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Most infrared-based techniques of satellite rainfall estimation contain substantial 

uncertainties due to the indirect relationship between precipitation particles and space-

borne infrared observations of clouds. Generally, these uncertainties include (1) IR 

temperature threshold defining cold clouds; (2) inclusion of no-rain clouds; (3) exclusion 

of warm rain clouds; and (4) the coefficients between rain rate and cloud-top properties. 

To address these uncertainties, a methodology. Cloud Patch Analysis, was 

developed to estimate rainfall by removing large portion of no-rain clouds from IR cloud 

imagery. Seven cloud features, including physical, geometric and textural, were defmed, 

and ID3, an inductive decision tree, was used to identify no-rain clouds. Particularly, 

textural characteristics were extended from square images to irregular cloud patches to 

extract cloud features related to rainfall. In addition, the method adopted a mechanism to 

adjust IR temperature threshold according to locations and seasons, and this adjustment 

can be made by the combination of microwave observations by polar-orbiting satellites 

with infrared observations by geostationary satellites. The application of the adjusted IR 

threshold to GPI algorithm showed signiHcant improvement for monthly rainfall 

estimation. 

The method was applied to the Japanese Islands and surrounding oceanic regions in 

June and July/August 1989 and to the Florida region in June and August 1996. The 

monthly rainfall estimates by the proposed method showed significant and consistent 

improvements over those by GPI. 
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CHAPTER 1 

INTRODUCTION 

The objectives of this chapter are to explain the motivation behind this research, to 

describe its goals, to review several prominent algorithms of rainfall estimation using 

satellite infrared imagery, and to outline organization of this document. 

1.1 Motivation 

In recent decades, rainfall estimates from satellite imagery have become increasingly 

important to hydrological and climate research because of the requirement for the global 

measurements of meteorological variables including precipitation. Global hydrologic 

anomalies, such as large floods and prolonged droughts, are closely associated with 

anomalies of precipitation patterns in tropical regions, and the dramatic changes of those 

precipitation patterns are often related to El Nino phenomena. Rainfall estimates from 

satellite data are widely used to initialize and validate meteorological models, which are 

the major approaches of global climatological studies in regions where rainfall 

measurements are not available from traditional rainfall-observation techniques, such as 

rain-gage and radar. A large number of algorithms have been developed to estimate 

rainfall using satellite imagery, and success was attained continuously in improving the 

rainfall estimations for the past decades. The majority of these algorithms make rainfall 

estimates by using infrared (IR) images from geostationary satellites, because only 
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geostationary satellites can provide measurements of high temporal resolutions, hourly or 

even shorter. 

However, rainfall estimates from most IR algorithms are subjected to considerable 

uncertainties because IR imagery is only a measurement of cloud-top temperature instead 

of hydrometeors. These uncertainties include (1) the coefHcients mapping cloud 

properties to rainfall, (2) the cloud-top temperature threshold to deHne cold clouds, (3) 

the inclusion of cold no-rain clouds in rainfall estimates, and (4) exclusion of warm rain 

clouds from rainfall estimates (Xie and Arkin, 1994). These uncertainties are 

interdependent. A high threshold, for example, causes the inclusion of more warm rain 

clouds as well as more cold no-rain clouds. It is obvious that the coefficient mapping 

cloud properties to rainfall is a function of the threshold. 

As a matter of fact, these uncertainties have inhibited further improvement of 

rainfall estimates from IR algorithms in terms of accuracy and spatial and temporal 

resolutions required by current climatological and hydrological research. The requirement 

of IR algorithms that are able to address the four uncertainties consistently, and the 

requirement of accurate rainfall estimates with high spatial and temporal resolutions, 

have motivated this research. 

1.2 IR Algorithm Review 

In general, there are two types of meteorological satellites: polar-orbiting and 

geostationary. Polar-orbiting satellites revolve around the Earth from pole to pole. The 

same area on the Earth's surface, therefore, can be covered by polar-orbiting satellites 
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every 12 hours due to the Earth's self-revolution. On the other hand, geostationary 

satellites are stationed at such a special orbit that the satellites are relatively motionless to 

observers on the Earth. Thus, geostationary satellites are able to make observations on the 

same area 24 hours a day. The geostationary orbit is more than 36 thousand kilometers 

from the Earth's surface, while polar satellites can be placed at orbits much more close to 

the Earth's surface. 

The sensors mounted on meteorological satellites can be divided generally into 

three categories: visible, infrared, and microwave, according to the sensor's spectral 

bands. Although most operational polar-orbiting meteorological satellites have all three 

types of sensors, currently operational geostationary satellites have only visible and 

infrared sensors on board due to the long distance between the satellites and the Earth's 

surface. Most sensors are passive instruments, which measure radiation from the Earth's 

surface. Obviously, visible measurements are not available during the night. 

Consequently, measurements with the highest temporal resolutions are IR observations by 

geostationary satellites. Therefore, a great number of IR algorithms have been developed 

since the late 1960s when meteorological satellites gradually began their operations. 

IR-based algorithms are generally classified into three types: pixel-based, window-

based, and patch-based. Pixel-based methods directly utilize the IR measurements of a 

cloud pixel to estimate rainfall. Therefore, the information employed by pixel-based 

algorithms is limited to cloud-top temperature only. To include more information in the 

process of rainfall estimation, window-based algorithms consider not only the brightness 

temperature of a pixel but also some features of the pixels around it—a window—i.e.. 
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those features present a "window" of information. The sizes of the selected windows may 

vary with different algorithms, but they are generally square. Typical examples of 

window features are mean top temperature, temperature variance and slope, and texture 

variables. The third type of algorithms—patch-based algorithms—uses the features of 

cloud patches, which are obtained by applying a threshold to IR imagery. Several 

examples of these algorithms may clarify this classification further. 

1.2.1 The GOES Precipitation Index (GPI) 

A good example of pixel-based algorithms is the GOES (Geostationary Operational 

Environment Satellite) Precipitation Index (GPI) developed by Arkin and his colleagues 

(Arkin, 1979; Richards and Arkin, 1981; Arkin and Meisner, 1987). GPI is a simple 

model which contains two parameters—temperature threshold and rainfall rate. Cloud 

pixels with top temperatures colder than 23S°K are assigned to produce rainfall of 3 

millimeters per hour, while cloud pixels warmer than ISS'lC are considered too warm to 

produce measurable precipitation. Then, the derived rainfall is averaged over a 2.5° x 2.5° 

area. Although these parameters were calibrated over a small region at the eastem tropical 

Atlantic Ocean during the GARP (Global Atmosphere Research Program) Adantic 

Tropical Experiment (GATE), GPI has proved to be one of the best-performing 

algorithms of rainfall estimation on climatological scales (Ebert et al., 1996). 

Nevertheless, in order to apply GPI globally, adjustments of these parameters need to be 

made over location and time (Xie and Arkin, 1994). 
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1.2.2 Wu et al.'s Algorithm 

As a result of adapting image processing techniques, a large body of IR-based 

algorithms are window-based. In a relatively complex algorithm developed by Wu et al. 

(1985), 24 features (Table 1.1) are used to retrieve rainfall. Theses features include 

radiance and texture features computed on windows of both IR imagery and visible 

imagery. Pattern recognition techniques and a decision tree are applied to classify clouds 

Table 1.1 Features Used To Characterize Satellite Images Of Clouds 

Feature Number Features 

Radiance 

1 Mean grey level 
2 Standard deviation of grey level 
3 Maximum grey level 
4 Minimum grey level 
5 Maximum/minimum grey level ratio 
6 Grey level range 

Texture 

7 Edge strength per unit area 
8 Maximum mean within 4 directions 
9 Maximum contrast within 4 directions 
10 Maximum angular second moment within 4 directions 
11 Maximum entropy within 4 directions 
12 Mean value of mean within 4 directions 
13 Mean value of contrast within 4 directions 
14 Mean value of angular second moment within 4 directions 
15 Mean value of entropy within 4 directions 
16 Edge strength per unit 

17-20 Same feanires as 8-11 with different separation 
21-24 Same features as 12-IS with different separation 



23 

into three categories: no rain, light rain, and heavy rain. The window size used in 

the algorithm is 20 km x 20 km. Many of these features demonstrated their 

effectiveness in describing rainfall properties, and the algorithm has shown its 

merit in real applications (Lee et al., 1991). 

1.2.3 PERSIANN Algorithm 

Precipitation Estimation from Remotely Sensed Information using Artificial Neural 

Networks (PERSIANN) is another window-based approach developed at The University 

of Arizona (Hsu et al., 1997). A modiHed version of CounterPropagation Networks 

(MCPN) is employed to map cloud properties to rainfall. As shown in Table 1.2, the 

inputs to the model are derived from windows of various sizes to increase the input 

information. Another advantage of this approach is that it can adapt ground-truth rainfall 

measurements efficiently to update rainfall estimation. With cloud properties similar to 

those used in the PERSIANN algorithm, Negri and Adler (1988) found that accurate 

rainfall estimates beyond rain/no-rain discrimination are unlikely. By using an updating 

technique, however, the PERSIANN approach has produced considerably accurate 

rainfall estimates with high spatial and temporal resolutions. 

Table 1.2 Inputs to PERSIANN Algorithm 

No. Inputs 
1 IR brighmess temperature on the calculated pixel 
2 Mean IR brightness temperature with window size of 3 x 3 pixels 
3 Standard deviation of IR brightness temperature with window size of 3 x 3 pixels 
4 Mean IR brighmess temperature with window size of 5 x 5 pixels 
5 Standard deviation of IR brighmess temperature with window size of 5 x S pixels 
6 Surface type 
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1.2.4 Griffith-Woodley Technique (GWT) 

In addition to the development of pixel-based and window-based algorithms, a 

number of patch-based algorithms were proposed in the last three decades. One early 

example of patch-based algorithnis is the Griffith-Woodley Technique (GWT) (Griffith et 

al., 1978; Woodley et al., 1980), which estimates rainfall by considering the life cycle of a 

cloud. The clouds, called cloud patches here, are derived by applying the temperature 

threshold of 253°K in IR imagery. The life cycle of a cloud patch, its growth and decay, is 

related to various stages of precipitation. Rainfall volume for a cloud patch is computed 

according to an empirical relationship between the life cycle of a cloud patch and its radar 

echo area. Then, 50% of the estimated rainfall is assigned to the 10% coldest area of the 

cloud patch, and the next coldest 40% of the cloud patch contains the remaining 50% of 

the estimated rainfall. Later, Negri et al. (1984) re-examined GWT and observed that the 

relationship between the cloud life cycle and rainfall can be replaced with that between 

cloud area and its rainfall. In other words, cloud area is so highly correlated with rainfall 

that the cloud life cycle can be neglected in rainfall estimation. 

1.2.5 The Convective-Stratifomn Technique (CST) 

An advanced example of patch-based algorithms is the Convective-Stratiform 

Technique (CST) by Adler and Negri (1988). This method was designed primarily to 

estimate deep convective rainfall by identifying convective cells and cirrus clouds. It 

identifies cirrus clouds with a relation defined by minimum cloud temperature and the 

slope around this minimum. For a convective cell, a one-dimensional cloud model (Adler 
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and Mack, 1984) is used to compute rainfall volume and rain area. Then, the computed 

rainfall volume is assigned to the convective cell with different rain rate to convective 

and stratiform components, starting from pixels with low IR temperature to pixels with 

high IR until the computed rain area is filled. 

1.2.5 Discussion 

Clearly, these three categories of IR-based algorithms have their advantages as well 

as disadvantages. In addition to being influenced by weather systems of synoptic scale, 

rainfall phenomena are determined by cloud behavior. Therefore, the information 

employed by pixel-based algorithms is too limited to produce usefiil and accurate rainfall 

estimates except for the purpose of climatological studies. On the other hand, pixel-based 

algorithms are simple and easily implemented. Indeed, GPI, the most typical pixel-based 

algorithm, has proved to be one of the best-performing algorithms of rainfall estimation 

on climatological scales (Ebert et al., 1996). Currently, GPI is the core operational 

algorithm of rainfall estimation used in the Global Precipitation Climatology Project 

(GPCP). 

With numerous feamres of both radiance and texture, window-based methods have 

the promise to produce more accurate rainfall estimates. However, the large variance of 

the relationships between the features and the corresponding rainfall produces substantial 

uncertainty in rainfall estimates, especially when dealing with partially cloudy windows 

(Negri and Adler, 1987). Determining the appropriate size for the selected windows is 

also difficult. Larger sizes may produce too many partially cloudy windows, while 



26 

smaller sizes may contain insufficient information to describe cloud features accurately. 

Although some window-based algorithms have produced adequate rainfall estimates (Wu 

et al., 1985; Hsu et al., 1997), the fundamental uncertainties of window-based algorithms 

make further improvements of this type of algorithms substantially difHcult. 

Patch-based algorithms seem to be the most promising method overall, because they 

utilize the features defmed on a cloud patch instead of on a window or on a pixel. These 

features are selected to represent cloud characteristics which are responsible for the 

rainfall associated with cloud patches. Although the patch-based algorithms have 

produced relatively good results in some applications (Petty, 1995), the number of 

features that had been explored is quite limited. There are seldom other cloud features 

employed besides cloud area, mean temperature, minimum temperature, and temperature 

slope. In contrast, a large number of features have been used in window-based algorithms. 

1.3 Objectives 

All current IR algorithms have encountered substantial uncertainties in rainfall 

estimation. Generally, these uncertainties are results of the following two facts; 

(1) rainfall mechanisms varying with location and time; 

(2) IR data measuring only cloud top temperature. 

Because most IR algorithms are developed and calibrated with data derived from 

particular regions at specific times, these algorithms are not able to perform consistently 

on various regions and seasons due to the varying rainfall mechanisms. IR imagery is the 

measurement of cloud top properties instead of the hydrometeors which are directly 
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related to raindrops. Therefore, IR algorithms often face a severe dilemma; estimating 

elements (pixels, windows, or patches) with same cloud-top properties behaving totally 

different in rainfall production, just like twin brothers having totally different 

personalities. In fact, the indirect measurements of cloud raindrops by IR imagery have 

caused the tremendous misrepresentations of no-rain elements as rain elements and vice 

versa. It is well known that most rain clouds are cold, but cold clouds cannot always 

produce precipitation. 

Specifically, several important issues need to be addressed in improving current IR 

algorithms or developing new algorithms. These issues are: 

(1) adapting the locality and seasonality of rainfall mechanisms so that an effective 

IR algorithm can perform consistently well on a global scale; 

(2) selecting a proper IR temperature threshold to balance the inclusion of cold no-

rain clouds and exclusion of warm rain clouds; 

(3) processing IR imagery to extract useful information so that estimation elements 

can be effectively classified; 

(4) removing cold no-rain clouds from IR imagery to improve rainfall estimation; 

(5) estimating and distributing rainfall more accurately. 

Hence, pixel-based and window-based algorithms are not adequate candidates to address 

these important issues, while only patch-based algorithms look promising. 

The objectives of this research are to develop an effective and efficient algorithm to 

deal with the 5 important issues listed above and to produce accurate rainfall estimates 

using IR imagery. To attain die objectives, a systematic approach of estimating rainfall 
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from IR imagery, called cloud-patch analysis, was developed. This approach contains 

several components. SpeciHcally, a procedure using microwave data was proposed to 

derive an optimal threshold for pixel-based methods, and the procedure was modified to 

compute the threshold for defining cloud patches. This procedure actually has dealt with 

the threshold issue as well as the variation of rainfall mechanism because the microwave 

data are available twice a day and globally. Seven cloud feamres, including physical, 

geometric, and textural, were designed to represent cloud properties related to rainfall. All 

these features are defmed on cloud patches instead of on windows of IR imagery. In fact, 

the feature extraction is a process of extracting more information from IR imagery. Then, 

IDS, an algorithm of the inductive decision tree, is used to classify rain and no-rain cloud 

patches. Finally, a scheme of estimating distributing rainfall for rain cloud patches is 

devised to make rainfall estimates at various spatial and temporal resolutions. 

The next section briefly outlines the composition of the proposed methodology of 

rainfall estimation, cloud-patch analysis, and states where the respective results may be 

found in this dissertation. 

1.4 Organization of This Document 

Chapter 2 presents the procedure for obtaining the optimal threshold for pixel-based 

algorithms using error analysis. The basis of the procedure is the classiflcation of grids 

into four types. The optimal threshold is supposed to minimize the total estimation error 

on two types of grids: (1) no-rain grids containing cold cloud pixels, and (2) rain grids 

containing no cold cloud pixels. The estimation error is defined as the difference between 
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rainfall estimates from microwave data and those from IR imagery. In Chapter 3, the 

optimal threshold is modified to define cloud patches. 

Chapter 3 presents the technique for removing no-rain cloud patches from IR cloud 

imagery. First, cloud patches are extracted from IR images using an IR temperature 

threshold which is 6°K higher than the optimal threshold derived from Chapter 2. Then, 

cloud patches smaller than 40 pixels, accounting for about 90% of the total number of 

cloud patches, are removed from IR imagery as no-rain clouds. Next, seven cloud features 

are computed on the remaining cloud patches. Finally, ID3 is used to identify no-rain 

cloud patches using those features as inputs, and the outputs from ID3 are converted into 

explicit classiflcation rules. 

Chapter 4 describes the scheme of estimating rainfall volume for rain cloud patches 

and the approach of distributing the rainfall over them. First, a linear regression 

relationship, relating rainfall to those cloud features defined in Chapter 3, is established 

for each of 6 ranges according to the size of cloud patches. Then, the rainfall is 

distributed according to the values of 4 pixel features: relative DTmax. beta factor, relative 

direction, and land index. 

Chapter 5 presents the overall strucmre of the system of rainfall estimation using IR 

cloud imagery. The system consists of threshold selection, cloud patches extraction, 

feamre exuraction, removal of no-rain cloud patches, rainfall volume estimation, and rain 

rate assignment. As examples of applying the system, monthly and daily rainfall estimates 

are obtained for the Japanese Islands and Florida peninsular regions. 
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Finally, in Chapter 6, the contributions of this research are summarized and the 

future work to improve the approach is suggested. 
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CHAPTER 2 

OPTIMAL THRESHOLD FOR PIXEL-BASED ALGORITHMS 

The objective of this chapter is to establish a procedure for finding an optimal 

threshold in pixel-based IR algorithms. Because GPI is the most typical and widely 

applied pixel-based algorithm, the procedure is particularly intended for GPI. 

2.1 Introduction 

The study of precipitation estimation firom satellite imagery has been strongly 

driven by the need for global analyses of precipitation in climate and weather research 

and by the lack of ground observation of precipitation over most of the Earth's surface 

areas. GPI is among the most widely used satellite rainfall estimators, it plays an 

important role in multiple climate programs such as the Global Precipitation Climatology 

Project (GPCP) sponsored by the World Climate Research Program (WCRP) and the 

Tropical Rainfall Measuring Mission (TRMM) of NASA's Mission to Planet Earth/Earth 

Observing System (MTPE/EOS). 

GPI is an easily applied method to estimate the area-averaged rainfall for a grid 

square (typically, 2.5° x 2.5° latitude-longitude), using the infrared (IR) imagery pixels 

with cloud-top brightness temperature colder than the threshold of 235° K to determine 

the cold cloud fractional coverage in the area, and multiplying the fractional coverage by 

a rain rate (the ratio of rain amount to the fractional coverage) of 3 millimeters per hour 

(mmh"'). Only two parameters (threshold and rain rate) are included in the GPI method. 
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The GPI has been derived operationally since 1982 from the GOES imagery for the U. S. 

continental and surrounding oceans, and the global tropics for GPCP since 1986 (Xie and 

Arkin, 1994). TRMM has listed a set of tasks to test the GPI estimation of tropical 

rainfall through the TRMM data (TRMM Science Operation Plan, 1996). Recently, two 

global monthly precipitation data sets. Global Merge Precipitation data set (Xie and 

Arkin, 1996) and GPCP Version 1 Combined Precipitation Data set (Huffman et al., 

1997), have been released. The original GPI was used in the former one, while the 

Adjusted GPI (Adler et al., 1993; Adier et al., 1994) was used in the latter one. 

While GPI is quickly expanding its application scope, more and more researchers 

have begun to explore the weaknesses and potential improvements of GPL It was pointed 

out that GPI exhibited large bias when validated with observed monthly rainfall over the 

United States (Arkin and Meisner, 1987; Arkin, 1988). In applying GPI to Sahel, Barrett 

et al. (1988) and Milford and Dugdale (1990) found that adjustments of the two GPI 

parameters could improve the rainfall estimation. Using rain data from the atoll raingages 

in the tropic Pacific Ocean, Morrissey and Greene (1990) discovered significant errors in 

GPI estimation and defined correction factors for the regions. Adler et al. (1994) 

developed the Adjusted-GPI (AGPI) algorithm which multiplies the daily GPI rainfall 

estimate by the ratio of simultaneous microwave (SSM/I) estimated grid rainfall to the 

GPI-estimated one. This method assumes that microwave technique can provide more 

accurate rainfall estimate during the overpass. Therefore, the twice-a-day estimation of 

microwave can be used to adjust the diumal estimate from the high sampling of 

geostationary IR data. Arkin and Xie (1994) used the AIP-1 (Algorithm Intercomparison 
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Project 1) data set to analyze the GPI method and provided several suggestions for 

improvement. AIP-1 includes two monthly data sets in Japan and surrounding oceanic 

regions from June and July 15 to August 15, 1989. Xie and Arkin (1996) merged the GPI 

rainfall estimation with microwave estimated and precipitation from meteorological 

models to create the 10-year monthly global precipitation data set. Huffman et al. (1997) 

released the GPCP version 1.0 data set result from AGPI combined with SSM/I and 

gauge data. 

In this chapter, a comprehensive study of GPI based on the error analysis is made. 

The threshold of IR brightness temperature is the most sensitive of the four 

uncertainties—threshold temperature, proportional coefficient, inclusion of non-

precipitating cold clouds, and exclusion of warm precipitating clouds (Arkin and Xie, 

1994)—associated with most algorithms of rainfall estimation based on satellite infrared 

measurements. Unfortunately, these algorithms need to select a threshold to either defme 

cloud and no-cloud area or distinguish rain and no-rain clouds. For example, Arkin and 

Meisner (1987) adopted 235°K as the threshold to obtain rain clouds in the GOES 

Precipitation Index (GPI). Negri and Adler (1987) applied 253°K as the threshold to 

define clouds. In the past three decades, much effort has gone into mapping cloud 

parameters to rainfall volume. Not enough has been done, however, in studying how to 

choose a threshold. Until now, no practical procedure has been developed to vary infrared 

threshold globally on various regions and seasons, and the variation is definitely needed 

for accurate estimates. 
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The threshold of GPI should be varied in space and time because of the variations of 

precipitation mechanism (Aridn and Xie, 1994), By using the correlation coefficient 

between rainfall volume and cold cloud coverage, they evaluated thresholds over the 

Japanese Islands and the adjacent ocean area during June and July-August 1989. 

However, reliable rainfall data are hardly available over the ocean, even though 

microwave data can reasonably separate instantaneous rain and no-rain cloud areas. 

Because rain areas delineated by microwave imagery are considered very accurate in 

matching real rainfall fields over the ocean, microwave data can be applied to evaluate 

two types of errors: (I) exclusion of precipitating warm clouds, and (2) inclusion of non-

precipitating cold clouds, if only with rain and non-rain areas are the only concern. A 

good criterion should consider not only the various kinds of errors but also error 

variations associated with scale changes in space and time. In this chapter, a criterion of 

evaluating an infrared threshold is described, which distinguishes rain and no-rain cloud 

pixels, and which explains a procedure to select a threshold by minimizing the sum of 

these errors. In addition, the feasibility of using microwave data to derive such an optimal 

threshold is shown, and the improvements of rainfall estimation by applying the optimal 

threshold in a couple of experimental regions are illustrated. 

In the next section, the classification and expression of grid errors is introduced, 

thereby deriving a criterion for optimal GPI threshold values. In Section 3, the results 

from three application cases of the criteria are illustrated; in Section 4, the approach with 

those suggested by the previous studies are compared, and Section 5 is devoted to the 

conclusions. 
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2.2 Criterion For Optimai Algorithm Parameters—Based On Error Analysis 

The difference between the estimated and observed rainfall is utilized to evaluate 

virtually all the satellite rainfall algorithms. In the Global Precipitation Climatology 

Project (GPCP) Algorithm Intercomparison project 1-3, the enor is represented by eight 

performance scores; mean error, mean absolute error, root mean square error, correlation 

coefficient, skill score, ratio of diagonal, ratio of tri-diagonal, and bias (Lee et al., 1991). 

Obviously, many processes in an algorithm will cause errors and affect the performance 

scores. However, how the overall performance of an algorithm can be improved is 

difficult to analyze. In this section, the focus is on the error resulting from the rain-pixel 

identiHcation process, and the error based on a grid type classification is represented. 

Because of the popularity of GPI in practical applications, our error analysis will be kept 

in line with GPI procedure, especially the threshold of pixel brightness temperature which 

GPI uses to identify the rain pixels, although the analysis is applicable to other pixel-

based algorithms. 

2.2.1 General Estimation Process Of The Pixel-Based Algorithms 

When an algorithm is applied to a region (A) for a period (7) to estimate the rainfall 

Helds, the spatial-temporal regime is usually divided into uniform grids with Hne spatial 

and temporal resolution (AA and AT) suggested by the objective and capacity of the 

algorithm. For example, in the Algorithm Intercomparion Project 1 1989 (Lee et al., 1991, 

thereafter, named as AIP-1), the study region is Japan and the surrounding ocean, and the 

study period is June-August. Then, monthly, daily, and hourly {AT) rainfall estimations 
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are checked at the spatial resolution of 1.25° x 1.25° latitude-longitude (M). However, the 

calculation of rainfall estimation is carried out on basic "pixels" which are included in the 

grid square and have much finer spatial and temporal resolution (M and At) than the grid 

resolutions (M. and AT). In AIP-l, the resolutions for the pixel data are hourly {At) and 

0.05® X  0.0625° (Aa) .  In general ,  the average rainfal l  amount (Ra) for  a  grid square (AA)  

during a period (AT) is calculated as follows; 

l lP i j -n i j  
I f  _±J  „ _ 
" MAT • y 

1 estimated rain pixel, 

(1) 

0 estimated no-rain pixel. 

where / € ^ is the spatial index of a pixel; j  e  AT is the temporal index of a pixel; pf j  

is the assigned rain rate; and is the index of estimated rain/no-rain pixel. For example, 

in the GPI method, equals 1 when the brighmess temperature of pixel (i, j) is colder 

than 235°K and p,y for any estimated rain pixel is 3 mmh''. Notice that three common 

steps are used in rainfall estimate from satellite imagery: (1) to identify a rain pixel for 

figuring out the fractional coverage or clouds of rainfall; (2) to assign a rain rate to the 

rain pixel; and (3) to average the accumulated pixel rainfall over the grid resolutions. In 

some algorithms, step (2) and step (3) are exchanged, which means that they Hrst assign 

the total amounts of rain to the rain clouds and then distribute different rain rates to 

different parts of the cloud. The difference between GPI and other algorithms is that the 

latter may require different pixel information to define /t,y and p'j. 
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2.2.2 Four Types Of Pixels And Grids 

According to the general estimation process described above, if both the estimated 

and "grcund-truth" rainfall data for pixels are available, such as in the AIP-l data set, 

then a pixel can always be identified to belong to one of the four groups; (I) an estimated 

no-rain pixel but rain on ground-truth (underestimated by the algorithm); (II) an estimated 

rain pixel but no-rain on ground-truth (overestimated by the algorithm); (IQ) an estimated 

rain pixel and rain on the ground-truth (possible error caused by the assigned rain rate); 

and (IV) an estimated no-rain pixel and no rain on ground-truth (no error). Based on this 

pixel classiHcation, the grid square (at resolution M. and ST) is further classified into 

four categories defined in Table 2.1. It is easy to Hnd that grid type I only includes type I 

and possible type IV pixels; grid type n only includes type n and possible type IV pixels; 

grid type m may include all kinds of pixels; and grid type IV only includes type IV pixels. 

Because grid (as well as pixel) type IV, mostly representing the clear sky, forms the 

complement collect of grid types I, U, and III in the entire grid collect and includes no 

error, it is only necessary to involve the type I, n, and IH in error analysis. 

Table 2.1 Relations Between Gird And Basic Pixel 

Basic pixel Errors associated 

Grid Typel Typell Type in Type IV with grid type 

Type I 0 X X A ERR' 

Typell X 0 X A ERR° 

Type in 0 0 0 A ERR® 

Type IV X X X 0 0 

O: contains; x; not contains; A: may contain. 
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2.2.3 Errors Associated With Various Types Of Grids 

Lst ERR',err" and ERR'" denote the grid errors associated with a type I, type n 

and type in grid (resolution: M, AT). Similar to the index of estimated rain/no-rain pixel, 

{1 observed rain pixels 
„  ,  J  . . .  w a s  i n t r o d u c e d .  
0 observedno-rampixels 

These errors can be expressed as follows, 

£R«' = Z2;>;/;j, (2) 
• J 

Hef i "  =  2Zp ;n ( , ,  (3 )  
I J 

ERR'" = 
' J 

(4) 

where i ,j and p'. possess the same deflnitions as those in Equation (1); p-j is the 

observed rain rate. 

From this grid classiHcation, we notice the following features: 

(1) Given the grid resolutions, M and AT, the grid numbers of these four types of 

grids are dependent on the rain-pixel identification process of an algorithm, and 

independent of the rain-rate assignment process of the algorithm. In Hgure 2.1, 

the API-1 data set was used to illustrate the variation of the grid numbers of type 

I, n, and m, when the GPI threshold of brightness temperature is varied from the 

fixed 235"'K. It follows from these plots that type I grids are dominant at the low 
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end of the threshold spectrum, and type EL grids are dominant at high-temperature 

thresholds. 

(2) In a type I grid square (as well as, in a type II grid square), ail the pixel errors are 

negative and underestimated (positive and overestimated for type H grids) by an 

algorithm and cannot be canceled each other. On the other hand, in a type m grid, 

errors caused by type I pixels and type n pixels are able to cancel each other. As 

the grid spatial and/or temporal resolution (AA and dT) increases, the pixel errors 

obtain more chances for compensation. This explains the reason why most 

algorithms can produce more accurate estimation at low spatial and/or temporal 

resolutions than at high ones. 

2.2.4 Criterion for Optimizing Parameter Values Of Algorithms 

Naturally, according to Equations (2)-(4), the selection of parameter values in an 

algorithm, such as the threshold of brightness temperature (Tth = 235 K) and the assigned 

rain rate ip'j =3 mmh~^) in GPI, is intended to minimize the summation of all grid errors 

over the entire study region A and period T: 

min{£/yir}=min] [ 
[ATeQ, KeQa KeOia J (5) 

= mn{ERRi. + ERR!^ + ERR!̂ ' } 

where ={ all grids of type in A and T, AT =/,//,/Z7}. In many cases, the study 

regime (A and T) include a large number of grids (M and AT) to calculate, and it may be 
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Rgure2.1 Variations of the numbers of three type grids on threshold: (a) June, 
(b) Jul.-Aug. 1989 in the Japanese Islands and surrounding oceanic regions. I, II, 

and m indicate grid types. 
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unnecessary to use the entire regime for the error analysis; therefore, may also be 

defmed as the sampling collects for type K grids. 

As an example, according to expression (5), the "best" GPI threshold values were 

calculated(the assigned rain rate is Hxed at 3 mrnh'^) at various temporal scales (fixed 

spatial scale at 1.25° x 1.25°), in the AlP-l data set. The results are listed in Table 2.2. 

The "best" threshold becomes high as the time scale increases and also changes with 

seasons. 

Table 2.2 The Best Thresholds of GPI in June and July/August 1989 
Over Japanese Region 

Unit: Kelvin 

Period I hour 3 hour 24 hour Monthly 

June 218 219 224 230 

July/August 223 224 230 237 

Although minimizing the sum of grid errors could optimize the parameter estimation 

for an algorithm, its practicability is limited because the calculation requires the 

observation rain data, bothand pfj, which are unavailable on most of the Earth's 

surface. Therefore, the criterion needs to be revised to rely less on the surface rain data, 

in particular, the observed rain rates. 

The relative magnitudes of the 3 types of errors, ERRl^., ERR!^ , and ERR"', are 

different, and their variations on thresholds also show distinguished features. As an 

example, these errors and their variations were calculated over thresholds for GPI using 

the June data set from AIP-1, as shown in Figure 2.2 and Figure 2.3. At lower thresholds. 
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Hgure 2.2. The variations of three ^pe errors of GPI method on temperature threshold, 
derived from the data set of June 1989 at the Japanese Islands and surrounding oceanic 
regions. I, Q, and QI indicate the 3 Qrpe of errors, and I+Q curve is the sum of type I and 
type H error. 
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Figure 2.3. The variatioii rates of ^pe U ^pe 0. and type III errors of 
GPI over various temperature thresholds, derived from the data set of 

June 1989 at the Japanese Islands and surrounding oceanic regions. 
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ERRj dominates the total error, while ERR" dominates at higher threshold regions. The 

sum of ERRlj^ and ERR" is much greater than ERR"' at every threshold. In addition, the 

decreasing rate of ERR^ is much greater than the increasing rate of ERR!} and ERR"' 

when the threshold is low, and the increasing rate of ERR!} is much greater than the 

increasing rate of ERR"' and the decreasing rate of ERR^ when the threshold is 

relatively high. In other words, the variation rate of ERR'j and ERR" dominates the 

whole range of thresholds. In summary, ERR^ and ERR" are able to represent 

approximately the total error. 

In addition, ERR!}' relies on both observed and estimated rain rate on the grids of 

type HI. Therefore, it is always possible to employ more information to make more 

accurate rainfall estimation and, as a result, ERR"'can be reduced as the estimated 

rainfall approaches observed rainfall, and the contribution of ERR"' to the total error 

becomes smaller. Consequently, Equation (S) can be reasonably reduced to: 

Equations (2) and (3) were rewritten by introducing the mean rain rates and the total 

pixel numbers in type I and type II grids, as given by; 

min{£/?/?r }= min{£/?/?; + ERR^! } (6) 

£RRr=l l lp;r ,= 
a, i 1 

•R,-P1 R, (7) 

/ 
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EKRr=111Pl  
Off ' i 

•N„=p)rN„ (8) 
Off ' j 

\ 

where p" are the observed mean rain rates in Q, and p'l is the estimated mean rain rate 

in A/- Ri is total number of type I pixels in £2,, and N„ is the total number of type Q 

pixels in Q„.  Here, we make the assumption: p°  is equal to p ' , .  Obviously, this is a 

reasonable assumption for any viable algorithm of rainfall estimation using satellite 

imagery. Then, Equation (6) becomes: 

min( ERRj.) = min| p" • R, + p'„ | 

Equation (9) is considered as a practical criterion which minimizes the sum of the total 

number of type I pixels in type I grids and type Q pixels in type II grids. 

Similarly, the total observed rain pixel number in grid type HI (RM)  can be defined as 

follows: 

/?///= ZZS'Jy (10) 
«/// ' I 

Notice that die total number of observed rain pixels, Rj-, is distributed only in grid type I 

and m, therefore: 

Rj = Ri + Rill, 

then, we have the following relation. 

m{Ri+N, i}  

(9) 
=min 

RI '^^ i i~RT ^Rm ( I I )  
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because Rj is a constant. Equation (9) is equivalent to; 

max {/?,;;-A^„} (12). 

Equation (12) says that the observed rain pixel number in grid m needs to be increased 

and the wrongly estimated rain pixel number in grid type II needs to be reduced. If R,„ is 

considered as a gain in rainfall estimation, and N,i as a loss (because it introduces 

estimation error), {R,„ - N„ } id called the Net Estimation Gain (MEG). Therefore, the 

criterion is also to maximize the Net Estimation Gain. Similarly, {/?, +N„} is given a 

name—Dead Estimation Loss (DEL), because it represents the errors that cannot be 

recovered when the grid resolutions are fixed for an algorithm. As expected, the criterion 

which minimizes DEL in Equation (9) is equivalently maximizing NEG in Equation (12). 

For GPI, as shown in Figure 2.4, R, and N,, monotonically increase and decrease, 

respectively, when the threshold of brightness temperature rises. Thus, the optimal value 

of the threshold, , can be derived from Equation (9) or (12) as: 

d R, d N,, 

dR,„ dN„ 

IT'IT 

Equation (14) simply states a basic economical principle, namely when marginal 

estimation gain is equal to marginal estimation loss, the maximum of net estimation gain 

is reached. An advantage of this criterion is that it is independent of either the estimated 

or the observed rain rate, and it can be used to improve the rain pixel identiHcation 
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scheme of an algorithm, such as the threshold value in GPL A potential application of this 

criterion, which is the premier motivation of this study, is to improve the rainfall 

estimates over oceans where reliable observed rain rates are seldom available. However, 

previous studies have indicated that satellite microwave (SSM/I) techniques are able to 

identify instantaneous rain pixels more accurately than satellite IR methods (Ebert, et al., 

1995). 

In the next section, the criterion is used first to estimate the threshold of GPI in the 

AIP-1 and the Florida peninsula regions where ground-based rainfall data are available, 

so a detailed evaluation of the method can be conducted. Then, the same method is 

applied to the Pan American oceanic regions by adjusting GPI threshold value with the 

rain pixels identiHed by the SSM/I method. Because there are no observation data 

available, only the differences could be illustrated. 

2.3 Applications 

In this study for all the application cases, the pixel spatial and temporal resolution 

for both the satellite and ground-observation data are unified to 0.25° x 0.25° and hourly; 

meanwhile, the grid spatial resolutions are deHned at 1.25° x 1.25° in the Japanese region 

and 1.0° X 1.0° in the Florida area, and temporal resolution is monthly for both areas. 

2.3.1 Statistics 

To evaluate the results of monthly rainfall estimation, three common statistics were 

used here. They are correlation coefficient, root mean square error, and bias. A number of 
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quantities, deHned on the set of total rain cloud patches in a month, are used to design the 

three statistics. They are: 

i: grid index 

S: the set of grids 

N: total number of grids 

ERi: estimated rainfall volume for grid i 

ORj: observed rainfall volume for grid i 

Var(ER): variance of estimated rainfall volume of grids 

Var(OR): variance of observed rainfall volume of grids 

COV(ER, OR): covariance of estimated and observed rainfall volume grids 

Then, the three statistics are defined as: 

(1) Correlation coefficient: 

^ „ COV{ER,OR) 
Corr{ER,OR)= , (15) 

^Var{ER)Var{OR) 

(2) Root mean square error: 

RMSE(ER.0R)=4— (16) 

(3) Bias 

Sw-o/?,) 
BlAS{ER,OR)=^ (17) 

N 

Correlation coefficient represents the extent of estimated rainfall linearly expressing 

observed rainfall. The higher the correlation coefficient, the more information about 

observed rainfall can be interpreted from estimated rainfall. On the other hand, root mean 
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square error expresses the absolute error between estimated and observed rainfall. The 

smaller the root mean square error, the closer the estimated rainfall is to the observed 

rainfall. Bias is a sum of differences between estimated and observed rainfall. Positive 

bias means an overestimation, while negative reveals an underestimation. 

2.3.2 Japan and Surrounding Oceanic Regions (API-1 data set) 

2.3.2.1 Data Description 

The study region is shown in Figure 2.5(a). The data set consists of two month-long 

periods in 1989: June 1-30 and July 15-August 15, which will be referred as June and 

July/August data, respectively. The basic satellite data are hourly IR images from the 

Japanese Geostationary Meteorological Satellite (GMS) at the spatial scale of 0.05° x 

0.0625°; the ground observation data are the radar-gauge composite assembled by the 

Japanese Meteorological Agency (JMA) at the same resolutions of the satellite's. As 

mentioned above, these data are first integrated to the pixel resolution of 0.25° x 0.25°. 

2.3.2.2 Thresholds Selection 

As shown in Figure 2.5(a), the study area is divided into 79 grid squares of 1.25° x 

1.25° (each contains 25 basic pixels) and the study periods are two separate months (i.e. 

June and July/August). The grid calculations were carried out at 3 temporal resolutions, 

hourly, 3-houriy, and daily. For the grids of 3-hour time scale, three consecutive hourly-

grids were accumulated at the same location into one 3-hourly grid. In the same way, daily 

grid is an accumulation over 24 hourly grids. As a result, the grid numbers in a study 
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regime for the 3 temporal resolutions are 24 x 30x 79 for hourly; 8 x 30 x 79 for 3-

hourly, and 30 x 79 for daily. 

Figures 2.6 and 2.7 show the variation of DEL and NEG with threshold in June and 

July/August, respectively. The optimal threshold of DEL goes down slightly at the time 

scale from hourly to daily and, in contrast, the NEG goes up. The optimal values of the 

thresholds at these spatial resolutions are quite close (Table 2.3). From now on, the 

threshold maximizing NEG or minimizing DEL using hourly data is called the optimal 

threshold, and the algorithm using the optimal threshold and GPI rain rate is called the 

revised GPI. 

Table 2.3 The Revised Thresholds in June and July/August 1989 Over Japan 
Unit: Kelvin 

Period I hour 3 hour 24 hour 12-hour sampling 

June 228 229 232 229 

July/August 239 240 243 239 

The applicability of this criterion by using microwave data were examined by 

using the optimal threshold by the 12-hour-sampled data—the sampling collect (R,, R,„ 

and N,i are calculated over all included grids) only include hourly data in every 12 hours, 

instead of hourly data. Therefore, the sampling data set contains 2 x 30 x 79 hourly-grids 

for each month (-jV of the hourly data set). The time scale of this calculation is 

considered as hourly even though the number of total grids is less than that of real hourly 

calculation. The reason is that the IR images are usually matched with microwave 

images on an hourly base. Figure 2.8 shows the variations of NEG on threshold. 
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calculated with the 12-hour-sampled data. As expected, the optimal threshold remains 

almost the same as that derived from the fiill data set (Table 2.3). The I2-hourly data used 

in Table 6 are sampled at local time 2:00 a.m. and 2:00 p.m. 

In addition. Figure 2.9 shows the variations of the derived optimal thresholds using 12 

sampling times, from 1:00 a.m. and 1.00 p.m. to 12:00 a.m. and 12:00 p.m. Most values 

are within one degree difference from those calculated with fiiU data set in June. In 

July/August, the values spread around 2391C in about a two-degree difference. The 

dispersion may be the result of subtropical summer convection. Clearly, the sampling 

time can be chosen when the majority of rainfall events happen. Therefore, based on these 

results, the criterion by using the 12-hour-sampled data can be conHdendy applied, which 

has the same temporal resolution as that of most microwave data. 

The difference between the optimal thresholds for the two months is about 10 degree. 

This result is caused by different dominant precipitation mechanisms. In June, the region 

is dominated by typical Baiu ftonts. In July and August, the rainfall is characterized by 

subtropical convection, and much of the convective precipitation was orographically 

forced and associated with warm clouds (Adler et al., 1993). Therefore, the optimal 

threshold should be varied with rainfall seasons. 

2.3.2.3 Monthly Rainfall Estimation 

The Baiu front dominating the period of June is usually associated with many 

nonprecipitating cold clouds, which causes the remarkable rainfall overestimation by GPL 

On the other hand, GPI largely underestimates rainfall in July/August because the 
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precipitation is mainly produced by small subtropical convection. Consequently, more 

accurate estimations require adjusting the threshold down in June and up in July/August 

under the condition of fixed GPI assigned rain rate (3 mmh ', i.e., the ratio of rainfall to 

the fractional coverage). The threshold values obtained in Table 2.3 fit this expectation: 

they become lower than 235''K in June and are higher in July/August. In Figures 2.10 and 

2.11, the optimal thresholds derived from l2-hour-sampling data (229°K for June and 

239®K for July/August) were used to replace the GPI threshold in monthly rainfall 

estimation. The results are compared with those using GPI threshold and keeping GPI 

rain rate. Although the correlation coefHcient does not show substantial changes, the root 

mean square of error and bias decrease significantly in both months. This is reasonable 

because the optimal criterion is based on the reduction of the mean absolute grid error. 

Similar to the analysis of Arkin and Xie (1994), two statistical values were calculated to 

check the ratio of rainfall to the fractional coverage; 

(a) Ao'. the ratio of the average rainfall to the average cold cloud coverage; 

(b) A/: the slope of a regression equation between rainfall and the cold cloud coverage 

in which the intercept is set to zero. 

Table 2.4 Values of Ao and A| at GPI Threshold and the Revised Threshold 

Ao A, 

Period GPI Threshold The Revised GPI Threshold The Revised 

June 1.73 3.46 1.57 2.81 

July/August 4.61 3.42 3.27 2.69 



Corrcoef: 0.61 

Observed Rainfall (mm) 

The Revised GPI 

350 
-18 

300 

a 
E 

3 
C 
'S 
oi 
•V 
V 

200 

ISO 

100 

40Q 1U 300 ISO ISO 

Observed Rainfall (mm) 

Figure 2.10. Monthly rainfall estimates comparison between 
GPI and the revised GPI in June 1989 at the Japanese Islands 
and surrounding oceanic regions. 



GPI 

400 

S 
B 

e 
C9 

01 
•o 
2 

Observed Rainfall (nun) 

The Revised GPI 

CocTcoelz 0.69 

—I 1 1 1 
0  s o i o o t s o s n 2 s ) 3 a i 3 s ) « » 4 s o ! i i a  

Observed Rainfall (mm) 

Figure 2.11. Monthly rainfall estimates comparison between 
GPI and the revised GPI in July/August 1989 at the Japanese 
Islands and surrounding oceanic regions. 



61 

In Table 2.4, these values are listed under GPI and the optimal threshold cases. It is 

interesting to find that, when the thresholds are optimized, the ratios of rainfall to the 

fractional coverage become more close to the GPI setting value of 3 mmh '. 

2.3.3 Florida Peninsula 

2.3.3.1 Data Description 

The study region is shown in Figure 2.4(b), and the study periods are two months: 

June and August in 1996. The IR images are from the GOES-8 satellite, and the rainfall 

data are derived from NEXRAD reflectivity. The radar reflectivity measurements are 

converted to rainfall by an empirical Z-R relation. 0.5 mm was set as the rain threshold. 

Furthermore, the spatial and temporal scales IR and rainfall data are set to 0.25° x 0.25°. 

The square grids shown inside the study area are comparison regions for observed and 

estimated rainfall. 

2.3.3.2 Threshold Selection 

The optimal thresholds for June and August are derived with 12-hour-sampling 

data, IR imagery, and ground-truth rain area. As shown in Table 2.5, the optimal 

threshold of August is higher than that of June because the intensity of convective 

activities in August is stronger than that in June. Although the tropical convective system 

is the major weather 

Table 2.5 Cloud-Patch Thresholds in June and August 1996 Over the Florida Area 

Period Tpi Tp. 
June 243°K 249°K 

August 250°K 256°K 
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system in Florida in both months, convective activities are signiHcantly intensified by 

warm Mexican Gulf stream in August. 

2.3.3.3 Monthly Rainfall Estimation 

In the Florida area, the same procedure as the one used in the Japanese region was 

applied. A couple of periods dominated by tropical convection, June and August 1996, 

were chosen to compare GPI with the revised GPL A result similar to that of the Japanese 

region was derived, as expected (Figure 2.12 and 2.13). 

2.3.4 Pacific Ocean 

To show the application of the criterion over the ocean, one experiment area were 

chosen over the Pacific Ocean in May 1996, -120® to -105° longitude and 0° to 15° 

latitude. Infrared measurements from GOES 8 and microwave estimate from DMSP 

SSM/IF-10 and F13 satellites over these areas, using Grody's scattering index (SI) over 

the ocean (Grody, 1991; Ferraro et al., 1994), were synchronized within 30 minutes. That 

is, if the IR image and that of SSM/I are taken in the same time block of half an hour, 

they are considered matched with each other. 

As shown in Figure 2.14, the rainfall areas identified by the optimal threshold are 

closer to those measured by SSM/I than those by GPI threshold. 

2.4 Discussion 

It will be interesting to compare this approach for GPI improvement with those 

sugge.«ted by other researchers in the previous studies. 
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Rainfall estimation depends on both threshold and estimation schemes. Thus the optimal 

threshold according to the criterion may not be optimal for particular estimation schemes, 

because an ideal algorithm were considered. A better algorithm, however, will make its 

best threshold closer to the optimal threshold. The criterion, in fact, provides a procedure 

to find a threshold base for a method to start with, and the threshold may need adjustment 

for the specific method. Because the best threshold for rainfall estimation is not available 

on the regions without ground-truth data on rainfall amount, the optimal threshold can be 

used as a substitute, as done in the previous section. Most important of all, the criterion 

establishes a procedure to obtain the threshold over the ocean by using microwave data. 

Although the proposed criterion can be applied with microwave data, sampling times 

of microwave observations may affect the optimal threshold. As indicated in Section 3, 

by sampling the rainfall data in consecutive 12 hours, changing sampling time varies with 

the optimal threshold, but the variation is not substantial. To get a more accurate 

threshold, the sampling should be taken at the time when the majority of the precipitation 

phenomena occur. For example, local time 2:00 a.m. and 2:00 p.m. were chosen as the 

sampling times both in the Japanese region during June and July/August 1989 and in the 

Florida region during June and August 1996. 

The optimal threshold by the criterion can never be reached by any algorithm. 

However, the difference between the optimal threshold and the best threshold of a 

speciHc algorithm, which depends on the ground-truth rainfall volume, may be used as an 

indicator to the capacity of the algorithm. Over the Japanese area in June 1989, for 

instance, the difference between the optimal hourly threshold and the best hourly one of 
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GPI (only changing threshold) is more than 10 degrees. This indicates that GPI is not 

suitable for hourly rainfall estimation. Indeed, the method is developed for precipitation 

estimates on climate scales. On the other hand, the optimal threshold may be approached 

by enlarging the time scale. The daily or monthly best threshold for a particular algorithm 

usually moves toward the hourly optimal threshold. For example, the Japanese data set 

shows that the monthly best threshold of GPI is quite close to the hourly optimal 

threshold. 

The criterion is independent of the observed rainfall amount, but it still, to some 

extent, relates to the correlation coefHcient between rainfall and cold cloud coverage. If 

N-j. denotes the total number of grids under study, RV^ the rainfall volume in grid i, 

andCZ, the cold cloud coverage of grid i, the correlation coefficient is given by: 

where RV is the mean rainfall, and CL is the mean cold cloud coverage. Because the 

number of type IV grids is usually relatively large, RV and CL are generally quite small. 

As a result, most type I and type Q grids make the corresponding terms in the numerator 

Y,[RV,-RVICL-CL) 
p 

of Equation (18) become negative. Therefore, minimizing {/?, +N,f} can increase the 

numerator. At the optimal threshold p is expected to be reasonably large. 
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2.5 Conclusions 

By using only the information on rain status of basic pixels, being rain or no-rain, a 

criterion to obtain thresholds for pixel-based infrared algorithms has been designed. The 

criterion makes it possible to vary the threshold on space and time systematically for 

various mechanisms of rainfall formation. The criterion makes it particularly possible to 

fmd a reasonably good threshold, not only on land surface, but also over the vast ocean, 

which is based on microwave measurements instead of on an empirical guess. Although 

the criterion considers an ideal algorithm, applying the optimal threshold has led to 

substantial improvements on rainfall estimations over the experiment regions, the 

Japanese islands and the Rorida peninsula. 

To apply the criterion successfully, however, several issues need more 

investigation. The first is how the size of the study region and the length of the study 

period affect the optimal threshold and, in the end, affect the rainfall estimation. In 

addition, more knowledge is needed about the relation between the best threshold of a 

particular algorithm and the optimal threshold. Finally, more knowledge on what effects 

the optimal threshold may have on various schemes of rainfall estimation is necessary. 
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CHAPTER 3 

REMOVING NO-RAIN CLOUD PATCHES 

The objective of this chapter is to extract cloud patches from ER imagery, to define 

features on cloud patches, to infer classification rules for no-rain cloud patches, and to 

remove no-rain cloud patches from IR imagery. 

3.1 Introduction 

Satellite techniques for rainfall estimation are usually classiHed into two 

categories—direct algorithms using direct observations of rainfall particles, and indirect 

algorithms employing observations other than hydrometeors. Direct satellite observations 

of precipitation particles are generally made above the atmosphere through water-window 

spectrums by microwave radiometers mounted on polar-orbiting satellites. Consequently, 

this kind of observations can be made only about twice a day over the same area. 

Although direct methods showed much better sicill in estimating instantaneous rain rate 

than other satellite techniques, the poor temporal resolution imposed by polar-orbiting 

satellites considerably restricts their application for adequate rainfall estimation. On the 

other hand, indirect method can enjoy observations with high temporal and spatial 

resolution provided by geostationary satellites, such as infrared (IR) visible imagery from 

GOES satellites. However, the indirect observations like IR images measuring cloud top 

brightness temperature do not have a strong physical relation to rainfall process. As a 

result, most IR-based approaches, especially pixel- and window-based methods, contain 
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great uncertainties in the relationship between rainfall and cloud-top temperature. One of 

the severe enors which plagues IR-based methods is caused by the inclusion of cold no-

rain clouds and by the exclusion of warm rain clouds from rainfall estimation. Because IR 

and visible data must be relied on to make adequate rainfall estimates for climate and 

hydrological researches, identifying and removing cold no-rain clouds from IR cloud 

imagery is critical for improving current rainfall estimation techniques. 

Yet, the manner of most IR-based IR algorithms in dealing with uncertainties 

involving cold no-rain and warm-rain clouds is to balance die two types of error for better 

rainfall estimates. For example, GPI dies to use IR temperature threshold to make the 

included cold no-rain clouds compensate with the warm-rain clouds excluded. 

Undoubtedly, the compensation is greatiy at the mercy of the variation of various rainfall 

regimes at seasons and locations. The inconsistency of GPI global applications indicated 

that the mercy is very limited. In addition, a great number of window-based methods, 

inspired by advancements of image processing technologies, took advantage of various 

image classification algorithms for identifying no-rain cloud pixels. These pattern 

recognition based techniques generally work on square images or windows on which 

textural features are generally. However, the extensive irregularities of cloud shapes and 

their rapid variations cause substantial uncertainties in detecting cold no-rain clouds. One 

of the difficulties for window-based method is the selection of adequate window size to 

describe cloud properly. Indeed, as shown in many algorithm intercomparison projects 

initiated by GPCP (Ebert, et. al, 1996) most window based algorithms did not 

demonstrate better skills than GPI and other sunpler techniques. 
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The patch-based technique of estimating rainfall by features on cloud patches, 

however, looks promising in producing reliable rainfall estimates, but the fulfilment of 

this promise is not inevitable. It depends on the ability to adequately exploit patch 

features. Until now, detecting cold no-rain cloud patches has not been addressed directly 

in the category of patch-based methods. For instance, the Griffith-Woodley Technique 

(GWT) (Griffith et al., 1980) assigns rainfall to a cloud patch according to the stages of 

the cloud life cycle. Additionally, the Convective-Stratiform Technique (CST) by Adler 

and Negri (1988) identifies no-rain clouds with a relationship deHned by the minimum 

cloud temperature and the slope around this minimum. To address this potential promise 

contained in patch-based methods, textural features were extended to cloud patches, 

several new features were designed, and IDS (Quinlan, 1979) was chosen as the classifler 

to identify no-rain cloud patches. As the results of applying these procedures for AIP-1 

data set has shown, more than 50% of the no-rain cloud patches in terms of the number of 

pixels were identified and removed for both June and July-August over the Japanese 

Islands and adjacent oceanic regions, with a limited rainfall loss due to misidentified rain-

cloud patches. 

Following the data description in the next section, the methodology employed will 

be explained, including threshold selection, definition of cloud patches, cloud features, 

and ID3. Then, the results of applying this methodology to the Japanese data set will be 

described. The last two sections will be devoted to discussions and conclusions. 
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3.2 Data Descriptions 

In this section, satellite IR imagery and ground-truth rainfall data from the first 

Algorithm Intercomparison Project (AIP-1) of the Global Precipitation Climatology 

Project (GPCP) were used. The IR imagery utilized are hourly IR images from the 

Japanese Geostationary Meteorological Satellite (GMS); the ground-truth rainfall data, an 

hourly accumulation, are in the form of a radar-raingauge composite. Moreover, the 

spatial resolution of the IR imagery is 0.05" x 0.065° latitude x longitude, and the rainfall 

data are matched to the same scale, which is approximately 25 km'. The data set covers 

the Japanese Islands and their adjacent oceanic regions, as shown in Figure 3.1. It consists 

of two month-long observation periods: June 1989 and the period from 15 July to 15 

August 1989, which will be refen«d to as June and July/August data, respectively. The 

June data set was used as the training data, and the other month served as a testing period. 

3.3 Cloud Patches and Their Features 

In general, the proposed methodology employs a threshold temperature to deHne 

cloud patches, computes features on these patches, and classifles rain and no-rain cloud 

patches by applying IDS—an inductive decision tree—generated from the training data 

set composed of cloud patches expressed using those features. 

3.3.1 Threshold Selection 

In Chapter 2, a procedure was developed for selecting temperamre threshold for 

pixel-based algorithms. This procedure is also useful for patch-based algorithms because 
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Figure 3.1. The study area: Japanese Islands and adjacent ocean. The 
frame represents the radar coverage area. 
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final rainfall estimates are usually checked on grids whose size is determined by 

particular applications. The grids were classifled into four categories, as shown in Table 

2.1. The optimal threshold acts to minimize the sum of the number of rain pixels within 

type I grids and the number of no-rain cold cloud pixels in type II grids, within a one-

month period. This threshold is inadequate for patch-based algorithms because they are 

supposed to be more powerful in removing no-rain clouds. It can, however, be used as a 

starting point for defining an adequate threshold for patch-based methods. 

Because the cloud-patch method developed in this chapter has a certain ability to 

identify and remove no-rain cloud patches from IR imagery, the method can include more 

warm-rain clouds to improve rainfall estimation without increasing dramatically the 

estimation error caused by the inclusion of more no-rain clouds. Thus, the IR temperature 

threshold (Thpa) for the proposed cloud-patch method is selected as: 

Thpa = Thpi + a 

where Thpi is the optimal threshold for pixel-based methods, and a is a positive number. 

The cloud-patch threshold Thpa is defined to be a degree higher than Thpi. Obviously, 

increasing a results in the inclusion of more warm-rain clouds as well as no-rain cold 

clouds in rainfall estimation. Therefore, a is a system parameter which affects the 

accuracy of rainfall estimates derived from the cloud-patch method, and it should be 

calibrated according to the criterion of minimizing total rainfall estimation error. Clearly, 

a is a function of rainfall regimes which determine speciHc rainfall mechanisms. A great 

amount of work needs to be done to determine how to calibrate a with particular data sets 
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and how to change its value over regions and seasons for various rainfall regimes. 

Considering the time constraint for this research and the limited data resources at hand, a 

conventional approach of selecting the cloud-patch threshold was adopted, which 

determines the threshold to meet the requirement that the majority of rainfall is covered 

by defmed cloud patches. 

Clearly, the rainfall of rain pixels within type m grids (Table 2.1) has more or less 

been accounted for, if not exactly. To obtain a good rainfall estimate, the highest number 

of rain pixels in type m grids were included, without including too many no-rain cold 

cloud pixels overall. In other words, the cloud-patch threshold should be chosen to 

balance the ability to remove no-rain cloud patches and the requirement of including as 

many rain pixels in type m grids as possible. As shown in Figure 3.2, when the threshold 

chosen is more than above the optimal threshold of pixel-based methods, the number 

of rain pixels in type m grids is more than 80% of the total number of rain pixels at the 

three-hour time scale in both June and July/August 1989. Therefore, the threshold for 

patch-based algorithms is selected as; 

Thpa = Thpi + 6 

For example, Thpi is 229°K in June 1989, and Thpa is 235°K. Similarly, Thpa is 245°K in 

July/August 1989 because Thpi is 239°K. Because the Baiu frontal, dominating in the 

period of June, and subtropical convection, dominating in July/August, are two typical 

rainfall mechanisms, the selection of Thpa should account for most rainfall in the majority 

of applications. 
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Figure 3.2 Variation of portions of rain pixels contained in type QI grids over 
temperature threshold: (a) June, and (b) July-August 1989 at the Japanese 
region. 
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3.3.2 Cloud Patches 

Actually, cloud patches are the clouds seen on satellite IR cloud images. By 

applying the threshold Thpa, the cloud patches are defined as follows; 

A cloud patch is a set of connected cloud pixels colder than Thpa in a satellite IR 

image. 

The connection means that any two pixels within the cloud patch can be connected 

through pixels of that patch. For the purpose of accurate computation of rainfall 

associated with cloud patches, only those cloud patches which have more than 50% in 

size within the radar coverage were considered. 

3.3.3 Definition of Rain and No-Rain Cloud Patches 

At first glance, the distinction between rain or no-rain patches seems to be trivial. 

Clearly, the most obvious distinction is that rain cloud patches are those producing 

rainfall, and no-rain cloud patches are those producing zero rainfall. Our observations, 

however, show that there appear to be a number of relatively large cloud patches 

producing a very small amount of rainfall. Sometimes, this "observation" may be caused 

by measurement error. Undoubtedly, these cloud patches, characteristically similar to 

those producing no rain, generate uncertainties in patch classification and, accordingly 

significant errors can occur in rainfall estimates. Therefore, these cloud patches should be 

considered as no-rain cloud patches. Now the problem is to decide what range constitutes 

a "very small amount" of rainfall. 
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It is well-known that the vast energy associated with rainfall, in the form of released 

latent heat, has a major impact on atmospheric circulation which, in turn, determines 

weather systems and climates. Thus, the "very small amount" of rainfall must be so small 

that it hardly has a noticeable effect on the local energy flux. As the main source of 

energy driving atmospheric motion, solar radiation on the Earth's surface is about ISO 

watts per square meter on the average, which is equivalent to 5.28 millimeters per day of 

evaporation. As a matter of fact, measurements with 5% error are considered to be quite 

accurate in solar observations. This error is approximately equivalent to 0.26 mmd ', and 

the negligible rainfall should not exceed this amount. The mean error of daily rainfall on 

the grids of 1.25° x 1.25° by using various threshold values associated with the total 

rainfall of cloud patches is given in Figure 3.3. As a result, cloud patches with a total 

rainfall of less than 30 millimeter-pixel are classiHed as no-rain patches, with each pixel 

measuring approximately 25 km~. 

3.3.4 Cloud Features 

Seven cloud features, which are included in three categories, were selected. The 

first category is associated with cloud-top temperature, the second is derived from the 

geometric properties of cloud patches, and the third category is texture features. 

3.3.4.1 Physical Features 

Physical features are derived directly from the temperature distribution of a cloud 

patch. The total number of pixels in a patch is denoted by Np, and the top temperature of 
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Figure 3.3. Daily mean rainfall error on a grid, corresponding to total rainfall 
associated with a cloud patch at different threshold values, calculated with 
data set of June 1989 at the Japanese region. 
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pixel i is denoted by Ti. These features are: 

Maximum temperature difference from Thpa (DTmax) 

DTjiiax ~ inax{(Thpa - Ti )l i = 1,2,Np}, 

where DTmox is obtained at the coldest pixel of a cloud patch. 

Mean temperature difference from Thpa (DTmean) 

mean  ̂ xj 
i "p 

3.3.4.2 Geometric Features 

These features represent the shape, size, and other geometric properties of a cloud 

patch. 

Cloud Area (Ac): 

~ Np'Ap 

where Ap is the area of a basic cloud pixel. 

Shape Index (SI): 

SI is deHned as the ratio of the geometric inertia momentum of a cloud patch to that 

of a round area of the same size as that of the cloud patch. The geometric center, (Gx,Gy), 

of a cloud patch is given by; 

Gx = S Xi /Np, Gy = 2 yi 

where (Xi, yt) are the coordinates of pixels within the cloud patch. The geometric inertia 

momentum is defined as: 
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I = I[(Xi-G,)-+ (yi-Gx)-] 

where the sum is taken over the entire cloud patch. The geometric inertia momentum, lo, 

of the round area can be defined in the same way. It follows that: 

SI = l/Io. 

The shape index is a measure of the extent to which the shape of a cloud patch deviates 

from a round shape. The greater the SI, the more stretched is the cloud patch. 

Boundary Steepness (BS) 

Boundary steepness measures how steeply the temperature increases along the 

boundary of a cloud patch. To define BS, a sample cloud patch for comparison is needed, 

which is derived by applying a warmer threshold, above Tpa, to IR cloud imagery, 

and which contains the cloud patch under study. The boundary of the sample cloud patch 

is referred to as "warmer boundary". The boundary of the cloud patch under study is 

called "cold boundary". Then, a steepness function, //fxj, is defined on pixels along the 

cold boundary, as shown in Figure 3.4. Thus, BS is defined as; 

BS = I /j(Xi)/Na 

where NB is the number of pixels along the cold boundary, and x, is the distance from 

pixel i on die cold boundary to a corresponding position of the warmer boundary. 

3.3.4.3 Texture Features 

The successful applications of texture features in both cloud classification and 

rainfall estimation (Chen et al., 1989; Welch et al., 1988, 1992; Wu et al., 1985) require 

the use of texture features to extract effective information on rainfall associated with 
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u(x) 

10 X (pixels) 

Figure 3.4 The steepness function on the boundary of a cloud patch, wheie 
X is the distance from a pixel on the cold boundary to the closest pixel on a 
warm boundary. The unit of x is the number of pixels. 
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cloud patches. Generally speaking, texture is a set of statistical measures of spatial 

distributions of gray levels in an image. It represents patterns in which elements of an 

image are organized in a certain way. Here, texture information is assumed to be 

contained in the Gray Level Cooccurence Matrix (GLCM) statistics that describe the 

average spatial relationship among various gray levels (Haralick et al., 1973). 

Specifically, texture information is characterized by a set of gray level cooccurence 

matrices Hd.(j>, with the element h(i,j)d.<i) as the estimate of the probability that gray level i 

and gray level j are located at a distance d, angle <!>, with a fixed direction. As a result, 

delineates the texture information of an image on various scales and directions. A 

GLCM is usually computed on a square or rectangular image. Because represents the 

estimates of probability functions, Hd.(t> is approximately an invariant for images with the 

same texture at different sizes. Therefore, informative cooccurence matrices can also be 

computed on cloud patches of various sizes. The gray levels used in our computations are 

the differences between the cloud-top temperature and the patch threshold. Of course, the 

shape and size of a cloud patch affect, to some extent, the values of the cooccurence 

matrices derived from the cloud patch. 

Although a number of texnire features can be computed from GLCM, many of 

them are redundant in representing texture information related to cloud classification 

(Welch et al., 1988). Here, two significant textural features were considered, contrast and 

angular second moment, which are computed as: 

contrast 
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i J 

angular second moment 

' j 

At the beginning of this research, these features were computed at a displacement 

distance d=I pixel and at various values for angle O, namely 0°, 45°, 90°, and 135°. 

Because the features computed along these directions were often redundant, two new 

features were Anally selected according to their ability to identify no-rain cloud patches. 

They are: 

contrast ratio 

max{COyV,,l<I)=0°,45°,90M35°} 

niin{COA^. I<I) =0" ,45° ,90" ,135°} 

maximum angular second moment 

MASM = max{ ASM^ l<I»=0° ,45° ,90° ,135°} 

The subscript d in the above expressions was dropped because they are all computed with 

the displacement distance d = I pixel. 

3.3.4.4 Relationship Between Cloud Features and Rainfall 

Seven cloud features were chosen that represent physical, geometric, and textural 

characteristics of cloud patches. These features are not direct measurements of 

hydrometeors, but they indirectly reflect rainfall processes. To reveal the relationship 

between these features and rainfall, the values of each feature were divided into a number 
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of intervals according to the range of those values and, the probabilities of rain events 

within those intervals were computed. The rain probability is the number of rain patches 

within an interval, normalized by the total number of patches included in the same 

interval. This probability is an indicator of a feature's ability to differentiate rain and no-

rain cloud patches. The distributions of rain probability for ail cloud features are shown in 

Figure 3.5. These distributions reveal that colder and larger cloud patches are more likely 

to produce rainfall, while the relationships between rainfall and other features are not so 

clear. The ability of these features to separate rain and no-rain cloud patches will be 

explained further in the following sections. 

3.4 Classification Procedure 

ID3, an inductive algorithm, has been selected to classify rain and no-rain cloud 

patches using a binary classification. IDS takes examples, expressed with features, as its 

inputs, and its output is a decision tree which represents "patterns" of the training data or 

classification structure to the data. In other words, from the examples, ID3 induces 

structural knowledge in the form of a decision tree that can be easily converted into a set 

of decision rules. Because the cloud features deHned in the last section are continuous, 

the decision tree generated from the examples of cloud patches is a binary tree branched 

with continuous attributes. Then, the resulting binary decision tree can be used to classify 

new cloud patches. 

Specifically, ID3 works by partitioning the data set into two subsets with respect to 

the most discriminatory feature. Then, each subset is recursively partitioned in a similar 
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way until certain constraints are met, which are determined by individual applications. 

The criterion for the most discriminatory feature is based on the entropy measure—an 

information theoretic heuristic designed by Quinlan (1979). Suppose Ss PSuNS, where S 

is the training data set, PS is the set of positive examples, and NS is the set of negative 

examples. If p = IPSI is the number of elements in PS and n = INS! is the number of 

elements in NS. the entropy (expected information to generate the message stored in the 

data set) is given by: 

P . P n , n 
Entr{S)=- log, logj-

p+n ' p+n p+n p+n 

In the process of generating a decision tree, the most discriminatory feature is sequentially 

searched in the feature set F = {Fi, F2, ..., FN}, where N is the number of features. 

Suppose the data set S is partitioned into Si and S2 with respect to FK, one of the feature 

from set F; Si contains pi elements of PS and ni of NS, and S2 contains pi elements of PS 

and ni of NS. The entropy of the partition with FK is then obtained as a weighted average: 

Entr{Fg,S) =^—Entr(Si) 
1=1 '"j' 

where ISI is the number of elements in S, and ISil is the number of elements in Si. It 

follows that the information gained by branching on FK is: 

Gain{Fg, S)=Entr{S, p,n)~ Entr{Fg, 5) 
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The most discriminatory feature maximizes this information gain. This procedure of 

Hnding the partitioning feature and branching the tree is used recursively to construct the 

decision tree. 

Originally, IDS was devised to deal with attributes of discrete values. Later, it was 

generalized to process data sets with continuous attributes (Quinlan, 1993). The 

procedure of attribute discretization employed in E>3 is quite straightforward. First, it 

orders the set S according to the values of the selected attribute. Then, a threshold T of 

the attribute values is chosen to partition the ordered set S into two subsets, S| and S2, so 

that the information entropy on this partition is minimal. The threshold T selected in this 

manner has been shown to provide an optimal partition (Fayyad, 1991). Suppose the 

attribute Fj is selected for the test, and elements in set S are ordered with the values of Fj, 

{vi, V2, ..., visi}, where ISI is the number of elements in S. If the threshold value Te[vi, 

V2) is chosen, it partitions the set into those with attribute values contained within {vj, vi, 

...,Vi} and those with attribute values in the set {Vi+i, vi, ...,visi}. In fact, there are several 

ways of choosing a representative threshold. One method adopted in early IDS is the 

midpoint of each interval [vi, V2): 

T = (v, + Vi+i)/2. 

This method of threshold selection is also used in this study. 

Clearly, IDS gives all elements of the data set equal importance in generating the 

decision tree, as shown in the information entropy equation. This is not appropriate for 

the problem of cloud-patch classiHcation. Cloud patches range from tiny spots to those 

covering an entire synoptic region and from no-rain clouds to those producing severe 
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thunderstorms. By recognizing the importance of rainfall associated with cloud patches, 

the information entropy was modified as follows: 

E n t r i S ) = - \ o g ,  

where Np is the total number of pixels of all no-rain cloud patches in set S, and Ry is the 

total rainfall volume of all rain-cloud patches in set S. In addition, ISI is replaced with 

(Rv+Np). The unit of rainfall is millimeter-pixel. A rain-cloud patch v/ith an average 

rainfall of 1.0 mm is assumed to be as important as a no-rain cloud patch of the same 

size. As a result of these modiHcations, cloud patches with greater rainfall or larger size 

make greater contributions to the tree-branching process. 

ID3 usually requires constraints on tree branching to prevent trivial partitions. 

Because the main concern here is no-rain cloud patches, the constraint adopted in this 

study is to stop further branching at a node, if the Np included in the subset associated 

with the node is less than 5% of the total number of pixels of no-rain cloud patches in the 

whole set. 

3.5 Removing No-Rain Cioud Patches 

The procedure of removing no-rain cloud patches consists of two steps: eliminating 

small patches, and identifying no-rain patches with ID3 generated using cloud features. 
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3.5.1 Eliminating Small Cloud Patches 

Apparently, a cloud patch must be large enough to compute those cloud features 

explained in Section 4; specifically, Q.CM requires that the total number of pairs be 

greater than zero in all directions. On the other hand, the majority of small cloud patches 

are no-rain as shown in Figure 3.6. In this study, cloud patches of less than 40 mm pixel 

are removed as small patches. To present the performance of the procedure, several 

quantities for a period are defined as follows: 

(1) CPti the total cloud patches; 

(2) NCPt: the total no-rain cloud patches; 

(3) RNCP: the removed no-rain cloud patches; 

(4) RCPt: the total removed cloud patches; 

(5) MCPt: the misidentified rain-cloud patches; 

(6) CPLtt the total cloud pixels included in all cloud patches; 

(7) NCPLt: the total cloud pixels included in no-rain cloud patches; 

(8) RCPLt: the total cloud pixels included in removed cloud patches; 

(9) MCPL: the cloud pixels in the misidentified rain-cloud patches; 

(10) RNCPL: the cloud pixels removed from no-rain cloud patches; 

(11) RNi: total rainfall; and 

(12) MRN; rainfall included in misidentifled rain-cloud patches. 
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Figure 3.6. The accumulated statistics on the percentage of rainfall, the relations of 
total number of no-rain pixels, and the percentage of cloud patches versus sizes of 
cloud patches, calculated from die data set of June 1989 at the Japanese area. 
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Seven statistics computed from the above quantities are then used to describe the overall 

performance of the procedure, with respect to effectiveness and extent of removing no-

rain cloud patches, misidentifications, and overall reduction of total cloud patches. These 

statistics are: 

RNCP 
(1) removal rate of no-rain cloud patches: 

NCP, ' 

MCP, 
(2) misidentification rate in terms of cloud patches: 

(3) total removal rate in terms of cloud patches: 

RNCP, ' 

RCP, 

(4) removal rate of cloud pixels of no-rain cloud patches 

(5) misidentification rate in terms of cloud pixels: 

CP, ' 

RNCPL 

NCPL, ' 

MCPL 

RCPL, ' 

RCPL, 
(6) total removal rate in terms of cloud pixel: ———; and 

MRN 
(7) ram loss: 

The results of applying this procedure to June and July/August are shown in Table 3.1. 

Another significant benefit of removing small patches is that more than 90% of the cloud 

patches are eliminated (Figure 3.6). This causes a dramatic reduction of computation time 

for cloud feamre extraction, because the seven features need to be calculated for each 

cloud patch. Consequently, the generation of the inductive decision tree is more efficient 

and effective because ID3 is focused on large and heavy rain cloud patches. 
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Table 3.1 Results of Eliminating Small Cloud Patches 
Unit: % 

No. Statistics June July-August 
1 removal rate of no-rain cloud patches 91.8 92.6 

2 misidentification rate, in terms of cloud patches 1.2 2.4 
3 total removal rate, in terms of cloud patches 89.5 89.3 
4 removal rate for cloud pixels of no-rain patches 20.1 27.8 
5 misidentification rate, in terms of cloud pixels 9.9 9.2 
6 total removal rate, in terms of cloud pixels 6.5 9.0 
7 rain loss due to misclassification 2.0 3.2 

3.5.2 Identifying No-Rain Cloud Patches by IDS 

ID3 uses the training set of cloud patches described by cloud features to induce the 

decision tree automatically, but the generated tree usually contains many branches which 

are trivial or too specific in classification for our purpose. Thus, the Hnal decision tree is 

manually pruned to keep the classification more general. The pruned tree is then 

converted into decision rules which are explicitly expressed in terms of cloud features. 

Because the main purpose of this study is to remove no-rain cloud patches, the interest 

lies only in those tree branches identifying no-rain patches and their corresponding rules. 

Several rules have been obtained from the pruned decision tree, and some are more 

general than others. They are: 

(1) Rule 1: if DTmax<=23.0 and Ac <5115 and BS>0.08 and (SI >5.80 or 

CR>2.82), then no-rain. 

(2) Rule 2: ifDTTO«<=23.0 and Ac <5115 and BS>0.11 and SI >1.40 and 

MASM> 0.012, then no-rain. 

(3) Rule 3 if DTraax <= 23.0 and Ac <5115 and BS>=0.11 and SI >3.0 and 

DTmeam < 8.0, then no-rain. 



95 

(4) Rule 4 if DTna* <= 18 and Ac < 600 and SI>2.0 and DTnv^p < 6.0, then no-rain. 

Table 3.2 Units of Cloud Features 

Cloud Features Units 

Cloud area pixel 
DTniax °K 

DTinean °K 

SI none 
BS none 
CR none 

MASM none 

The units of cloud features used in these rules are summarized in Table 3.2. 

Table 3.3 Results of Applying the Four Rules to June 1989 
Unit: % 
No. Statistics Rule 1 Rule 2 Rule 3 Rule 4 

1 removal rate of no-rain cloud patches 12.8 53.7 12.4 32.7 

2 misidentification rate, in terms of patches 8.8 12.6 8.9 10.7 

3 total removal rate, in terms of patches 10.3 45.2 10.1 27.0 

4 removal rate of pixels of no-rain patches 9.3 36.5 12.9 16.4 

5 misidentification rate, in terms of pixels 2.7 5.6 3.6 6.8 

6 total removal rate, in terms of pixels 3.0 12.9 6.2 5.2 

7 rain loss due to misclassification 0.20 1.96 0.30 0.95 

Tables 3.3. and 3.4. show the classiHcation results of applying these rules to the 

periods of both June and July/August. A majority of the no-rain cloud patches have been 

successfully identified with a minimal loss of real rainfall. The rainfall loss refers to the 

amount of rainfall associated with the misclassiHed rain-cloud patches. The statistics in 

Tables 3.3 and 3.4 are computed from the 12 quantities, defined in previous subsection, 

for cloud patches greater than 40 pixels in size. 
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Similarly, Table 3.5 shows the comprehensive classification results of applying 

those rules to the periods of June and July/August. Clearly, a considerable portion of the 

total clouds colder than Thpa have been removed by the whole procedure, including the 

elimination of small patches and ID3 identification. Table 3.6 describes the results of 

applying the whole procedure in both months. As an example. Figure 3.7 displays the 

effect of removing no-rain cloud patches using the above procedure. 

Table 3.4 Results of Applying the Four Rules to July-August 1989 
Unit: % 
No. Statistics Rule I Rule 2 Rule 3 Rule 4 

I removal rate of no-rain cloud patches 11.5 51.2 8.1 16.3 
2 misidentiHcation rate, in terms of patches 12.3 51.2 5.4 8.8 
3 total removal rate, in terms of patches 8.4 38.1 5.5 11.5 
4 removal rate of pixels of no-rain patches 9.6 32.8 5.3 9.3 
5 misidentiHcation rate, in terms of pixels 3.7 8.1 3.3 4.1 
6 total removal rate, in terms of pixels 2.7 10.8 1.4 2.5 
7 rain loss due to misclassificabon 0.25 2.41 0.14 0.22 

Table 3.5 Comprehensive Results of Applying the Four Rules 

Unit: % 

No. Statistics June July-August 

1 removal rate of no-rain cloud patches 66.4 59.7 

2 misidentiflcation rate, in terms of cloud patches 16.6 13.5 

3 total removal rate, in terms of cloud patches 58.7 44.3 

4 removal rate for cloud pixels of no-rain patches 49.0 41.7 

5 misidentification rate, in terms of cloud pixels 6.2 7.3 

6 total removal rate, in terms of cloud pixels 16.6 13.4 

7 rain loss due to misclassification 2.84 2.65 
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Hguie 3.7. An example of a cloud field, cloud patches, rain cloud patches, and 
rainfall field, (a) an K cloud image at UTC 16:00 of June 4,1989 at the Japanese 
area; (b) cloud patches colder than 23SK derived fix)m the above cloud image. 



(C) 

(d) 

Figure 3.7. Continued: (c) The remaining cloud patches after 
applying the procedure of removing no-rain cloud patches 
to the image (b); and (d) rainfall distribution. 
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Table 3.6 Results of Applying the Whole Procedure 

Unit: % 

No. Statistics June July-August 

1 removal rate of no-rain cloud patches 97.2 97.0 

2 misidentiHcation rate, in terms of cloud patches 2.4 3.0 

3 total removal rate, in terms of cloud patches 95.7 94.0 

4 removal rate for cloud pixels of no-rain patches 59.2 57.9 

5 misidentiHcation rate, in terms of cloud pixels 9.2 8.1 

6 total removal rate, in terms of cloud pixels 22.0 21.2 

7 rain loss due to misclassification 4.8 5.8 

3.6 Discussion 

In the Japanese Islands and adjacent ocean, dominant weather systems vary 

dramatically from June to July/August. Most precipitation in June is produced by the 

Baiu frontal, while rainfall in July/August is mainly associated with summer subtropical 

convections. It is expected that cloud characteristics related to rainfall are quite different 

during these two months. Surprisingly, the performance of the decision rules in 

July/August is almost equivalent to that in June, the training data set. This implies that, 

on the scales of cloud patches, cloud characteristics related to rainfall are similar in both 

periods. In other words, cloud patches in different weather systems may possess 

analogous properties when only their precipitation is concerned. 

Unlike window-based methods, all cloud features used in this research are defined 

on cloud patches instead of on rectangular subimages. Some of them are borrowed, and 

several of them have been introduced in this work. Previously, cloud area, minimum 
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temperature, and mean temperature were widely used in rainfall estimation (Griffith et al., 

1978; Woodley et al., 1980; Adler and Negri, 1988). Shape index and boundary steepness 

were devised to describe the geometric properties of cloud patches. Texture features were 

not only extended to cloud patches, but were also modified to form new features. Because 

cloud textures are highly directional, and the most distinctive direction varies all the time, 

the maximum value in all directions was chosen as the new textural features. The 

maximum value of contrast, however, is not discriminatory. The contrast ratio was then 

designed, which turned out to be an indicative feature. 

In addition to the mles identifying no-rain cloud patches, it is interesting to examine 

the following two rules: 

Rule 5 if DTma* > 23.0K, then rain. 

Rule 6 if Ac > 5115 pixel, then rain. 

In June, Rule 5 identified cloud patches which include more than 80% of total rainfall and 

about 20% of the total pixels of no-rain patches. In other words, cloud patches with a 

minimum temperature lower than 212°K are most likely to be rain clouds. On the other 

hand, there remains a considerable amount of such cold no-rain patches, which are not 

recognized by ID3, using the current seven features. Rule 6 shows that large cloud 

patches, even relatively warm, tend to produce rainfall. These two rules identified the 

cloud patches which generated about 90% of the total rainfall in June, covered by cold 

cloud patches. 

From the six rules, it can be inferred that the most discriminatory features of those 

employed in this smdy are physical, followed by geometric and textural features. The 
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minimum temperature and area are the most important features for cloud-patch 

classiHcation. Shape index (SI) and boundary steepness (BS) also demonstrated their 

capability in identifying no-rain patches. One reason may be that most cirrus clouds are 

thin and easily prolonged by high-altitude winds; therefore, cloud patches derived from 

cirrus clouds generally have large values of both SI and BS. Rain-cloud patches usually 

have lower values of angular second momentum than no-rain patches do. fo other words, 

cloud patches with a "rougher surface", measured in the form of temperature distribution, 

are more likely to produce rainfall than those with a "flatter surface". This implies that 

"rough surface" indicates convection activities occurring within clouds. 

Feature selection is an important component of nearly all algorithms of cloud 

classification (Wu et al., 1985; Welch et al., 1992). Using information gain to choose the 

locally most discriminatory feature, IDS integrates feature selection into a tree-generation 

process. At each branching node, a feature is selected to maximize the information gain. 

The fmal pruned decision tree evenmaliy provides the information on the discriminatory 

ability of each feature. Trivial features, of course, disappear from the decision tree as well 

as from rules corresponding to the tree. For example, the rules derived from the June data 

set are expressed explicitly with non-trivial cloud features. The selection procedure 

employed by ID3, however, is locally optimal and not guaranteed globally optimal. The 

selected feature at each node is always the most discriminatory one for the subset 

associated with the node. 

In fact, ID3 is a typical program of "hill-climbing" or "greedy" algorithms, having no 

ability to look-ahead or backtrack. It is the local optimization that makes ID3 so efficient 
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and, at the same time, effective enough for most applications to be adapted as the core 

algorithm in most commercial knowledge systems. This is also the reason that IDS is an 

efficient and effective algorithm for applications using satellite data, of which tremendous 

amount are accumulated every day. Indeed, this study showed that ID3 was a powerful 

tool in cloud-patch classiHcation. More applications of ID3 related to cloud classiflcation 

and rainfall estimation are expected in the near future. 

Another advantage of applying ID3 is the ability to obtain explicit classiHcation 

rules, as has been stated before. Unlike "black-box" models, such as neural networks that 

store classification rules in their connection weights, IDS produces rules expressed using 

features and in the form of an "if-then" structure. Obviously, this makes IDS more 

attractive to meteorologists and hydrologists, who are more interested in the physical 

mechanisms governing cloud classifications. As a matter of fact, the rules induced from 

thousands of cloud patches contain knowledge about the physical and dynamic properties 

of clouds. 

Of course, there are still several limitations to the proposed cloud-patch approach. 

First, although most of the no-rain cloud patches were eliminated, more than 50% have 

been removed in terms of the total pixels contained in no-rain patches. Second, more than 

20% of the no-rain cloud patches, in terms of pixel numbers, were categorized as very 

cold clouds which were not identifled by applying the selected cloud features. Third, 

about 60% of the total no-rain pixels were included in rain patches instead of no-rain 

patches. This large portion of no-rain pixels was not addressed by our method. Finally, 
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rainfall is determined by the properties of cloud patches as well as by synoptic weather 

systems causing those clouds, which are not considered in our method either. 

3.7 Conclusions 

As the first step of our methodology of rainfall estimation—cloud patch analysis, an 

effective technique was developed for the removal of no-rain cloud patches from IR 

imagery. As a result of applying the technique, more than 90% of the no-rain patches 

were eliminated, and more than 50% of the pixels in no-rain cloud patches were removed. 

To achieve that, several actions were taken. By using the optimal threshold of pixel-based 

algorithms as the initial value, a procedure was established to compute the temperature 

threshold for extracting cloud patches. Then, the physical, geometric, and textural 

features on cloud patches with irregular shapes were defined. In addition to some 

commonly used features, three new features were devised: shape index, boundary 

steepness, and contrast ratio. Furthermore, ID3 was adapted as our classifier with 

modiHcations on the information entropy. With those cloud features, a set of 

classification rules were derived which were explicitly expressed, with feature values and 

an "if-then" formation. Combining these rules and the procedure for eliminating small 

patches, we designed the technique for the removal of the no-rain cloud patches. Contrary 

to our original expectation, this technique performed almost equally well in both the 

training and testing periods. 

Undoubtedly, the approach presented can be improved, for instance, more cloud 

features need to be searched and evaluated to find more features which are effective for 
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the purpose of identifying more no-rain cloud patches. More information, such as weather 

data in synoptic scales and visible and microwave imagery, can be included in the 

classiHcation procedure to improve identification accuracy. 
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CHAPTER 4 

ESTIMATING RAINFALL FOR CLOUD PATCHES 

The objective of this chapter is to develop a scheme for estimating the rainfall 

volume of rain-cloud patches, to design a procedure for identifying no-rain pixels in 

large rain-cloud patches, and to establish an approach for assigning rain rate on rain 

pixels. 

4.1 Introduction 

Estimating rainfall volume associated with estimation elements is the major 

component of every rainfall estimation algorithm using satellite imagery. In fact, 

assigning accurate rainfall to estimation elements has been the focus for most IR 

algorithms for the past 30 years. It was originally believed that, if rainfall-associated 

estimation elements could be accurately calculated, the problem of rainfall estimation 

using measurements from space-borne satellite would be solved. However, the task of 

mapping cloud properties to rainfall proved to be extremely difHcult because of the 

complexity of rainfall formation and the indirecmess of IR measurements to rainfall 

processes. Indeed, many schemes of rainfall estimation using IR imagery have suffered 

substantial uncertainties. 

One of the best-performing IR algorithms of rainfall estimation for climatological 

scales, GPI assigns rain rate of 3 millimeters per hour to cloud pixels colder than 235°K. 

In June of 1987 at the Japanese Islands and their adjacent ocean, however, on hourly IR 
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images with spatial resolution of 0.0625° x 0.05° longitude by latitude, only 20% of the 

total cloud pixels colder than 235°K produced measurable rainfall. In addition, about 30% 

of the total rainfall was produced by cloud pixels warmer than 235°K. 

Wu et al. (1985) used 24 features of both visible and infrared imagery, including 

radiance and texture, to retrieve rainfall on 20 km x 20 km windows. They only assigned 

rainfall into 3 categories: no-rain, light rain, and heavy rain. The simple categories of 

rainfall status reflected that, even with a large number of cloud features on windows of 

satellite imagery, the uncertainties associated with rainfall estimation were still 

substantial. 

In the Griffith-Woodley Technique (GWT) (Griffith et al.,1978; Woodley et al., 

1980), a widely used patch-based algorithm, an empirical curve between cloud life cycle, 

and radar echo area of the cloud were used to calculate rainfall volume. Later, Negri et al. 

(1984) replaced the cloud life cycle with the cloud area: 

Rv = kAc (4.1) 

where Ry is the rainfall volume associated with a cloud, Ac is the area of the cloud, and k 

is a coefficient. Using only cloud area to estimate rainfall volume has produced results of 

similar accuracy to those produced using the cloud life cycle. In other words, compared to 

the high correlation between cloud area and rainfall, the cloud life cycle is negligible in 

rainfall estimation. Nevertheless, the uncertainties associated with Equation (4.1) are still 

very large. The data from June 1989 over the Japanese Islands revealed that some cloud 

patches with similar sizes produced rainfalls of more than 40 times difference. 
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Yet, most IR algorithms are troubled with uncertainties caused by cold no-rain 

clouds. Fortunately, in the previous chapters of diis dissertation, an effective procedure 

was established to remove cold no-rain cloud patches. Nearly 60% of the total no-rain 

cloud patches were successfully removed with a limited rainfall loss due to the 

misidentification. Therefore, in this chapter, the scheme of rainfall estimation for cloud 

patches can be developed by considering only rain cloud patches because most no-rain 

cloud patches have been eliminated. The data set used in this chapter is the same one 

from AIP-1 used in Chapter 3. The June data set is used to calibrate the model, and 

July/August served as the testing period. 

In addition to cloud area, other cloud features, such as minimum top-temperature, 

mean top-temperature, shape, contrast ratio, and maximum angular second moment, are 

also correlated to rainfall. The scheme of rainfall estimation developed in this chapter is a 

modification of Equation (4.1). It relates rainfall to cloud area and other cloud-patch 

features through a linear regression equation. First, rain-cloud patches are divided into 

several groups according to their sizes. Then, a linear regression equation was derived for 

each individual group. The result of applying those exponential expressions to rain-cloud 

patches shows that the correlation coefficient between estimated rainfall and observed 

rainfall was over 0.8. 

In order to distribute the estimated rainfall on cloud patches effectively, 3 pixel 

features, relative DTnun, beta factor, and relative direction, were designed. Rain rate was 

assigned to cloud pixels according to the values of these 3 pixel features and whether a 
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pixel is over land surface or ocean. This scheme produced rainfall pattems close to real 

rainfall distributions. 

This chapter is organized as follows: (1) relations between rainfall and cloud-patch 

features, (2) pixel features (3) rainfall distribution, (4) discussion, and (5) conclusions. 

4.2 Relation Between Rainfall and Cloud Features 

4.2.1 Rainfall Volume and Cloud Area 

The high correlation between rainfall and cloud area, as expressed in Equation 

(4.1), is also shown in the data set of June 1989 at the Japanese Islands and their adjacent 

ocean (Figure 4.1). Because the majority of no-rain cloud patches have been removed 

from IR cloud imagery, only rain cloud patches are considered here. The correlation 

coefHcient between rainfall and cloud area reached 0.79. However, Figure 4.1 also 

reveals that substantial variations exist in the relationship between rainfall and cloud area. 

Cloud patches of similar sizes may produce rainfalls with di^erences of factor 40. In 

addition, the relative variations of the relationship between rainfall and cloud area vary 

with the size of cloud patches. Small cloud patches experience larger relative variations in 

their rainfall than large cloud patches. Obviously, these variations cause considerable 

error on rainfall estimation for rain cloud patches. 

The substantial uncertainties in the relationship rainfall-cloud area are mainly 

caused by the complexity of rainfall mechanisms. For example, a cloud in a frontal 

system may produce very light rain, while a cloud in a thunderstorm system may produce 

very heavy rainfall, although those clouds may appear of similar size in IR imagery. The 
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Figure 4.1. Scatterplot of sizes of cloud patches and rainfall volumes associated 
with them, from the data set of June 1989 at the Japanese Islands and surrounding 
oceanic regions. 
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strength of convectivity in a cloud is an important factor determining rainfall magnitude. 

Therefore, models of rainfall estimation should include other cloud features to describe 

the convective strength. 

4.2.2 Linear Expression of Rainfall and Cloud Features 

The natural extension of Equation (4.1) is to add a number of terms to the equation 

which will account for other features besides cloud area. The model proposed here to 

estimate rainfall for rain cloud patches is the following: 

=a, • +0, • DT^ +^3 • DT^ +a^ Sl+a, CR+a^- MASM (4.2) 

where is the rainfall volume, a\, ai, as, aj, and oe are coefficients, Ac is the size of 

a cloud patch, DTmu. is the maximum temperature difference from cloud-patch threshold, 

DTmean is the mean temperature difference from cloud-patch threshold, SI the shape index, 

CR is the contrast ratio, and is MASM the maximum angular second moment. The 

selection of these 6 cloud features in the linear model (4.2) is the result of eliminating 

cloud features, which are negligible in estimating rainfall volumes for rain cloud patches. 

A careful examination of Figure 4.1 reveals that, for various cloud sizes, the 

uncertainties in the relationships between rainfall and cloud area vary substantially. A 

single equation like (4.2) does not adequately explain rainfall for cloud patches at various 

ranges of sizes. Therefore, cloud area is divided into 6 ranges from small to large. For 

each of the 6 ranges, an equation like (4.2) is established to estimate rainfall volume for 

rain cloud patches in that range. Consequently, 6 equations like (4.2) are used to calculate 

rainfall for all rain cloud patches. The coefficients of these 6 equations calibrated with the 
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data set from June 1989 at Japan are shown in Table 4.1. The data in Table 4.1 show that 

colder rain cloud patches are more likely to produce heavy rainfall, and cloud patches 

with higher values of shape index and contrast ratio tend to associate with less rainfall. 

Table 4.1 Coefficients for All 6 Equations for Rainfall Volume Estimation 

No. Range (pixels) ai az as fl4 as 06 

1 1-500 1.1 6.2 19.8 -55.8 -24.0 753 
2 500- 1000 3.1 70.3 0.0 -195 -935 -21524 
3 1000 - 3000 1.5 135 0.0 -431 -1182 -18036 
4 3000 - 6000 0.2 469 0.2 -1764 -3589 128069 
5 6000-10000 0.9 247 831 0.0 -9998 262345 
6 > 10000 0.5 366 783 -1881 -5892 279411 

4.2.3 Rainfall Estimation for Rain Cloud Patches 

Figure 4.2 shows the results of rainfall estimation of rain cloud patches for the data 

set of June, the calibrating period, and July/August, the testing period, using 6 equations 

of type (4.2) with coefficients presented in Table 4.1. To evaluate the results of rainfall 

estimation, three common statistics were used: correlation coefficient, root mean square 

error, and bias. A number of quantities, deHned on the set of total rain cloud patches in a 

month, are used to design the three statistics. They are: 

i: rain cloud-patch index 

S: the set of rain cloud patches in a month 

Np: total number of rain cloud patches in a month 

ERi: estimated rainfall volume for rain cloud patch i 

ORi: observed rainfall volume for rain cloud patch i 

Var(ER): variance of estimated rainfall volume 

Var(OR): variance of observed rainfall volume 

COV(ER, OR): covariance of estimated and observed rainfall volume. 
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Figure 4.2. Scatterplot of observed and estimated rainfall volumes of 
cloud patches, from the data set of June 1989 at the Japanese Islands 
and surrounding oceanic regions. 
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Then, the three statistics are defined as: 

(I) Correlation coefHcient: 

COV{ER,OR) 
Corr{ER,OR)= 

^JVar( ER)Var{OR) 
(4.3) 

(2) Root mean square error: 

RMSEiER,OR)=\ 
165 (4.4) 

(3) Bias 

BIAS(ER,OR) = 

X(E/?,-0/?,) 
ieS 

N, 
(4.5) 

Table 4.2 Statistics of Rainfall Estimation for Rain-Qoud Patches in June and 

July/August 1989 at Japanese Islands and Their Adjacent Ocean 

Statistics June July/August 
Correlation CoefHcient 0.86 0.79 
Root Mean Square Error 2557(pixel-nMn) 2774(pixel-nmi) 

Bias 606(pixelnam) 2999(pixel-mm) 

Table 4.2 shows the statistics of cloud-patch rainfall estimation for both June and 

July/August. Although Equation (4.2) was calibrated with the June data set, the 

estimation scheme worked with some consistency in the July/August period, despite the 

totally different rainfall mechanisms in these two months. Baiu frontal was mainly 

responsible for rain production in June, while convective storms dominated in 

July/August. The consistent performance of Equation (4.2) in both months shows that, on 

die cloud-patch scale, the relationships between rainfall and cloud features are, to some 

extent, similar in both Baiu frontal and convective systems. 
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4.2.4 Rain Gain Factor 

After applying the cloud-patch threshold to IR imagery, about 30% of the total 

rainfall was eliminated from the rainfall estimation process. The eliminated rainfall is that 

associated with cloud pixels warmer than the cloud-patch threshold, called warm rain. 

Warm rain detected from IR imagery is generally the result of two reasons: (1) rain 

produced actually by warm clouds; and (2) displacements between rainfall Held and 

corresponding cloud field, because the hourly IR imagery is a snapshot within one hour, 

while hourly rainfall field is an hour-long accumulation of rainfall. Careful examination 

of the June data set revealed that a large portion of warm rain was caused by the second 

process. In addition, the process of eliminating tiny cloud patches, explained in Giapter 3, 

also removed a small portion of rainfall. This part of rainfall is called tiny-patch rainfall. 

Nevertheless, to estimate rainfall accurately using IR imagery, warm rain and tiny-patch 

rain should be recovered in the scheme of rainfall estimation. A rain-gain factor (g) is 

proposed to fulfill this task. The definition of g is given as: 

Total Rain 
g —  (4.6) 

Total Rain ~ Warm Rain - Tiny Patch Rain 

Then, Equation (4.2) is modified as: 

R, = g(fl, • A, +0, • DT^ +03 • DT^ +a^ • SI+0, • CR+0^ • MASM) (4.7) 

Equation (4.7) is the final scheme of rainfall estimation for cloud patches. The rain-gain 

factor calibrated with the June data set is 1.47, which will be fixed in other applications. 
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4.3 Distributing Rain Rate on Cloud Patches 

The technique for distributing estimated rainfall over cloud patches, especially over 

large cloud patches, affects substantially the final rain patterns at various temporal scales. 

Most current patch-based algorithms distribute rain over cloud patches according to 

cloud-top temperature distributions, e.g., the GrifRth-Woodley Technique. In this section, 

a technique is developed to distribute rainfall according to not only the cloud-top 

temperature distribution but also the geometric properties of cloud patches. 

4.3.1 Characteristics of Large Cloud Patches 

Most large cloud patches contain a tremendous amount of water content, and are 

more likely to present suitable conditions for rain formation. However, convective 

activities generally concentrate in a relatively small portion of cloud patches, and rain 

distribution is dramatically uneven. Figure 4.3 shows, as an example, a very large rain-

cloud patch and the distribution of rainfall associated with the patch. Observations on the 

data sets from the Japanese Islands suggested the following characteristics of large cloud 

patches: 

(1) large range of cloud-top temperature; 

(2) greatly uneven distribution of cloud-top temperature; 

(3) only small portion of cloud pixels producing rainfall; 

(4) boundary part at downwind usually appearing "tail-shaped"; 

(5) longer lifetime; 

(6) rainfall generally falling on the upwind part; 
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Figure 4.3. Qoud field and its rainfall distribution: (a) a large cloud 
field in June 1989 at the Japanese region, (b) its rainfall distribution. 
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(7) shape index generally being small. 

Although these characteristics are totally inferred from empirical observations, to some 

extent, they do reflect the underlying rainfall processes of large cloud patches. These 

characteristics suggest the requirement of new cloud-pixel features for assigning rain rate 

to rain-cloud patches. 

4.3.2 Relative Cloud-Top Temperature 

It is generally believed that colder cloud pixels are more likely to produce rain than 

warm cloud pixels. In large rain-cloud patches, rainfall usually clusters around colder 

regions. Obviously, cloud-top temperature is a good cloud-pixel feature for distributing 

rainfall. Because rainfall is distributed within rain-cloud patches, the relative ratio of 

cloud-top temperature to the coldest cloud-top temperature of the cloud patch, instead of 

the absolute value of cloud-top temperature, should be employed as a cloud-pixel feature. 

Therefore, relative cloud-top temperature is defined here as one of the factors deciding 

rain distributions. The following quantities are needed for the defmition: 

/; pixel index in a rain-cloud patch; 

DTi. temperature difference from cloud-patch threshold at pixel i; 

DTmax'. maximum temperature difference from cloud-patch threshold. 

Then, relative cloud-top temperature (77?,) is defined as: 

DT 
TR, (4.8) 

mn« 
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DTi and DTmax are not direct measurements of cloud-top temperature, but they can be 

easily converted into cloud-top temperature according to their deHnitions presented in 

Chapter 3. TR, falls in the range of [0.0,1.0]. The colder the cloud-pixel, the greater TRi. 

Assigning rainfall on a rain-cloud patch actually consists of two processes: (1) 

identifying no-rain pixels, and (2) distributing rainfall among rain pixels. In fact, cloud-

pixel features are used for both processes. Figure 4.4a shows the variation of probability 

of rainfall as the relative cloud-top temperature increases, calculated from the June data 

set. Cloud pixels with high values of relative cloud-top temperature have a higher 

probability of producing rainfall. Thus, TR, is a good discriminator of rain and no-rain 

pixels. As an example. Figure 4.5 shows the distribution of relative cloud-top 

temperature, derived from die large rain-cloud patch shown in Figure 4.3. 

4.3.3 p Factor 

The downwind portion of a cloud, such as the dying anvil of a convective storm, is 

generally the part blown away by high altitude winds. As a result, the outflow part, 

producing no rain or very light rainfall, often takes the shape of multi-tails or saw-tooth. 

Identifying those tails can contribute considerably to the improvement of rainfall 

estimation because these tails constitute a signiflcant part of large cloud patches. A pixel 

feature, called the p factor, is designed here to test whether a pixel is within the tail part 

or not. 

The saw-tooth portion of the boundary is in the downwind direction where outflows 

of a cloud patch occur. One prominent property of the "tails" is their narrowness, which 
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Figure 4.4. The rainfall ptobabili^ of a nimbus cloud pixel versus its (a) 
relative cloud-top temperature, (b) beta factor, and (c) relative direction. 
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Figure 4.5. The distribution of relative cloud-top temperature 

over the cold cloud field derived from Rgure 4.3. 
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can be measured in different directions. Clearly, the ratio of the shortest dimension of a 

"tail" to its longest dimension is a simple way of measuring its narrowness. Assume x is a 

pixel in a cloud patch, and DiJ[x) is the length of the line segment between boundary 

points along direction k and passing pixel x. A total of 4 directions are considered here: 

0®, 45®, 90°, and 135°. Then, the shortest dimension, Dmm{x) at pixel x is given as: 

Ominix) = min[Dk{x) I all directions k]. 

Obviously, Dminix) is a function of the pixel position. The longest of the shortest 

dimension of a cloud patch in those 4 directions is given by: 

DM = max[D„un(x) I all pixel x in the cloud patch}. 

Thus, the P factor is deHned as: 

^ DM ^ ' 

Here, the P factor is defmed on each pixel of a cloud patch, and it represents the 

narrowness of the patch's portion where the pixel is located. Values of the P factor are in 

the interval (0.0, I.O). As the value of the p factor increases from one pixel to another 

within a cloud patch, the pixel's position moves from "thinner" to "fatter" parts of the 

cloud patch. 

Figure 4.4b shows the relation between rainfall probability at a cloud pixel and its P 

factor. As indicated in the figure, the "fatter" part of a rain cloud patch is more likely to 

associate with rainfall than its "thinner" part. Therefore, P has the potential to 

discriminate rain and no-rain cloud pixels. As an example of the distribution of p. Figure 

4.6 demonstrates the P factor field derived from the cloud image shown in Figure 4.3. 
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4.3.4 Relative Direction 

As a result of observations of convective systems, the upwind portion of a large 

cloud patch is generally associated with rainfall (Scofleld, 1987). The examination of IR 

images from the Japanese data set reveals that the upwind portion of a large cloud patch 

usually coincides with convective centers, where cloud-top temperatures are relatively 

low. A cloud-pixel feature, called relative direction, is designed to describe the upwind 

portion. 

In order to deflne the relative direction, two quantities need to be defmed: (1) 

geometric center, and (2) mass center of a cloud patch. To deflne these two centers, we 

need the following quantities; 

pixel index in a cloud patch; 

{Xi, yi): coordinates of pixel i; 

Np: total number of pixels in a cloud patch; 

DTii temperature difference from cloud-patch threshold at pixel i. 

The geometric center, (G® Gy), of a cloud patch is given by; 

1^, 
G = - h  
• H. ' 

ly, 

The mass center, (Mx, My), of a cloud patch is deflned as; 
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lOTrx, 

M.=— 
N, 

lOTry, 

(4.11) 

The mass center tends to approach the cold region, while the geometric center is 

independent of the cloud-top temperanire distribution. In other words, the mass center is 

generally closer to the upwind portion of a cloud patch than the geometric center. 

Therefore, the direction from the mass to the geometric center is approximated as the 

wind direction. 

Let Vn, denote the vector from (Mx, My) to (Xi, y,), and Vw the vector from (Mx, My) 

to (Gx. Gy). Relative direction at pixel (x/, yd, RD(Xi, yd, is defmed as the following: 

(4.12) 

Values of relative direction fall in the interval [0.0, 1.0] because cosine{V^ Vh,) varies 

from -1.0 to +1.0. A high value of RD{Xi, y,) means a high possibility of the pixel (x^. yi) 

belonging to the upwind portion. The deHnition of relative direction is illustrated in 

Figure 4.7. 

Figure 4.4c shows the relationship between rain probability and relative direction. 

The rain probability rises as the value of relative direction increases. This suggests that 

cloud pixels located in the upwind region are more likely to produce rainfall than those 

located in the downwind portion. Figure 4.8 shows a distribution of relative directions 

over the cloud patch demonstrated in Figure 4.3. 
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4.3.5 Land Index 

Land surface affects rainfall processes significantly. The probability of rain over the 

Japanese Islands is remarkably greater than that over their adjacent oceanic region (Hsu et 

al., 1997). Thus, another pixel feature, land index, is included in the process of rainfall 

distribution. Land index (I/,) at pixel i is simply given by; 

4.3.6 Rainfall Distribution 

As pointed out earlier, rainfall distribution contains two processes: (1) identifying 

no-rain pixels, and (2) assigning rain rates to rain pixels. The 4 pixel features defined 

above, relative cloud-top temperature, P factor, relative direction, and land index, are 

used to perform both tasks. 

A linear classification rule is employed here to identify no-rain cloud pixels. Let U 

denote the combination of those 4 pixel feanires, then the U value at pixel i is given by: 

where ci, ci, cs, and C4 are coefficients. Actually, the value of C/, represents physical and 

geometric characteristics of pixel t and is called characteristic value. Thus, the 

classification rule is described as: 

If Ui is greater than or equal to (Jo, then pixel / is a rain pixel: 

If Ui is less dian Uo, then pixel i is a no-rain pixel. 

1 if pixel i over land surface 

0 if pixel i not over land surface 
(4.13) 

Ui=CiTRi +c^,P; +CjRDi +c^LIj (4.14) 
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Hguie 4.6. Distribution of Beta factor of the cold cloud patch derived 
from Rgure 4.3. 
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Figure 4.7. Dlustration of relative directioa. 
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Hguie 4.8. The distributioo of relative direction over tiie cold cloud 
patch derived from Figure 4.3. 
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Uo is a characteristic value threshold. Coefficients c\, ci, C3, C4, and the threshold value Uo 

were calibrated with the June data set. 

The scheme of assigning rain rate over the remaining rain pixels is a simple process 

according to the characteristic values of rain pixels. First, rain pixels are sorted with their 

characteristic values from low to high. Then, the first 10% of rain pixels contain 35% of 

total rainfall, the next 20% of rain pixels contain 30% of total rainfall, the following 40% 

contain 25% of total rainfall, and the last 30% of rain pixels contain 10% of total rainfall. 

Figure 4.9 shows the final rainfall field after the scheme of rain distribution is 

applied to the large cloud patch, shown in the IR image of Figure 4.3. Gearly, a large 

portion of no-pixels were removed from the final rain field. 

4.4 Discussion 

The rainfall estimation scheme for rain-cloud patches, linear Equation (4.2), was 

successfully applied to both June and July/August 1989 over the Japanese Islands. 

Although the statistics (Table 4.2) show that those rainfall estimates for rain-cloud 

patches are considerably accurate, the deviations of estimated rainfall from observed 

rainfall are still substantial, as shown in Figure 4.2. These deviations reveal that there 

exists some rainfall phenomena which cannot be accounted for by the cloud features used 

in Equation (4.2), namely cloud area, maximum and mean temperature difference from 

cloud-patch threshold, shape index, contrast ratio, and maximum angular second moment. 

Clearly, to improve rainfall estimation for rain-cloud patches, more cloud features need to 

be investigated. 
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Figure 4.9. Rain field distributions: (a) estimated rain Held; and (b) 
observed rain field associated with the cloud field shown in Figure 
4.3. 
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In addition, the characteristics of rainfall associated rain-cloud patches are greatly 

affected by the synoptic weather system, including those rain-cloud patches. For example, 

rain-cloud patches in a Baiu frontal usually associate with light and prolonged rainfall, 

while convective systems often contain rain-cloud patches producing tremendously heavy 

rainfall in a short time. Unfortunately, information of synoptic weather systems is not 

included in the rainfall estimation scheme developed in this chapter. In the future, a sound 

scheme of rainfall estimation should include the information about synoptic weather 

systems. 

The rain-gain factor defined in Section 4.2.4 is designed to approximate monthly 

average recovered warm-rain loss. This factor may be too small for some rain-cloud 

patches and too large for others. If the warm-rain loss is caused by displacement between 

cloud patches on IR imagery and ground-truth rainfall field, the snapshot time for IR 

imagery and the speed of cloud movement will affect the magnitude of warm-rain loss. 

However, how to determine the rain-gain factor for the individual rain-cloud patch is a 

complex problem. 

The rainfall distributing scheme established in Section 4.3 is more effective for 

larger cloud patches than smaller cloud patches. Obviously, rainfall distribution on small 

rain-cloud patches has little impact on the pattern of the estimated rainfall field. On the 

other hand, the impact by large rain-cloud patches is substantial. Removing no-rain pixels 

from large rain-cloud patches using the linear classification rule can effectively reduce the 

size of the final estimated rainfall field. Of course, extremely accurate differentiation of 
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no-rain from rain pixels is not necessary because IR imagery is a snapshot within an hour, 

while ground-truth rainfall measurement is an hourly accumulation. 

4.5 Conclusions 

In this chapter, a scheme of rainfall estimation for rain-cloud patches, an extension 

to the approach employed in the Negri-Adler-Wetzel Technique (Negri et al., 1984), was 

established. The results of applying this scheme to both the June and July/August periods 

demonstrated that it is capable of estimating rainfall for rain-cloud patches with 

considerable accuracy. In addition, rain-gain factor was proposed to recover the warm-

rain loss due to the real warm-rain and the difference in measuring time for IR imagery 

and ground-truth rainfall. 

To identify no-rain cloud pixels and assign estimated rainfall to rain-cloud patches 

effectively, 4 pixel features were proposed: relative cloud-top temperature, p factor, 

relative direction, and land index. A linear classiHcation rule is designed to remove no-

rain pixels from rain-cloud patches, and the rule proved to be effective in reducing the 

estimated rainfall field for large rain-cloud patches. Assigning rain rate to the remaining 

rain pixels is simple according to characteristic value, calculated with those 4 pixel 

features. However, accurately assigning rain rate is extremely difHcult because ground-

truth rainfall observations are hourly accumulations, while IR imagery is only snapshots. 

More cloud features need to be investigated to Hnd more representative features for 

rainfall estimation. Information about synoptic weather systems needs to be included in a 

future scheme for estimating rainfall in rain-cloud patches. 
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CHAPTER 5 

A SYSTEM OF RAINFALL ESTIMATION USING IR IMAGERY AND 

ITS APPLICATIONS 

The objective of this chapter is to summarize those techniques developed in 

previous chapters to present a system of rainfall estimation using IR imagery, the cloud 

patch analysis. 

5.1 Introduction 

Most IR algorithms of rainfall estimation using satellite imagery cannot perform 

consistently well over various regions and seasons. Generally, they were calibrated and 

tested in small regions at a specific time of the year, and they are applied globally and in 

all seasons. DifHculties of applying these algorithms in such a general manner are 

obvious. For example, GPI was developed with the data set from a small region in the 

eastern tropical Atlantic Ocean during the GARP (Global Atmosphere Research Program) 

Atlantic Tropical Experiment (GATE). When GPI is applied globally, it nught 

overestimate rainfall dramatically in one area at a certain period and substantially 

underestimate in other areas or even in the same area at different periods (Ebert et al., 

1996). Another example is the Convective-Stratiform Technique (CST), a patch-based 

algorithm calibrated with the data set measured in the Florida region during the summer. 

Consequently, it suffered from an inconsistency similar to that of GPI. 
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The dramatic inconsistency in applying IR algorithms globally is generally a result 

of two causes: (1) substantial variations of rainfall mechanisms over location and time, 

and (2) IR imagery measuring cloud-top properties instead of properties directly related to 

raindrops. Therefore, most IR algorithms have the following uncertainties in their rainfall 

estimates (Xie and Arkin, 1994): 

(1) temperature threshold to deHne cold clouds; 

(2) proportional coefficients between rainfall rate and cloud properties; 

(3) inclusion of cold no-rain clouds; and 

(4) exclusion of warm rain clouds. 

For a particular algorithm, these uncertainties can be balanced to an ideal level for one 

data set, and they may change greatly for other data sets. In this chapter, a system of 

rainfall estimation using IR imagery is presented to address these uncertainties. The 

system also showed its ability to perform consistently well over various regions and 

seasons. 

The proposed system is a result of combining the techniques presented in the 

previous 3 chapters. The Hrst part of the system is the procedure to select an IR 

temperature threshold to define cloud patches using IR and microwave imagery. The 

second part is the procedure to extract cloud patches from IR imagery and compute cloud 

features on those cloud patches. The third part is the procedure to remove no-rain cloud 

patches by (1) eliminating tiny cloud spots, and (2) using classiHcation rules derived from 

IDS. The fmal part is the procedure to estimate rainfall volume for rain-cloud patches and 

assigning rain rate on those patches. The rainfall estimates from the system are hourly 
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values, which can be used to infer rainfall frequency and intensity. Obviously, they can 

also be accumulated to daily and monthly rainfall estimates. The system was calibrated 

with the June 1989 data set over the Japanese Islands and their adjacent ocean. More 

importantly, the system performed consistently well in the Japanese region as well as in 

the Florida area. 

This chapter is organized as follows; the next section describes the data sets used in 

this chapter; then, a comprehensive structure of the system is presented. The following 

sections will present the results of applying the system for monthly, daily, and hourly 

rainfall estimates, and rainfall frequency and intensity; the frnal section summarizes the 

results. 

5.2 Data Description 

This chapter uses two data sets: one is from the Japanese Islands and their 

surrounding ocean during June and July/August of 1989, and the other from the Florida 

area in June and August of 1996. As shown in Figure S. 1, the Japanese data set covers die 

region from 127.5°E to 145°E longitude and from 28.5°N to 45°N latitude. Four shaded 

blocks in the study area. A, B, C, and D, represent locations where daily and hourly series 

of rainfall estimates will be checked. Figure 5.2 shows the region covered by the Florida 

data set, from 78°W to 90°W longitude and from 24®N to 34°N latitude. 

The Japanese data set includes hourly IR imagery from the Japanese Geostationary 

Meteorological Satellite, microwave imagery from Special Sensor Microwave/Imagery 

(SSM/I), and ground-truth hourly rainfall in the form of radar-raingage composition. The 
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IR and microwave imagery were first re-sampled with spatial resolution of 0.25° x 0.25° 

latitude x longitude. The ground-truth rainfall data are mapped into the same spatial 

resolution. Because of the missing data of SSM/I in the Japanese region for June 1989, 

12-hour sampling data of the raingage-radar composite rainfall are used to replace 

microwave data. Then, the IR imagery and ground-truth rainfall data with original spatial 

resolution, 0.05° x 0.0625° latitude x longitude which is about 25 km', were used to 

perform cloud-patch analysis and to make rainfall estimates. 

The Florida data set includes hourly IR imagery firom GOES 8, microwave imagery 

from Special Sensor Microwave/Imagery (SSM/I), and the ground-truth rain data from 

NEXRAD radar. The radar reflectivity measurements were converted into rainfall by an 

empirical Z-R relation. The IR imagery, microwave imagery, and ground-truth data were 

set to spatial resolution of 0.25° x 0.25° latitude x longitude to obtain cloud-patch 

threshold. Then, the IR imagery and ground-truth rainfall data with spatial resolution of 

0.1° X 0.1° latitude x longitude were used to make rainfall estimates. 

5.3 The Structure of the Rainfall Estimation System 

The system of rainfall estimation using IR imagery, cloud patch analysis, developed 

in this dissertation, is a comprehensive one, designed to address all the uncertainties 

associated with IR algorithms as explained in Section 5.1. All coefficients used in the 

system were calibrated with the training data set of June 1989 over the Japanese region. 

This system contains the following 4 subsystems; 
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(1) Threshold selection: Rnds a cloud-patch threshold to define cloud patches in IR 

imagery; 

(2) Goud Patch Extraction and Feature Calculation: extracts cloud patches from IR 

imagery, removes cloud patches smaller than 40 pixels, and calculates cloud 

features on those remaining cloud patches; 

(3) Removal of no-rain cloud patches: identifies and removes no-rain cloud patches 

using the classification mles derived with ID3, induced from the training data set, 

the Japanese data set of June 1989; 

(4) Estimation of rainfall for rain-cloud patches; it estimates rainfall volume for rain-

cloud patches classified with D3 rules, identifies no-rain cloud pixels from large 

rain-cloud patches using the linear classiflcation rule established in Chapter 4, 

and assigns rain rates to the remaining rain pixels according to their characteristic 

values. 

These subsystems will be elaborated in the next subsections. 

5.3.1 Threshold Selection 

The function of this subsystem is to provide an IR temperature threshold for 

deHning cloud patches from IR imagery. As explained in Chapter 2, the principle of 

Ending an optimal threshold for pixel-based algorithms was to minimize the total error of 

type I and type n grids. The cloud-patch threshold, then, is taken as the cloud-top 

temperature 6°K higher than the optimal threshold for pixel-based algorithms, as 

described in Chapter 3. 
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This subsystem takes microwave imagery from SSM/I twice a day and the IR 

imagery synchronizing with the microwave imagery as inputs. It uses the microwave data 

to evaluate whether a cloud pixel is rain or no-rain. The rain areas derived from the 

microwave data are taken as the ground-truth data for the distribution of rain area. Then, 

IR imagery is used to make similar estimations about rain areas using various thresholds. 

The threshold that minimizes the total error of type I and type II grids is selected as the 

optimal threshold for pixel-based algorithms. The cloud-patch threshold is obtained by 

adding 6°K to the optimal threshold. Figure 5.3 shows the operation of this subsystem in 

detail. 

5.3.2 Cloud Patch Extraction and Feature Calculation 

The function of this subsystem is to extract cloud patches from IR imagery, to 

remove tiny cloud spots, and to calculate features on those relatively large cloud patches. 

First, it removes all cloud pixels warmer than the cloud-patch threshold and groups the 

remaining cloud pixels into cloud patches, according to the definition of cloud patches 

given in Chapter 3. Then, it eliminates cloud patches smaller than 40 pixels because the 

number of those tiny cloud spots is very large, accounting for almost 90% of the total 

number of cloud patches; they contain a very small amount of rainfall. Finally, cloud 

features are calculated over the remaining large cloud patches. Seven cloud features are 

computed on each cloud patch, namely maximum temperature difference firom cloud-

patch temperature, mean temperature difference from cloud-patch temperature, cloud 

area, shape index, boundary steepness, contrast ratio, and maximum angular second 
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moment. Figure S.4 illustrates the operation of those processes employed in this 

subsystem. 

5.3.3 Removal of No-Rain Cloud Patches 

The fimction of the subsystem is to identify and remove no-rain cloud patches from 

IR imagery. It takes the cloud patches with seven calculated feamres as the inputs. This 

subsystem constitutes the classiHcation rules for identifying no-rain cloud patches, which 

were converted from the ID3 decision tree, induced from the data set of June 1989 over 

the Japanese region. These mles are explicitly presented with the values of those seven 

cloud feamres and in the format of "if-then" rules. This subsystem applies the 

classification rules to identify no-rain cloud patches first, then removes them from the IR 

imagery. Consequently, what remains in the processed IR imagery are those cloud patches 

considered as rain-cloud patches. Figure 5.5 gives the diagram of this subsystem. 

5.3.4 Rainfall Estimation for Rain-Cloud Patches 

The function of this subsystem is to estimate rainfall volume for rain-cloud patches, 

to identify no-rain pixels from large rain-cloud patches, and to estimate rain rate. It uses 

six equations of the type of Equation (4.2), to estimale rainfall for six ranges of rain-cloud 

patches according to their sizes. First, a rain-cloud patch is assigned to a certain range 

based on its size. Second, proper estimation equation is selected to estimate rainfall 

volume for the rain-cloud patch. Third, 4 pixel features, namely relative temperature, P 

factor, relative direction, and land index, are computed on each cloud pixel. Characteristic 

values are computed on all pixels in the rain-cloud patch. Finally, no-rain cloud pixels 



Select initial threshold at 
lower limit 

i 
Partition grids into 4 

categories 
Partition grids into 4 

categories 

Compute (Ri + N^) 

i 

Is the 

X threshold reacrk— 
No 

U 
0 

>» 
£i 
•a 
"o 
x; CA 
P 

u CA 
(8 

2 
o 
e 

Upper limiL 

Yes 

Choose the threshold 
minimizing (Ri + Nn) 

J 
Optimal Threshold 

Figure S.3. Operational procedures of subsystem threshold selection. 



142 

Eliminate tiny cloud spots 

Remove cloud pixels wamier 
than cloud-patch threshold 

Compute 7 cloud features 

Select cloud-patch threshold 

Group cloud pixels into 
cloud patches 

Cloud patch with feature values 

Figure S A Procedures of cloud-patch extraction and feature calculation. 



143 

identined by the linear classification rule, established in Chapter 4, are removed, and rain 

rate is assigned to the remaining pixels according to the characteristic value on each pixel. 

The results are hourly rainfall estimates, which are then accumulated to make daily and 

monthly rainfall estimates. Figure S.6 shows the operation process of this subsystem. 

5.3.5 Overall Structure 

Figure 5.7 demonstrates the diagram of the whole system of rainfall estimation using 

satellite imagery. The first component of the system, threshold selection, is circled with a 

dotted line to show that this subsystem can be detached from the rest of the whole system. 

In other words, this component will not be part of the system when a cloud-patch 

threshold is available. For example, a threshold at a region in a speciHc season may be 

used for many years if there is no dramatic change of weather systems during the same 

season and for the same region. Generally, in a given region, weather systems of the same 

season in different years are similar to each other. Therefore, the selection of a cloud-

patch threshold is necessary only when the system is applied to new regions or when the 

weather pattern changes significantly in a region. Consequently, the general inputs to the 

system are the cloud-patch threshold and IR imagery, and the outputs are hourly rainfall 

estimates. 

5.3.6 Characteristics of the System 

The system of rainfall estimation proposed in this dissertation is a combination of 

four subsystems. It possesses several distinguishing characteristics. 
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First, the subsystem of threshold selection can adapt information of local rainfall 

mechanisms to change cloud-patch threshold. In other words, threshold can be changed 

on location and time. This characteristic helps the system to perform consistently well 

over various regions and seasons. 

Second, the subsystem of cloud patch extraction and feature calculation extends the 

cloud features from square windows on IR imagery to cloud patches. It actually processes 

IR imagery to extract more information on clouds and their rainfall. As shown in Chapter 

3, seven cloud features used in the system contain a considerable amount of information 

on rainfall associated with cloud patches. 

Third, the subsystem of removal of no-rain cloud patches and the procedure for 

eliminating tiny cloud spots in the second subsystem can remove nearly 60% of total no-

rain clouds in terms of cloud pixels. This substantially reduces the uncertainty of 

inclusion of cold no-rain clouds in the rainfall estimation. At the same time, significant 

reduction of no-rain cold clouds helps increase the cloud-patch threshold so that more 

warm rain clouds can be included. The uncertainty due to exclusion of warm-rain clouds 

is also reduced. 

Fourth, the subsystem of rainfall estimation for rain-cloud patches uses cloud 

features other than the area to estimate the rainfall. A substantial number of no-rain cloud 

pixels are identified from large rain-cloud patches. 

Finally, each subsystem is calibrated independently. Indeed, objective functions for 

calibration are different for individual subsystems. The optimal threshold obtained from 

the subsystem of threshold selection is to minimize the total estimation error of type I and 
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type n grids, defined in Chapter 2. The objective function of the subsystem of removal of 

no-rain cloud patches is to remove as many no-rain cloud patches as possible without 

considerable misidentifications. And coefHcients in the subsystem of rainfall estimation 

for rain-cloud patches are obtained to minimize the estimation error of rainfall estimates 

for rain-cloud patches. 

5.4 Summary of the Calibrated Coefficients 

The calibrated coefficients used in the system of cloud patch analysis are scattered 

in the previous chapters. This section summarizes these coefficients to present the system 

cohesively. 

5.4.1 Cloud-Patch Threshold 

Clearly, cloud-patch threshold is a function of location and time. For the purpose of 

validating the proposed system, cloud-patch thresholds for June and July/August 1989 

over the Japanese area and June and August of 1996 over the Florida region were 

calculated using IR imagery from geostationary satellites and 12-hour sampling rainfall 

data of raingage-radar composites. The results are shown in Table 5.1. 

Table 5.1 Cloud-Patch Threshold for Four Validation Sites 

Regions Qoud-Patch Thresholds 

June 1989 at Japanese area 235° K 

July/August at Japanese area 245° K 

June 1996 at Florida region 249° K 

August 1996 at Florida region 256° K 
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5.4.2 Classification Rules for No-Rain Cloud Patches 

Removing no-rain cloud patches includes two steps; (1) eliminating cloud patches 

smaller than 40 pixels, and (2) removing no-rain cloud patches identiHed by classification 

rules. The classiflcation rules obtained in Chapter 3 are reprinted here; 

(1) Rule I: if DTmnr <= 23.0 and Ac<5115 and BS>0.08 and (SI >5.80 or 

CR>2.82), then no-rain. 

(2) Rule 2; if DTmax <= 23.0 and Ac < 5115 and BS > 0.11 and SI >1.40 and 

MASM> 0.012, then no-rain. 

(3) Rule 3 if DTma* <= 23.0 and Ac < 5115 and BS >= 0.11 and SI > 3.0 and 

DTmeam < 8.0, then no-rain. 

(4) Rule 4 if DTmax <= 18 and Ac < 600 and SI>2.0 and Dtmean < 6.0, then no-rain. 

These rules are calibrated with the June data set from AIP-1 in the Japanese Islands and 

surrounding oceanic area; the spatial resolution of the data is 0.05° x 0.0625° latitude x 

longitude. The spatial resolution of IR imagery in the Florida region, however, is 0.0625° 

X 0.0625° latitude x longitude. Therefore, the classiHcadon rules applying to the Florida 

region are changed to; 

(1) Rule 1; if DTm« <= 23.0 and Ac< 3520 and BS > 0.08 and (SI > 5.80 

orCR>2.82), then no-rain. 

(2) Rule 2; if DTmu <= 23.0 and Ac <3520 and BS>0.11 and SI >1.40 and 

MASM > 0.012, then no-rain. 

(3) Rule 3 if DTmu <= 23.0 and Ac < 3520 and BS >= 0.11 and SI > 3.0 and 

DTmeam < 8.0, then no-rain. 

(4) Rule 4 if DTmax <= 18 and Ac < 4(X) and SI>2.0 and Dtmean < 6.0, then no-rain. 
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5.4.3 Rainfall Estimation and Assignnnent for Rain-Cloud Patches 

The model of rainfall estimation for rain-cloud patches was calibrated by 

minimizing the total estimation error for all rain-cloud patches in the training data set 

from June 1989 over the Japanese region. The coefRcients for all six ranges divided 

according to cloud areas are given in Table 5.2. 

Table 5.2 Coefficients for All 6 Equations for Rainfall Volume Estimation 

No. Range (pixels) ai ai as a* as 06 

1 1-500 1.1 6.2 19.8 -55.8 -24.0 753 
2 500- 1000 3.1 70.3 0.0 -195 -935 -21524 
3 1000 - 3000 1.5 135 0.0 -431 -1182 -18036 

4 3000 - 6000 0.2 469 0.2 -1764 -3589 128069 
5 6000-10000 0.9 247 831 0.0 -9998 262345 
6 > 10000 0.5 366 783 -1881 -5892 279411 

The characteristic value for cloud pixels is calculated with the following 

expression; 

U~0.6TR. + np, + 12RD, +05U, (5.1) 

The threshold value (Uo) used in the linear classiHcation rule for identifying no-rain cloud 

pixels is 1.3. 

5.5 Monthly Rainfall Estimation 

The variations of monthly rainfall patterns on large scales are often used to interpret 

climate change and to validate climate models. Monthly rainfall overland surface is also 

critical to the management of water resources. In this section, to demonstrate the 

capability of the system of cloud patch analysis, monthly rainfall will be Hrst estimated in 
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the Japanese region in June and July/August 1989, and then in the Florida peninsula in 

June and August 1996. 

For purposes of comparison, monthly rainfall estimates are also calculated with 

GPL The statistics used to describe the performances of various algorithms are the same 

as those used in Chapter 2—correlation coefHcient, bias, and root mean square error. 

5.5.1 Japanese Islands and Surrounding Oceanic Regions 

The parameters of the system for rainfall estimation in June and July/August are the 

same except for their cloud-patch thresholds, which are 235°K in June and 245°K in 

July/August, respectively. The monthly rainfall is an accumulation to the scale of 1.25° x 

1.25° from the hourly rainfall estimates produced directly by the system at the scale of 

0.05° X 0.0625°. Figure 5.8 shows the monthly rainfall estimates in June derived from the 

proposed system and GPI, respectively. Figure 5.9 shows similar results for the 

July/August period. The 3 statistics demonstrate that monthly rainfall estimates from the 

proposed system were improved considerably over those from GPL 

The rainfall mechanism changed signlRcantly from June 1989 to July/August 1989. 

Rainfall in the first period was mainly produced by the typical Baiu frontal, a specific 

weather system in the Japanese region, while subtropical convective storms brought most 

of the rainfall in July/August. The difference of rainfall regimes in these two periods 

affected significantly the monthly rainfall estimates by GPL In June, monthly rainfall was 

substantially overestimated while dramatic overestimation was made in July/August. Bail. 

frontal is a relatively large weather system containing a great number of cirrus clouds 
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which are cold but not raining. Subtropical convective storms are usually small but 

sometimes produce tremendous rainfall in a short time. Because GPI have only two fixed 

parameters, 235°K threshold and 3 mmh"' rain rate, the inconsistency of its rainfall 

estimates in these two months is obvious. 

The cloud patch analysis, our proposed system, not only employs cloud-patch 

threshold that varies on location and time according to the optimal threshold for pixel-

based algorithms, but applies IDS mles to remove no-rain cloud patches which cause 

significant error in rainfall estimates by GPI. Therefore, the proposed system showed 

consistently better performance in monthly rainfall estimates than GPI. 

5.5.2 Florida Peninsula 

The cloud-patch threshold for June 1996 was 249®K, and 256°K was used in 

August 1996. The hourly rainfall estimates at the spatial resolution of 0.0625° x 0.0625° 

were accumulated to monthly rainfall estimates at the scale of 1.0° x 1.0°. Figure 5.10 

shows the monthly rainfall estimates in June 1996, obtained from GPI and the proposed 

system, respectively. Figure 5.11 gives similar monthly rainfall estimates for August 

1996. 

Monthly rainfall estimates by GPI were consistently better than those by other IR 

algorithms in tropical region (Ebert et al., 1996). Similarly, GPI produced considerably 

accurate monthly rainfall in the Florida region in both June and August. The major 

weather systems in the summer of the Florida area are tropical convective systems, which 
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are similar to the weather situation in the GARP (Global Atmosphere Research Program) 

Atlantic Tropical Experiment (GATE), where GPI was calibrated. 

Not surprisingly, the proposed system produced better monthly rainfall estimates 

than GPI did. Equipped with varying threshold of cloud patches and the scheme of 

removing no-rain clouds, the proposed system demonstrated its strong adaptation to the 

variation of rainfall mechanisms over various regions and seasons, as the monthly rainfall 

estimates in the Japanese and Florida regions show. 

5.6 Daily Rainfall Estimation 

Daily rainfall is one of the most critical inputs to hydrological models, which are 

used for flood forecasting and regional water management. Because of their importance 

to hydrological research, daily rainfall estimates using IR imagery will be obtained with 

the proposed system, cloud patch analysis (CPA). In addition, daily rainfall estimates by 

GPI are also given for comparison. Since the missing data accounted for about 30% of the 

total data in the Florida region, daily rainfall estimates will be carried out only in the 

Japanese area. First, the estimates are made on the whole region to show the general 

performance of these algorithms. Then, time series of daily rainfall estimates at 4 

particular grids. A, B, C, and D, are derived to demonstrate the algorithms' ability to track 

daily rainfall events in various locations. Three statistics were used, correlation 

coefficient, bias, and root mean square error, to evaluate these time series of daily rainfall 

estimates. 



jjijjlfljji 
• !:J~-]ZJS23i 

3ao 

1275 13aO 1325 I3S.0 I37J mO t«i.S t4$.0 

(a) 

158 

<0.3 as a4 0.5 0.6 0.7 as o.» 

1Z7S 130.0 1325 135.0 1375 140.0 1425 14S.0 

(b) 
Figure 5.12. Distribution of correlation coefficients between estimated 
and observed daily rainfall in June 1989 at the Japanese Islands and 
surrounding oceanic regions: (a) by GPI, and (b) by the cloud patch 
method. 



159 

Location A 
70 

Observed 
60 GPI 

Patch Method 

SO 

r" 4o 

30 

20 

10 

IS 

Time (day) 

20 30 25 

Location B 
TO 

Observed 
60 

Patch Method 

E 
E SO 

LS 40 c 
CS 
at 

30 

10 

to 15 
Time (day) 

20 25 30 

Hguie S. 13. Comparison of time series of observed, estimated daily rainfall 
by GPI and by patch method in June 1989 at: (a) location A, and (b) location 
B of the Japanese region, as shown in Figure 5.1. 
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Figure 5.14. Comparison of time series of observed, estimated daily rainfall 
by GPI and by patch method in June 1989 at (a) location C, and (b) location 
D of the Japanese region, as shown in Figure S.l. 
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Figure 5.1S. Distribution of correlation coefficients between 
estimated and observed daily rainfall in July/August 1989 at the 
Japanese Islands and surrounding oceanic regions: (a) by GPI, 
and (b) by the cloud patch method. 



162 

5.6.1 June 1989 in the Japanese Region 

Figure 5.12 shows the distribution of correlation coefficients between daily rainfall 

estimates and observations in June 1989 over the Japanese region. In general, the 

correlation coefficients by the proposed system are greater than those by GPI. In most 

grids, the correlation coefficients by the proposed system were fairly high. Therefore, the 

proposed system showed its strong capacity of tracking the general daily rainfall events in 

the period when the system was calibrated. 

Figure 5.13 and Figure 5.14 show the daily rainfall time series in grids A, B, C, and 

D, respectively. The figures demonstrate how well these two algorithms simulate rainfall 

at daily scales in those locations. The proposed system simulated closely the pattern of 

daily rainfall observations in all 4 locations, but dramatically underestimated several large 

daily rainfall events. To compare the time series of daily rainfall by these algorithms, the 

statistics are listed in Table 5.3 for all 4 testing locations. 

Table 5.3 Statistics for Time Series of Daily Rainfall in Four Locations of the Japanese 

Area in June 1989 

Correlation CoefHcient Bias RM SO 
Method A B C D A B C D A B C D 

GPI .43 .44 .51 .51 6.18 6.5 2.2 7.1 13 13 12 12 
CPA .42 .64 .63 .47 .49 -0.6 -3.9 .48 8.5 3.4 11.2 4.9 

5.6.2 July/August in Japanese Region 

Figure 5.15 demonstrates the distribution of correlation coefficients between daily 

rainfall estimates and observations in July/August 1989 of the Japanese region, by both 
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GPI and the proposed system. The improvements of the correlation coefficients by the 

proposed system are not as obvious as those derived in June 1989. The correlation 

coefficients by GPI are relatively high because the dominant rainfall regimes are 

subtropical convectives. 

The time series of daily rainfall in grids A, B, C, and D, are shown in Figure 5.16 

and Figure 5.17, respectively. The results by GPI and by the proposed system are similar 

to those derived in June 1989, the training period. Thus, the proposed system performed 

equally well in the testing period, July/August 1989. Table 5.4 shows the statistics for 

these time series of daily rainfall estimates in all four locations in July/August 1989. 

Table 5.4 Statistics for Time Series of Daily Rainfall in Four Locations over the Japanese 

Area in July/August 1989 

Correlation Coefficient Bias RM SO 
Algorithm A B C D A B C D A B c D 

GPI .34 .54 .48 .84 .90 .16 -7 .78 7.5 1.9 11 3.4 
CPA .53 .64 .55 .85 .85 .08 -5 .51 7.7 1.4 9.3 3.1 

5.7 Hourly Rainfall Estimation 

Hourly rainfall estimation using IR imagery has been a great challenge since 

geostationary satellite became operational. One of the successful attempts is the NESDIS 

Operational Convective Precipitation Estimation Technique (ScoHeld, 1987). This 

technique was originally designed to estimate hourly rainfall for a flush flood forecasting. 

The active convective area is first identified with several rules; then, a decision tree is 

used to assign rainfall to the cloud area classified as rain area according to cloud features. 
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Figure S. 16. Comparison of time series of observed, estimated daily rainfall 
by GPI and by patch method in July/August 1989 at: (a) location A, and (b) 
location B of the Japanese region, as shown in Figure 5.1. 
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Figure 5.17. Comparison of time series of observed, estimated daily rainfall 
by GPI and by patch method in July/August 1989 at; (a) location C, and (b) 
location D of the Japanese region, as shown in Hgure 5.1. 
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Unfortunately, this technique is not automated. It must rely on meteorologists to infer 

cloud features from cloud images. This is not viable for rainfall estimations on the global 

scale. 

The cloud patch analysis is designed to make hourly rainfall estimates 

automatically over ocean and coastal areas. To show how successfully the proposed 

system was developed for hourly rainfall estimation, the time series of hourly rainfall in 

the four grids. A, B, C, and D, for both one-month periods in the Japanese region are 

presented. Because of the missing data problem, hourly rainfall estimates in the Florida 

region will not be made. The statistics used to evaluate the hourly rainfall estimates are 

correlation coefficient, bias, and root mean square enor, having similar deHnitions 

described In Chapter 2 for monthly rainfall estimates. 

5.7.1 June 1989 in the Japanese Region 

Figure 5.18 and Figure 5.19 show the month-long hourly rainfall estimates in June 

1989 over all 4 locations. A, B, C, and D. Both GPI and the proposed system reproduced 

consistently heavy rainfall events and missed several light rainfall events because of the 

warm rain. However, the proposed system eliminated a number of non-existing rainfall 

Table 5.5 Statistics for Time Series of Hourly Rainfall in Four Locations of the Japanese 

Area in July/August 1989 

Correlation Coefficient Bias RM SO 
Algorithm A B C D A B C D A B c D 

GPI .22 .27 .32 .33 .25 .27 .09 .30 l.O .84 .90 .75 
CPA .28 .33 .33 .41 .02 -.02 -.16 .02 .82 .41 .81 .44 
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Rgure 5.18. Comparison of time series of observed, estimated hourly 
rainfall by GPI and by patch method in June 1989 at: (a) location A, 
and (b) location B of the Japanese region, as shown in Hgure 5.1. 
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Figure 5.19. Comparison of time series of observed, estimated hourly 
rainfall by GPI and by Patch method in June 1989 at: (a) location C 
and (b) location D of Japanese region, as shown in Figure 5.1. 
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events produced by GPL Table 5.5 shows the statistics for these time series of hourly 

rainfall estimates. 

5.7.2 July/August 1989 in the Japanese Region 

Figure 5.20 and Figure 5.21 show the month-long hourly rainfall estimates in 

July/August 1989 over all 4 locations. A, B, C, and D. The results are similar to those 

derived in June 1989. Table 5.6 shows the statistics for these time series of hourly rainfall 

estimates. 

Table 5.6 Statistics for Time Series of Hourly Rainfall in Four Locations of the Japanese 

Area in July/August 1989 

Correlation Coefficient Bias RM SO 
Algorithm A B C D A B C D A B C D 

GPI .36 .46 .47 .69 -.4 .01 -.3 .03 .52 .18 .71 .29 
CPA .39 .47 .47 .75 .03 .01 .19 .02 .75 .16 .71 .29 

5.8 Rain Frequency and Rain Intensity 

Rain frequency and intensity reflect the strength of convective activities, and imply 

the dominant rainfall mechanisms in a region. They are frequently used to initiate and 

validate meteorological models in climate study. Because of their importance in 

meteorology and hydrology research, we tentatively estimate rain frequency and intensity 

using the proposed methodology, Qoud Patch Analysis. The estimates will be made in 

both June and July/August 1989 in the Japanese region. The statistics to evaluate the 

estimation results are correlation coefficient, bias, and root mean square error, having a 

similar definition to that given in Chapter 2. 
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Rgure 5.20. Comparison of time series of observed, estimated hourly 
rainfall by GPI and by patch method in July/August 1989 at: (a) location 
A, and (b) location B of the Japanese region, as shown in Figure S.l. 
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Rgure 5.21. Comparison of time series of observed, estimated hourly 
rainfall by GPI and by patch method in July/August 1989 at: (a) location 
C. and (b) location D of the Japanese region, as shown in Figure 5.1. 
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5.8.1 Definitions 

In this research, rain frequency and intensity are deHned on an hourly base in a 

period of one month because the highest temporal resolution of rainfall estimation is 

hourly. Thus, rain frequency (Fr) is deHned as the ratio of the number of rain hours (M-) to 

the total number of hours (N,) in a month: 

Nr 

''-t 

The definition of rain intensity (/r) is then given by; 

where R, is the total rainfall amount in a month. Therefore, rain intensity is greater than 

monthly mean rain rate {Rmean), which is defined as: 

(5.4) 

Obviously, rain intensity contains more information on rain events in a region than 

monthly mean rain rate. The unit of rain intensity used in this research is millimeter per 

hour (mmh"'). 

5.8.2 Applications 

Figure S.22 and Figure 5.23 show the estimates of rain frequency and intensity for 

June 1989 of the Japanese region, respectively. For the purpose of comparison, estimates 

by GPI are also presented in the Hgures. Similarly, Figure 5.24 and Figure 5.25 show the 
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estimates for July/August 1989 in the same region. The statistics derived from both 

months show that the proposed system significantly improved the estimates by GPI. 

5.9 Discussion 

The proposed methodology, cloud patch analysis, was developed to cope with 

uncertainties of IR algorithms and their inconsistency in global applications. The 

inconsistency is caused by variation of rainfall regimes on various locations and seasons 

and by the uncertainties associated with IR algorithms. The proposed system adopts the 

optimal threshold for pixel-based algorithms to derive the cloud-patch threshold; thus, it 

changes the threshold according to local rainfall information obtained from microwave 

measurements. Like the revised GPI method, the purpose of changing threshold is to 

adapt the system to various weather conditions and to increase its consistency in global 

applications. 

Although the system was totally calibrated with the training data set, June 1989 at 

the Japanese Islands and surrounding oceanic region, the applications of this system to 

both the Japanese and Florida regions at two periods demonstrated consistently 

significant improvements of rainfall estimates over those by GPI. To some extent, the 

system is believed to have extracted useful rainfall information, which is common to 

various rainfall regimes, from IR cloud imagery as 7 cloud features are calculated for 

cloud patches and classification rules are inferred using an ID3 decision tree. On the scale 

of cloud patches, the number of rainfall mechanisms is very limited, such as convective, 

stratiform, or orographic. A cloud system of synoptic scale usually contains a number of 
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Figure 5.22. Monthly rain hours estimates in June 1989 at the Japanese 
Islands and surrounding oceanic regions: (a) by GPI, and (b) by the 
cloud-patch method. 
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Figure 5.23. Monthly rain intensity estimates in June 1989 at 
the Japanese Islands and surrounding oceanic regions: (a) by GPI, 

and (b) by the cloud-patch method. 
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and (b) by the cloud-patch method. 
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sorts of clouds cells, which generally correspond to cloud patches defined in our 

methodology. In fact, the 7 cloud features defined on cloud patches were designed to 

describe the characteristics of cloud cells. 

However, the cloud-patch methodology still showed deficiencies in rainfall 

estimation at various temporal resolutions. In June 1989 at the Japanese region, there was 

substantial underestimation at several locations on land in monthly rainfall estimates; 

however, considerable overestimation occurred in July/August 1989 of the Japanese 

Islands at a few grids and to August 1996 at Florida region, in monthly rainfall estimates. 

The time series of hourly rainfall estimates at the 4 locations of Japanese region showed 

not only that the proposed system generally tracks the observed rainfall closely, but also 

that the system sometimes missed a rainfall event totally or produced a non-existing 

rainfall event. Clearly, these evidences demonstrate the limitations of the system in 

rainfall estimation using IR satellite imagery and the need for further improvements of the 

cloud-patch methodology. 

The first limitation of the proposed system arises from the limited ability of 

identifying no-rain cloud patches by the 4 classification rules converted from the ID3 

decision tree induced from the training data set. For the data of June 1989 of the Japanese 

region, those rules and the procedure of eliminating tiny cloud spots were able to remove 

nearly 60% of the total no-rain cloud patches in terms of cloud pixels; at the same time, 

about 5% of total rainfall was lost due to the misidentification. In other words, substantial 

no-rain cold cloud patches were misidentified as rain clouds, and these cloud patches, 

consequently, caused significant error in rainfall estimates. 
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The second limitation is a result of the uncertainties of rainfall estimation for rain 

cloud patches. As shown in Chapter 3, although more cloud features were used to 

estimate rainfall in a linear regression equation, and rainfall estimates were made in 6 

bins of cloud patches according to their sizes, substantial errors existed for a number of 

cloud patches. Clearly, the information contained in these cloud features is not enough to 

make more accurate rainfall estimation for the variety of cloud patches. The errors of 

rainfall estimation for cloud patches eventually were transferred into errors of rainfall 

estimation at various temporal scales, namely hourly, daily, and monthly. 

The third limitation comes firom the size of training data sets for the development 

and calibration of the cloud-patch methodology. The training data set is derived from a 

relatively small region, the Japanese Islands and surrounding oceanic area, and a specific 

period, one month in 1989. Therefore, the classiHcation rules for identifying no-rain 

cloud patches, the rainfall estimation scheme for rain cloud patches, and the rain rate 

assigning technique, are optimal for the particular region and time period. When the 

cloud-patch methodology is applied to other areas and seasons, the calibrated parameters 

definitely need to be changed for various rainfall regimes. Therefore, how to modify these 

parameters to cope with the variation of rainfall mechanisms at various locations and time 

constitutes one of the important tasks for further improvement of the proposed 

methodology. 

One of the obvious and significant improvements of the cloud-patch methodology 

will be a result of including information on weather systems of synoptic scales. A cloud 

patch in a frontal system may behave totally different from a similar cloud patch in a 
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tropical convective system in terms of rainfall production. Of course, obtaining 

information on synoptic cloud systems from IR satellite imagery is not an easy task. A 

great effort needs to be made to extract effectively information on cloud systems in large 

scales and to integrate this information with cloud-patch methodology to make more 

accurate rainfall estimation. 

5.10 Conclusions 

In this chapter, a synthetic system of rainfall estimation using IR satellite imagery 

was established by integrating the materials presented in Chapter 2, Chapter 3, and 

Chapter 4. The system contains 5 subsystems: threshold selection, cloud patch extraction 

and feature calculation, removal of no-rain cloud patches, and estimation rainfall for rain-

cloud patches. The inputs to this system are hourly IR imagery and microwave imagery 

twice a day, and the outputs are hourly rainfall estimates which can be accumulated to 

daily and monthly rainfall estimates. 

The consistent good performance of rainfall estimation by the proposed system in 

both the Japanese and Florida regions at various periods showed that the system has 

effectively addressed the uncertainties associated IR algorithms, and that it possesses the 

flexibility to adapt itself to various rainfall regimes in terms of rainfall estimation. The 

cloud features developed in Chapter 3 contain substantial information on cloud patches 

and their rainfall, and this information showed some commonality for various rainfall 

mechanisms, as shown in the varie^r of rainfall estimates given in this chapter. 
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To fully cope with the variation of rainfall regimes on various locations and time, 

the system needs to include the information on cloud systems where cloud patches are 

derived from, because the type of cloud system generally determines the total amount of 

rainfall associated with the cloud system. Ideally, the information can be obtained from 

IR imagery, and then integrated with the features of cloud patches to improve rainfall 

estimation. Therefore, the proposed system needs to be expanded to include information 

of weather systems on synoptic scales to make more accurate rainfall estimates. 
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Chapter 6 

Conclusions and Future Work 

This dissertation is concluded by summarizing the topics covered and the 

contributions of this research, by suggesting recommendations on applications of the 

proposed system, and by outlining some avenues for future work in improving the 

methodology of cloud-patch analysis. 

6.1 Summary of Contributions 

After reviewing several prominent IR algorithms of rainfall estimation and the 

uncertainties associated with them, the methodology of Cloud Patch Analysis was 

proposed in this dissertation. The methodology consists of a synthetic system which 

comprises four subsystems: Threshold Selection, Cloud-Patch Extraction and Feamre 

Calculation, Removal of No-Rain Qoud Patches, and Estimation Rainfall for Rain-Cloud 

Patches. Each subsystem was designed to deal with some particular uncertainties of IR 

algorithms of rainfall estimation. Those uncertainties are: 

(1) temperature threshold to define cold clouds; 

(2) inclusion of cold no-rain clouds; 

(3) exclusion of warm rain clouds; and 

(4) proportional coefficients between rainfall rate and cloud properties. 

The contributions are summarized to describe how the proposed system addresses the 

above uncertainties. 
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6.1.1 Threshold 

IR brightness temperature threshold is one of the most important parameters for 

nearly ail algorithms of rainfall estimation using IR imagery. In the past three decades, 

however, not enough e^ort has been made to study how to change the threshold on 

various locations and time to improve rainfall estimates, even though the importance of 

this problem has been recognized for a long time. In Chapter 2, a practical procedure was 

developed to address the threshold issue, especially for the pixel-based algorithms, such 

as GPL Then, a cloud-patch threshold was obtained by adding 6°K to the optimal 

threshold of pixel-based algorithms, which was derived using the procedure described in 

Chapter 2. The procedure is based on the analysis of rainfall estimation error. 

First, the grids were divided, having spatial resolutions of climatic scale, into four 

types according to the kind of cloud pixels they contain; (1) containing observed rain but 

no estimated rain; (2) containing estimated rain but no observed rain; (3) containing both 

observed and estimated rain; (4) containing neither observed nor estimated rain. Then, 

three types of rainfall estimation errors were defined on type I, type II, and type ni grids 

for detail analysis of the total estimation error, and type IV grids contain no error at all. 

The initial criterion for selecting an optimal threshold is to minimize the total rainfall 

estimation error. This criterion is not practical because it demands observed rainfall data 

which are not available on the majority of the Earth's surface. Given that type I and type 

n errors dominate the total estimation error, the criterion of selecting optimal threshold 

was reformed to minimize the sum of type I and type H errors. Furthermore, that the mean 
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value of observed rainfall on rain pixels in type I grids was assumed to be equal to the 

mean value of estimated rainfall on cold cloud pixels in type II grids. Consequently, the 

criterion is reduced to minimize the sum of the number of rain pixels within type I grids 

and the number of cold cloud pixels within type II grids. Therefore, the data required for 

obtaining the optimal threshold include only rain area, not rainfall magnitude. To explore 

the applicability of the criterion using microwave data, the criterion using 12-hour 

sampling ground-truth rainfall data was also applied, and a similar optimal threshold to 

those using all observed rainfall data was obtained. Thus, this procedure of Rnding 

optimal threshold for pixel-based algorithms can be applied to oceanic regions using 

microwave data, such as those from SSM/I, to vary threshold over locations and time. 

Clearly, the optimal threshold for pixel-based algorithms and the cloud-patch 

threshold has considerably improved the consistency of the performances by the revised 

GPI and the Cloud-Patch Analysis in rainfall estimation. The uncertainties associated 

with the threshold issue have been substantially reduced. Specifically, a practical 

procedure for changing threshold of GPI methods on various regions and seasons was 

established. 

6.1.2 Cold No-Rain Clouds and Warm-Rain Clouds 

The existence of cold no-rain clouds has caused significant estimation error for 

most IR algorithms. Because IR imagery measures cloud properties firom cloud top 

instead of hydrometeors, IR algorithms usually lack the ability to identify rain or no-rain 

clouds from IR imagery. In other words, the information on rainfall of clouds employed 
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by most IR algorithms is not enough to distinguish rain from no-rain clouds. To extract 

information on rainfall from IR imagery, a technique to collect cloud patches and to 

compute cloud features on cloud patches was developed (Chapter 3). A total of seven 

cloud features were designed to represent cloud characteristics related to the rainfall 

associated with them. These features are: 

(1) Maximum temperature difference from cloud-patch threshold; 

(2) Mean temperature difference from cloud-patch threshold; 

(3) Cloud area; 

(4) Cloud shape index; 

(5) Boundary steepness; 

(6) Contrast ratio; and 

(7) Maximum angular second moment. 

The Hrst two features are modiflcations of coldest and mean temperatures of a cloud 

patch. The last four features were developed in this research. In addition, the two textural 

features, contrast ratio and maximum angular second moment, were extended from 

windows of IR imagery to cloud patches. The development of cloud feamres on cloud 

patches is an attempt to make the estimation entities more close to clouds and to acquire 

more information on rainfall. As shown in Chapter 3, these features contain substantial 

information on cloud classiHcation of rain and no-rain. 

One of the most popular inductive decision trees, ID3, was chosen to induce rules 

of classifying rain and no-rain cloud patches. ID3 is a simple and fast algorithm, having 

the ability to deal with a tremendous amount of data. More importantly, the rules derived 
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from the ID3 decision tree can be expressed explicitly in feature values and in the format 

of "if-then" rules. Some modifications on the entropy information expression used in ID3 

partition were to fit ID3 to the speciHc problem of identifying rain and no-rain cloud 

patches. The classifier derived from IDS is a totally "clear box". In addition, the four 

classiHcation rules, calibrated from the training data set, enjoyed some commonality to 

various rainfall regimes, as shown in Chapter 3 and Chapter 5. Furthermore, the rules 

were all expressed in the values of seven cloud features defined on cloud patches. 

Combining the procedure of eliminating tiny cloud spots and the classification 

rules, nearly 60% of total no-rain cloud patches were removed from IR imagery in terms 

of cloud pixels. This has significantly reduced the estimation error which arose from the 

inclusion of no-rain cold clouds in rainfall estimation. Consequently, the ability of 

removing no-rain cloud patches makes it viable for the proposed system to increase the 

cloud-patch threshold to include more warm rain clouds. The errors caused by both 

inclusion of no-rain cold clouds and exclusion of warm-rain clouds were reduced 

simultaneously. 

6.1.3 Rainfall Estinnation for Cloud Patches 

The uncertainties associated with the proportional coefficients between rainfall rate 

and cloud properties depend to a high degree on the type of estimation elements, pixels, 

windows, or cloud patches. Among the three kinds of IR algorithms, pixel-based, 

window-based, and patch-based, the last type of algorithms enjoys the least uncertainties 

associated with the proportional coefficients. However, the current scheme of rainfall 
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estimation used in patch-based algorithms employs only one cloud feature—cloud area. 

Although cloud area enjoys high correlation with rainfall associated with cloud patches, 

the scheme still produces rainfall estimates with substantial error. In Chapter 4, a linear 

regression, including six cloud features, was designed to estimate rainfall for cloud 

patches, and rainfall estimates were made in six ranges according to the sizes of cloud 

patches. This procedure produced rainfall estimates with considerable improvements over 

those by the scheme including only cloud area. 

To assign rain rate properly on rain cloud patches, four pixel features were 

designed: relative temperature, relative direction, P factor, and land index. A linear 

classification rule was developed to identify no-rain cloud pixels within rain cloud 

patches, and rain rate was assigned to rain pixels according to their characteristic values. 

This scheme actually determines the rain patterns on cloud patches. 

Overall, this research has developed a methodology of rainfall estimation using IR 

imagery with the ability of maintaining its estimation capacity over various area and 

seasons. 

6.2 Recommendations 

Although the proposed system has enjoyed a consistent performance in rainfall 

estimation in both the Japanese area and the Florida region at various periods, several 

considerations relating to its applications need to be addressed because the system was 

calibrated in a relatively small area and at a speciHc period. 
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The system is mainly designed for applications over ocean and coastal regions. 

Therefore, the performances of its rainfall estimation are expected to be consistent on 

these areas. In addition, the size of the application area needs to be limited to about 10.0° 

X 10.0° latitude x longitude; otherwise, the one cloud-patch threshold is not feasible for 

the whole region. 

When the system is applied to continent regions, microwave data should be 

replaced with radar data of the ground-truth rainfall for obtaining optimal threshold for 

pixel-based algorithms, if radar data are available. Rain areas delineated by microwave 

data over the ocean are much more accurate than those on land surfaces because of the 

noisy background of micro-radiation on land surfaces. 

Currently, the microwave imagery from SSM/I sensors is easily accessible and with 

high quality, and it is recommended that rain area derived from SSM/I data be used as the 

ground-truth rain data to compute the optimal threshold. IR imagery from any 

geostationary satellite is recommended for use in the proposed system. 

Because the system is developed with data from mid-latitude oceanic regions, the 

system should not be applied to regions at high latitude. Application sites need to be 

within the latitude range from -45° to 45° because of the extraordinary weather conditions 

in the regions of high latitude. 

6.3 Future Work 

The applications of the system in threshold selection, in identification of no-rain 

cloud patches, and in rainfall estimates at various temporal scales showed not only the 
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success of Cloud-Patch Analysis methodology, but the needs for further improvements in 

various components of the system. 

6.3.1 More Cloud Features 

The needs for more indicative cloud features for identification of no-rain cloud 

patches and for more accurate rainfall estimation for rain cloud patches are obvious. It 

may be difficult to design new physical features from IR imagery except coldest 

temperature and mean temperature. However, there are a great number of texmral and 

geometric features which can be designed and tested. Fortunately, a large number of 

textural features, designed for other applications, are available in the literature for 

immediate testing. 

Another way of designing new textural features is to extract cloud textural features 

by wavelet analysis. Currently, intensive research is being carried out in various 

disciplines to obtain textural information through wavelet analysis. This can provide 

image transformations on various scales. It is believed that wavelet transforms are 

promising tools for extracting cloud information on rainfall. 

6.3.2 Variation of Parameters 

After calibrating the system with the training data set, its parameters are fixed in 

applications on other areas and seasons. The need for tuning the parameters to various 

weather systems is obvious because the system was developed with the data set from a 

specific weather system, the Baiu frontal in June 1989 in the Japanese region. However, 

much research needs to be done to determine how and when to change the system 
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parameters according to various weather systems, speciflcally, how those classification 

rules differ, and how those coefficients in the linear regression expression of rainfall 

estimation for cloud patches vary, when rainfall regimes change from one to another. 

6.3.3 Synoptic Weather Systems 

Rainfall formation and distribution are actually determined by the movements of 

water vapor within a weather system. Although the cloud behaviors on the scale of cloud 

patch are important to determine rainfall associated with cloud patches, the weather 

systems at synoptic scales are critical to infer rainfall of individual clouds. Inclusion of 

information on synoptic weather systems will definitely improve rainfall estimates. In the 

near future, the system proposed in this research will have a new component to extract 

information on weather systems from IR imagery. 
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