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Abstract: Geographical constraints limit the number and placement of gauges, especially in
mountainous regions, so that rainfall values over the ungauged regions are generally estimated
through spatial interpolation. However, spatial interpolation easily misses the representation of
the overall rainfall distribution due to undersampling if the number of stations is insufficient.
In this study, two algorithms based on the multivariate regression-kriging (RK) and merging spatial
interpolation techniques were developed to adjust rain fields from unreliable radar estimates using
gauge observations as target values for the high-elevation Chenyulan River watershed in Taiwan.
The developed geostatistical models were applied to the events of five moderate to high magnitude
typhoons, namely Kalmaegi, Morakot, Fungwong, Sinlaku, and Fanapi, that struck Taiwan in the
past 12 years, such that the QPESUMS’ (quantitative precipitation estimation and segregation using
multiple sensors) radar rainfall data could be reasonably corrected with accuracy, especially when
the sampling conditions were inadequate. The interpolated rainfall values by the RK and merging
techniques were cross validated with the gauge measurements and compared to the interpolated
results from the ordinary kriging (OK) method. The comparisons and performance evaluations were
carried out and analyzed from three different aspects (error analysis, hyetographs, and data scattering
plots along the 45-degree reference line). Based on the results, it was clearly shown that both of the RK
and merging methods could effectively produce reliable rainfall data covering the study watershed.
Both approaches could improve the event rainfall values, with the root-mean-square error (RMSE)
reduced by up to roughly 30% to 40% at locations inside the watershed. The averaged coefficient of
efficiency (CE) from the adjusted rainfall data could also be improved to the level of 0.84 or above.
It was concluded that the original QPESUMS rainfall data through the process of RK or merging
spatial interpolations could be corrected with better accuracy for most stations tested. According to
the error analysis, relatively, the RK procedure, when applied to the five typhoon events, consistently
made better adjustments on the original radar rainfall data than the merging method did for fitting to
the gauge data. In addition, the RK and merging methods were demonstrated to outperform the
univariate OK method for correcting the radar data, especially for the locations with the issues of
having inadequate numbers of gauge stations around them or distant from each other.
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1. Introduction

Hydrologic predictions in terms of surface runoff are critically important to disaster mitigation
as well as water resource planning and management. Tremendous efforts have been dedicated
to the development of numerical models by researchers over the years in attempts to accurately
simulate the hydrologic responses of targeted areas during severe weather events. With the increase in
computational power and availability of high resolution spatial and temporal data, physically based
distributed models have rapidly gained popularity over empirically based lumped models. Complex
governing equations can now be solved using advanced numerical methods without compromising the
computational efficiency. Meanwhile, an increase in streamflow prediction accuracy can be achieved
with the inclusion of the detailed geophysical and meteorological characteristics of areas of interest.
The performances of distributed and lumped models have been assessed (e.g., [1–4]). Studies on the
implementation of the distributed model for a variety of hydrologic applications can be found in [5–10].

Among all the required inputs for runoff modeling, rainfall data undoubtedly have the most
critical influence on the prediction results. In order to fulfill the requirement of high-resolution input
data for distributed simulations, dense gauge networks must be built to observe the actual spatial
distribution of rainfall. However, establishing dense gauge networks, especially in mountainous
regions, is impractical due to the high cost of instrumentation and required routine maintenance
services [11,12]. In addition, geographical constraints such as highly sloped terrain also limit the
number and placement of gauges within a network. Rainfall values over the ungauged regions are
generally estimated through spatial interpolation. As indicated by Duncan et al. [13], the interpolated
results were heavily dependent on rain gauge network density. Regardless which interpolation
technique is chosen, the technique can easily misrepresent the overall rainfall distribution due to
undersampling if the number of stations is insufficient. Sampling errors produced from rain gauge
networks with various densities have also been investigated by other researchers [13–16].

With the recent advancement in observation technology, remote sensing has become an invaluable
alternative to field sample collection because of its ability to economically acquire the detailed spatial
distribution of target variables over large areas in a timely fashion [17–19]. Differing from satellite-based
precipitation measurements [20–22], weather radar is considered to be one of such systems widely used
to provide multiple types of meteorological products (e.g., precipitation, hail index, wind profile) [23].
These products are typically derived from reflectivity measurements and stored in gridded formats
and short intervals in time, which are particularly useful for real-time disaster warning operations.
Radar precipitation has had a long history of being used in flood forecasting and other types of
hydrologic predictions [1,11,24–31]. While the precipitation estimates provide the spatial and temporal
details of a rainfall event, it is well known that the data are subject to uncertainties and systematic
errors [11,25,32–37]. Hence, proper adjustments are required prior to their use as inputs for any
simulation tasks. As pointed out by Wilson and Brandes [36], the main source of error for radar rainfall
occurs during the conversion process. The precipitation estimates are converted from the reflectivity
measurements using the Z−R relationship, where Z is the radar reflectivity and R is the radar rainfall
rate, under the assumption that the rain drop distribution is exponential and the vertical air flow is
relatively small compared to the terminal velocities of rain drops. In reality, the drop size distribution
and air motion will most likely not be as assumed and vary continuously throughout an event. It would
not be feasible to adjust the coefficients of the Z−R relationship for every event.

As rainfall recorded by rain gauges is commonly considered as ground truth, a great number of
methodologies that combine both gauge observations and radar estimates to generate rain fields have
been proposed. In principle, by utilizing data from both sources, the accuracy of point measurement
and high-resolution spatial information can be integrated to potentially obtain a measurement more
accurate to the actual rainfall distribution over targeted areas for the use of hydrological modeling
and flood forecasting [5,30,38]. Improvements to the accuracy of rainfall estimations and hydrological
modeling with rainfall inputs through the combination of radar and rain gauge observations have been
reported by Kim et al. [39], Gourley and Vieux [40], and others. Studies, including Morin et al. [41],
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Rosenfeld et al. [42], and Smith et al. [43], also addressed the rainfall accuracy related to the adjustment
of radar data using gauge measurements and affecting parameters. Researchers and governmental
agencies have adopted that the mean field bias correction method is a quick and simple way to calibrate
radar rainfall in real time operations [24,26,30,36,44,45]. The ratios of gauge to radar values at the
locations of all gauges in a network are averaged, and the averaged correction factor is then multiplied
uniformly to the entire radar field. Considering the mean field bias between radar areal estimates
and the point measurements from gauges, Kalman Filter’s procedure has been applied to adjust
the NEXRAD (next generation weather radar) radar rainfall forecasting system [26,46]. Focusing on
removing the systematic errors or bias, Rosenfeld et al. [42] proposed a probability matching method
for radar adjustment. Cole and More [1] used an integrated multiquadric estimation technique [47] for
the dynamic generation of gridded gauge-adjusted rainfall fields.

Geostatistically based approaches in recent years have become increasingly preferred for the
interpolation of rainfall. Kriging or ordinary kriging (OK) is one of such approaches that has been
considered the best linear unbiased estimator [48]. Some commonly seen forms of kriging that have
shown excellent rainfall prediction results using both gauge precipitation and radar estimates or other
secondary variables include simple kriging with varying local means (SKlm) [49], kriging with external
drift (KED), regression-kriging (RK) [50,51], universal kriging (UK), and co-kriging (CK). SKlm, KED,
RK, and UK are very similar in terms of their mathematical formulations. The primary differences
between these multivariate techniques are the steps that are taken to solve the kriging weights.
Compared to the others, the ordinary CK is a more complex and computationally demanding extension
of kriging. Not only the does the correlation of each of the primary and secondary variables have to
be analyzed, the cross correlation between the residuals of the variables must also be examined [12].
The various forms of multivariate kriging for rainfall interpolation in distributed hydrologic modeling
have been assessed in the past. Goovaerts [52] explored the use of the digital elevation model (DEM)
as an external predictor for spatial rainfall prediction. The results showed that SKlm, KED, and CK
outperformed the conventional Thiessen polygon [53], inverse distance weighting (IDW), OK, and linear
regression. Haberlandt [54] included both radar estimates and elevation values as external predictors
for rain field interpolation. The results also confirmed that multivariate methods clearly outperformed
univariate techniques. The comparison study for the KED and RK methods were presented by
Hengl et al. [55]. Zhang and Srinivasah [45] employed the RK and SKlm approaches for validating
NEXRAD data. Later, Schuurmans et al. [56] studied the effect of the extent of the interpolation domain
on the spatial rainfall prediction accuracy. The performances of KED and CK using radar precipitation
as a secondary predictor were compared against OK. Ehrat [38] introduced a geostatistical merging
method for spatial rainfall estimation using both radar and rain-gauge data. Other tested case studies
can also be found in [57–60]. However, the above mentioned geostatistically based methods have not
yet been tested and examined for their performances applying to a high-elevation study area.

Every summer and fall, the frequently occurring regional thunderstorms, seasonal rain (named
Meiyu), or typhoons are known to routinely bring large amounts of rainwater in a short period of time
to Taiwan. Typhoons invade Taiwan every year and have been observed to cause severe flood-related
property damage and the loss of lives regularly. The study area, Chenyulan River watershed, is located
in central Taiwan, in which watersheds are highly prone to flash flooding during the typhoon season,
especially after the Chi-Chi earthquake in 1999 [61]. The early warning system that is currently in
operation for flood forecasting relies solely on its rain gauge network as the rainfall data source for
hydrologic and hydraulic simulations. Due to the rough terrains, high elevation, and heavy forest
cover, establishing and maintaining a functional high-density rain gauge network in the study area has
been proven to be a challenge. The ultimate goals of this study would be to integrate the developed
algorithm into the system and enhance the accuracy of rainfall input with the much-detailed high
resolution space–time rainfall data. The algorithms developed in this study were based on two spatial
interpolation-based methods, regression-kriging (RK) and merging, and written in the R statistical
programming language [62]. The performance of the method was evaluated on five historical typhoon
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events (Kalmaegi, Fungwong, Sinlaku, Morakot, and Fanapi). Error analyses of the interpolated results
were performed. The corrected radar rainfall values along with the results obtained using ordinary
kriging (OK) were compared in their accuracies against the observed rainfall values at the gauge
locations. The time series plots of the adjusted rainfall data showing the improved variation trend
following the gauge measurements are also presented to confirm the performance of the developed
spatial interpolation models.

2. Study Area and Rainfall Data

The Chenyulan River watershed is located in central Taiwan and is elongated in the north–south
direction and encompasses approximately 450 km2 of land. The area rises to over 3700 m near Mount
Yu and descends northward to an elevation of 400 m at its outlet. With the central ridge of the island of
Taiwan to the east, the averaged elevation in the eastern and southeastern regions of the watershed is
above 2500 m. The location and elevation distribution of the watershed are shown in Figure 1.Remote Sens. 2020, 12, x FOR PEER REVIEW 5 of 26 

 

 
 

Figure 1. The Chenyulan river watershed and its riverine system in Taiwan. 

 

Figure 1. The Chenyulan river watershed and its riverine system in Taiwan.

The watershed consists mostly of mountainous terrain. The slope of the majority of the land
surface ranges from 20 degrees to 60 degrees. The main river, the Chenyulan River, originates from
the north ridge of Mount Yu and flows an estimated distance of 42.4 kilometers through a deeply cut
valley. Due to a significant elevation drop of more than 2000 m between the north and south ends
of the watershed, the averaged channel bottom slope of the Chenyulan River is nearly 6.75 percent.
The overall riverine system is depicted in Figure 1. The combination of highly sloped river channels
and steep terrain accelerates the rainfall-runoff transformation, which makes the watershed highly
susceptible to flash flooding [63]. The nearly 15% flatter areas are generally near the bottom of the
river valley and are where most of the human activities take place (e.g., residential, agricultural, and
other types). However, more often than not these areas are also located in the floodplains, such that
time for emergency response during severe weather events is greatly limited.

This study incorporates the true gauge observations and raw radar estimates to perform the
adjustment of radar rainfall data using geostatistical-based interpolation procedures. The importance of
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adequate rainfall sampling for rain field interpolation during storm events can never be overemphasized.
As aforementioned, accurate rainfall data can enhance the modeling results. In order to achieve
adequate sample collection, sufficient and evenly distributed sampling locations are generally required.
However, various geographical constraints often dictate the number and location of the sampling
sites when designing a rain gauge network. The collected radar rainfall data can serve as a practical
solution, providing a wider and more detailed distribution of the rainfall field, but using an effective
interpolation tool to correct the rainfall values is required.

The rain gauge network used for this study consists of 27 strategically selected stations, among
which 23 are managed by the Central Weather Bureau (CWB) of Taiwan. The remaining four stations are
operated by the Water Resources Agency (WRA). The gauge network is shown in Figure 2. The vertical
elevation for the gauge stations ranges from 235 to 3845 m, with an average elevation of 1504 m
(see elevation data in Tables 1 and 2). Among the 27 stations, 12 stations are located inside the
Chenyulan River watershed and the other 15 gauge locations are stationed in the regions either outside
or on the watershed boundary. Additionally, 17 out of the 27 stations have the elevations above 1000 m.
Due to the rough terrain restriction, most of the rain gauges in the study area were placed along river
channels where easier access to the sites could be gained. In high elevation regions such as the east
part of the watershed, establishing gauging stations was almost impossible. Therefore, undersampling
in certain areas could be expected.Remote Sens. 2020, 12, x FOR PEER REVIEW 6 of 26 
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Table 1. Root mean square error (RMSE) and coefficient of efficiency (CE) for the unadjusted QPESUMS
data and adjusted radar rainfall values using regression-kriging (RK) and merging for stations inside
the watershed boundary during the event of Typhoon Kalmaegi. The values of the percentage reduction
(% Red.) in RMSE, the percentage improvement (% Imp.) in CE, and the station elevation (Elev.) are
also included.

Stations Inside the Watershed Boundary

Station ID Elev.
(m) QPESUMS Rainfall Data Adjusted by RK Rainfall Data Adjusted by Merging

RMSE
(mm) CE RMSE

(mm)
% Red.

of RMSE CE % Imp.
of CE

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

1510P030 1135 2.79 0.48 2.56 8.24 0.56 16.67 2.66 4.66 0.53 10.42
1510P087 2200 1.95 0.78 0.98 49.74 0.95 21.79 0.97 50.26 0.95 21.79
C0H9A0 1595 2.00 0.81 1.55 22.50 0.88 8.64 1.62 19.00 0.87 7.41
C1I060 2403 2.23 0.80 1.20 46.19 0.94 17.50 1.21 45.74 0.94 17.50
C1I070 825 1.93 0.81 1.36 29.53 0.91 12.35 1.39 27.98 0.90 11.11
C1I080 536 2.26 0.67 1.59 29.65 0.84 25.37 1.51 33.19 0.85 26.87
C1I160 399 2.02 0.69 1.53 24.26 0.82 18.84 1.49 26.24 0.83 20.29
C1I290 1151 2.20 0.68 1.59 27.73 0.83 22.06 1.63 25.91 0.83 22.06
C1I300 781 1.89 0.66 1.33 29.63 0.83 25.76 1.35 28.57 0.83 25.76
C1I340 897 2.05 0.78 1.58 22.93 0.87 11.54 1.61 21.46 0.87 11.54
C1I350 887 1.94 0.76 1.72 11.34 0.81 6.58 1.72 11.34 0.81 6.58

C1M440 2540 2.01 0.74 1.58 21.39 0.84 13.51 1.56 22.39 0.85 14.86
Average 2.11 0.72 1.55 26.93 0.84 16.72 1.56 26.39 0.84 16.35

Table 2. RMSE and CE for the unadjusted QPESUMS data and adjusted radar rainfall values using RK
and merging for stations outside or on the watershed boundary during the event of Typhoon Kalmaegi.
The values of percentage reduction (% Red.) in the RMSE, percentage improvement (% Imp.) in CE,
and station elevation (Elev.) are also included. The values at station C1I100 were not used in the
calculation of the averaged values.

Stations Outside or on the Watershed Boundary

Station ID Elev.
(m) QPESUMS Rainfall Data Adjusted by

RK Rainfall Data Adjusted by Merging

RMSE
(mm) CE RMSE

(mm)
% Red.

of RMSE CE % Imp.
of CE

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

C1M630 1052 2.15 0.85 2.17 −0.93 0.84 −1.18 2.14 0.47 0.85 0.00
C1V170 3690 1.47 0.64 1.27 13.61 0.73 14.06 1.30 11.56 0.72 12.50
C1V460 1949 2.06 0.75 1.93 6.31 0.78 4.00 1.81 12.14 0.80 6.67

1510P088 1666 2.16 0.71 1.78 17.59 0.81 14.08 1.78 17.59 0.81 14.08
1730P132 2540 2.74 0.65 2.25 17.88 0.77 18.46 2.21 19.34 0.78 20.00

467530 2413 2.47 0.75 2.18 11.74 0.81 8.00 2.35 4.86 0.77 2.67
467550 3845 1.90 0.70 1.83 3.68 0.72 2.86 1.83 3.68 0.72 2.86
C0I090 878 2.18 0.72 1.86 14.68 0.79 9.72 1.96 10.09 0.77 6.94
C1I040 1693 2.01 0.83 1.99 1.00 0.83 0.00 2.04 −1.49 0.82 −1.20
C1I100 1771 1.09 0.25 1.4 −28.44 −0.24 −196.0 1.35 −23.85 −0.15 −160.0
C1I120 1528 2.28 0.69 2.09 8.33 0.74 7.25 2.13 6.58 0.73 5.80
C1I150 393 1.92 0.81 1.66 13.54 0.86 6.17 1.72 10.42 0.85 4.94
C1I170 235 1.60 0.53 1.70 −6.25 0.47 −11.32 1.70 −6.25 0.47 −11.32
C1I270 593 1.61 0.84 1.30 19.25 0.90 7.14 1.49 7.45 0.87 3.57
C1I310 1001 2.00 0.75 1.30 35.00 0.89 18.67 1.32 34.00 0.89 18.67

Average 2.04 0.73 1.81 11.10 0.78 6.99 1.84 9.32 0.78 6.15

In regard to rainfall recorded at each gauge station, the CWB preprocesses and cumulates the
measured rain amount over regular time intervals (10 min and 1 h) for their managed 23 stations.
However, the rainfall data collected in the 4 WRA stations were in an irregular time series format.
Extra interpolation efforts were carried out to convert the rainfall measurements in WRA stations into
a regular time series format that was consistent with the data from the CWB, including time interval
and time stamp format. Then, the regular time series of the rainfall data from all gauge stations could
be used directly by the rain field interpolation algorithm developed in this study.

The CWB, WRA, Soil and Water Conservation Bureau (SWCB) of Taiwan, and US National
Oceanic and Atmospheric Administration’s (NOAA’s) National Severe Storms Laboratory (NSSL) had
collaborated in the development of the quantitative precipitation estimation and segregation using
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multiple sensors (QPESUMS) system. Since its deployment in 2002, the system has been used to
produce a variety of weather products by integrating radar data with other meteorological observations
such as wind speed, lightning strikes, and rain gauge measurement. Through the CWB’s QPESUMS
system, the radar rainfall data were stored in a gridded format with a bin dimension of 0.0125 degree
× 0.0125 degree (latitude/longitude), i.e., a cell size of approximately 1.25 × 1.25 km, and the recording
interval was ten minutes. Figure 3 presents an example plot showing a cropped time slice of the
unadjusted radar rainfall of Typhoon Morakot. The detailed spatial distribution of the rainfall at a
selected instant can be displayed.Remote Sens. 2020, 12, x FOR PEER REVIEW 7 of 26 
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using multiple sensors (QPESUMS) radar rainfall data from Typhoon Morakot in August 2009.

3. Methodologies for Radar Rainfall Adjustment

3.1. Regression Kriging

The raw radar data extracted from QPESUMS contain the rainfall values of the covered area.
They were converted from the measured radar reflectivity by applying the Z–R relationship. According
to the CWB of Taiwan, the Z–R equation accepted for rainfall conversion in Taiwan is given as

Z = 32.5R1.65, (1)

where Z is the radar reflectivity in dBZ and R is the radar rainfall rate in mm/hr. One of the selected
methods for correcting the R values using gauge rainfall measurements is the geostatistically based
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regression-kriging (RK) technique, where the spatial variation in a target variable can be presented
as the summation of its deterministic (trend) and stochastic (disturbance or residual) components.
Regression-kriging is a combination of the generalized linear models with kriging.

In RK, the deterministic part of estimation of a target variable is modelled by the linear regression
approach using the formulated relationship between the target and auxiliary variables. The stochastic
part of the calculation is estimated by kriging based on the regression residuals. In this study, the
target variable was the rainfall rate from the gauge stations, and the auxiliary variables were the radar
rainfall estimates from the QPESUMS system and the elevation values pertaining to the watershed and
its surrounding areas. According to Hengl [64], the variation trends of the measured rainfall rate Rg(xi)

at the gauge stations can be commonly related to the affecting parameters using linear regression, as

Rg(xi) = β0 +
M∑

k=1

βkgk(xi) + ε(xi), i = 1, 2, . . . , N, (2)

where βk(k = 1, 2, . . . , M) are model coefficients to be determined and gk(k = 1, 2, . . . , M) are known
external variables (or predictors). M is the total number of predictors, xi = (xi, yi) represents the position
vector of the ith gauge station, N is the total number of gauge stations, and ε(xi) is the residual at the
gauge station xi. Considering the radar data, R(xi) and the elevation of the gauge station, E(xi) as two
external predictors, we have

Rg(xi) = β0 + β1R(xi) + β2E(xi) + ε(xi), i = 1, 2, . . . , N. (3)

Using the pairs of Rg(xi) and R(xi) values and the elevation data, the coefficients β0, β1, and β2

are determined by the procedure of generalized least squares regression. With the known regression
coefficients, the trend of rainfall variation for a given instant at any ungauged location xp =

(
xp, yp

)
can be obtained using the corresponding radar and elevation data at xp. A sample plot showing an
interpolated trend surface of the rainfall variation is presented in Figure 4a.
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plot of the residual surface of rainfall variation, based on radar data from Typhoon Morakot in
August 2009.
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In addition to a trend in the rainfall distribution surface, a residual surface has to be produced.
The residual at any ungauged location ε̂

(
xp

)
is estimated by the kriging technique. The estimated

residual surface is a linear combination of the residuals at neighboring gauge stations multiplied by the
appropriate kriging weights as described by ε̂

(
xp

)
=

∑N
1 wipε(xi), where wip are the kriging weights

determined at xi with respect to xp. Figure 4b illustrates an example plot of the interpolated residual
rainfall surface. A semivariance analysis with fitted semivariogram functions can be performed to
determine the weighting coefficients. The semivariance (SV) of the residual is computed using the
definition shown below:

γ(h) =
1

2K(h)

K(h)∑
i=1

(ε(xi) − ε(xi + h))2. (4)

Here, ε(xi) = the magnitude of the regional variable (or the residual); ε(xi + h) = the magnitude
of the regional variable that is away from ε(xi) by a distance of h; γ(h) = SV function; and K(h) = the
number of pairs of residual variables separated by h. A semivariogram can be generated by plotting
semivariances versus distances between ordered data. Figure 5 shows an example of a semivariogram.
It should be noted that strong similarities exist between the residuals at shorter distances, as the
semivariance decreases with the decreasing distance between gauge stations.
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where γi j = values obtained from the residual related semivariogram according to the distance between
two points denoted by i and j; γip = values of semivariance based on the distance between an ungauged
point p and gauge point i; and µ = Lagrange multiplier. The final adjusted radar rainfall rate, R̂g

(
xp

)
,

at any ungauged location xp can then be determined by combining the calibrated variation trend and,
with the use of the kriging technique, the geostatistically estimated residual. We have

R̂g
(
xp

)
= β0 + β1R

(
xp

)
+ β2E

(
xp

)
+

N∑
i=1

wipε(xi) . (6)

3.2. Merging Method

Apart from the RK method, the other approach considered in this study was the merging method,
which also jointly uses radar and rain-gauge data. The idea of the merging method is to merge the
interpolated gauge data at an ungauged station with the deviations in the observed and interpolated
radar values at that station. The effect of reliable spatial distribution from the observed radar rainfall
field can be included in the correction process. Again, assuming R̂g

(
xp

)
to be the adjusted radar rainfall

rate at any ungauged location xp, the merging method with the application of kriging technique gives

R̂g
(
xp

)
=

N∑
i=1

ŵipRg(xi) + ∆Rr
(
xp

)
, (7)

where ŵip are the weighting coefficients, Rg(xi) again is the rainfall rate measured at any gauge station
located at xi, and ∆Rr

(
xp

)
represents the rainfall correction obtained from the information relating to

observed and interpolated radar values. Similar to Equation (5), the coefficients ŵip are determined by
solving a system of equations with known coefficients obtained from a semivariogram constructed
with the semivariances of rain-gauge data between any pair of gauge stations. If the effect of ∆Rr

(
xp

)
is

neglected, Equation (7) is recovered with the ordinary kriging (OK) method.
For the determination of the ∆Rr

(
xp

)
values, the radar values at gauge locations and the kriging

procedure are first used to estimate the spatially interpolated radar rainfall rates at an ungauged
location, xp, using the formula

∑N
i=1 w̃ipR(xi). Then, the rainfall correction at any ungauged location xp

can be computed as

∆Rr
(
xp

)
= R

(
xp

)
−

N∑
i=1

w̃ipR(xi), (8)

where R
(
xp

)
represents the original radar rainfall rate at the targeted location xp. R(xi), i = 1, 2, . . . , N

are the original radar rainfall data identified at the gauge locations, x1, x2, . . . , xN. Again, the kriging
weighting coefficients w̃ip are determined by solving a system of equations similar to Equation (5).
However, with the coefficients γi j obtained from a semivariogram, that is assembled with any pair of
radar data R(xi) at the gauge locations and distance h (See Equation (4)). Because the RK (or merging)
method uses the QPESUMS estimates as an auxiliary variable to interpolate the rainfall, the interpolation
can be perceived as a process to adjust the QPESUMS data to match the observed rainfall data.

4. Results

The algorithms, according to the above-described RK and merging methods, were coded in the R
language and applied to the Chenyulan river watershed to correct the raw radar rainfall data recorded
under five selected severe typhoon events in last decade, which are typhoons Kalmaegi, Morakot,
Fungwong, Sinlaku, and Fanapi. The performance of the RK and merging method were evaluated.
The corrected results after running the RK and merging codes for the tested typhoon events were cross
validated with the gauge observations. In this study, the leave-one-out cross validation, which is widely
recognized as one of the most efficient ways to validate a prediction model, was performed to assess
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the accuracy of the radar rain fields interpolated from the RK and merging models. Their percentages
of improvement were compared with those from the usual OK method, which is an interpolation
procedure just based on the gauge data. The observed rainfall data from one of the gauge stations
were first excluded from the interpolation process to be used as the validation dataset, while the
observed data from the remaining stations were utilized with the radar rainfall estimates to interpolate
the rainfall at the location of that gauge station. The procedure was repeated until each individual
gauge station had been rotated through as a validation location. Finally, the corrected rainfall values
were compared to the gauge data for accuracy verification. Three gauge locations—station C1M440
(upstream), station C1I060 (central region), and station C1I080 (downstream)—along the Chenyulan
River were selected to detail the comparisons between the time series of the adjusted radar rainfall
rates and the observed data.

An error analysis was carried out to show the overall performance of the proposed interpolation
techniques. In this study, two indices, the root-mean-square error (RMSE) and the coefficient of
efficiency (CE), were computed to quantitatively evaluate the errors produced by the proposed models.
The indices were calculated at all gauge locations considering the full event data from the typhoons
tested in this study. The CE was calculated as

CE(xi) = 1−

∑N
j=1 [Rg j(xi) − R̂g j(xi)]

2

∑N
j=1 [Rg j(xi) −Rg(xi)]

2 , (9)

where xi again represents the position vector of the ith gauge station, R̂g j(xi) is the jth interpolated

(or adjusted) rainfall value at xi, Rg j(xi) is the jth gauge data at xi, Rg(xi) is the time averaged value
of the gauge rainfall data at xi, and N is the total number of data points. It should be noted that if
the interpolation techniques presented in this study made the rainfall adjustments accurately, the
resulting CE would be close to unity, as the second term on the right-hand side of Equation (9) would
be relatively small. The results of the time series comparisons in the rainfall values, error analysis, and
the data scattering plots along the 45-degree reference line, showing the fitness of the corrected rainfall
values versus the measured ones, are presented in the following subsections.

4.1. Typhoon Kalmaegi

Typhoon Kalmaegi swept through Taiwan in July 2008 (07/16/2008–07/18/2008). A total depth of
nearly 700 mm of rain was recorded within a two-day period. The RMSE and CE values—based on
the comparisons between the true gauge data and, separately, the original QPESUMS estimates and
those corrected using the RK and merging methods—are summarized in Tables 1 and 2. The RMSE
reduction percentage and the CE improvement percentage in reference to those of the QPESUMS data
are also listed in Tables 1 and 2 for evaluations of the model’s performance. Similarly, the calculated
RMSE and CE values, the RMSE reduction percentage, and the CE improvement percentage from the
standard OK method are given in Tables 3 and 4 for comparison. A positive reduction percentage in
RMSE or a positive improvement in CE indicates that the proposed correction models could produce
more accurate rainfall values than the QPESUMS, whereas a negative percentage would mean that the
approaches tended to not improve the original QPESUMS data.
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Table 3. RMSE and CE for the adjusted radar rainfall values using ordinary kriging (OK) for stations
inside the watershed boundary during the events of typhoons Kalmaegi and Morakot. The values
of percentage reduction (% Red.) in the RMSE and percentage improvement (% Imp.) in CE are
also included.

Stations Inside the Watershed Boundary

Rainfall Data Adjusted by Ordinary Kriging (OK)

Station
ID Typhoon Kalmaegi Typhoon Morakot

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE
RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

1510P030 2.72 2.51 0.51 6.25 0.86 39.01 0.85 44.07
1510P087 0.95 51.28 0.95 21.79 0.71 47.79 0.89 50.85
C0H9A0 1.61 19.50 0.87 7.41 1.32 25.84 0.86 16.22
C1I060 1.46 34.53 0.91 13.75 0.77 42.11 0.87 38.10
C1I070 1.48 23.32 0.89 9.88 0.96 31.91 0.82 32.26
C1I080 1.80 20.35 0.79 17.91 0.78 32.17 0.84 29.23
C1I160 1.52 24.75 0.83 20.29 0.69 36.70 0.86 32.31
C1I290 1.79 18.64 0.79 16.18 0.97 28.68 0.78 36.84
C1I300 1.47 22.22 0.80 21.21 0.82 12.77 0.73 14.06
C1I340 1.61 21.46 0.87 11.54 1.17 34.64 0.87 24.29
C1I350 1.71 11.86 0.81 6.58 0.76 42.42 0.88 41.94

C1M440 1.68 16.42 0.82 10.81 1.50 18.03 0.80 14.29
Average 1.65 22.24 0.82 13.63 0.94 32.67 0.84 31.20

Table 4. RMSE and CE for the adjusted radar rainfall values using OK for stations outside or on
the watershed boundary during the events of typhoons Kalmaegi and Morakot. The values of the
percentage reduction (% Red.) in the RMSE and percentage improvement (% Imp.) in CE are also
included. The values at station C1I100 were not used in the calculation of the averaged values for
Typhoon Kalmaegi.

Stations Outside or on the Watershed Boundary

Rainfall Data Adjusted by Ordinary Kriging (OK)

Station
ID Typhoon Kalmaegi Typhoon Morakot

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE
RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

C1M630 3.67 −70.70 0.55 −35.29 2.56 −34.03 0.48 −32.39
C1V170 1.64 −11.56 0.56 −12.50 2.08 −18.18 −0.06 −124.00
C1V460 1.92 6.80 0.78 4.00 2.04 3.77 0.60 7.14

1510P088 1.79 17.13 0.80 12.68 1.00 28.06 0.71 61.36
1730P132 2.14 21.90 0.79 21.54 1.88 10.48 0.57 23.91

467530 2.38 3.64 0.77 2.67 2.76 −9.96 0.62 −10.14
467550 1.89 0.53 0.70 0.00 2.05 −24.24 0.43 −31.75
C0I090 2.56 −17.43 0.61 −15.28 1.81 −28.37 0.52 −25.71
C1I040 2.38 −18.41 0.76 −8.43 1.53 −14.18 0.58 −14.71
C1I100 3.72 −241.28 −7.77 −3208.00 1.34 −55.81 −0.25 −151.02
C1I120 2.66 −16.67 0.57 −17.39 1.65 −103.70 −1.17 −343.75
C1I150 1.92 0.00 0.81 0.00 1.13 −5.61 0.46 −9.80
C1I170 2.59 −61.88 −0.23 −143.40 1.33 −41.49 0.22 −63.93
C1I270 1.90 −18.01 0.78 −7.14 0.99 −5.32 0.51 −10.53
C1I310 1.39 30.50 0.88 17.33 0.59 44.86 0.89 36.92

Average 2.20 −9.58 0.65 −12.94 1.65 −16.92 0.34 −45.89
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The results of the error analysis are divided into two groups. The first group (Tables 1 and 3)
includes the gauge stations that are located inside the Chenyulan River watershed where the stations
are closer and denser. The stations that are outside (or on) the watershed boundary belong to the second
group (Tables 2 and 4), and are generally distant from each other. The impact of the gauge locations
and sampling quality on the error reduction for the adjusted radar rainfall values is shown, as the
averaged RMSE reduction percentage for the first group is much higher than that of the second group.
For the first group (Table 1), the RK method yields an averaged RMSE reduction percentage of 26.93%,
followed closely by a 26.39% reduction with the merging method. Referring to the maximum reduction
percentage, both methods can improve the rainfall values, with the RMSE reduced by up to nearly 50%.
From Table 3, it can be noted that the averaged reduction percentage of the RMSE from the standard
OK method is lower, at 22.24%. For the gauge stations outside or on the watershed boundary, as shown
in Table 2, the averaged RMSE reductions are 11.10% and 9.32% for the RK and merging methods,
respectively. It is believed that inadequate sampling values were recorded at station C1I100, so the
averaged percentage values for the RMSE were calculated by excluding the values from that station.
When the OK procedure was used, the averaged RMSE reduction percentage was −9.58% (or −25.03%
if the negative percentage value at station C1I100 was included), indicating the interpolated rainfall
values are less accurate than the QPESUMS data. This may be a result of insufficient gauge stations in
the region outside the watershed boundary limiting the performance of the OK method. The RK and
merging models are shown to give more improved radar rainfall estimates than the OK approach does,
especially for locations in a region with a less dense gauge distribution.

The results of the coefficient of efficiency (CE) are summarized in Tables 1–4 present further
evidence of the improved performance of the RK and merging methods. As mentioned above, a CE
value approaching unity would indicate that the interpolated values are close to the observed gauge
values. From Table 1, it is noted that the averaged CE of the QPESUMS data from the gauge stations
located within the watershed boundary is about 0.72. With the procedures of data adjustment carried
out by the RK and merging models, the averaged CE of the corrected rainfall data by either method
improves equivalently to 0.84. The maximum CE value can reach up to 0.95. In comparison, the
averaged CE using OK is 0.82 (See Table 3). It can be seen that more accurate rainfall adjustments can
be made with the proposed geostatistical methods.

In the event of Typhoon Kalmaegi, the averaged CE improvement percentage for stations within the
watershed using the approaches of RK and merging are respectively 16.72% and 16.35%. The analysis
has shown again that RK outperforms the merging method slightly and that both the RK and merging
models are notably more effective than the OK procedure in correcting the unreliable radar rainfall
data. Similar to the RMSE-based analysis, as seen in Table 2, the RK and merging methods again
generate equally promising results, with averaged CE values of 0.78 for the gauge stations outside
the watershed. The averaged improvement percentages are respectively 6.99% and 6.15% from the
RK and merging results, representing a lower percentage when compared to the results in Table 1.
Again, due to the inadequate sampling values found at station C1I100, its CE and percentage values
were excluded in the calculation of all CE-related averaged values. From Table 4, the averaged CE
from OK for those outside the watershed locations is, however, 0.65 (if the CE value at station C1I100
(i.e., −7.77) is included, the averaged CE is reduced to 0.09), which is lower than the QPESUMS’ CE
value of 0.73. Also, for those stations (not counting station C1I100) outside the watershed, two stations
are shown to receive small negative percentage values using the RK or merging approaches, while 7
out of 14 stations were found to have negative values when the OK method was used. The averaged
percentage improvement in CE from OK is −12.94%. Therefore, again, from the comparisons made to
the CE values, the performance of RK and merging are found to be substantially better than that of OK.

The time variations in rainfall depth (hyetographs) at station C1I060 showing the adjusted event
rainfall values from RK and merging, the original QPESUMS data, and the gauge measurements for
Typhoon Kalmaegi are presented in Figure 6. It can be seen in Figure 6 that the QPESUMS data do not
follow the measurements closely and tend to underestimate the local rainfall peaks and overestimate
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the rainfall values in the recession limb of the event. In contrast, the interpolated rainfall values of the
proposed RK and merging methods follow the gauge measurements more closely (capturing the peaks
and troughs).Remote Sens. 2020, 12, x FOR PEER REVIEW 15 of 26 
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Figure 6. Hyetographs at station C1I060 showing the complete time variations in the rainfall
data from RK (adjusted), merging (adjusted), QPESUMS (unadjusted), and gauges for the event
of Typhoon Kalmaegi.

The gauge data recorded during the entire typhoon event and the corresponding adjusted
radar values were plotted as pairs of data points with the 45-degree reference line overlaid for
comparison. The plots are shown in Figure 7a–c, respectively, for stations C1M440, C1I060, and C1I080.
The unadjusted QPESUMS data were also included. It can be concluded that, at each station, the
adjusted radar data agree reasonably well with the gauge data, as indicated by the narrower bandwidth
of the data points close to the 45-degree reference line. The unadjusted QPESUMS data, however,
are shown to scatter to a wider extent (wider bandwidth). The RK and merging methods are again
demonstrated to be able to reliably perform the correction procedures on the raw radar data. Based on
the results shown in Figure 7a–c, a better agreement between the gauge data and adjusted radar values
can be noticed for stations C1I060 and C1M440. For station C1I080, both the RK and merging methods
tend to slightly under adjust the raw radar data for rainfall depths greater than 10 mm (interpolated
data points from RK and merging fall within the lower region).

4.2. Typhoon Morakot

Typhoon Morakot, with a duration from 08/06/2009–08/10/2009, made landfall on 7 August 2009.
As a record-breaking event, Typhoon Morakot dumped tremendous amounts of rain on Taiwan—e.g.,
nearly 3150 mm of rain was recorded at station 467530. The proposed RK and merging algorithms
were tested with this historical rainfall event for verification. The results of the error analysis based on
the calculated RMSE and CE indices are summarized in Tables 5 and 6.
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Table 5. RMSE and CE for the unadjusted QPESUMS data and adjusted radar rainfall values using
RK and merging for stations inside the watershed boundary during the event of Typhoon Morakot.
The values of the percentage reduction (% Red.) in the RMSE and percentage improvement (% Imp.) in
CE are also included.

Stations Inside the Watershed Boundary

Station ID QPESUMS Rainfall Data Adjusted by RK Rainfall Data Adjusted by Merging

RMSE
(mm) CE RMSE

(mm)
% Red.

of RMSE CE % Imp.
of CE

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

1510P030 1.41 0.59 0.86 39.01 0.85 44.07 0.87 38.30 0.85 44.07
1510P087 1.36 0.59 0.67 50.74 0.90 52.54 0.68 50.00 0.90 52.54
C0H9A0 1.78 0.74 1.13 36.52 0.90 21.62 1.23 30.90 0.88 18.92
C1I060 1.33 0.63 0.61 54.14 0.92 46.03 0.61 54.14 0.92 46.03
C1I070 1.41 0.62 0.97 31.21 0.82 32.26 1.01 28.37 0.80 29.03
C1I080 1.15 0.65 0.68 40.87 0.88 35.38 0.68 40.87 0.88 35.38
C1I160 1.09 0.65 0.60 44.95 0.89 36.92 0.63 42.20 0.88 35.38
C1I290 1.36 0.57 0.89 34.56 0.82 43.86 0.90 33.82 0.81 42.11
C1I300 0.94 0.64 0.64 31.91 0.83 29.69 0.67 28.72 0.82 28.13
C1I340 1.79 0.70 1.14 36.31 0.88 25.71 1.11 37.99 0.88 25.71
C1I350 1.32 0.62 0.71 46.21 0.89 43.55 0.74 43.94 0.88 41.94

C1M440 1.83 0.70 1.27 30.60 0.86 22.86 1.36 25.68 0.84 20.00
Average 1.40 0.64 0.85 39.75 0.87 36.21 0.87 37.91 0.86 34.94
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Table 6. RMSE and CE for the unadjusted QPESUMS data and adjusted radar rainfall values using RK
and merging for stations outside or on the watershed boundary during the event of Typhoon Morakot.
The values of the percentage reduction (% Red.) in the RMSE and percentage improvement (% Imp.) in
CE are also included.

Stations Outside or on the Watershed Boundary

Station ID QPESUMS Rainfall Data Adjusted by RK Rainfall Data Adjusted by Merging

RMSE
(mm) CE RMSE

(mm)
% Red.

of RMSE CE % Imp.
of CE

RMSE
(mm)

% Red.
of RMSE CE % Imp.

of CE

C1M630 1.91 0.71 1.77 7.33 0.75 5.63 1.83 4.19 0.74 4.23
C1V170 1.76 0.25 1.58 10.23 0.39 56.00 1.60 9.09 0.37 48.00
C1V460 2.12 0.56 1.72 18.87 0.71 26.79 1.94 8.49 0.64 14.29

1510P088 1.39 0.44 1.13 18.71 0.63 43.18 1.12 19.42 0.64 45.45
1730P132 2.10 0.46 1.74 17.14 0.63 36.96 1.86 11.43 0.58 26.09

467530 2.51 0.69 2.09 16.73 0.78 13.04 2.25 10.36 0.75 8.70
467550 1.65 0.63 1.41 14.55 0.73 15.87 1.61 2.42 0.65 3.17
C0I090 1.41 0.70 1.12 20.57 0.81 15.71 1.19 15.60 0.79 12.86
C1I040 1.34 0.68 0.99 26.12 0.82 20.59 1.08 19.40 0.79 16.18
C1I100 0.86 0.49 0.88 −2.33 0.46 −6.12 0.88 −2.33 0.47 −4.08
C1I120 0.81 0.48 0.83 −2.47 0.45 −6.25 0.88 −8.64 0.38 −20.83
C1I150 1.07 0.51 0.75 29.91 0.76 49.02 0.84 21.50 0.70 37.25
C1I170 0.94 0.61 0.83 11.70 0.70 14.75 1.00 −6.38 0.56 −8.20
C1I270 0.94 0.57 0.61 35.11 0.82 43.86 0.77 18.09 0.71 24.56
C1I310 1.07 0.65 0.57 46.73 0.90 38.46 0.54 49.53 0.91 40.00

Average 1.46 0.56 1.20 17.93 0.69 24.50 1.29 11.48 0.65 16.51

For the gauge stations inside the watershed, the averaged RMSE reduction percentages of 39.75%
and 37.91% (See Table 5) are achieved by the RK and merging methods, respectively, which are better
than that of 32.67% (See Table 3) from the OK procedure. When considering the stations outside
the watershed (See Table 6), the averaged RMSE reduction percentages from RK and merging are
respectively 17.93% and 11.48%. However, the OK again gives a negative averaged RMSE reduction
percentage (i.e., −16.92%) (see Table 4) and 11 out of 15 stations are not shown to have improved
rainfall values, indicating that the OK method is not able to improve the accuracy of the raw radar
rainfall data.

In terms of the averaged CE improvement percentage based on the RK and merging models, they
are 36.21% (average CE=0.87) and 34.94% (average CE=0.86) (see Table 5), respectively, for the gauge
stations inside the Chenyulan River watershed, and 24.50% and 16.51% (see Table 6) for the gauge
stations outside the watershed. However, the averaged CE of the OK is reduced to 0.34 (see Table 4),
which is less than the QPESUMS’ CE value of 0.56. It is also shown that the OK approach produces a
negative value in the averaged percentage improvement in CE (i.e., −45.89%). According to the results
of the analysis, RK is shown to be the most accurate in interpolating and improving the rainfall data,
followed by merging. Similar to the case of Typhoon Kalmaegi, the performance of the OK method
for locations outside of the watershed is not as consistent as the RK and merging methods due to
inadequate sampling locations and limitations of the OK methodology.

The hyetographs covering the event period of Typhoon Morakot at station C1I060 are shown in
Figure 8. The plots include the interpolated results from the RK and merging methods. Observations
from the gauges and the unadjusted QPESUMS radar estimates are also plotted for comparison. It can
be clearly seen that the unadjusted QPESUMS data show poor representation of the real-time varying
rainfall values. The adjustment procedure from RK is shown to be able to substantially improve the
radar data to fit closely to the gauge measurements, especially within the period from midnight to
1:00 a.m. on 9 August 2009.

To better the comparisons of the performances of the RK and merging methods, all the interpolated
rainfall values and unadjusted QPESUMS data for the event of Typhoon Morakot are plotted against
the gauge measurements in Figure 9a–c for stations C1M440, C1I060, and C1I080, respectively.
The 45-degree reference line represents the perfect agreement. As shown in Figure 9a–c, the data
points of the rainfall values corrected by the spatial interpolation algorithms of RK and merging scatter
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around the reference line more closely than those of the QPESUMS data. The plots also support the
statement made above that the adjusted radar rainfall values at station C1I060 among the three test
stations are shown to have the best agreement with the gauge data.Remote Sens. 2020, 12, x FOR PEER REVIEW 18 of 26 
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4.3. Typhoons Fungwong, Sinlaku, and Fanapi

The results of the cross validation of the adjusted rainfall values by the RK and merging models and
their performances, measured by the percentage reduction in RMSE and percentage improvement in
CE for the other three typhoon events—namely, typhoons Fungwong (duration: 07/26/2008–07/29/2008),
Sinlaku (duration: 09/11/2008–09/16/2008), and Fanapi (duration: 09/17/2010–09/20/2010)—in general,
are very similar to those presented in the cases of typhoons Kalmaegi and Morakot. In these three
additional test cases, less extended error analysis results are presented. The summaries of the averaged
RMSE reduction percentage and the averaged CE improvement percentage for the RK, merging, and
OK methods for the gauge stations located within the Chenyulan River watershed for these three
typhoon events are provided in Table 7. It should be pointed out that unusually large sampling errors
were identified at gauge station C1M440 for Typhoon Fungwong and station C1I070 for Typhoon
Fanapi. Thus, the error analysis data from those two stations were not used in the calculation of the
averaged values shown in Table 7.

Table 7. Summaries of error analysis between RK, merging, and OK techniques for typhoons Fungwong,
Sinlaku, and Fanapi.

Typhoon Fungwong

RK Merging OK

Averaged RMSE
Reduction (%) 26.13 22.60 19.41

Averaged CE
Improvement (%) 28.64 25.70 24.05

Typhoon Sinlaku

RK Merging OK

Averaged RMSE
Reduction (%) 24.57 22.22 15.49

Averaged CE
Improvement (%) 29.43 24.08 18.46

Typhoon Fanapi

RK Merging OK

Averaged RMSE
Reduction (%) 18.12 6.19 −11.58

Averaged CE
Improvement (%) 11.29 −11.20 −50.81

Based on the results indicated in Table 7, the performances of the three interpolation techniques
can be ranked from best to worst, respectively, as RK, merging, and OK. It is noticed that the merging
and OK interpolation methods were not as effective in correcting the rainfall values for Typhoon Fanapi
as with Typhoons Fungwong and Sinlaku, as the averaged percentages for the RMSE reduction and
CE improvement are shown to be in a lower or negative range for Typhoon Fanapi when compared to
the values from other two events. However, even for the event of Typhoon Fanapi, the RK method can
still show a reasonable performance in adjusting the radar data. It is interesting to note that, among
the five typhoon events analyzed, the merging method has failed to yield a positive averaged CE value
for the case of Typhoon Fanapi.

As examples, the comparisons of the rainfall time series for the events of typhoons Fungwong
and Sinlaku at station C1I060 are presented in Figures 10 and 11, respectively. The results in general
have further confirmed that the RK and merging methods can perform reasonably well in correcting
the radar rainfall values for severe typhoon events.
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5. Discussion

As seen in the previous section, the results and their interpreted findings from the comparison plots
of the adjusted radar rainfall values against the gauge measurements and the error analysis-obtained
RMSE and CE values from the developed RK and merging models—applied to the five selected severe
events of typhoons Kalmaegi, Morakot, Fungwong, Sinlaku, and Fanapi— were presented to evaluate
the levels of improvement made by the RK and merging methods against the unadjusted QPESUMS
rainfall data. In this section, the key features in connection with the performance of the RK and merging
methods when compared to the conventional OK method and their effectiveness when applied to the
high-elevation stations are discussed.

Based on the performance comparisons measured by the RMSE and CE between the adjusted or
unadjusted radar rainfall data with the gauge measurements for the typhoon events tested, it is found
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that the obtained values for the averaged percentage reduction in RMSE and percentage improvement
in CE from the RK and merging methods are significantly larger than those from the OK method,
especially at stations that are located outside of the Chenyulan River watershed. Therefore, the RK
and merging models are considered to outperform the OK approach and are demonstrated to be more
effective than the OK procedure in correcting the radar rainfall data. When examining the difference in
performance between the RK and merging methods, the results from the error analysis reveal that RK
can produce slightly better adjustment in radar rainfall values than the merging method can.

In this study, the developed RK and merging models were applied uniquely to a high-elevation
watershed. As indicated in Table 1, the elevations of 6 of the 12 stations that are located inside the
watershed boundary are over 1000 m (1837 m on average), and the other 6 stations are below 1000 m
(721 m on average). However, among the 15 stations that are located outside or on the watershed
boundary, 11 stations have elevations above 1000 m (2104 m on average), including one with an
elevation of 3845 m (see Table 2). It would be interesting to examine and discuss the effectiveness of
the RK and merging methods performed for the adjustment of radar rainfall data at a high-elevation
study area. Here, the stations with elevations higher than 1000 m are defined as high-elevation stations.
To make comparisons, the RMSE and CE values in Tables 1 and 2 and Tables 5 and 6 are used to
calculate the averaged percentage reduction in RMSE and percentage improvement in CE for the
adjusted radar rainfall estimates from RK and merging separately for stations that are above 1000 m
and those below 1000 m.

Considering the case of Typhoon Kalmaegi, the overall averaged values for percentage reduction
in RMSE and percentage improvement in CE are 29.3% and 16.7% and 27.99% and 15.67%, respectively,
when applying the RK and merging methods to the stations that are inside the watershed boundary and
above 1000 m in elevation. For the stations that are inside the watershed boundary but below 1000 m
in elevation, the overall averaged percentage reduction in RMSE and percentage improvement in CE
from the RK and merging results are 24.56% and 16.74% and 24.8% and 17.02%, respectively. It can be
seen that, when measured by the statistical values of RMSE and CE, the comparisons indicate that the
effectiveness of the RK and merging methods on the higher-elevation stations are similar to those of
the RK and merging methods on the lower-elevation stations. For those stations with elevations above
1000 m but that are located outside or on the watershed boundary, the pair of averaged values for
percentage reduction in RMSE and percentage improvement in CE from the RK and merging methods
are 11.42% and 8.62% and 10.87% and 8.2%, respectively. Although the performances of the RK and
merging approaches for the high-elevation stations outside or close to the watershed boundary are not
as good as those for stations inside the watershed, their effectiveness in adjusting the radar rainfall
data can still be considered to be reasonable.

To examine further the perfoance trend of the RK and merging methods, the overall averaged
values for the percentage reduction in RMSE and percentage improvement in CE for the event of
Typhoon Morakot are calculated. At stations that are inside the watershed boundary and with
elevations over 1000 m, they are 40.93% and 38.5% and 38.81% and 37.28%, respectively, for the RK and
merging methods. The pair values are 38.58% and 33.92% and 37.02% and 32.6% from RK and merging
methods, respectively, at stations that are inside the watershed boundary but with elevations under
1000 m. Again, similar performance results can be found when applying both the RK and merging
methods to either the higher-elevation or lower-elevation stations. For the 11 stations that are located
outside (or on) the watershed boundary and with elevations over 1000 m, the averaged pair values of
percentage reduction in RMSE and percentage improvement in CE are 15.6% and 22.2% and 11.22%
and 16.47%, respectively, for the approaches of RK and merging. Again, the performances of RK and
merging at those high-elevation stations are still acceptable.

With the above-described performance evaluations of the RK and merging methods on two major
typhoon events, it is demonstrated that RK and merging are two approaches that can be effectively
applied to correct the raw radar rainfall data reasonably well, even using the limited gauge data
collected at higher-elevation stations. It is known that all the geospatial interpolation techniques
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rely heavily on the sampling quality. High-density gauge networks are challenging to set up in
high-elevation regions. Therefore, for practical application considerations, under inadequate sampling
conditions, the RK and merging techniques would outperform other conventional methods due to
their dual deterministic and stochastic processes.

Overall, the advantage of using multivariate interpolation techniques, such as RK and merging,
is reflected by the demonstrated improvement made to the raw QPESUMS data. Both the RK and
merging methods performed consistently in correcting data, especially at locations outside of the
watershed boundary where sampling may be insufficient. With the detailed rainfall distribution
information provided by the radar estimates of the QPESUMS, the RK and merging methods could be
applied to update the rainfall reasonably well through the interpolation procedures. As a result, more
realistic radar rainfall data can be generated for potential modeling uses.

6. Conclusions

Radar rainfall recorded for hydrological studies provides not only the time variation in an
event but also the detailed spatial distribution over an area. While radar data preserve the spatial
characteristics of the event, anomalies and uncertainty remain in the converted rainfall values. Before
their use as inputs in modeling, proper adjustments to the radar rainfall values using gauge data are
often required. In this study, the development and testing of two geostatistically based algorithms,
regression-kriging (RK) and merging, for correcting radar rainfall data at the high-elevation Chenyulan
river watershed in Taiwan were presented. Both of the techniques are multivariates through which the
projected rainfall values were made by combining the gauge observations together with the correlated
auxiliary variables—radar estimates in this case—as secondary predictors, such that the accuracy of
the corrected rainfall data could be improved, especially at locations where the densities of the gauge
distributions were inadequate.

On average, four typhoons with intensities of moderate or higher strike Taiwan every year. Severe
property damage and the loss of lives are often inevitable. Reliable warning systems with accurate
estimates of rainfall input are in great demand to provide emergency response agencies with vital
information for early action planning in an effort to minimize any potential impact. Radar rainfall data,
extracted from the QPESUMS system, are subject to correction using ground rain gauge observations.

The proposed algorithms, which were written in R, a statistical programming language, and model
parameters were applied and verified with the events of five typhoons—namely typhoons Kalmaegi,
Morakot, Fungwong, Sinlaku, and Fanapi—that hit Taiwan from 2008 to 2010. The interpolated rainfall
values obtained with the RK and merging techniques were cross validated with the true gauge data and
compared to the interpolated results from the ordinary kriging (OK) method, a univariate technique.
The performance for each of the RK and merging methods was examined by analyzing the reduction
percentage of the RMSE and the improvement percentage of the CE values from the comparisons
between the corrected rainfall values and the original QPESUMS data. The plots of time variations in
rainfall depth and data scattering along the 45-degree reference line were also generated to further
the confirmation of the improvement made to the adjusted radar data. Based on the comparison
results, it was clearly revealed that both the RK and merging algorithms could effectively produce
reliable rainfall data for the study watershed, which is located at high elevations in a mountainous
environment. At locations inside the watershed, both of the approaches were shown to be able to
improve the rainfall values, with the RMSE reduced by up to nearly 50%. The improvement in the CE
values of the corrected rainfall values was also evidenced by the data comparisons. Therefore, it was
demonstrated that the original QPESUMS rainfall data could be adjusted with better accuracy for most
stations tested. From the error analysis results, it was fair to indicate that the RK procedure, when
applied to the five typhoon events, consistently made better adjustments on the QPESUMS rainfall data
than the merging method did. In addition, the RK and merging methods were shown to outperform
the OK method for correcting the radar data, especially for the locations that had an inadequate density
of gauge station distribution. It is concluded that both the geostatistical based models, especially the
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RK method, can serve as practical and effective interpolation tools for reasonably correcting the raw
radar rainfall data to values close to the gauge measurements. Since deep learning has been applied to
disaster monitoring in recent years [65], for future work, employing recurrent neural networks and
long short-term memory in geostatistical-based models is worth trying, due to their ability to handle
large amounts of time-sequence data such as radar data.

Author Contributions: Conceptualization: M.-D.Y., K.-H.W., T.C. and M.-C.C.; methodology: T.C. and K.-H.W.;
software: T.C.; validation: T.C.; formal analysis: T.C.; data gathering and curation: M.-D.Y., M.-C.C. and T.C.;
writing—original draft preparation: K.-H.W. and T.C.; writing—review and editing: M.-D.Y., K.-H.W. and T.C.;
visualization: T.C.; supervision: K.-H.W. and M.-D.Y. All authors have read and agreed to the published version
of the manuscript.

Funding: This research was partially supported by the Fourth River Management Office of the Water Resources
Agency in Taiwan and the Ministry of Science and Technology, Taiwan, under Gran Number 108-2634-F-005-003.

Acknowledgments: The authors wish to thank the U.S. Department of Education for partial support of this study
through the Graduate Assistance in Areas of National Need (GAANN) program (project number: 89032). This
research is supported through Pervasive AI Research (PAIR) Labs, Taiwan, and “Innovation and Development
Center of Sustainable Agriculture” from The Featured Areas Research Center Program within the framework of
the Higher Education Sprout Project by the Ministry of Education (MOE) in Taiwan.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Cole, S.J.; Moore, R.J. Distributed hydrological modeling using weather radar in gauges and ungauged
basins. Adv. Water Resour. 2009, 32, 1107–1120. [CrossRef]

2. Khakbaz, B.; Imam, B.; Hsu, K.; Sorooshian, S. From Lumped to Distributed via Semi-distributed: Calibration
Strategies for Semi-distributed Hydrologic Models. J. Hydrol. 2012, 418–419, 61–77. [CrossRef]

3. Paudel, M.; Nelson, E.J.; Downer, C.W.; Hotchkiss, R. Comparing the capability of distributed and lumped
hydrologic models for analyzing the effects of land use change. J. Hydroinform. 2011, 13, 461–473. [CrossRef]

4. Lin, Y.T.; Yang, M.D.; Han, J.Y.; Su, Y.F.; Jang, J.H. Quantifying Flood Water Levels Using Image-Based
Volunteered Geographic Information. Remote Sens. 2020, 12, 706. [CrossRef]

5. Jorgeson, J.; Julien, P. Peak flow forecasting with radar precipitation and the distributed model CASC2D.
Water Int. 2005, 30, 40–49. [CrossRef]

6. Sharif, H.O.; Yates, D.; Roberts, R.; Mueller, C. The use of an automated nowcasting system to forecast flash
floods in an urban watershed. J. Hydrometeorol. 2006, 7, 190–202. [CrossRef]

7. Vischel, T.; Pegram, G.G.S.; Sinclair, S.; Wagner, W.; Bartsch, A. Comparison of soil moisture fields estimated
by catchment modelling and remote sensing: A case study in South Africa. Hydrol. Earth Syst. Sci. 2008, 12,
751–767. [CrossRef]

8. Dutta, D.; Nakayama, K. Effects of spatial grid resolution on river flow and surface inundation simulation by
physically based distributed modelling approach. Hydrol. Process. 2009, 23, 534–545. [CrossRef]

9. Chu, H.-J.; Lin, Y.-P.; Huang, C.-W.; Hsu, C.-Y.; Chen, H.-Y. Modelling the hydrologic effects of dynamic
land-use change using a distributed hydrologic model and a spatial land-use allocation model. Hydrol.
Process. 2010, 24, 2538–2554. [CrossRef]

10. Looper, J.P.; Vieux, B.E.; Moreno, M.A. Assessing the impacts of precipitation bias on distributed hydrologic
model calibration and prediction accuracy. J. Hydrol. 2012, 418–419, 110–122. [CrossRef]

11. Andrieu, H.; Creutin, J.D.; Delrieu, G.; Faure, D. Use of a weather radar for the hydrology of a mountainous
area. Part I: Radar measurement interpretation. J. Hydrol. 1997, 193, 1–25. [CrossRef]

12. Krajewski, W.F. Cokriging radar-rainfall and rain gage data. J. Geophys. Res. 1987, 92, 9571–9580. [CrossRef]
13. Duncan, M.R.; Austin, B.; Fabry, F.; Austin, G.L. The effect of gauge sampling density on the accuracy of

streamflow prediction for rural catchments. J. Hydrol. 1993, 142, 445–476. [CrossRef]
14. Huff, F.A. Sampling errors in measurement of mean precipitation. J. Appl. Meteorol. 1970, 9, 35–44. [CrossRef]
15. Silverman, B.A.; Rogers, L.K.; Dahl, D. On the sampling variance of raingage networks. J. Appl. Meteorol.

1981, 20, 1468–1478. [CrossRef]
16. Russo, F.; Napolitano, F.; Gorgucci, E. Rainfall monitoring systems over an urban area: The City of Rome.

Hydrol. Process. 2005, 19, 1007–1019. [CrossRef]

http://dx.doi.org/10.1016/j.advwatres.2009.01.006
http://dx.doi.org/10.1016/j.jhydrol.2009.02.021
http://dx.doi.org/10.2166/hydro.2010.100
http://dx.doi.org/10.3390/rs12040706
http://dx.doi.org/10.1080/02508060508691835
http://dx.doi.org/10.1175/JHM482.1
http://dx.doi.org/10.5194/hess-12-751-2008
http://dx.doi.org/10.1002/hyp.7183
http://dx.doi.org/10.1002/hyp.7667
http://dx.doi.org/10.1016/j.jhydrol.2009.09.048
http://dx.doi.org/10.1016/S0022-1694(96)03202-7
http://dx.doi.org/10.1029/JD092iD08p09571
http://dx.doi.org/10.1016/0022-1694(93)90023-3
http://dx.doi.org/10.1175/1520-0450(1970)009&lt;0035:SEIMOM&gt;2.0.CO;2
http://dx.doi.org/10.1175/1520-0450(1981)020&lt;1468:OTSVOR&gt;2.0.CO;2
http://dx.doi.org/10.1002/hyp.5642


Remote Sens. 2020, 12, 1427 23 of 25

17. Yang, M.D.; Yang, Y.F.; Hsu, S.C. Application of remotely sensed data to the assessment of terrain factors
affecting Tsao-Ling landside. Can. J. Remote Sens. 2004, 30, 593–603. [CrossRef]

18. Yang, M.D.; Su, T.C.; Hsu, C.H.; Chang, K.C.; Wu, A.M. Mapping of the 26 December 2004 tsunami disaster
by using FORMOSAT-2 images. Int. J. Remote Sens. 2007, 28, 3071–3091. [CrossRef]

19. Yang, M.D. A genetic algorithm (GA) based automated classifier for remote sensing imagery. Can. J. Remote
Sens. 2007, 33, 593–603. [CrossRef]

20. Zhang, C.; Chen, X.; Shao, H.; Chen, S.; Liu, T.; Chen, C.; Ding, Q.; Du, H. Evaluation and intercomparison of
hgh-resolution satellite precipitation estimates - GPM, TRMM, and CMORPH in the Tianshan Mountain
area. Remote Sens. 2018, 10, 1543. [CrossRef]

21. Ricciardelli, E.; Di Paola, F.; Gentile, S.; Cersosimo, A.; Cimini, D.; Gallucci, D.; Geraldi, E.; Larosa, S.;
Teodosio Nilo, S.; Ripepi, E.; et al. Analysis of Livorno heavy rainfall event: Examples of satellite-based
observation techniques in support of numerical weather prediction. Remote Sens. 2018, 10, 1549. [CrossRef]

22. Huang, C.; Hu, J.; Chen, S.; Zhang, A.; Liang, Z.; Tong, X.; Xiao, L.; Min, C.; Zhang, Z. How well can IMERG
products capture typhoon extreme precipitation events over southern China? Remote Sens. 2019, 11, 70.
[CrossRef]

23. Dolciné, L.; Andrieu, H.; French, M.N. Rainfall forecasting in a mountainous region using a weather radar
and ground meteorological observations. Phys. Chem. Earth 1997, 22, 247–252. [CrossRef]

24. Borga, M. Accuracy of radar rainfall estimates for streamflow simulation. J. Hydrol. 2002, 267, 26–39.
[CrossRef]

25. Creutin, J.D.; Andrieu, H.; Faure, D. Use of a weather radar for the hydrology of a mountainous area. Part II:
Radar measurement validation. J. Hydrol. 1997, 193, 26–44. [CrossRef]

26. Fulton, R.A.; Breidenbach, J.P.; Seo, D.-J.; Miller, D.A.; O’Bannon, T. The WSR-88D rainfall algorithm. Weather
Forecast. 1998, 13, 377–395. [CrossRef]

27. Hossain, F.; Anagnostou, E.N.; Dinku, T.; Borga, M. Hydrological model sensitivity to parameter and radar
rainfall estimation uncertainty. Hydrol. Process. 2004, 18, 3277–3291. [CrossRef]

28. Stellman, K.M.; Fuelberg, H.E.; Garza, R.; Mullusky, M. An examination of radar and rain gauge-derived
mean areal precipitation over Georgia watersheds. Weather Forecast. 2001, 16, 133–144. [CrossRef]

29. Fang, Z.; Bedient, P.B.; Benavides, J.; Zimmer, A.L. Enhanced radar-based flood alert system and floodplain
map library. J. Hydrol. Eng. 2008, 13, 926–938. [CrossRef]

30. Vieux, B.E.; Park, J.-H.; Kang, B. Distributed hydrologic prediction: Sensitivity to accuracy of initial soil
moisture conditions and radar rainfall input. J. Hydrol. Eng. 2009, 14, 671–689. [CrossRef]

31. Wang, G.; Xu, Z. Assessment on the function of reservoirs for flood control during typhoon seasons based on
a distributed hydrological model. Hydrol. Process. 2011, 25, 2506–2517. [CrossRef]

32. Austin, P.M. Relation between measured radar reflectivity and surface rainfall. Mon. Weather Rev. 1987, 115,
1053–1070. [CrossRef]

33. Berne, A.; Krajewski, W.F. Radar for hydrology: Unfulfilled promise or unrecognized potential? Adv. Water
Resour. 2013, 51, 357–366. [CrossRef]

34. Doviak, R.J. A survey of radar rain measurement techniques. J. Appl. Meteorol. 1983, 22, 832–849. [CrossRef]
35. Mandapaka, P.V.; Villarini, G.; Seo, B.-C.; Krajewski, W.F. Effect of radarrainfall uncertainties on the spatial

characterization of rainfall events. J. Geophys. Res. 2010, 115, D17110. [CrossRef]
36. Wilson, J.W.; Brandes, E.A. Radar measurement of rainfall—A summary. Bull. Am. Meteorol. Soc. 1979, 60,

1048–1058. [CrossRef]
37. Cánovas-García, F.; García-Galiano, S.; Alonso-Sarría, F. Assessment of Satellite and Radar Quantitative

Precipitation Estimates for Real Time Monitoring of Meteorological Extremes Over the Southeast of the
Iberian Peninsula. Remote Sens. 2018, 10, 1023. [CrossRef]

38. Ehrat, U. Rainfall and Flood Nowcasting in Small Catchments Using Weather Radar. Ph.D. Dissertation,
Institut für Wasserbau, Universität Stuttgart, Stuttgart, Germany, 2003.

39. Kim, B.S.; Hong, J.B.; Kim, H.S.; Yoon, S.Y. Combining radar and rain gauge rainfall estimates for flood
forecasting using conditional merging method. In Proceedings of the 2007 World Environmental and Water
Resources Congress, Tampa, FL, USA, 15–19 May 2007; Kabbes, K.C., Ed.; ASCE: Reston, VA, USA, 2007;
pp. 1–16.

40. Gourley, J.J.; Vieux, B.E. A method for evaluating the accuracy of quantitative precipitation estimates from a
hydrologic modeling perspective. J. Hydrometeorol. 2005, 6, 115–133. [CrossRef]

http://dx.doi.org/10.5589/m04-025
http://dx.doi.org/10.1080/01431160601094500
http://dx.doi.org/10.5589/m07-020
http://dx.doi.org/10.3390/rs10101543
http://dx.doi.org/10.3390/rs10101549
http://dx.doi.org/10.3390/rs11010070
http://dx.doi.org/10.1016/S0079-1946(97)00148-1
http://dx.doi.org/10.1016/S0022-1694(02)00137-3
http://dx.doi.org/10.1016/S0022-1694(96)03203-9
http://dx.doi.org/10.1175/1520-0434(1998)013&lt;0377:TWRA&gt;2.0.CO;2
http://dx.doi.org/10.1002/hyp.5659
http://dx.doi.org/10.1175/1520-0434(2001)016&lt;0133:AEORAR&gt;2.0.CO;2
http://dx.doi.org/10.1061/(ASCE)1084-0699(2008)13:10(926)
http://dx.doi.org/10.1061/(ASCE)HE.1943-5584.0000039
http://dx.doi.org/10.1002/hyp.8023
http://dx.doi.org/10.1175/1520-0493(1987)115&lt;1053:RBMRRA&gt;2.0.CO;2
http://dx.doi.org/10.1016/j.advwatres.2012.05.005
http://dx.doi.org/10.1175/1520-0450(1983)022&lt;0832:ASORRM&gt;2.0.CO;2
http://dx.doi.org/10.1029/2009JD013366
http://dx.doi.org/10.1175/1520-0477(1979)060&lt;1048:RMORS&gt;2.0.CO;2
http://dx.doi.org/10.3390/rs10071023
http://dx.doi.org/10.1175/JHM408.1


Remote Sens. 2020, 12, 1427 24 of 25

41. Morin, J.; Rosenfield, D.; Amitai, E. Radar rain field evaluation and possible use of its high temporal and
spatial resolution for hydrological purposes. J. Hydrol. 1995, 172, 275–292. [CrossRef]

42. Rosenfeld, D.; Wolff, D.B.; Amitai, E. The window probability matching method for rainfall measurements
with radar. J. Appl. Meteorol. 1994, 33, 682–693. [CrossRef]

43. Smith, M.B.; Seo, D.J.; Koren, V.I.; Read, S.M.; Zhangt, Z.; Duan, Q.; Moreda, F.; Cong, S. The distributed
model intercomparison project (DMIP): Motivation and experiment design. J. Hydrol. 2004, 298, 4–26.
[CrossRef]

44. Steiner, M.; Smith, J.A.; Burges, S.J.; Alonso, C.V.; Darden, R.W. Effect of bias adjustment and rain gauge data
quality control on radar rainfall estimation. Water Resour. Res. 1999, 35, 2487–2503. [CrossRef]

45. Zhang, X.; Srinivasan, R. GIS-based spatial precipitation estimation using next generation radar and raingauge
data. Environ. Model. Softw. 2010, 25, 1781–1788. [CrossRef]

46. Ahnert, P.R.; Krajewski, W.F.; Johnson, E.R. Kalman filter estimation of radar-rainfall field bias. In Proceedings
of the 23rd Conference on Radar Meteorology and the Conference on Cloud Physics, Snowmass, CO, USA,
22–26 September 1986.

47. Wood, S.J.; Jones, D.A.; Moore, R.J. Static and dynamic calibration of radar data for hydrological use. Hydrol.
Earth Syst. Sci. 2000, 4, 545–554. [CrossRef]

48. Christensen, R. Linear Models for Multivariate, Time Series, and Spatial Data; Springer: New York, NY, USA,
1990.

49. Goovaerts, P. Geostatistics for Natural Resources Evaluation; Oxford University Press: New York, NY, USA,
1997.

50. Odeh, I.O.A.; McBratney, A.B.; Chittleborough, D.J. Spatial prediction of soil properties from landform
attributes derived from a digital elevation model. Geoderma 1994, 63, 197–214. [CrossRef]

51. Odeh, I.O.A.; McBratney, A.B.; Chittleborough, D.J. Further results on prediction of soil properties from
terrain attributes: Heterotopic cokriging and regression-kriging. Geoderma 1995, 67, 215–226. [CrossRef]

52. Goovaerts, P. Geostatistical approaches for incorporating elevation into the spatial interpolation of rainfall.
J. Hydrol. 2000, 228, 113–129. [CrossRef]

53. Thiessen, A.H. Precipitation averages for large areas. Mon. Weather Rev. 1911, 39, 1082–1084. [CrossRef]
54. Haberlandt, U. Geostatistical interpolation of hourly precipitation from rain gauges and radar for a large-scale

extreme rainfall event. J. Hydrol. 2007, 332, 144–157. [CrossRef]
55. Hengl, T.; Heuvelink, G.B.M.; Stein, A. Comparison of Kriging with External Drift and Regression-Kriging;

Technical note; International Institute for Geo-information Science and Earth Observation: Enschede, The
Netherlands, 2003.

56. Schuurmans, J.M.; Bierkens, M.F.P.; Pebesma, E.J.; Uijlenhoet, R. Automatic prediction of high-resolution
daily rainfall fields for multiple extents: The potential of operational radar. J. Hydrometeorol. 2007, 8,
1204–1224. [CrossRef]

57. Severino, E.; Alpuim, T. Spatiotemporal models in the estimation of area precipitation. Environmetrics 2005,
16, 773–802. [CrossRef]

58. Krämer, S.; Verworn, H.R. Improved radar data processing algorithms for quantitative rainfall estimation in
real time. Water Sci. Technol. 2009, 60, 175–184. [CrossRef] [PubMed]

59. Orasi, A.; Lasinio, G.J.; Ferrari, C. Comparison of calibration methods for the reconstruction of space-time
rainfall fields during a rain enhancement experiment in Southern Italy. Environmetrics 2009, 20, 812–834.
[CrossRef]

60. Biggs, E.M.; Atkinson, P.M. A comparison of gauge and radar precipitation data for simulating an extreme
hydrological event in the Severn Uplands, UK. Hydrol. Process. 2011, 25, 795–810. [CrossRef]

61. Lin, J.Y.; Yang, M.D.; Lin, P.R.; Lin, P.S. Risk Assessment of Debris flows in Songhe, Taiwan. Eng. Geol. 2011,
123, 100–112. [CrossRef]

62. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing:
Vienna, Austria, 2013.

63. Yang, M.D.; Lin, J.Y.; Yao, C.Y.; Chen, J.Y.; Su, T.C.; Jan, C.D. Landslide-induced levee failure by high
concentrated sediment flow—A case of Shan-An levee at Chenyulan River, Taiwan. Eng. Geol. 2011, 123,
91–99. [CrossRef]

http://dx.doi.org/10.1016/0022-1694(95)02700-Y
http://dx.doi.org/10.1175/1520-0450(1994)033&lt;0682:TWPMMF&gt;2.0.CO;2
http://dx.doi.org/10.1016/j.jhydrol.2004.03.040
http://dx.doi.org/10.1029/1999WR900142
http://dx.doi.org/10.1016/j.envsoft.2010.05.012
http://dx.doi.org/10.5194/hess-4-545-2000
http://dx.doi.org/10.1016/0016-7061(94)90063-9
http://dx.doi.org/10.1016/0016-7061(95)00007-B
http://dx.doi.org/10.1016/S0022-1694(00)00144-X
http://dx.doi.org/10.1175/1520-0493(1911)39&lt;1082b:PAFLA&gt;2.0.CO;2
http://dx.doi.org/10.1016/j.jhydrol.2006.06.028
http://dx.doi.org/10.1175/2007JHM792.1
http://dx.doi.org/10.1002/env.733
http://dx.doi.org/10.2166/wst.2009.282
http://www.ncbi.nlm.nih.gov/pubmed/19587415
http://dx.doi.org/10.1002/env.956
http://dx.doi.org/10.1002/hyp.7869
http://dx.doi.org/10.1016/j.enggeo.2011.07.003
http://dx.doi.org/10.1016/j.enggeo.2011.07.006


Remote Sens. 2020, 12, 1427 25 of 25

64. Hengl, T. A Practical Guide to Geostatistical Mapping; EUR 22904 EN Scientific and Technical Research series
report; European Communities: Luxembourg, 2009.

65. Yang, M.D.; Tseng, H.H.; Hsu, Y.C.; Tsai, H.P. Semantic Segmentation Using Deep Learning with Vegetation
Indices for Rice Lodging Identification in Multi-date UAV Visible Images. Remote Sens. 2020, 12, 633.
[CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3390/rs12040633
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Study Area and Rainfall Data 
	Methodologies for Radar Rainfall Adjustment 
	Regression Kriging 
	Merging Method 

	Results 
	Typhoon Kalmaegi 
	Typhoon Morakot 
	Typhoons Fungwong, Sinlaku, and Fanapi 

	Discussion 
	Conclusions 
	References

