograms, in cases where there is
no correlation between CML and IMERG. Additionally,
the difference between the variograms for each iteration
make the methods unstable and computationally expen-
sive (Haberlandt, 2007). Using an extensive record of
IMERG and gauge measurements it is possible to fit a cli-
matological variogram, decreasing the variability between
time steps and making KED more robust.

Another limitation of KED is that the matrix is not
stable when the covariate does not vary smoothly in space
(Goovaerts et al., 1997). Kriging methods that separate
the estimation of the trend from the interpolation of the
residuals, such as Regression Kriging, avoid this by using
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more complex forms of regression (Park et al., 2017).

Furthermore, KED does not allow user-defined weights to
be given. For example, for the current research, it could
have improved performance if locations with a dense
CML network could have had a higher weight for CML
measurements and vice versa. IMERG has shown to be
outperformed by CML, and it would thus be favourable to
apply such weights. Geographically Weighted Regression
Kriging, as described by Kumar et al. (2012), is a good
choice between using different sources of measurements
as well as other covariates and knowledge about the data
and the field site. This know-how can subsequently be
used to construct a tailor-made merging algorithm, as
presented by Zinevich et al. (2008).
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5 | Conclusion

The current section will provide conclusions on the per-
formanco of IMERG for Sri Lanka in both 2019 and 2020.
Next, the performance of KED is discussed. This section
will answer the research questions as posed in chapter
1.2.

5.1 IMERG

IMERG shows good Wet-Dry classification for daily mea-
surements but fails to capture the more variable hourly
rainfall. This is signified by the large difference in per-
formance when comparing the hourly and daily measure-
ments. The same difference can be seen when evaluating
the statistical metrics, however, IMERG then performs
somewhat better at measuring hourly rainfall intensities.
Especially when compared to the hourly gauge measure-
ments, performance is good, with an RB close to 0 and a
low NMAE. IMERG does show variation in performance
between different months, but no distinct seasonal effects
are found within the period under review. When consid-
ering the whole year, some seasonal variation is found.
Especially when considering the RB and NMAE, IMERG
appears to be unable to accurately capture rainfall during
the first IMP. The results suggest a slightly improved
performance in the NEP and a decreased performance in
the second IMP. This does correspond with the behaviour
of IMERG as described in previous literature. IMERG is
unable to capture the highly local and intense showers of
the second IMP, while dryer NEM with more moderate
rainfall is captured better. However, the results show
only minimal change between months, and the pattern
is not sufficiently clear to warrant strong claims. With
regards to the spatial variability, IMERGs performance
in the wet region of Sri Lanka, the southwestern part, is
better than in the other regions. However, no distinct
spatial patterns are found. Understanding of the topog-
raphy and the effect of other factors on precipitation
patterns is very valuable for future research. The strong
spatial variation in KED and IMERG indicate strong spa-
tial rainfall variability over Sri Lanka. Future attempts
at merging multiple sources of data need to be able to
address this challenge.

5.2 KED

Rainfall interpolation using KED with CML derived val-
ues and IMERG is not able to capture rainfall better
than CML or IMERG alone. In general, KED underesti-
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mates rainfall. Compared to the performance of IMERG
and CML, all metrics point towards a decreased perfor-
mance. Especially the statistical metrics show a strongly
decreased performance with respect to CML. KED per-
forms well at Wet-Dry classification, but still does not
perform significantly better than IMERG.

Seasonality does not seem to affect the performance
of KED, with all performance metrics similar between
different months. While the difference in RB is large
when considering the separate months, no distinct pat-
tern is visible in the metrics. Spatially, more pronounced
patterns are recognized, mainly coinciding with the cli-
matic regions. Additionally, the events in locations within
regions with high link density are captured better. This
further limits the applicability of KED for Sri Lanka,
as one of the main potential benefits was its perceived
ability to estimate rainfall in rural areas with limited
amounts of links present. The quality of estimations by
KED strongly varies over the country, complicating any
solid conclusions on its overall performance. However, as
it has not garnered improvements compared to existing
methods, merging IMERG and CML can best be done
with a different method.

Considering the rainfall maps, it can be seen that
KED maps rainfall events in a highly local manner. Fur-
thermore, KED interpolated rainfall intensities can be
very high. While these very local and intense precipita-
tion events are present in tropical climates, the extreme
amounts of precipitation render the maps unlikely to
represent reality. KED is also not able to realistically
capture rainfall patterns.

From this research, it can be concluded that the cur-
rent implementation of KED is not suitable for estimating
rainfall in Sri Lanka. While KED does perform well for
some events, the performance is not consistent and varies
strongly. In some instances, impossibly high values are
estimated. Overall, the current research has contributed
to the understanding of the performance of IMERG and
the difficulties of constructing a merging algorithm for
Sri Lanka.

The method presented in the current research can be
improved upon by constructing a more robust variogram,
with climatologically derived parameters. This will pre-
vent the large variation between time steps. Additionally,
different normalisation methods should be employed to
uncover the possible negative effects of the Box-Cox
transform as used in this study. Future research should
aim to employ merging methods that have fewer assump-
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tions associated with them, such as Double Kernel Den-
sity Smoothing or methods that allow differentiation on
covariate weighing such as Geographically Weighted Re-
gression Kriging. The rather simplistic regression model
as used in KED is not able to capture the complicated
relationship between the CML and IMERG measurements.
Furthermore, an important suggestion is the extensive
evaluation of seasonal and spatial factors prior to merging
different sources of data is very important for understand-
ing and improving results. Building upon the method
as presented in the current research will further under-
standing of weaknesses in methods used and allow for
effective improvements.
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Table A.1: Table of performance scores for IMERG for hourly and

daily gauge sums in 2019

Station Name (D) POD POFA ACC HSS
Badulla 0.99 0.16 0.85 0.48
Bandarawela 0.99 0.15 0.85 0.35
Galle 0.99 0.33 0.67 0.075
Hambantota 0.96 0.29 0.72 0.3
Katugastota 0.94 0.25 0.75 0.39
Mannar 0.93 0.41 0.64 0.28
Mattala 0.93 0.23 0.77 0.43
Monaragala 0.95 0.24 0.77 0.4
Pottuvil 0.9 0.26 0.73 0.34
Ratmalana 0.98 0.26 0.73 0.09
Station Name (H)
Anuradhapura 0.76 0.65 0.82 0.39
Batticaloa 0.63 0.69 0.76 0.29
Colombo 0.84 0.73 0.65 0.25
Jaffna 0.62 0.77 0.71 0.19
Katunayake 0.78 0.77 0.64 0.2
Kurunegala 0.15 0.76 0.55 -0.1
Mahailluppalama 0.15 0.63 0.49 -0.08
Polonnaruwa 0.69 0.63 0.79 0.37
Puttalam 0.74 0.78 0.69 0.2
Ratmalana 0.49 0.79 0.58 0.06
Trincomalee 0.006 0.89 0.19 -0.008
Vavuniya 0.67 0.65 0.81 0.36
Table A.2: Table of variogram parameters
month ‘ day ‘ hour ‘ minute | model nugget sill range
09 12 08 00 Matern 0.005589113296940393  0.22808828202229586  37093.76962561694
09 12 09 00 Spherical 9.108982867930609e-4 1.7442658266845914 24087.094274913215
09 12 10 00 Matern 0.11629149051076963 2.393756560980867 13250.691374731437
09 12 11 00 Matern 0.14475087625975383 1.3138379616419995 56502.65991561526
09 12 12 00 Matern 0.02760509021869387 1.4361796877420916 109873.94272171016
09 12 13 00 Matern 0.02622728431563996 0.7650065302432604 113598.00409708492
09 12 14 00 Matern 0.04444916953462991 163554.44115965505 125705300.38014339
09 12 15 00 Matern 0.026087366560612762  36.291295131955096 3624407.979533299
09 12 16 00 Matern 0.018352783528233295 14.93075019043334 2177061.7517854203
09 12 08 30 Matern 0.15660771044110217 1.2735160986768024 20871.770960232774
09 12 09 30 Matern 0.14091591834874637 2.182773284164124 23507.944781831502
09 12 10 30 Gaussian 0.13756126218188103 1.6615060821005074 14672.126124672532
09 12 11 30 Matern 0 0.8461446936080963 42466.65460655821
09 12 12 30 Matern 0.02659634985688147 1.519937256564354 121806.44626193121
09 12 13 30 Matern 0.0931228468413834 5209.457441062224 28243378.61393427
09 12 14 30 Matern 0.0362013896716372 9293.726559949495 05217704.16102463
09 12 15 30 Matern 0.03290956305084913 31203.12060827257 144188035.56019634
09 13 00 00 Spherical 0.043871694282218675  0.2904052247435692 10589.718389510532
09 13 01 00 Matern 0.013434120010583698  0.5726533690532423 3830.273951568925
09 13 03 00 Matern 0.010578982378703944  0.07859522085043992 12787.026708105463
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