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ABSTRACT
Tropical cyclones, also known as typhoons or hurricanes, are among the most devastating events in nature
and often strike the western North Pacific region (including the Philippines, Taiwan, Japan, Korea, China, and
others). This paper focuses on addressing the rainfall retrieval problem for quantitative precipitation forecast
during tropical cyclones. In this study, Special Sensor Microwave Imager (SSM/I) data and Water Resources
Agency (WRA) measurements of Taiwan were used to quantitatively estimate precipitation over the Tanshui
River basin in northern Taiwan. Various retrievals for the rainfall rate over land are compared by five
methods/techniques. They are the single-channel regression, multichannel linear regressions (MLR), scattering index over land approach (SIL), support vector regression (SVR), and the proposed SIL–SVR. This
study collected 70 typhoons affecting the studied watershed over the past 12 years (1997–2008). The measurements of the SSM/I satellite comprise the brightness temperatures at 19.35, 22.23, 37.0, and 85.5 GHz.
Overall, the results showed the approaches using the SVR and conjoined SVR and SIL performed better than
regression and SIL methods according to their performances of the root-mean-square error (RMSE), bias
ratio, and equitable threat score (ETS).

1. Introduction
Remotely sensed measurements from meteorological
satellite instruments play an extremely important role in
studying the earth’s climate (Arkin and Ardanuy 1989;
Ferraro et al. 1996). Data from passive microwave satellite instruments are now widely used to derive climatological values of various atmospheric water cycle
components (Klepp and Bakan 2000). Microwave radiometers such as the Special Sensor Microwave Imager
(SSM/I) have been shown to yield reliable information
concerning instantaneous precipitation rates. This is because the microwave signal, which is the upwelling signal
from the surface, can penetrate through cloud tops and
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directly detect the presence of precipitation particles
within and below the clouds (Petty and Krajewski 1996).
Many approaches to the estimation of the rainfall rate
and cloud parameters from passive microwave measurements have been proposed (Romanov 1999; Dietrich
et al. 2000). The Satellite Research Laboratory National
Environmental Satellite, Data, and Information Service
(NESDIS) of the National Oceanic and Atmospheric
Administration (NOAA) uses an empirically derived
function of the lower frequencies of the SSM/I to predict vertically polarized 85.5-GHz brightness temperatures expected in the absence of precipitation (Grody
1991; Ferraro et al. 1994; Petty and Krajewski 1996).
The depression of the observed brightness temperature
relative to this expected brightness temperature is the
scattering index (SI) and is mapped empirically to rain
intensity (Ferraro and Marks 1995). Conceptually similar
scattering-based precipitation retrieval algorithms have
been formulated by other authors (e.g., Kidd and Barrett
1990) in terms of the simple difference between vertically
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polarized 85.5- and 37.0-GHz frequencies of the SSM/I.
Kidd (1998) presented the polarization-corrected temperature (PCT) technique for the delineation and retrieval of rainfall over the land and ocean from passive
microwave data.
The passive microwave precipitation retrievals can
often be separated into two groups. One is the emissionbased method, and the other is scattering based (Spencer
et al. 1989). The former is the best known, primarily
based on work by Wilheit et al. (1977) at 19.35-GHz
frequency of brightness temperature, and can only be
employed over ocean areas. Similar applications can be
found in the work of Wilheit and Chang (1980), Wu and
Weinman (1984), Wilheit et al. (1991), Liu and Curry
(1997), and Klepp and Bakan (2000). The scattering
method is usually used over land or ocean (Spencer
et al. 1989). The concepts of SI for the rainfall retrieval
originate from Grody (1991), who developed a global
SI at 85.5 GHz using SSM/I data. Further refinement of
the technique was described by Grody (1991), Ferraro
and Marks (1995), Ferraro et al. (1996), and Mishra
et al. (2009). These studies indicated that the SI index is
highly variable with region and season.
This study focuses on the retrievals of the rainfall rate
over land in Taiwan during tropical cyclone (typhoon)
events. Typhoons often affect the western North Pacific
region (including the Philippines, Taiwan, Japan, Korea,
China, and others). Enormous flood damage in Taiwan
is frequently caused by typhoons between May and
October every year. A technology called support vector
machine (SVM), which was developed by Vapnik (1995),
has been in widespread use. SVM is a concept in statistics
and computer science for a set of related supervised
learning methods that analyze data and recognize patterns, used for classification and regression analysis
(Joachims 2002). SVM has been extended to solve nonlinear regression estimation problems, such as techniques
known as support vector regression (SVR), which have
been shown to exhibit excellent performance (Vapnik
et al. 1997) (the details of the SVR algorithm can be
found in section 2).
This study employed the SVR and an extension of
SVR-based scattering index over land (SIL) algorithms
and compared them with the traditional regression and
SIL approaches for hourly rainfall rate retrievals. The
microwave data sources originate from the SSM/I and the
rainfall rates are measured by the automatic meteorological gauges during typhoons. The SSM/I comprises a
seven-channel, four-frequency, linearly polarized, passive microwave radiometric system (Raytheon Systems
Company 2000). It measures atmospheric, ocean, and
terrestrial microwave brightness temperatures at 19.35,
22.23, 37.0, and 85.5 GHz (in the following context
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shortened as 19, 22, 37, and 85 GHz, respectively). All
frequencies except the water vapor absorption frequency at 22 GHz are dual polarized. The presented
methodology is applied for rainfall rate retrievals at the
Tanshui River basin in northern Taiwan. These SVRbased methods developed a new relationship between
the microwave measurements and the surface rainfall
rate in the basin.

2. Support vector regression
The SVR formulation follows the principle of structural risk minimization seeking to minimize an upper
bound of the generalization error rather than minimize
the prediction error on the training set (Chen and Wang
2007).

a. SVR algorithm
The following summarizes the basic SVR theories.
Assume there is a training dataset f(x, y), x 2 <N,
y 2 <g, where x is the input vector, y is the output, and
<N represents the input space (Chen and Xie 2007; Chen
et al. 2008). SVR aims to generate a hyper surface having
a maximum margin to separate a high-dimensional feature space using a support vector (SV) kernel in linear
form. By some nonlinear mapping F, x is mapped into
a feature space in which a linear estimate function is
defined as (Schölkopf et al. 2000; Zhang et al. 2004)
y 5 f (x, w) 5 wT F(x) 1 b ,

(1)

where w is the matrix of the regression weight and b is
the threshold in SVR.
To estimate the above equation using an independent
uniformly distributed dataset (x1 , y1 ), . . . , (xl , yl ), we
must find a function f with a small risk. Vapnik (1995)
suggested using the following regularized risk functional
to obtain a small risk:
1
C
kwk2 1
2
l

l

å jyi 2 f (xi , w)j « ,

(2)

i51

where C is a penalty parameter, « is a small positive
number, l is the number of support vectors, and xi represents the so-called support vectors determined from
the training data (Yang and Wang 2008).
The resulting regression estimates are linear. Then,
the decision function takes the form
f (x) 5

l

å (a*i 2 ai )K(x, x9) 1 b ,

(3)

i51

where (a*,
i ai ) are coefficients determined by training,
and K(xi , xj ) is the SV kernel. The Gaussian kernel was
employed in this paper. For a more detailed description
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is set herein. However, the parameter C varies from case
to case. There are no general rules in this respect. This
study proposed a hierarchical flowchart for determining the C in order to find the suitable value. The
evaluation performance is root-mean-square error
(RMSE), defined as

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
u1 N
2 OObs
)2 ,
RMSE 5 t å (ORet
j
N j51 j

(4)

where ORet
is the retrieval rainfall at record j, OObs
is the
j
j
observed rainfall at record j, and N is the number of
hourly records. In general, the smaller the RMSE value,
the better the performance of the predicted outcomes is.
Figure 1 illustrates the flowchart of SVR parameter
training, which involves a series of repetitive calculation
steps. As seen in the figure, this study sets the initial
penalty value (C0) 5 1, and maximum of C(Cmax) 5 100.
In step 3, negative retrieval values might appear, and we
set them to 0.0. In step 6, the incremental of C(DC) was
set to 1. Finally, the suitable C value is selected by the
superior record of RMSE(C).
FIG. 1. Flowchart of SVR parameter training.

3. Study area
of SVR, the reader is referred to Vapnik (1995), Vapnik
et al. (1997), Vapnik (1998), Cristianini and ShaweTaylor (2000), and Schölkopf et al. (2000).

b. SVR versus traditional regression
The heuristic behind the SVR algorithm is quite different from that of the commonly used regression modeling for prediction. This latter approach uses a weighted
least squares algorithm; that is, the prediction is based on
construction of a regression line as the best fit through the
data points by minimizing a weighted sum of the squared
distances to the fitted regression line. SVR, in contrast,
tries to model the input variables by finding the separating boundary, called hyper plane, to reach classification
of the input variables: if no separation is possible within
a high number of input variables, the SVR algorithm
still finds a separation boundary for classification by
mathematically transforming the input variables by increasing the dimensionality of the input variable space
(Verplancke et al. 2008).

c. Constructing SVR
To construct the SVR efficiently, SVR’s parameters
must be set carefully. The small positive number « in Eq.
(2) is specified by a user-defined parameter « and « 5 0.05

The Tanshui River basin, located in northern Taiwan,
is in the subtropical zone (see Fig. 2) and covers a total
area of 2726 km2. The spatial range of the watershed
covers 24.438–25.198N and 121.208–121.868E. Metropolitan Taipei is located in the Tanshui River basin and
has a population of about 6 million. In the summer and
fall seasons, tropical cyclones with torrential rain occur
frequently because of the attributes of the subtropical
climate. The torrential rain, combined with the steep
mountain slopes, makes the time of floodwater convergence very short—about 3–6 h—and causes flash floods
with huge disasters (Hsu et al. 2003).
The Tanshui River basin comprises three major tributaries, including the Tahan River, Hsintien River, and
Keelung River. The Tahan River originates from Mt.
Pinten and joins Hsintien River at Chiangchutsui, which
is the starting point of the Tanshui River. The length of
the Tahan River is 135 km with a drainage area of
1163 km2 and an average slope of 1/ 37 (Hsu and Wei
2007). The Hsintien River originates from Mt. Chilan and
joins the Tanshui River at Chiangchutsui. The length of
Hsintien River is 82 km, with a drainage area of 916 km2
and an average slope of 1/ 54 (Wei and Hsu 2008). The
Keelung River is approximately 86 km long and its
drainage basin covers 501 km2 and has an average slope
of 1/ 118 (Huang and Lin 2003). The topographies in the
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FIG. 2. Location of study area and distribution of rain gauges.

three subbasins are relatively mountainous, hilly, and flat,
respectively.

4. Application
This study examines the features of passive microwave imagery and develops a usable scheme for rainfall
retrievals during typhoons. The procedures are shown in
Fig. 3. In step 1, the measurements from the SSM/I
satellite comprise the brightness temperatures at 19, 22,
37, and 85 GHz. In step 2, the temperature data records
for the specific spatial region will be searched. Then the
surface data from automatic rain gauges is collected and
the average rainfall rate over the watershed is calculated, respectively, in steps 3 and 4. In step 5, when defining the attributes, all the attributes are of numerical

type, while target is the rainfall rate. To compare the
accuracy of rainfall retrievals based on traditional regression, SVR, SIL, and an extension of SVR-based
methods, these methods are analyzed and compared in
steps 8–10.

a. Data and preprocessing
This study consists of 70 typhoons affecting the watershed over the past 12 years (1997–2008), as can be
seen in Table 1. The two kinds of data collected were the
automatic rain gauge data over the watershed and the
SSM/I satellite microwave data during typhoons.

1) DATA FROM RAIN GAUGES
The collection of surface data is from automatic rain
gauges, including hourly typhoon precipitation in the
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namely, topographic factors are involved in the estimation. The steps of the height balance polygons method
include 1) digitize rain stations and watershed polygon
information, 2) triangulate irregular networks, 3) estimate central points of elevation between two rain stations, 4) connect all elevation of central points of
triangulated irregular networks, 5) create height balance
polygons, 6) analyze intersection polygons between
height balance polygons and watershed polygons, and 7)
compute elevation weights of HBPM. More details can
be seen in Chow et al. (1988) and Tseng and Chou (2002).

2) DATA FROM SSM/I INSTRUMENTS

FIG. 3. Flowchart of the methodology.

reservoir watershed. Complete data of the hourly typhoon rain data of the reservoir watershed are available
from the Water Resources Agency (WRA). The 16 rain
gauges (see Fig. 2) distributed over the watershed are
listed in Table 2. The mean and standard deviation of the
annual rainfalls for these gauges are 2866 and 811 mm,
respectively, with a mean elevation and standard deviation of 497 and 530 m. This study found both topography and climatic conditions belong to high variability
within this basin.
The most frequently adopted algorithms in estimating
average rainfall within a certain watershed are the arithmetical averaging method, Thiessen polygons method,
height balance polygons method (HBPM), and isohyetal
method (Chow et al. 1988; Tseng and Chou 2002). To
calculate the average hourly precipitation of all 16 rain
gauges representing the rainfall amount over the watershed, the HBPM was employed here because of the topographical properties. The main difference between the
HBPM and the others is that weighted functions are
calculated according to the elevations of rain gauges;

The data records from SSM/I satellite instruments
covering the extent of the watershed for these years
during typhoons were searched. The spatial sampling
interval is 25 km for the four frequencies. The microwave data is in coordinated universal time (UTC) must
be switched to local time. The time transfer formula
to the studied site can be expressed as ‘‘local time 5
UTC 1 8 h.’’
According to the collected data, the attributes include
polarized brightness temperatures at 19, 22, 37, and
85 GHz while the target is rain rate (mm h21). The 620
hourly tuples (i.e., records) were available, including 324
records for nonrainfall and 296 rainy records. Here, the
overall tuples were classified into two subsets: training
datasets (1997–2004, comprising 46 typhoons) and validation datasets (2005–08, 24 typhoons). It should be
noted that the satellite measurement is derived from
an instantaneous observation, while the gauge data is
an hourly accumulation. Therefore, the two collocated
estimates/measurements are inherently different. Because of the limitations of temporal resolutions of the
raw data from the rain gauges, this study assumes that
the instantaneous satellite observations are the same
within the specific hour.

b. Methods
This study compares the retrievals by the conventional regression approaches in methods 1 and 2 and the

TABLE 1. Typhoon events studied.
Year

No.

Names of typhoons

Year

No.

Names of typhoons

1997
1999
2001

3
2
9

1998
2000
2002

5
7
3

Nichole, Otto, Yanni, Zeb, Babs
Kai-Tak, Billis, Prapiroon, Bopha, Yagi, Xangsane, Bebinca
Rammasun, Nakri, Sinlaku

2003

9

2004

8

2005

7

2006

6

Conson, Mindulle, Rananim, Aere, Haima,
Meari, Nock-Ten, Nanmadol
Chanchu, Ewiniar, Billis, Kaemi, Saomai, Shanshan

2007

5

Winnie, Amber, Ivan
Maggie, Dan
Cimaron, Chebi, Utor, Trami, Yutu,
Toraji, Nari, Lekima, Haiyan
Kujira, Nangka, Soudelor, Imbudo, Morakot,
Vamco, Krovanh, Dujuan, Melor
Haitang, Matsa, Sanvu, Talim, Khanun,
Damrey, Longwang
Pabuk, Sepat, Wipha, Krosa, Mitag

2008

6

Kalmaegi, Fung-Wong, Nuri, Sinlaku, Hagupit, Jangmi
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TABLE 2. The 16 rain gauges and their annual rainfalls and elevations. Data from WRA website: http://gweb.wra.gov.tw/wrhygis/.
Station

Chuchihu

Wudu

Ruifang

Chungcheng

Shiding

Pinlin

Bihu

Tatungshang

Annual rainfall
Elevation

4010
605

3791
16

4167
101

2194
5

3212
250

2714
200

3085
360

4130
916

Station
Annual rainfall
Elevation

Fushan
2584
500

Shanshia
2326
33

Tabau
3266
600

Shihmen
2095
142

Kaoyi
1822
620

Kalahe
2119
1260

Hsiayung
2291
350

Shichiusan
2045
2000

SVR approach in method 3. Meanwhile, to have confidence in the proposed SIL–SVR method (i.e., method 5),
it is compared with that using the global rainfall and
scattering index relationship (i.e., method 4). Table 3
summarizes the five methods.

1) METHOD 1: SINGLE-CHANNEL REGRESSION
To recognize the sensitive characteristic of each
brightness temperature for the watershed, as mentioned
above, the frequencies of 19, 22, 37, and 85 GHz are the
factors for rain rate (RR) retrievals. The seven channels
(i.e., methods 1.1–1.7) are separately regressed in the
retrievals. The formula is expressed as
RR 5 a1 1 a2 (TBX ) 1 a3 (TBX )2 1 a4 (TBX )3,

predicted and actual output values. The attribute combinations of methods 2.1–2.3 are all the vertically polarized channels, while method 2.4 is horizontal ones. In
methods 2.1 and 2.2, the input channels fTB19V, TB22Vg
and fTB19V, TB22V, TB85Vg are selected to be the same
as in Eqs. (14) and (17) (see method 4) of SIL approach,
respectively. In addition, methods 2.3 and 2.4 chose all
vertically and horizontally polarized channels, respectively. These methods can be expressed as
method 2:1: RR 5 b1 1 b2 (TB19V ) 1 b3 (TB22V ) ,
method 2:2: RR 5 c1 1 c2 (TB19V ) 1 c3 (TB22V )
1 c4 (TB85V ) ,

(5)

where TBX is the polarized brightness temperature at
channel X, and a1–a4 are the regression parameters. The
above regressions estimate the best-fitting regression for
predicting the output field, based on the input fields.
Table 3 lists their coefficients in regressions.

2) METHOD 2: MULTICHANNEL LINEAR
REGRESSIONS (MLR)
The linear regression represents a straight line or
plane that minimizes the squared differences between

(6)

(7)

method 2:3: RR 5 d1 1 d2 (TB19V ) 1 d3 (TB22V )
1 d4 (TB37V )1d5 (TB85V ), and (8)
method 2:4: RR 5 e1 1 e2 (TB19H ) 1 e3 (TB37H )
1 e4 (TB85H ) ,

(9)

where b1–b3, c1–c4, d1–d5, and e1–e4 are the regression
coefficients in methods 2.1–2.4, respectively. These
regressions estimate the best-fitting regression for

TABLE 3. Lists of methods and coefficients.
Method/technique
Single-channel regression

MLR

SVR

SIL
SIL–SVR

Method 1.1
Method 1.2
Method 1.3
Method 1.4
Method 1.5
Method 1.6
Method 1.7
Method 2.1
Method 2.2
Method 2.3
Method 2.4
Method 3.1
Method 3.2
Method 3.3
Method 3.4
Method 4
Method 5

Primary channels

Coefficients of equation

TB19V
TB22V
TB37V
TB85V
TB19H
TB37H
TB85H
TB19V, TB22V
TB19V, TB22V, TB85V
TB19V, TB22V, TB37V, TB85V
TB19H, TB37H, TB85H
TB19V, TB22V
TB19V, TB22V, TB85V
TB19V, TB22V, TB37V, TB85V
TB19H, TB37H, TB85H
TB19V, TB22V, TB85V
TB19V, TB22V, TB85V

(2629.1, 7.444, 20.0293, 3.843 3 1025)
(26805.4, 77.308,–0.293, 3.688 3 1024)
(21441.6, 16.896, 20.0659, 8.587 3 1025)
(242760.0, 476.725, 21.769, 2.186 3 1023)
(297.88, 1.285, 20.00546, 7.747 3 1026)
(2142.5, 1.805, 20.00749, 1.042 3 1025)
(219132.8, 218.657, 20.832, 1.0529 3 1023)
(25.908, 0.0389, 20.00338)
(95.153, 0.0626, 0.0499, 20.440)
(126.057, 0.367, 0.052, 20.383, 20.477)
(88.126, 0.0827, 0.00962, 20.393)
—

—
—
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FIG. 4. RMSE variations to various penalty C values for four
methods.

predicting the output field, based on the input fields.
Also, Table 3 lists their coefficients in regressions.

3) METHOD 3: SVR
In this method, the rainfall retrievals will be directly
derived by SVR using multiple channels. The attribute
combinations of methods 3.1–3.4 are the same as those
in method 2. These SVR are formulated as
method 3:1: RR 5 SVR(TB19V , TB22V ) ,

(10)

method 3:2: RR 5 SVR(TB19V , TB22V , TB85V ) ,

(11)

method 3:3: RR 5 SVR(TB19V , TB22V , TB37V , TB85V ),
and

(12)

method 3:4: RR 5 SVR(TB19H , TB37H , TB85H ) ,

(13)

where SVR() refers to the nonlinear SVM function.
As described in section 2, during the training, the
weights of (w, b) gradually converge to values in which
the input vectors produce output values as close as possible to the desired target output. Note that the penalty C
in Eq. (2) affects the trade-off between complexity and
proportion of nonseparable samples. If C is too small, it
will increase the number of training errors and have underfitting. If C is too large, it will lead to a high penalty for
nonseparable points and overfit (Cherkassky and Mulier
2007). Figure 4 shows the sensitivity analysis of C from
1 to 100 in methods 3.1–3.4. As seen in the figure, the
superior RMSEs obtained in methods 3.1–3.4 were
(3.283, 2.972, 2.876, 3.032) at C 5 (7, 3, 5, 7), respectively.
Therefore, this study adopts these C values for each
model analysis.

4) METHOD 4: SIL
The SI is the difference between the estimated 85-GHz
measurement in the absence of scattering (based on
TB19V and TB22V) and the actual TB85V (Grody 1991).
That is, the 19- and 22-GHz frequencies are relatively

FIG. 5. SIL of the rainfall retrievals.

unaffected by scattering, and therefore are used for
estimation of 85-GHz brightness temperature during
nonscattering conditions (Ferraro et al. 1996; Mishra
et al. 2009). The SI index consists of two steps: in the
first step region-specific SI is developed using a combination of the 19 and 22 GHz over land; that is,
F 5 g1 1 g2 (TB19V ) 1 g3 (TB22V ) 1 g4 (TB22V )2 ,

(14)

where F is the 85-GHz-frequency brightness temperature under the theoretic conditions without scattering.
The values of g1, g2, g3, and g4 are regressed by dataset
over the land region under nonrainy conditions. Then,
SI 5 F 2 TB85V .

(15)

The second step establishes a relationship between SI
and RR; that is,
RR 5 h1 3 (SI)h2 ,

(16)

where h1 and h2 are regression coefficients. For nonraining situations the value of SI should ideally be less
than or equal to zero. From this step onward, the SI
index can be used to separate the scattering and nonscattering signals for a given dataset.
Figure 5 illustrates the flowchart of rainfall retrieval.
As seen, the threshold d of the scattering index should
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FIG. 6. Threshold tests of scattering index.

be determined. To test the different thresholds, the
RMSE is employed to assess the retrieval outcomes.
Figure 6 shows the RMSE of a 2 K threshold or less
(i.e., 0 and 1 K) is roughly constant at 5.47 mm. Therefore, d 5 2 K was selected. The derivation SI formula is
SI 5 266:85 1 0:104(TB19V ) 1 2:373(TB22V )
2 0:0044(TB22V )2 2 (TB85V ) and
RR 5 1:6267 3 SI0:3249 .

(17)
(18)

5) METHOD 5: SIL–SVR
In this method, SVR acts as the kernel used to replace
the regression procedure in the SIL approach. Figure 7
illustrates the flowchart of combining SIL with the SVR
algorithm. When constructing the SVR for F formulae,
this study employed the same inputs fTB19V, TB22Vg as
in method 4. Meanwhile, to identify whether the SI
value is greater than the threshold d, the same d 5 2 K as
in method 4 was used. In step 3 of Fig. 7, the parameter
settings with respect to C and « are the same as in method
3.1 to construct the SIL–SVR. Figure 8 demonstrates the
results of training and validation of SIL–SVR for F values
(i.e., the expected nonscattering 85 GHz). The derivation
formula is derived as

FIG. 7. SIL–SVR of the rainfall retrievals.

2.874, 3.030) were for methods 3.1–3.4, respectively. In
contrast, method 3.3, which comprises 19, 22, 37, and
85 GHz, has good outcomes among methods 2 and 3,
depending on the small errors in RMSE. This demonstrates that the solutions using the SVR have better
performance than regression. Further, in methods 4 and
5, which employ the SIL-based approach to achieve
rainfall retrievals, a better RMSE of 2.811 is obtained
by method 5 (SIL–SVR), compared to 3.001 by method
4 (SIL).

d. Methods evaluation by skill scores of rain/nonrain
RR 5 3:1659 3 SI0:2364 .

(19)

c. Results and comparisons
Figure 9 illustrates the results obtained from validation for rainfall retrievals in all methods. First, from the
figure of the validation parts, the RMSEs of methods
1.1–1.7 (see Fig. 9a) range from 3.277 to 3.549. The best
one occurs at method 1.4. In method 2 (see Fig. 9b),
which performed MLR, the RMSE values were (3.348,
3.149, 3.133, 3.166) for methods 2.1–2.4, respectively,
while in method 3 (i.e., SVR), RMSEs of (3.286, 2.969,

According to the above analysis, the methods 1.4, 2.3,
3.3, 4, and 5 demonstrated better retrievals of rainfall
rates in their corresponding methods. Therefore, these
five methods were selected for advanced evaluations. In
this section, two categorical statistics measures, including bias ratio and equitable threat score (ETS), are
used, computed from the elements of this rain/no-rain
contingency table. As seen in Table 4, the term categorical refers to the yes/no nature of the forecast verification.
Then for each retrieval, each verification time is scored as
falling under one of the four categories of correct nonrain
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FIG. 8. Predicted F vs observed F values by SIL–SVR in (a) training and (b) validation phases.

forecasts, false alarms, misses, or hits (denoted as Z, F, M,
and H, respectively) (McBride and Ebert 2000). In the
ideal situation of perfect forecast, both M and F are equal
to 0. By considering retrievals of the rainfall rate greater
than a certain threshold, the problem can be broken down
into a series of 2 3 2 contingency tables, each for a different threshold value (Hall et al. 1999).

1) DEFINITIONS OF SKILL SCORES
Bias ratio measures the ratio of the predicted rain
frequency to the observed frequency, regardless of
forecast accuracy (Ebert et al. 2003). Bias ratio can be
employed to assess the tendency of the model to underor overpredict rain occurrence. It is defined as
bias ratio 5

F 1H
.
M1H

(20)

If bias ratio . 1.0, the model overpredicts rain occurrence; otherwise, the model underpredicts rain
occurrence.
ETS allows the scores to be compared ‘‘equitably’’
across different regimes (Schaefer 1990) and is insensitive to being influenced by systematic over- or underforecasting (Behrangi et al. 2009):
ETS 5

H 2G
,
(H 1 M 1 F) 2 G

(21)

(H 1 M)(H 1 F)
.
H 1M1F 1Z

(22)

2) EVALUATION
Figure 10 shows the bias ratio as a function of the
threshold value, which ranges from 0.1 to 20 mm h21,
chosen to separate the rain/no-rain events. As mentioned above, if the bias ratio . 1.0, the model overpredicts the rain occurrence; otherwise, the model
underpredicts the rain occurrence. In the figure, the
straight line ‘‘bias ratio 5 1’’ divided the figure into two
regions. For both methods 1.4 and 2.3, the threshold is
less than about 3.8 mm h21 (bias ratio . 1.0), and it has
a relatively higher bias (about 1.85 and 1.77 at the
threshold of 0–1 mm h21) than other methods. This
means that the two methods strongly overestimate the
light rains. For method 3.3, it has approximately horizontal lines with a bias ratio between 1 and 3 mm h21.
For methods 4 and 5, the threshold is equal to about
2 and 3.5 mm h21, respectively, when bias ratio 5 1.0. In

where
G5

ETS ranges from 21/ 3 to 1, with a value of 1 indicating
perfect correspondence between predicted and observed rain occurrence.

FIG. 9. Comparisons of all methods with RMSE.
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TABLE 4. Rain contingency table.
Predicted
Observed

No rain

Rain

No rain
Rain

Z
M

F
H

the region of bias ratio , 1.0, method 3.3 demonstrates
close to the bias ratio of 1.0. On the contrary, methods
1.4, 2.3, and 4 are relatively far from the horizontal line.
This means that these three methods strongly underestimate the peak values.
ETS measures the number of retrieval fields that
match the observed threshold amount. Figure 11 illustrates the ETS as a measure of the relative skill for a
distribution of rainfall amounts. For methods 1.4 and 2.3,
the ETS score is equal to about zero at the threshold of
0.1 mm h21, and increases ETS values until maximal
ETS value of about 0.6 at the threshold 5 5 mm h21. For
method 3.3, the ETS value begins at 0.2 at threshold 5
0.1 mm h21, reaches the maximum of ETS (i.e., 0.6) at
threshold 5 2 mm h21, and then decreases the ETS
scores smoothly until threshold 5 20 mm h21. Moreover,
methods 4 and 5 appear two peaks at thresholds of
(0.1, 3) mm h21 and (0.1, 5) mm h21, respectively.
To further analyze different rainfall strengths, according to the definitions of rainfall levels by the Central
Weather Bureau (CWB) of Taiwan, the rain strengths
can be graded into four major levels, which are light rain,
heavy rain, torrential rain, and pouring rain. Their rainfall
ranges can be seen in Table 5. To evaluate the average
performances in each rainfall level, the average bias ratio
and ETS scores are estimated by

average bias ratio 5

å bias ratiok 3 Ok

.

k

å Ok
k

and

å ETSk 3 Ok
k

 .

å Ok


,

land during tropical cyclones. This study applies a machine learning technique—support vector regression
(SVR)—for rainfall rate retrievals. The feasibility of
SVR and SIL–SVR by comparing them with traditional
regression method and SIL approaches is examined.
The SSM/I on board the satellites and WRA measurements of Taiwan were used to estimate quantitative precipitation over the Tanshui River basin in Taiwan. This
study collected data from 70 typhoons affecting the
studied watershed over the years 1997–2008. The measurements of SSM/I sensor comprised the terrestrial
brightness temperatures at 19, 22, 37, and 85 GHz.
The retrievals were compared in terms of three measures (RMSE, bias ratio, and ETS). The RMSE results
were obtained from five methods. Methods 1.1–1.7
performed single-channel regression, while methods
2.1–2.4 and methods 3.1–3.4 were run by MLR and SVR,
respectively. Moreover, methods 4 and 5 were the SIL
and SIL–SVR, respectively. In terms of RMSE, the retrievals of methods 1.4, 2.3, 3.3, 4, and 5 demonstrated
better retrievals of rainfall rates in their corresponding
methods. Further, this study evaluated different rainfall
strengths, denoted as ‘‘light rain,’’ ‘‘heavy rain,’’ ‘‘torrential rain,’’ and ‘‘pouring rain.’’ This study found the
following.
d

(23)


average ETS 5



FIG. 10. Bias-ratio score of rain retrievals for various methods.

(24)

k

For bias ratio, in light rain, method 4 having average
bias-ratio scores close to 1.0 gives better estimation
than other methods, meaning that SIL approach
achieves better retrievals in this level. In heavy rain,
torrential rain, and pouring rain situations, method 3.3
yields superior bias-ratio scores to those of other

where k is the threshold index between the rainfall
ranges; bias ratiok and ETSk are the scores of bias ratio
and ETS at the assigned threshold k, respectively; and
Ok is the number of observations at assigned threshold
k. Table 5 lists the average bias ratio and ETS scores of
these rainfall levels.

5. Discussion and conclusions
This paper focuses on addressing the rainfall retrieval
problem for quantitative precipitation forecast over

FIG. 11. ETS score of rain retrievals for various methods.
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TABLE 5. Range of rain strengths and calculation of the average bias ratio and ETS in different rain levels.

Level of
rain strength

Rainfall
range
(mm h21)

Light rain
,5.4
Heavy rain
5.4–8.3
Torrential rain
8.3–14.6
Pouring rain
.14.6
Overall average

d

Bias ratio

ETS

Method
1.4

Method
2.3

Method
3.3

Method
4

Method
5

Method
1.4

Method
2.3

Method
3.3

Method
4

Method
5

1.498
0.548
0.186
0.046
1.072

1.483
0.600
0.235
0.055
1.034

1.156
0.772
0.568
0.256
0.957

0.962
0.458
0.198
0.055
0.688

1.172
0.590
0.304
0.087
0.854

0.296
0.485
0.175
0.044
0.274

0.316
0.548
0.222
0.053
0.303

0.461
0.531
0.404
0.199
0.431

0.548
0.425
0.186
0.053
0.426

0.512
0.557
0.288
0.084
0.439

methods, meaning that SVR algorithm achieves better
retrievals in rainfall . 5.4 mm h21. Moreover, method
3.3 gets the best one among all methods in overall
average bias ratio.
For ETS, methods 4 and 5 having average bias-ratio
scores give better estimation in light rain and heavy
rain, respectively. This implies that SIL and SIL–SVR
approaches achieve better retrievals in both levels. In
torrential rain and pouring rain situations, method 3.3
yields superior ETS scores to those of other methods,
meaning that SVR algorithm achieves better retrievals in rainfall . 8.3 mm h21. Also, this study found
method 5 gets the best one among all methods in whole
average ETS.

Consequently, the results showed the approaches using the SVR and SIL–SVR have superior products to
traditional regressions and SIL. This is because the SVR
techniques are good at identifying and learning correlated patterns between the input datasets and corresponding target values.
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