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Highlights

1. GDA, GRA and CM methods were used for merging ground-based rainfall with COMS
RI.

2. Merged. rainfall was improved on the change of time interval and raingauge density.

3. CMrperformed best with high spatial heterogeneous rainfall in low raingauge density .
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Abstract

Estimating accurate spatial distribution of precipitation is important for understanding the
hydrologic cycle and various hydro-environmental applications. Satellite-based precipitation
data have been widely used to measure the spatial distribution of precipitation over large
extents, but an improvement in accuracy is still needed. In this study, three different merging
techniques (Conditional Merging, Geographical Differential Analysis, and Geographical
Ratio Analysis) were used to merge precipitation estimations from Communication, Ocean,
and Meteorological Satellite (COMS) Rainfall Intensity (RI) data and ground-based
measurements. Merged products were evaluated with varying rain gauge network densities
and accumulation times. The results confirmed that accuracy of detecting quantitative rainfall
was improved as the accumulation time and network density increased. Also, the impact of
spatial heterogeneity of precipitation on the merged estimates were investigated. Our merging
techniques-reproduced accurate spatial distribution of rainfall by adopting the advantages of
both gaugesand COMS estimates. The efficacy of the merging techniques was particularly
pronounced when the spatial heterogeneity of hourly rainfall, quantified by variance of
rainfall,.was greater than 10 mm?%accumulation time?>. Among the techniques analyzed,
Conditional ‘Merging performed the best, especially when the gauge density was low. This
study demonstrates the utility of the COMS RI product, which has a shorter latency time (1
hour).and.higher spatio-temporal resolution (hourly, 4 km by 4 km) than other widely used
satellite precipitation products, in estimating precipitation using merging techniques with
ground-based point measurements. The outcome has important implications for various

hydrologic modeling approaches, especially for producing near real-time products.
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1. Introduction

Accurately recording the spatial distribution of precipitation is critical for reliable
predictions in earth science, hydrology, climatology, and agriculture (e.g., Hwang et al., 2011).
Many researchers have analyzed and developed various methodologies to obtain accurate
spatio-temporal precipitation data using various sources such as rain gauges, ground-based

radar, and satellites (Sene, 2013; Michaelides, 2008; Crochet et al., 2007).

Acquisition of precipitation data is conventionally limited to ground-based measurements
via, for example, automatic weather stations. Ground-based systems can provide accurate
measurements and reasonable areal estimation in the areas adjacent to them, but the quality of
gauge .networks over a large spatial extent is restricted by high spatial and temporal
variability of precipitation, the influence of terrain, and unrepresentative distribution of gauge
network (Andréassian et al., 2001; Cheng et al., 2008; Adhikary et al., 2014). As a result,
researchers-have used various spatial interpolation techniques including Thiessen polygons,
inverse-distance weighting, ordinary Kriging (OK), Kriging with external drift (Hudson and
Wackernagel, 1994; Goovaerts 2000), and co-Kriging (Bardossy and Lehmann 1998; Lloyd,
2005), as well as other techniques based on splines (Hutchinson, 1998) in order to estimate
spatial pattern of precipitation from rain gauge. Application of those methods to reproduce
spatio-temporal variations in precipitation, however, introduces interpolation/extrapolation
errors when network density is limited (Goudenhoofdt and Delobbe, 2009; Javanmard et al.,
2010). <Fherefore, areal average precipitation estimated only from point measurements can
insufficiently represent the accurate distribution of precipitation (Ebert et al., 2007;

Duethmann et al., 2013).
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Remote sensing techniques have been used as an alternative method to estimate
precipitation at both the regional and global scales. Weather radar has been used to observe
spatio-temporal patterns of precipitation including the Next-Generation Radar system and the
X-band polarimetric radar network (Wright et al., 2013; Germann et al., 2006; Miki et al.,
2008). In Korea, the Korea Meteorological Administration (KMA) operates 12 radar stations
to monitor-and predict extreme weather and floods over the Korean peninsula (You et al.,
2014). However, various studies have revealed that estimating precipitation from radar also
poses significant problems; electronic miscalibration (Goudenhoofdt and Delobbe, 2009),
signal centamination by non-meteorological echoes or range effect (Fries et al., 2014), beam
blocking by natural impediments (e.g., mountain region, surrounding hills with similar or
higher @ltitudes), and the variance in the reflectivity and rainfall rate relationships (Fornasiero
et al., 2006;°Lim et al., 2014; Yoo et al., 2013; Jameson and Kostinski, 2002; Vulpiani et al.,

2012; Qin et al., 2014).

Satellite-based precipitation measurement has emerged to overcome the limitations of rain-
gauge and radar-based precipitation data. It can be divided into two categories depending on
the sensoer.characteristics. Low-earth orbiting satellites containing passive microwave (PM)
sensors, such as the Tropical Rainfall Measuring Mission (TRMM), National Oceanic and
Atmospheric Administration (NOAA) weather satellites, and Defense Meteorological
Satellite_Program, have been widely used for their advantages in representing the direct
physical relation between scattered upwelling radiation and hydrological components (Feidas
et al.,"2009; Levizzani et al., 2001; Joyce et al., 2004). Given their popularity for global scale

applications, the TRMM precipitation products have been extensively evaluated and used in
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various regions (Huffman et al., 2007; Xue et al., 2013; Ochoa et al., 2014). However,
precipitation estimated from PM sensors is typically available at coarse spatial resolutions
(~25 km) with sparse overpass for each satellite (twice a day). The Global Precipitation
Measurement (GPM) is a successor of TRMM launched as the joint mission of various space
agencies throughout the world such as (NASA, JAXA, CNES, ISRO, NOAA, and
EUMETSAT. One of the main objectives of GPM Mission is to determine the structure and
magnitude of precipitation for comprehensive understanding of water and energy cycle with
improved-overpass frequency (Huffman et al., 2013; Hou et al., 2014). But coarse spatial
resolution (~10 km) remains an issue when using GPM. Infrared geostationary satellites,
provide reasonable estimates over large spatial extents with a higher temporal resolution, but
the physical relation between the infrared signals and precipitation is relatively weak (Feidas
et al., 2009). Previous studies used various geostationary satellites to estimate precipitation
(Vicente et al., 1998; Kuligowski, 2002; Mecikalski and Bedka, 2006; Zhuge et al., 2015).
Although~the two types of satellite-based precipitation data have unique advantages in
monitoring large spatial areas for long periods, those products often contain large errors that
originate from topographic features, insufficient or inconsistent sensitivity between the
electromagnetic signal and clouds, precipitation retrieval algorithms, and unobserved data
during'extreme precipitation (Chen et al., 2013; Kidd et al., 2003; Hong et al., 2006;

AghaKouchak et al., 2012; Duncan and Biggs, 2012; Miller and Thompson, 2013).

To overcome the limitations of current satellite products, researchers have developed various
merging.techniques that combine precipitation from point measurements and remote sensing

techniques in order to take advantage of complementary merits from each dataset
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(Woldemeskel et al., 2013; Sinclair and Pegram, 2005). In fact, merging techniques have
been widely adopted for precipitation estimates using ground-based radar (Creutin et al.,
1998). Karjewski (1987) improved the accuracy of rainfall data and reduced bias by merging
rain gauge and radar datasets. Berndt et al. (2014) applied a conditional merging technique
proposed by Ehret (2003) to combine rain-gauge and radar-based precipitation data. Ebert et
al. (2007)-also developed a merging technique to combine a mean precipitation field
interpolated from rain-gauge and radar-based information containing the spatial variability of
precipitation. Séalek et al. (2004) combined radar-based quantitative precipitation estimation
and ground-based precipitation using a simplified double optimal estimation method. The
result indicated that merged rainfall can be useful for hydrological applications, though
substantial errors in radar-based data might arise because of the bright-band and attenuation

effects.

Similar-efforts have been made to merge satellite-based precipitation products with ground
observations (Vila et al., 2009;Shin et al., 2011; Blacutt et al., 2015). Rozante et al. (2010)
blended precipitation observed from TRMM 3B42RT and ground stations using the Barnes
objective~analysis method (Barnes, 1973). Li and Shao (2010) developed a strategy to
combine TRMM 3B42 and ground-based measurements using a nonparametric kernel
smoothing=technique. Chappell et al. (2013) also utilized Normal Score Transform and
geostatistical approaches to combine the TRMM 3B42 RT and gauge datasets in Australia.
Xie and Xiong (2011) developed a conceptual model for combining bias-corrected CMORPH
by probability density function and gauge datasets using Optimal interpolation technique.

Therefore, the specific objectives of this study are:
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(1) Improving the spatial mapping of precipitation with high spatial resolution (i.e., 1 km)
by merging ground- and satellite-based precipitation retrieved from the
Communication, Ocean, and Meteorological Satellite (COMS) and at the Namhan
watershed using three different approaches: Geographic Ratio Analysis (GRA; Duan
andBastiaanssen, 2013), Geographic Differential Analysis (GDA; Cheema and

Bastiaanssen, 2012), and Conditional Merging (CM)

(2) Lross-validating the merged precipitation datasets in different accumulation times (1-

24 hours) and rain gauge densities

(3)*Evaluating the merged precipitation datasets for varying degrees of spatial
heterogeneity in order to comprehensively assess their efficiency of accumulation

times and rain gauge densities.

2-"Materials

2.1:Study area and rain gauge data

The 'downstream of the Namhan River watershed (located within 127°09"E-127°54"E and

36°05°N=37°42"N) on the Korean peninsula was selected as our study area. Fig. 1 shows the

geographical location of the study area and the 44 rain gauges in and around the catchment.
Those rain_gauges are managed by the KMA and Ministry of Land, Infrastructure and

Transport.

The Namhan River watershed contains 19 sub-watersheds with an approximate total area
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of 2,072.72 km®. The average and maximum elevations of the watershed are 148.21 m a.s.l.
and 1,133 m a.s.l., respectively. The southern part of the study area, a major rice production
region in Korea, is predominantly cropland. The northern part of the study area is a mixed
forest. The study area shows continental climate patterns, with high temperature and humidity
in the summer and low temperature and humidity during the winter. Average annual
precipitation in the basin is approximately 1,300 mm yr. Almost 60% of that annual
precipitation occurs during the summer monsoon season (June-July) and only ~10% of it
occurs insthe pre-monsoon season (April-May). In addition, various researchers analyzed the
significant .increasing and decreasing trend of precipitation in summer and spring season,
respectively, which also significantly influenced on the seasonal streamflow and spring
drought condition (Bae et al., 2008; Jung et al., 2012). Thus, the study area undergoes an
intensesspring drought that significantly influences vegetation growth (Kim et al., 2005).
Therefore, efficient water management with accurate precipitation data is essential. Based on
these features, hourly precipitation data at 44 rain gauges were obtained from the Water

Management Information System (http://www.wamis.go.kr/) during April 21 to May 21, 2011.

2.2.Cemmunication, Ocean and Meteorological Satellite (COMS) Rainfall Intensity

(RI),data

The Metearological Image (M) sensor onboard the geostationary COMS was launched on
July 2742010, as part of the long-term National Space Development project. M1 is located at

a longitude of 128.2 °E and has similar instrument specifications as the Geostationary
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Operational Environmental Satellite 8-13 (U.S.) and the Meteorological Satellite-2 (Japan)
with five bands (visible, shortwave infrared, water vapor, infraredl, and infrared2) collected
every 15 minutes (Baik and Choi, 2015). The COMS Data Processing System estimates
various datasets, including rainfall intensity, land surface temperature, and sea surface
temperature; and makes them available at the National Meteorological Satellite Center

(http://nmse.kma.go.kr/).

The COMS RI algorithm estimates precipitation by measuring the brightness temperature
observed at the top of a cloud caused by the shallow penetration depth of infrared channels
into cloud layers. In particular, this algorithm uses the relationship between the vertical cloud
temperature (collected by the Regional Data Assimilation and Prediction System) and cloud
types (using datasets from the Meteosat Second Generation and International Satellite Cloud
Climatolagy. Project) to estimate rainfall intensity. The probability matching method from
both"Atlas et al. (1990) and Crosson et al. (1996) was used to estimate rainfall intensity and
estimated..rainfall intensity was cross-validated by comparing it with the ground-based
rainfall data and brightness temperatures of the Special Sensor Microwave Imager. The
COMS Riis produced in 15-minute time intervals at a spatial resolution of 4 km by 4 km.
For comparison with precipitation observed on the ground, we converted the COMS RI into
an hourly-scale. More detailed descriptions are given by Lee and Ryu (2012) and Baik and

Choi (2015).

3 Methodology
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3.1 Geostatistical merging techniques
3.1.1 Conditional Merging (CM) technique

The CM technique, introduced in Ehret (2003) and Sinclair and Pegram (2005), has been
used to merge precipitation data observed from radar and ground-based measurements, and
then OK*has~been used to obtain information about precipitation observations (Sinclair and
Pegram, 2005; Frezghi and Smithers, 2008; Berndt et al., 2014). Thus, defining a
semivariogram to characterize the spatial variability of precipitation is an important step in
conducting ‘CM. For the operation of OK, it is assumed that a theoretical semivariogram is
fitted to-therexperimental semivariogram based on normally distributed precipitation datasets
(Berndt et al., 2014). The experimental variogram can depict spatial correlation at various
distances by estimating the semi-variance (i.e., the average degree of dissimilarity) between
unsampled.and sampled data points (Goudenhoofdt and Delobbe, 2009; Ly et al., 2011). The

experimental semi-variance for the pair of datasets with a separation distance of h, 7(h) is:

N (h)

A 1 2
0= o 212000206 )] Eq. (1)

where x; and x; + h represent the location of the dataset with a separation distance of h, and
N(h) represents the number of pairs with a distance of h. z(x;) and z(x; + h) are the values of
datasets_at docations x; and x; + h, respectively; i is the number of data values. After
calculating the experimental semivariogram, it was fitted to theoretical semivariogram by
using the.weighted least squares to estimate the best variogram parameters such as nugget,
sill, and range (Robinson and Metternicht, 2006). Among the various theoretical

semivariograms, an isotropic exponential model was selected following Adhikary et al.
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(2014), and ignored the potential anisotropy in the semi-variance to simplify the estimation.

In this study, the CM technique follows the procedure below:

(@) Compute the interpolation field (1 km) using OK from ground-based precipitation
datas

(b) 'Subsampling the original COMS RI data by dividing each 4 km grid into 16 uniform
sub-grids (i.e., 4 km to 1 km) in order to depict a more concrete spatial distribution of
precipitation.

(c) Extract the values corresponding to the observation gauge used in (a) from the
downscaled COMS RI grid cells.

(d)-Estimate the interpolation field (1 km) by applying OK to the grid cells extracted in
(c):

(e) Estimate the error characteristics of the precipitation field, which is defined as (b)—(d),
assuming that the COMS RI data represent the truth field.

() -Obtain the merged precipitation field (1 km) by adding the error characteristics of

precipitation field (e) to the interpolation field from ground-based precipitation data
@).

More detailed descriptions are given by Ehret (2003), Sinclair and Pegram (2005), Frezghi

and Smithers (2008), and Berndt et al. (2014).

3.1.2 Geographical Differential Analysis (GDA) and Geographical Ratio Analysis (GRA)

methods

GDA, proposed by Cheema and Bastiaanssen (2012), has been used to reduce the
uncertainties of precipitation data from satellites (Laurent et al., 2013). GDA improves the
quality..of precipitation data by calculating the differences in the spatial distributions from

various datasets, which are then used for merging. In this study, GDA was calculated with
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gauge- and satellite-based precipitation data through the following process:

1km
AR(i,j) =R model,(i,j) — RObs,(i,j) Eq (2)

R ) = lemmodew,j) —ARM“,P](LD Eq. (3)

GDA,(i,

Where| AR is the difference between ground- and satellite-based precipitation in the grid

(1))

cells corresponding to the gauge stations, and R™" and R are the satellite- and

model, (i, j) Obs, (i, j)

gauge-based precipitation data at the corresponding pixels of the gauge stations, respectively.

1km i - .- . . 1m .
RGDA,(i,j) iS'the final merged precipitation, and ARMI_J) interpolates AR

. using OK.

GRA uses the geographical ratio, defined as the ratio of the precipitation observed from the
gauge and satellite, to improve data quality (Jia et al., 2011; Duan and Bastiaanssen, 2013).

GRA was-eomputed as:

) Ry i
lem_pomt _ Obs.(i, j) Eq (4)

GRA_Ratio(i,j) — lem
model(i, j)

1km _ plkm 1km_OK
RGRA(i,j) =R model(i, j) X RGRA_Ratio(i,j) Eq (5)

Where "Ry fmatio.j) Stands for the ratio of the gauge- and satellite-based precipitation at the

gauge stations. Ré‘;m,\-_%ﬁﬁo(i,j) is the spatially interpolated ratio map using the OK method,

and Ré';’"A(i'j) is the final calibrated precipitation. More detailed descriptions of GRA are

given _byiJia et al. (2011), Cheema and Bastiaanssen (2012), and Duan and Bastiaanssen

(2013).
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3.2. Model validation

Many previous studies, e.g., Berndt et al. (2014), Goudenhoofdt and Delobbe (2009), and
Krajewski (1987), have indicated that rain gauge
density -and-accumulation time are important in improving performance. To analyze the effect
of the network density (SO to S4) and the accumulation time (1 to 24 hours), 25 scenarios
with varying numbers of gauges and accumulation time were used (Fig. 2). Before selecting
gauge stations for the five scenarios, 44 sites were divided into two groups: 35 stations for
merging and 9 stations for validation. Then, stations for each scenario were randomly
selected. Scenario 0 (SO) denotes the case with the minimum number of stations, and the
number-of-stations increases as the scenario number rises. In addition, precipitation estimated
in each scenario was divided into five different accumulation times (1, 3, 6, 12, and 24 hours)
to examine jthe effect of accumulation time on the accuracy of the merged precipitation

datasets:

Cross-validation has been widely used for model validation in precipitation studies (Nalder
and Wein, 1998). In this study, a modified cross-validation based on Berndt et al. (2014) was
employed by defining five different scenarios and accumulation time steps. A separate set of
nine evaluation sites, which were not used in the merging, were selected to evaluate the
precipitation data produced from the different merging techniques and Kriging. The following
statistics were used for evaluation: mean error (ME), root mean squared error (RMSE),

correlation.eoefficient (r), and relative bias, which are defined as:

ME:%i(Si—Gi) Eq. (6)
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RMSE = \/ﬁi(si ~G,)? Eq. (7)

> (5,-5)(@,-0)

r=— = Eqg. (8)
JZ (s, —§)2JZ (G,-6
36,5,
Relative bias (%) = =L——x100 Eqg. (9)

G,

i
i=1

where. /G. is the observed value at a ground-based rain gauge; S is the merged

precipitation at the corresponding pixel; S and G are the average of G and S; N is
the sample size; and i denotes the ith value of the ground-based and merged precipitation

datasets:

In addition, the probability of detection (POD) and false alarm ratio (FAR) were used to
assess-the-detection capabilities. POD, also known as the hit rate, represents the probability of
rainfall. detection. FAR is defined as the ratio of the false detection of rainfall to the total

number.ofrainfall events (Nasrollahi, 2015). FAR and POD values are defined as follows:

F
FAR = Eq. (10
H+F 9. (10)

H
POD = Eq. (11
H+M 9 (1)

where H.represents the number of both observed and estimated precipitation events, and F is
the number of false alarms when observed precipitation was below the threshold and

estimated precipitation was above threshold. M is the number of events in which the
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estimated precipitation was below the threshold and observed precipitation was above the
threshold. The POD and FAR values are dimensionless numbers ranging from 0 to 1.

Precipitation threshold (event/no event) was set to 0.5 mm/accumulation time.

4. Results.& Discussion

4.1 Validation of precipitation observed from COMS

Fig. 3'shows the time series and probability distribution function (PDF) of the mean hourly
precipitation from the ground-based measurements and the COMS RI. The PDF can provide
an insight into error in accordance with rainfall rate for analyzing precipitation characteristics
(Chen gt al., 2013; Huang et al., 2013; Vila et al., 2009). As shown in Fig. 3(a), The overall
trend of-twae'datasets showed good correspondence. However, several discrepancies occurred.
For example, on 3-6 May, the rain gauges measured no precipitation, whereas COMS
detected-precipitation. Also, on 9-12 May, the COMS RI estimates differ largely from the
rain-gauge measurements. The PDF from rain gauges and COMS RI for the study periods is
shown 'in Fig. 3(b). The PDFs of ground-based measurements and COMS RI share similar
frequeney.distribution of precipitation rate in general. Dominating precipitation rate of both
two praducts during the study period was light precipitation ranged from 0 to 1 mm/hr. For
the 1to 4 mm/hr bins, however, COMS RI shows underestimated performance in comparison
with the.ground-based measurement. In contrast, the COMS RI tends to present slightly
overestimated frequencies in the 5 to 14 mm/hr bins. These discrepancies might be associated

with the difference in spatial support scales between the satellite and the rain gauges and the
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limitations of the infrared-based precipitation algorithm, whose estimates rely on the
relationship between infrared brightness temperature and cloud characteristics (Hong et al.,

2005a; Mishra et al., 2009; 2012).

The-statistical results of COMS RI data evaluated at all rain gauges are presented in Table
1. The. COMS RI data showed a positive ME, indicating overestimated precipitation
compared to the gauge values at all 44 sites. Also, the ME and RMSE increased, whereas the
r, POD,and. FAR improved, with accumulation time (Table 1). The overall results agree with
those of previous studies (Cheema and Bastiaanssen, 2011; Peleg et al., 2013). Chaudhari et
al. (2006) compared precipitation provided by the NOAA/Climate Prediction Center in
differenttime scales for India in 2003 and 2004, and their results showed increasing mean
bias, RMSE, and mean absolute error (MAE) with increasing time steps. Liechti et al. (2012)
reported that the POD estimated from the TRMM, CPC Morphing Technique (CMORPH),
and the“Famine Early Warning System Network’s RFE2.0 product increased, whereas the
FAR:decreased, with increasing precipitation accumulation time. The POD and FAR in the
precipitation estimates from TRMM 3B42 and Precipitation Estimation from Remote Sensing
Informatien using Artificial Neural Network (PERSIANN) over the Poyang Lake basin,
Yangtze River, also showed an increasing (decreasing) trend of POD (FAR) with an
increasing=time threshold (Li et al.,, 2014). Another evaluation of four satellite-based
precipitation products (TRMM 3B42, TRMM 3B42RT, CMORPH, and the Global Satellite
Mapping of Precipitation) over Mainland China, reported similar error ranges for daily
rainfallaccumulation: RMSE of 6.21-8.06 mm/day, POD of 0.58-0.76, and FAR of 0.34-

0.51 (Qin et al., 2014).
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4.2 Analysis of merging techniques vis-a-vis station density and temporal resolution

Understanding how changes in rain gauge densities and accumulation time affect
precipitation estimation is critical to understanding the capability of rain-gauge and satellite-
based=precipitation datasets (Goovaerts, 1999; Goudenhoofdt and Delobbe, 2009; Mishra,
2013).'Based on these studies, the effects of rain gauge density and accumulation time were

analyzed using the methodology explained in Section 3.2.

Before validating the merging techniques, inference of experimental variograms in different
network densities and accumulation times were considered. During the interpolation of the 25
different=seenarios, the optimized variograms were automatically selected with a maximum
separation distance of 100 km to reflect the farthest distance among various rain gauges. Fig.
4 (a) shows the time-averaged experimental and theoretical variograms for five different
scenarios...The effective ranges increased with the number of rain gauges included in the
scenarioy-as shown in Fig. 4 (b). Sill and nugget values ranged from 14.32 to 16.83 and 0.01
to 0.1, respectively. The optimum model parameters, including effective range, sill, and
nugget'estimated from different accumulation times for all rain gauge densities are presented
in Fig./4 (b). The effective range is between 74.26 km and 91.10 km, with sill and nugget
values from=14.32 to 16.83 and 0.03 to 0.09, respectively. In general, increased accumulation
time (i.e., an increase in temporal resolution) and rain-gauge density leads to an increased
effective range in the exponential variogram model (Fig. 4). These results imply not only a
good relationship between gauges but also estimation of valid precipitation. Berndt et al.
(2014) and-Ly et al. (2011) also observed that effective range increased with accumulation

time and rain-gauge density.
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Table 2 shows the ME, RMSE, and r depending on the accumulation time. The results
indicate that the merged datasets showed not only lower ME and RMSE but also higher r
values at five different accumulation times compared with those from COMS RI presented in
Table 1. The RMSE calculated from the three different merging techniques and the Kriged
gauge precipitation increase with accumulation time, which is affected by the RMSE trend
from.COMS RI (Fig. 5). The magnitude of errors at low accumulation times amasses as the
accumulation time increases (Ouma et al., 2012; Shen et al., 2010), which leads to the
increased*RMSE in COMS RI with increasing accumulation time. The POD and FAR results
from the merged techniques were also better than those from the original COMS RI. In
particular, the FARs of merged precipitations (0.071-0.38.106) showed greater improvements
than those from COMS RI (0.500-0.702). In contrast with Fig. 5, the general trend of relative
bias decreased in all four merging techniques as accumulation time increased (Fig. 6). CM
showed the lowest relative bias across most accumulation time-steps, except for the
accumulation times of 12 and 24 hours. The increasing trend of POD and decreasing trend of
FAR (Fig. 7) also confirms that merged precipitation techniques showed improvement in

detecting a rainfall event as accumulation time increased.

When network density increased, POD and FAR showed increasing and decreasing trends,
respectively-(Fig. 7). However, the variations of POD and FAR between the scenarios were
smaller than with accumulation time. The trends of relative bias in Fig. 6 also certify that the
techniques are more sensitive to variation in accumulation time than to changes in network
density=The RMSE, r, and ME of the five different scenarios are summarized in Table 3. The

correspondence of rainfall products resulting from all merging techniques increased as more
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rain gauges were considered for calculation. In SO, CM outperformed the other techniques
considering RMSE and r. However, as the rain gauge density increased, OK produced slightly
more reliable results than the other merging techniques. The FAR and RMSE in all four
methods showed slight decreases, and the POD showed a slight increase with an increase in
rain-gauge density. The RMSE and r results also imply that Kriging-based precipitation data
are more-reliable than the other merged products. Berndt et al. (2014) showed that the
difference between the OK and CM methods, quantified by RMSE, diminished as the rain-
gauge density increased. Ly et al. (2011) also indicated that OK estimated using more rain
gauges produced a smaller RMSE than OK estimated with fewer rain gauges. This is a
natural outcome if conventional variogram models (e.g., exponential, Gaussian, and spherical
models) are reasonable representations of precipitation spatial variability. As the location of
estimation-moves farther away from the measurements, data uncertainty increases (up to the
variogram_range); thus with denser measurement points, overall estimation uncertainty
decreases:“Also, if network density is sparse, the uncertainty of the fitted variogram model
would increase because of the smaller number of samples used for the semi-variance

calculation (Adhikary et al., 2014).

4.3 Evaluation of merging techniques

4.3.1 Spatial distribution of precipitation

Based on the results in Tables 2 and 3, OK performed better than the merged precipitation
estimates’by CM, GDA and GRA, on average. However, the utility of merging satellite data

with gauge measurements would be greater when the precipitation field exhibits a large
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spatial heterogeneity that cannot be effectively captured by limited rain-gauge networks. This
is illustrated in the Fig. 8, which represented the daily precipitation maps for S0, S1, and S4
generated by Kriging and the three merging techniques on May 1 and May 9, 2011. These
maps were compared with the Kriged precipitation estimation using all 44 sites (OKy;) and

the original'COMS RI.

As shown Fig. 8(a), spatial distribution of the original COMS RI showed slight
underestimation, even though southeastern part of study area presented similar patterns of
precipitation compared with that of OKy,. By comparison, as shown Fig. 8(b), the original
COMS RI showed overestimated average rainfall in comparison with OKy,, whereas the
southern=part of the study area showed similar precipitation patterns. Particularly in the
northern part of the study area, COMS RI significantly overestimated precipitation compared
with the Kriged map in SO and S1. The uncertainties of the COMS RI results from its indirect
estimation algorithm for precipitation, which relies on the cloud-top brightness temperature in
the infrared.or visible bands (Scofield and Kuligowski, 2003; Joyce et al., 2004). Tuttle et al.
(2008) reported that scale problems associated with detecting cloud characteristics also

contribute-to large uncertainties in precipitation retrieval from satellites.

The Kriged precipitation maps from SO and S1 in Figs. 8(a) and (b) feature isolated circular
rainfall. patches (“bull’s eyes”), which are typically observed because of contrasting
measurements from a small number of points (Yoon and Bae, 2013). Westerberg et al. (2010)
noted that.the problem related to low rain-gauge density could be illustrated through the
bull’s eyesw=In contrast, as shown in the S4 scenario, the Kriged precipitation field becomes

similar to OKy as the network density increases.
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The CM-based precipitation estimation describes more-specific spatial patterns than the
Kriged gauge precipitation, regardless of the number of rain gauges. CM under SO and S1
showed spatial patterns more similar with OKy than did the other merging techniques in both
days (Fig. 8). Even for S4, CM showed virtue in capturing rainfall patterns missed by the
Kriged ‘precipitation model by adopting the advantages of both gauge measurements and

spatially-distributed COMS RI data.

GRA-.and, GDA-based precipitation estimates seem to be more strongly influenced by the
COMS RI_than the CM-based map (Fig. 8) because of differences in the calibration
procedures. The CM-based precipitation estimation compensates for ground-based
precipitation data, whereas the GRA- and GDA-based precipitation data are calibrated from
COMS.RI. As shown in Fig. 8(a), GDA- and GRA-based precipitation estimates for SO
showed different patterns (underestimation and overestimation) compared with OKy, and
CM-based precipitation estimation for SO. As shown in Fig. 8(b), the GRA- and GDA-based
precipitation estimation was comparable to the CM-based estimation for S1 and S4, although
they showed different patterns in SO. Duan and Bastiannsen (2013) reported that a scarcity of
rain gauges could lead to low accuracy for both GDA and GRA. According to Vila et al.
(2007), the GDA method showed large difference when a large distinction occurred between
satellite="and ground-based precipitation data. The GRA method is difficult to compute when
the value of satellite-based precipitation, ground-based precipitation, or their ratio is zero
because the denominator in equation (4) becomes zero; consequently, the ratio cannot be

determinged.

4.3.2 Spatial heterogeneity of precipitation
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The spatial distributions of OK and the three different merging techniques shown in Fig. 8
present inconsistent results, as noted in Tables 2 and 3. Those contradictory results could be
caused by calculating the statistics summarized in Tables 2 and 3 using the whole datasets
observed during the study period. On account of the higher FAR from remotely sensed
precipitation and the superior accuracy of gauge measurements for a small spatial support,
Kriged-gauge precipitation data might be better than merged precipitation on average when
including a large number of no-rain or homogeneous rainfall fields. To examine the effect of
precipitation spatial heterogeneity on the relative merits of merging, the accuracy of the

Kriged'and.merged fields were compared under varying spatial heterogeneity of precipitation
(Fig. 9).

We defined the heterogeneity of precipitation as the spatial variance of the hourly COMS RI
precipitation data. The difference in RMSE between the merging techniques and Kriging was
plotted™“over four different spatial variances of the hourly COMS RI precipitation (i.e.,
thresholds.as 1, 5, 10, and 15 mm*accumulation time?). The COMS RI was chosen to define
spatial heterogeneity because it was the main predictor for the merged precipitation and it had
a consistently high statistical power regardless of the number of rain gauges. Hourly
precipitation was also considered because accumulated precipitation could decrease the

spatial-heterogeneity with the effect of spatial smoothing.

CM showed a higher efficiency in the low-gauge density and moderately high spatial
heterogeneity cases. In Fig. 9, the CM-based precipitation estimation showed a positive
difference*of RMSE at all four thresholds in SO and all gauge densities with a high spatial

heterogeneity (thresholds of 10-15 mm?accumulation time®). Thus, the CM-based
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precipitation estimation produced smaller RMSE values than the Kriged gauge precipitation
estimation. This result has important implications for the application of merging techniques in
the monitoring of spatially heterogeneous or highly localized storm events. Garcia et al.
(2008) .and Pluntke et al. (2010) reported the limitations of Kriging when explaining the
spatial sheterogeneity of rainfall events, including convective rainfall. From S1 to S4, CM-
based .precipitation estimations outperformed the Kriged precipitation model above 5

mm?/accumulation time?.

GDA, which uses the difference between ground-based and satellite-based precipitation for
merging, showed a higher RMSE at low density (SO and S1) until the threshold reached 10
mm?/accumulation time®. However, GDA estimated more accurate precipitation when the
threshold_was above 10 mm?accumulation time® because the COMS precipitation field
playedian efficient role in detecting spatial variability. OK derived better estimates than GDA
up to=the™5 mm?accumulation time? threshold because of increasing network density,
whereas.GDA derived better estimates than Kriging when the thresholds were above 10
mm?/accumulation time?. Similarly, GRA showed slightly higher RMSE than Kriging in S3
and S4,.whereas it showed a lower RMSE than Kriging until the threshold reached 10
mm?/accimulation time? in SO and S1.The poor performance of GRA in S3 and S4 might be

explained-through the numerical limitation of the geographical ratio used in GRA.

Overall;all three merging techniques showed reasonable performance with low gauge
density and-high precipitation spatial heterogeneity. In a comparison of the three methods, the
performanee of CM was superior. Of special note is that CM presented noticeably better

performance than OK as the spatial variance approached 10 mm?/accumulation time? or if the
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network density was low. Meanwhile, GDA and GRA showed lower performance than OK
with a spatial variance below 5 mm%accumulation time%. Merged precipitation, however,
showed better performance than Kriged precipitation when the spatial heterogeneity was at or

above thresholds of 10 mm%accumulation time? with low density (SO, S1, and S2).

5.  Summary & Conclusion

The main objective of this study was evaluating methods to improve the accuracy of the
COMS RI satellite precipitation product by merging it with ground-based precipitation data
using three different techniques: CM, GDA, and GRA. The kriged gauge precipitation by OK

was used as a control case to assess the utility of COMS RI in the merged estimations.

Consistentiwith previous research outputs, both statistical indicators (ME, Relative bias, r,
and '"RMSE) and categorical statistics (POD and FAR) for the merged and Kriged
precipitation fields improved as the accumulation time and gauge density increased. The
improvement was more significant with increasing accumulation time than with increasing
gauge density. The influence of the increasing rain-gauge density leveled off at a density that

varied among the different merging methods and OK.

The impact of precipitation spatial heterogeneity on the performances of the tested
techniquesand OK was also examined. When the spatial variance of the COMS RI data was
less than 5smm?/accumulation time?, OK showed better results than the merging techniques.
However, the merging methods outperformed OK for spatially heterogeneous and sizeable

precipitation events. Among the three different merging techniques, CM showed the best
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performance, particularly in cases of low density (S0).

The results of this study demonstrate that accurate precipitation estimates in near real-time
can be produced using merging techniques for both low rain-gauge density (SO to S2) and
spatially=heterogeneous rainfall events. Considering the general tendency of higher spatial
heterogeneity for larger rainfall events, the merging techniques can potentially provide
important skill gains in predicting water-borne natural disasters, such as floods and landslides.

In partieular, CM-based merging could be useful for regions with sparse rain gauges.

To further examine the practical efficacy of merged precipitation products, our merged
products-need to be tested for real hydrological predictions. An evaluation of near real-time
flood predictions forced by various interpolated and merged precipitation products in the

study site"is currently under way.
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Fig. 1. Location map of Downstream of Namhan River watershed showing distribution and locations of 44 rain-gauge
stations.
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Table 1. Validation statistics of COMS RI for all rain-gauges.

Accumulation time (Hour)

1 3 6 12 24
ME 0.091 0.272 0.544 1.087 2.175
RMSE 1.487 3.715 5.699 9.407 13.258
COMS
r 0.342 0413 0.543 0.647 0.713
POD 0.627 0.707 0.790 0.835 0.909
FAR 0.702 0.674 0.616 0.567 0.500

Note: The ME and RMSE have unit mm/accumulation time.

Table,2.,Average merging methods performance over all scenarios for each accumulation time.

Accumulation time (Hour)

1 3 6 12 24

ME -0.017 -0.057 -0.107 -0.200 -0.416

OK RMSE 0.680 1411 2.098 2.976 4.903
r 0.756 0.842 0.850 0.905 0.919

ME 0.016 -0.001 0.034 -0.085 -0.264

ci RMSE 0.772 1.590 2.401 3.254 5.802
r 0.763 0.851 0.866 0.909 0.890

ME 0.012 -0.003 0.033 -0.066 -0.203

s @ RMSE 0.803 1.672 2.617 3.497 5.835
r 0.740 0.832 0.849 0.896 0.890

ME -0.038 -0.079 -0.132 -0.144 -0.306

GRA RMSE 0.857 1.770 2.927 3.525 5.663
r 0.699 0.816 0.756 0.891 0.899

Note: ThesME and RMSE have unit mm/accumulation time.
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Table:3. Average merging methods performance over all accumulation time for each scenarios.

Scenarios
Scenario 0 (S0)  Scenario 1 (S1)  Scenario 2 (S2)  Scenario 3 (S3)  Scenario 4 (S4)

ME -0.188 -0.200 -0.134 -0.156 -0.148

OK™ RMSE 3.411 2.717 2.346 2.341 2.250
r 0.783 0.852 0.879 0.879 0.885

ME 0.112 -0.113 -0.039 -0.017 -0.019

CM | RMsE 3.242 3.026 2572 2513 2.465
r 0.827 0.852 0.863 0.871 0.873

ME -0.070 -0.067 -0.050 -0.025 -0.015
GDAw="RMSE 3.919 2.849 2.593 2.568 2.495
r 0.755 0.855 0.862 0.868 0.871

ME -0.165 -0.144 -0.109 -0.147 -0.133

GRA™ RMSE 3.735 3.061 2.705 2.664 2.577
r 0.760 0.816 0.803 0.845 0.852

Note:-The-ME and RMSE have unit mm/accumulation time.
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