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ABSTRACT 
 
 

In this thesis, we introduce a new approach to classify rain clouds based on the relationship 

between the emission signal and scattering signal derived from microwave brightness temperature 

data. Two parameters are used as indicators of emission signal and scattering signal respectively: 

one is the polarization difference (D) at 19 GHz, and the other one is the polarization-corrected 

temperature (PCT) at high-frequencies channels. D is related to the emission of liquid 

hydrometeors, and PCT mainly reflects the brightness temperature depression due to the scattering 

by ice particles. Both D and PCT decrease with increasing precipitation rate. Therefore, certain 

combinations of D and PCT can be regarded as the representatives of cloud hydrometeor structures. 

Based on the D-PCT relationship investigated in this study, we classified the observed rain clouds 

into five categories—non-precipitating, light-precipitating, liquid-dominant precipitating, well-

mixed precipitating, and ice-dominant precipitating clouds.  

We verified the results of the classification of different precipitation cases over tropical 

regions. For both the hurricane and front cases, the results show that the distributions of 

categorized cloud pixels can reflect the horizontal structure of the weather systems. The monthly 

gridded mean frequencies of categorized precipitating clouds are used to analyze the relationship 

between the seasonal and interannual cycles of tropical precipitation and clouds’ hydrometeor 

components. Moreover, the results indicated that in an annual cycle or an ENSO cycle, when the 

local precipitation frequencies increase, the occurrence frequencies of all kinds of rain clouds will 

increase. However, among those precipitating systems, the proportions of ice-dominant and well-

mixed clouds increases while that of water-dominant clouds decrease as the local precipitation 

increases. Anomalies of the opposite sign tend to accompany the decreasing precipitations 

situations.  
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Overall, the classification method proves to be useful to extract objective information from 

observed emission and scattering signals. Since clouds have always been signs of the weather 

systems, the long-term variances of global distribution and characteristics of rain clouds are as an 

aspect of cloud climatology. Moreover, the categorization of precipitation types can be useful in 

developing the best retrieval algorithm of rain rate for a specific cloud type. Additionally, the 

information about cloud types can be used to improve our understanding of cloud processes and 

to increase the accuracy of weather and climate models. 
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CHAPTER ONE 
 

INTRODUCTION 
 
 

1.1 Importance of Cloud Hydrometeors 
 

Clouds, the most common form of atmospheric hydrometeors, usually consist of masses of 

suspended visible liquid and solid water particles in the atmosphere. Numerous parameters related 

to cloud hydrometeor components have been studied, such as liquid water content (LWC), ice 

water content (IWC), liquid water path (LWP), and ice water path (IWP). There are many ways in 

which the cloud components have consequences for cloud microphysics. The distribution and 

changes of cloud components are usually directly associated with the weather conditions, which 

can be used to study the weather processes of different systems. From the simulations executed by 

Taylor et al. (1992), we learned that the change in cloud liquid water content has a strong influence 

on cloud emissivity. On the other hand, Tinsley (2000) found that an increase in ice production in 

the thin clouds will result in a decrease in albedo to incoming solar radiation and opacity to 

outgoing longwave radiation. Therefore, not only do cloud hydrometeors illustrate the properties 

of weather conditions, but they are also likely to affect cloud radiation processes and climate 

feedbacks. A study about cloud hydrometeors and their interactions can also help refine the 

quantitative models for all the cloud microphysical processes. 

Many methods can provide measurements of cloud hydrometeors, such as ground, in situ 

and satellite observations. For ground-based observations, their advantage is they can provide 

long-term data from a detailed observation system consisting of multi-wavelength passive and 

active remote sensors. In situ observations are made by an instrumented aircraft or balloon flying 

inside convective systems. Although the captured information is valuable, the representativeness 

of the airborne in situ measurement is their inevitable limitation (Cazenave et al. 2016). In other 

words, both ground-based and in situ observation can only collect information from local 
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conditions. In order to estimate the coverage and frequencies of global hydrometeors, there is a 

need to use remote sensing from satellite-based sensors due to its global and continuous 

measurements. The emergence of satellite remote sensing traces back to the year 1957. At the early 

days of the space age, the use of remote sensing was restricted to only the visual band of the 

spectrum. With technology development, spectrum bands invisible to the naked human eye have 

also been widely utilized in more types of remote sensors.  

Based on the radiation wavelength bands utilized, remote sensing devices can be separated 

into different categories: optical (300~ 3000 nm), thermal (3000~ 8000 nm) and microwave (1 

mm~ 1 m). All the three types of radiometers can provide information about hydrometeors in the 

atmosphere. One representative of the optical and thermal infrared remote sensors applied to 

retrieve cloud hydrometeors is the Moderate Resolution Imaging Spectroradiometer (MODIS), an 

onboard sensor launched in the late 1990s, which provides 36 spectral bands from 0.4 to 14.5 𝜇m, 

including both visible and infrared channels. MODIS provides global distribution of cloud water 

path; however, this sensor can only retrieve the column-integrated optical depth and particle size 

around the cloud top (Nakajima and King, 1990). Besides, visible channels are also limited by the 

sampling of the diurnal cycle.  

Passive microwave radiometric sensors were designed to overcome the weaknesses of 

visible and infrared sensors because microwave can penetrate deeper into clouds with its relatively 

longer wavelength and measure the hydrometeors both daytime and nighttime. Satellite-based 

microwave radiometry was proven to be the most accurate method for estimating LWP over the 

oceans (Greenwald et al., 1993). Be that as it may, one drawback of remotely sensed satellite 

product is that information about cloud vertical variance is always lacking. Fortunately, the 

successful launch of the Tropical Rainfall Measuring Mission (TRMM) (Kummerow et al., 2001) 

filled the gap. It carries the TRMM Microwave Imager (TMI) and the Precipitation Radar (PR), 
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these two are highly complementary and together provide valuable information about the vertical 

structure of precipitation.   

1.2 Microwave Remote Sensing of Hydrometeors 
 

Wilheit et al. (1977) first tried to utilize the brightness temperature of the single 19.35 GHz 

channel from the Electrically Scanning Microwave Radiometer (ESMR) to retrieve the rain rate 

over the ocean. Since then, the application of passive microwave signals to monitor atmospheric 

hydrometeors is well-established. Dual-polarized passive microwave window channels also have 

been utilized to retrieve cloud and precipitation. For instance, the Special Sensor Microwave 

Imager (SSM/I) is one of the sensors designed with the dual-polarized channels at 19.35, 37 and 

85.5 GHz frequencies. The fundamental mechanism for microwave remote sensing is the 

interaction between the observed target and the microwave field. The field interactions are very 

complicated and changing in correspondence to many factors such as wave frequency, the phase 

of hydrometeors and temperature. In fact, all remote sensors are designed considering the optimal 

frequency needed for the objects to be observed.  

Based on different interaction processes, microwave signals received by radiometer can be 

categorized into emission and scattering. Emission signals from liquid water are dominant in the 

low frequencies bands and scattering by ice particles is more significant in the high-frequency 

channels, these two kinds of signals together provide microphysical information about both liquid 

and frozen hydrometeors in the atmosphere. Previously, most algorithms used frequencies less 

than 37 GHz to retrieve cloud liquid water (Hargens, 1992; Greenwald et al., 1993; Liu & Curry, 

1993). Among them, the frequency of 20.6 GHz primarily sensed the vapor while 31.6 GHz 

primarily sensed the liquid (D. C. Hogg et al., 1983). On the other hand, it is reasonable to think 

of 85 GHz and higher frequencies as ice scattering channels, in which ice particles reduce the 

observed brightness temperature by scattering the upwelling radiation (Wu & Weinman, 1984; 
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Spencer, 1986). Moreover, one mechanism designed to enhance the scattering signal is to use 

higher frequencies (Savage & Weinman, 1975). A frequently implemented technique for retrieving 

ice water path from airborne or spaceborne radiometers is to utilize high-frequency microwave 

channels and look for depressed brightness temperature due to scattering (Deeter & Evans, 2000; 

Bennartz & Bauer, 2003; Hong et al., 2005; Kulie & Bennartz, 2009.)  

Dual-frequency techniques using both the emission and scattering regimes were born out 

of years of research. For instance, Liu and Curry (1992) presented an algorithm for retrieving 

precipitation derived from the microwave transfer model and combined the emission and scattering 

regimes. Deeter and Vivekanandan (2006) presented a retrieval algorithm for the liquid water path 

based on the Advanced Microwave Scanning Radiometer for EOS (AMSR-E) observations at 36.5 

GHz and 89.0 GHz. Their algorithm yields retrieval results valid over a wide variety of land surface 

types. As microwave frequencies increase, so does the amount of scattering due to ice particles 

commonly found in raining clouds (Kummerow et al. 1996). Comparison of the sensitivity of 

different high-frequency channels to ice particle scattering was conducted by Bennartz and Bauer 

(2003), the result showed that a channel around 150 GHz generally exhibited the stronger 

scattering signature, while signals from channels at around 85 GHz are much smaller due to the 

affection by variable surface emissivity. In our study, the brightness temperature of 166 GHz 

channel and 89 GHz channel are used for comparison. The new option for the higher frequency 

radiometer channel enables better representation of scattering signals, especially for weather 

condition of weak precipitation and snowfall. 

1.3 The Relationship between Emission and Scattering Signals 
 

Although numerous studies have proved that algorithms based on signals from different 

microwave channels indeed provide accurate values of the hydrometeor contents in the atmosphere, 

the relationship between emission and scattering signals and how their relationship works in actual 
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cloud systems are rarely studied. Liu and Curry (1996) investigated the relationship between 

microwave emission and scattering signals in SSM/I data. They used two variables D and PCT to 

present emission and scattering signals, respectively. It turned out the D-PCT slopes in different 

regimes indicated their dominant cloud types. However, their work was based on a large-scale and 

long-time averaged feature and there was a lack of representation for an individual cloud, which 

caused their explanation for the slope variation to be inconclusive.  

The primary purpose of this study is to examine the relationship between microwave 

emission and scattering signals in individual cloud systems. The study is limited to tropical ocean 

regions because the land surface emissivity will obscure the emission signal. We tried to connect 

the emission-scattering relationship with horizontal cloud structure by categorizing the scan pixels 

into five types of hydrometeor components. Therefore, we analyzed the hydrometeors horizontal 

distribution inside an individual cloud system and explained their changes during the initiation, 

growth and dissipation processes. Seasonal and interannual variations of hydrometeor components 

of cloud over the tropical ocean are also one focus of this work.  

This thesis consists of six chapters. The second chapter describes the dataset and 

parameters used. Chapter 3 combines the observed data and model results to illustrates the cloud 

classification schemes. Chapter 4 presents the case studies such as the hurricane, convective and 

front systems. Comparisons between different classifications results are also displayed. Chapter 5 

analyzes the seasonal and interannual variabilities of the hydrometeor components over tropical 

oceans, mainly focusing on the changes between the two phases of ENSO. Chapter 6 summarizes 

the findings.  
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CHAPTER TWO 
 

DATA AND MODEL 
 
 

This chapter presents satellite data products used in the study. Generally, they all observed 

brightness temperature from different microwave radiometers. The microwave radiative transfer 

model used as a theoretical base in this study is also introduced here. 

2.1 The Global Precipitation Measurement Mission 
 

The Global Precipitation Measurement (GPM) mission was designed to provide the next-

generation global precipitation products under unified standards. GPM is an international 

cooperative mission leading by National Aeronautics and Space Administration (NASA) and the 

Japan Aerospace Exploration Agency (JAXA). The configuration of GPM consists of many 

research and operational satellites. And the consistent global observation of rain and snow 

provided by GPM has been particularly helpful for reaching a deeper understanding of Earth’s 

water and energy cycle.  

The GPM core observatory was launched on February 27, 2014, in a 65° inclination 

nonsun-synchronous orbit (Hou et al., 2014). GPM microwave imager (GMI), the microwave 

radiometer carried on the GPM core observatory, is characterized by thirteen microwave channels 

ranging in frequency from 10.65 GHz to 183 GHz. The GMI sensor is an extension of the Tropical 

Rainfall Measuring Mission (TRMM) Microwave Imager (TMI). In addition to carrying channels 

similar to those on TMI, the GMI carries four higher frequency channels. The observation of 

TRMM’s instruments mainly focused on heavy to moderate rain over tropical oceans. GPM 

sensors extended the measurement range to low-intensity precipitation and falling snow. Table 1 

shows the specifications of the available channels for GMI and other sensors in the GPM 

constellation. The GMI is the only sensor that provides horizontal and vertical polarization 

channels at 166 GHz. In this study, we used GMI brightness temperature data to calculate the 
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indices of emission and scattering signals; Specifically, the 18.7 GHz channel provides emission 

information, while 89.0 and 165.5 GHz channels provide scattering information. GPM Level 1C 

R products are used in this study. It consists of scan time, latitude, longitude and common 

intercalibrated brightness temperature. The current available L1C data set is version 5. Figure 2.1 

shows the horizontal distributions of the brightness temperatures of Hurricane Irma on 5 

September 2017 retrieved from GMI 13 channels. Due to the different incidence angles between 

lower frequency (36.5 GHz and lower) and higher frequency (89.0 GHz and higher) channels, 

there are differences between their swath widths and geolocations. Generally, the higher frequency 

group is four scans ahead of the lower frequency group, and its swath width is about 50 km 

narrower. Every plot in Figure 2.1 shows a similar spiral rainband-like structure but reflects 

different information about the cloud system. For relative lower frequency channels (36.5 GHz 

and lower), the essential spiral structure features with higher brightness temperatures are 

considered as representations of heavy precipitations. For the 89 GHz and higher frequencies 

channels, the brightness temperature structure with strong scattering inside the eyewall and lighter 

scattering in the surroundings, is the result of dense ice particles lifted by the updrafts. Comparing 

the plot of 89 GHz and 166 GHz, it is notable that the brightness temperature distributions from 

the higher frequency channels show more details of the spiral structure in the outer rainband region.   

The Advanced Microwave Scanning Radiometer 2 (AMSR2), onboard the Global Change 

Observation Mission–Water Satellite 1 (GCOM-W1), is a dual-polarized, conical scanning, 

passive microwave radiometer. GCOM-W1 was launched on May 18, 2012, which has a more 

extended observation period than GMI. AMSR2 carries vertically and horizontally polarized 

channels in 6.925, 7.3, 10.7, 18.7, 23.8, and 89.0 GHz. Generally, this radiometer provides a set 

of daytime and nighttime data with more than 99% coverage of Earth every two days. In this study, 

AMSR2 GCOMW1 Level 1C product is utilized as a substitute for GMI data. This data product 
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contains common calibrated brightness temperature from six swaths. Compared with GMI data, 

the product from AMSR2 lacks of brightness temperature of 166 GHz, and 89.0 GHz is the highest 

frequency channel of all its swaths. Figure 2.2 gives a case of observations from AMSR2, which 

shows the brightness temperatures of Hurricane Irma at different channels on September 6, 2017. 

2.2 Microwave Radiative Transfer Model 
 

 The microwave radiative transfer model (MRTM) developed by Liu (1998) was used in 

this study. MRTM is a helpful and accurate model using a four-stream approximation for 

computing the scattering source term. This model can simulate both clear-sky and cloudy 

conditions. It provides an accurate simulation of radiative intensity in any direction.  

In this study, the model calculations were performed for idealized cloud pixels with 

different hydrometeor compositions over the tropical ocean. Simulated brightness temperatures 

from model output data were used to derive D and PCT. To perform radiative transfer simulation 

by this model, we needed profiles of atmospheric variables such as temperature, pressure, and 

relative humidity. Also, hydrometeors for each layer worked as input variables. Here we briefly 

describe the model setup. Firstly, temperature profile, water vapor profile, surface temperature, 

and surface wind speed from ECMWF-ERA Interim reanalysis were used to provide 

environmental variables of the modeled case. Secondly, we changed the profiles of hydrometeors 

at the same position, so we got the corresponding brightness temperature in different channels. 

Finally, the emission signal D and scattering signal PCT were derived from simple calculations.  
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Table 2.1 Frequency and Polarization of Channels for GPM Constellation Microwave Sensors  
(V = vertical, H = horizontal) 

Satellite 
Sensor 

6-7 
GHz 

10 
GHz 

19 
GHz 

23 
GHz 

31-37 
GHz 

50-60 
GHz 

85-92 
GHz 

150-
166 
GHz 

183 
GHz 

GMI  10.65 
V/H 

18.70 
V/H 

23.80 
V 

36.5 
V/H  89.0 

V/H 
165.5 
V/H 

183.31 
V 

TMI  10.65 
V/H 

19.35 
V/H 21.3 V 37.0 

V/H  85.5 
V/H   

AMSR2 6.925 
V/H 

10.65 
V/H 

18.7 
V/H 

23.8 
V/H 

36.5 
V/H  89.0 

V/H   

SSMIS   19.35 
V/H 

22.235 
V 

37.0 
V/H 

50.3-
63.28 
V/H 

91.65 
V/H 150 H 183.31 

H 

MHS       89 157 

183.31
1 

190.31
1 

AMSU-A    23.8 31.4 50.2-
58 89   

ATMS    23.8 31.4 50.3-
37.29 87-91 164-

167 183.31 
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Figure 2.1. Horizontal distributions of brightness temperatures of Hurricane Irma retrieved from 
GMI 13 channels on September 5, 2017 
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Figure 2.2. Horizontal distributions of brightness temperatures of Hurricane Irma retrieved from 
AMSR-2 12 channels on September 6, 2017 
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 CHAPTER THREE 
 

THE CLOUD CLASSIFICATION SCHEME 
 
 

In this chapter, the scheme of the cloud classification based on the microwave radiometer’s 

products is discussed in detail. First, it is necessary to introduce the primary variables and 

equations describing cloud microphysical characteristics. 

3.1 Definition of the Emission and Scattering Signals 
 

The principle of microwave remote sensing is using the radiative transfer theory. Based on 

the Rayleigh-Jeans approximation, for a given wavelength 𝜆 much greater than the wavelength of 

the peak in the blackbody radiation formula, radiative intensity (𝐿.) can be expressed as  

𝐿. = 𝜀
2𝑘𝑐𝑇
𝜆4 																																																																						(3.1) 

where 	𝜀  is emissivity, 𝑘  is Boltzmann’s constant, 𝑐  is the light speed, and 𝑇  is physical 

temperature. So spectral radiance is a linear function of physical temperature. The emitted spectral 

radiance 𝐿.  or 𝐿;  can be measured by the microwave radiometers; thus, the brightness 

temperature 𝑇< can be calculated from the linear relationship: 

𝑇< = 𝜀𝑇																																																																											(3.2) 

According to the expression “𝜀𝑇”, brightness temperature can be related to physical 

temperature through the emissivity of the objects. Passive microwave brightness temperature 

indicates the target’s properties related to emissivity, such as the atmospheric components and 

surface roughness. Depending on the frequency and the cloud microphysical properties, the 

measured microwave brightness temperature may either increase of decrease with increasing 

precipitation rate. The primary radiative signature can be expressed as  

𝑇< ≈ 𝑇>[1 − 𝑒BCDE(1 − 𝜀>)]𝑒BDG																																																(3.3) 



 

 
13 

where 𝑇> is the surface temperature, 𝜏I and 𝜏J are the optical depths for the raindrops and ice 

particles, respectively, and 𝜀> is the surface emissivity. 

It is noteworthy that the employment of this technique is limited to over water surfaces 

because the strong emissivity of land will obscure the emission signature. Therefore, in this study, 

we only consider situations over ocean surface. Because at low frequencies radiative intensity does 

not saturate for most liquid water clouds and is not sensitive to the existence of ice particles, the 

emission algorithms usually utilize the low-frequency channels where the brightness temperature 

is changing in correspondence to the total content of liquid hydrometeors. Equation (3.3) then 

becomes  

𝑇< ≈ 𝑇>[1 − 𝑒CDE(1 − 𝜀>)]																																																				(3.4) 

Therefore, a more significant liquid water content or rainfall rate in an atmosphere column will 

produce a stronger emission signal, which means a higher brightness temperature. Algorithms 

make use of this relationship and are usually referred to as emission-based, and this kind of 

signature in low microwave frequencies is called an emission signal. However, brightness 

temperature is not only related to the emissivity but also affected by the physical temperature of 

the emitter. To eliminate the influence of temperature and focus on the emission signal, we use 

polarization difference of brightness temperature, which is defined as: 

𝐷 =	𝑇<L%& − 𝑇<M%&																																																												(3.5) 

where 𝑇<L%&  is the vertically polarized brightness temperature at 19 GHz and 𝑇<M%&  is the 

horizontal polarized brightness temperature at the same frequency. 

At high frequencies, when the wavelengths of microwave become shorter and can be 

comparable to the diameters of water particles, Rayleigh approximation becomes invalid. Mie 

theory may be employed, and the scattering by ice particles is no longer negligible. Equation (3.3) 

then becomes 
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𝑇< ≈ 𝑇>𝑒BDG																																																																			(3.6) 

For example, at 85 GHz, absorption and scattering become the dominant radiative interaction 

between hydrometeors and microwave field (Kummerow et al., 1996). In other words, at high 

frequencies, radiation reaching the satellite is significantly attenuated due to the absorption and 

scattering caused by ice particles, so brightness temperature is lower when there is a higher 

concentration of ice particles aloft. This kind of observed brightness temperature is scattering 

signals. Weng and Grody (2000) showed that the scattering due to ice clouds is strongly dependent 

on frequency, and the scattering process is susceptible to the distribution of the ice particle size.  

The scattering signature can be represented in the form of the polarization corrected 

temperature (PCT) defined by Spencer et al. (1989): 

𝑃𝐶𝑇 = (1 + 𝛼)𝑇<L'& − 𝛼𝑇<M'&																																													(3.7) 

where 𝑇<L'& and 𝑇<M'& are the vertically and horizontally polarized brightness temperature at 89 

GHz, respectively. 𝛼 = 0.818 was determined by Spencer to keep values of 𝑃𝐶𝑇 nearly constant 

under nonprecipitating conditions. Basically, 𝑃𝐶𝑇  is an indicator of the scattering signals 

changing monotonically with the changes in the number of ice particles. Since GMI provides both 

vertically and horizontally polarized brightness temperature at 166 GHz channel, we also applied 

the same method to calculate scattering signals with 166 GHz channel brightness temperature in 

this study.  

3.2 Relationship between Emission (𝑫) and Scattering (𝑷𝑪𝑻) Signals 
 

Brightness temperature data from GPM GMI in Atlantic tropical region of 2017 were used 

to study the relationships between 𝐷  and 𝑃𝐶𝑇 . The sample size for the whole year was 

9.58 × 10[. Figure 3.1 shows the joint probability density distribution for the retrieved 𝐷 and 

𝑃𝐶𝑇, which gives the probability of the 𝐷 and 𝑃𝐶𝑇 pairs falling in any particular range of values. 

Generally, 𝐷  varies from 0 to 80, and 𝑃𝐶𝑇  ranges from 100 to 320, and both the variables 
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decrease with increasing precipitation rate. Based on the study of Liu and Curry (1998), the 

strongest emission signal yields a value of 𝐷  close to 0. In Figure 3.1, the higher values of 

probability are located at plots top right, which suggests the most common observed scene is the 

clear sky with high 𝐷 and 𝑃𝐶𝑇. On the other hand, the values of probability decrease along with 

the decreasing 𝐷 and 𝑃𝐶𝑇 axes, which suggests heavy precipitations with high rain or snow rate 

are less frequent than the light precipitations in the tropical region. On the other hand, PCT166 in 

Figure 3.1 (b) has a broader range of variance than PCT89 in Figure 3.1 (a) for the same cloud 

samples. The differences between the left plot and right plot in the panel indicated that PCT derived 

from 166 GHz channel data is more sensitive to the existence of ice and snow than PCT obtained 

by the 89 GHz channel.  

Simulated experiments were conducted to verify the correspondence between the two 

signatures and cloud hydrometeor contents. We used the Microwave Radiative Transfer Model 

(MRTM) model to simulate an ideal tropical atmosphere profile and then changed the hydrometeor 

contents in the input files, to see if the modeled brightness temperature of different channels varied 

correspondingly. During the model processes, the atmosphere was divided vertically into 100 

layers by height, and each layer had its hydrometeor components. Five types of hydrometeors were 

considered when designing the idealized atmosphere hydrometeor components; they are liquid 

cloud water, ice cloud water, rain, snow, and graupel. All the cloud water contents and precipitation 

rates changed within a range of values consistent with the observations. Three kinds of 

hydrometeor profiles were designed: the one with mostly liquid water, the one with mostly icy 

water and the well-mixed one. 

Figure 3.2 shows the modeled values of D and PCT for the designed clouds with the 

assumed hydrometeor profiles over the tropical ocean. The colored dots in Figure 3.2 represent the 

emission (D) and scattering (PCT) signals of the clouds derived from the model outputs. Each 
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series of dots from the top right to the left bottom shows a predicted trend of signals along with 

the increasing content of hydrometeors. Apparently, when the cloud contains little to no icy water, 

the precipitation rate increases, which causes its D to change rapidly while the PCT keeps a 

relatively high value. On the other hand, when the cloud contains little liquid water, the snow rate 

increases, which cause its PCT to drop much more steeply than the value of D. The signal trends 

of well-mixed clouds are located between them. These characteristics make it possible to recognize 

the dominant hydrometeor components of a cloud.  

3.3 The Classification Methodology 
 

Generally, a high D value indicates more liquid, while a low PCT value indicates more ice 

in the clouds. Based on the relationship between emission and scattering signals derived from 

brightness temperature discussed above, we classified the tropical rain clouds into five groups. 

Depolarization (D) at 19 GHz is used to represent emission signal and polarization-corrected-

temperature (PCT) at 89 or 166 GHz is used to describe the scattering signal. The classification 

methodology is shown in Figure 3.3. The modeled clear sky was used to standardize the derived 

emission and scattering signals. Therefore, the origin point represented the situation with nearly 

no hydrometeor. Two curves and two straight lines segment the plotted dot cluster, and the 

characteristics of the five groups can be described as 0 = non-precipitating, 1 = light-precipitating, 

2 = liquid-dominant, 3 = well-mix precipitating, and 4 = ice-dominant precipitating cloud.  

Determining the origin point of a quantity of D and PCT pairs in a real situation is the 

foundation of the classification method’s application. Here we defined the 𝐷\ and 𝑃𝐶𝑇\ as the D 

and PCT values for clear skies. Two resolutions were employed here to obtain the values of 𝐷\ 

and 𝑃𝐶𝑇\. For the individual cloud systems with specific locations and coverage, we can get 𝐷\ 

and 𝑃𝐶𝑇\ by selecting the D and PCT pair with the highest occurrence frequency. For the long-

term period study, we defined 𝐷\ and 𝑃𝐶𝑇\ by calculating the average of all D and PCT pairs for 
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clear skies at a given location (within a 5° × 5° grid) and a given month of the year 2017. After 

standardization, D and PCT were the parameters describing the hydrometeors components of an 

observed pixel. Thus, this classification method can be utilized to study cloud structures and 

components based on any microwave radiometer with polarized channels of the frequency of 19 

GHz and 166 (or 89) GHz. 

 

 

 

 

 

 

 

 

Figure 3.1. Scatterplots of the joint probability density distribution for the retrieved D and PCT 
over tropical Atlantic Ocean in 2017. (a) shows results of 𝐷%& and 𝑃𝐶𝑇'& pairs and 
(b) shows results of 𝐷%& and 𝑃𝐶𝑇%(( pairs. 
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Figure 3.2. Modeled values of D and PCT for an idealized cloud over the tropical ocean. (a) shows 
results of 𝐷%& and 𝑃𝐶𝑇'& pairs and (b) shows results of 𝐷%& and 𝑃𝐶𝑇%(( pairs. 

 
 

 

Figure 3.3.  Schematic diagram illustrating classification methodology based on modeled values 
of D and PCT for an idealized cloud over the tropical ocean. (a) shows results of 𝐷%& 
and 𝑃𝐶𝑇'& pairs and (b) shows results of 𝐷%& and 𝑃𝐶𝑇%(( pairs. 
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CHAPTER FOUR 
 

THE CASE STUDIES OF CLASSIFICATION 
 
 

In this chapter, three cases of precipitation cloud systems were studied by using the cloud 

classification method introduced in previous chapters. They are Hurricane Irma on September 5, 

2017, a frontal system over the Gulf of Mexico on May 24, 2017, and a convective cloud system 

over the Gulf of Mexico observed by the CEPX experiment flight on June 20, 2017.  

4.1 The Hurricane Case 
 

 Hurricane Irma is one of the most powerful observed hurricanes over the Atlantic. During 

its life time from 30 August to September 13, 2017, the strong maximum sustained wind, 

precipitation amount, and storm surge caused extensive damage. On September 5, Irma reached to 

the east of the Lesser Antilles Island chain, and it strengthened into a dangerous Category 5 

hurricane. The GMI radiometer observed the whole spiral system of that day. We extracted the 

brightness temperature data within a circular field with a circumference of ~600 km, which covers 

the hurricane system exactly. By calculating D and PCT (both from 166 GHz and 89 GHz 

channels), we determined the emission-scattering pairs of the hurricane cloud system. Figure 4.1 

is the scatter plots of joint probability density distribution for the retrieved 𝐷 and 𝑃𝐶𝑇. Based on 

the classification method, all the points in Figure 4.1 were marked with a number from 0 to 4, to 

represent their groups of cloud hydrometeors components. Therefore, 0 represents non-

precipitating clouds, 1 represents clouds with light-precipitating, 2 represents liquid-dominant 

clouds, 3 represents well-mix precipitating clouds, and 4 represents ice-dominant precipitating 

clouds. Among these groups of clouds pixels, 0 and 1 are not as significant as the other three 

categories when trying to study the structure of a weather system. Also, the number of scanned 

pixels is highly related to the area of the region. For a whole independent weather system, the 

larger the field of view will cause lager number of pixels of clear sky or non-precipitating clouds 
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due to the further edge of the field. Therefore, we focus more on the precipitating clouds instead 

of the non-precipitating or light raining clouds. 

Figure 4.2 is the bar chart of the five categories of observed clouds of Hurricane Irma, and 

each category has a representing color. According to the bar chart, mixed clouds (category 3) and 

icy clouds (category 4) are the dominant precipitation clouds of the mature hurricane. The number 

of the ice-dominant cloud pixels is roughly one order of magnitude higher than that of the water-

dominant clouds.  

Figure 4.3 shows the horizontal distribution of the group-marked cloud pixels appearing in 

the corresponding colors on the bar chart. This chart demonstrates a visual presentation of 

categorical cloud pixels, from which we could see the spiral cloud structure and eyewall. The cloud 

structure consisted mostly of mixed (category 3) and ice precipitation cloud (category 4), and only 

the eyewall and the tail of the spiral cloud band regions contained some water-dominant cloud 

(category 2). This structure is consistent with the warm core structure in a hurricane. The areas 

with the most intense convection and precipitation surrounding the eye mainly consist of ice-

dominant clouds (category 4), then the mixed clouds (category 3) and water-dominant precipitation 

clouds (category 2). On the periphery of the system, there were some light-precipitation clouds 

(category 1). Non-precipitation clouds (category 0), as well as clear-sky pixels, were not 

distinguished in this figure because they are not significant to the precipitation system. To verify 

if the classification results are consistent with reality or not, we compared the category-marked 

distribution with the satellite standard retrieved hydrometeors distribution. Figure 4.4 shows the 

ice to liquid ratio derived from the GPM retrievals (Iguchi & Meneghini, 2016). The ice to liquid 

ratio was calculated as  

𝑅 =
𝐼𝑊𝑃

𝐿𝑊𝑃 + 𝑅𝑊𝑃																																																																(4.1) 
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where IWP is cloud ice water path, LWP is cloud liquid water path, and RWP is rain water path. 

The ratio generally reflected the actual constitute structure of the cloud system. When the value of 

R is far less or higher than 1, the cloud will be water-dominant or ice-dominant, respectively. When 

R is approximate to 1, the cloud is well mixed. Comparing the features from Figure 4.3 and Figure 

4.4, they both have a similar spiral cloud structure, which indicates the classification results can 

largely reflect the characteristics of cloud hydrometeors. On September 5, Irma had strengthened 

into a Category 5 hurricane, so the characteristics of the cloud structure discussed above can be 

related to the mature stage features of a hurricane.  

4.2 The Front Case 
 

It is infrequent to observe a front in tropical regions due to the relatively flat temperature 

fields in the tropics. A front is usually associated with strong temperature contrasts, where the 

warm air will be pushed up against cold air and then cause rainfall. In tropical regions, sometimes 

we can observe a part of an extratropical front. The second case studied here is such an example, 

a front tail passed by the Gulf of Mexico on May 24, 2017. Figure 4.5 shows the joint probability 

density distribution for the retrieved 𝐷 and 𝑃𝐶𝑇 of that front system. The dots in Figure 4.5 are 

less dense than that of the hurricane case due to the elongated shape of the cloud distribution need 

a larger circle to cover the whole system. Thus, the broader field of view would cover more 

cloudless regions and cause the probability density to be lower in precipitation cloud pixels. The 

sample size also has an influence on the chart bars in Figure 4.6, in which the bar of category 0 is 

longer than others. However, the bar of category 4 is relatively lower in Figure 4.6 than that of the 

hurricane case. The difference is reasonable because a front system is much milder than a hurricane, 

so the convective activities are less intense.  

The horizontal distribution (Figure 4.7) shows significant differences in structure and shape 

than that of Hurricane Irma (Figure 4.3). The northeast to southeast stripe has mixed clouds in the 



 

 
22 

middle and ice-dominant clouds on each side. Which illustrates there is an embedded line of 

heavier precipitation in the frontal cloud system. However, the water-dominant clouds are still 

located on the edges even in a front system. These characteristics shown in the classification result 

have been verified by comparing them to the distribution of the ice to liquid ratio derived from the 

measurement (Figure 4.8).  

4.3 Classification Based on 89 GHz Channel 
 

The available data of the weather systems over a specific region from the GMI radiometer 

is limited due to its observation intervals and the limited historical records. In this study, one of 

our regions of interest is the Gulf of Mexico, where the NASA Convective Processes Experiment 

(CPEX) aircraft field campaign took place. The experiment provides lots of in situ observations of 

the convective processes occurred in the North Atlantic-Gulf of Mexico-Caribbean Oceanic region 

during early summer of 2017. However, the passes of the GPM satellite over that region during 

the period is limited, and the observed convective processes were mostly incomplete. It is difficult 

to provide sufficient information of the precipitation systems based on our classification method 

due to the limited available GMI data. However, GMI is the only sensor providing scattering 

signatures from horizontal and vertical polarization channels at 166GHz. Most microwave remote 

sensors with longer observation records can only provide brightness temperature at high frequency 

channels around 89 GHz, such as AMSR-E, AMSR-2, and TRMM. To get more information on 

the characteristics of the convective systems within the CPEX campaign region, we also applied 

the methodology of rain cloud classification to those observed weather systems with scattering 

signals from 89 GHz channel.  

The classification method cannot be directly applied to the brightness temperature data of 

89 GHz. Based on the previous discussion, 𝑃𝐶𝑇'& has a relatively narrower value range compared 

to the 𝑃𝐶𝑇%((. It is difficult to make the partition of each category precisely the same with that of 
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𝑃𝐶𝑇%(( . To obtain a similar classification results based on 166 GHz and 89 GHz channels 

observation, we tried to keep the scale of sample sizes consistent in each group. Here we studied 

the case of a convective system over the Gulf of Mexico on June 19, 2017, which later developed 

into the Tropical Storm Cindy. This case was observed by GMI radiometers so that we were able 

to compare the classification results based on the scattering signals from 89 GHz and 166 GHz to 

verify their consistency. Figure 4.9 provides the two scatter figures of the joint probability density 

distributions for the emission-scattering signals. Although the distributions of the scatters in the 

two plots of Figure 4.9 show clear distinctions, the sample size of each category came out similarly 

in Figure 4.10. Also, Figure 4.11 shows the classification results in their horizontal distributions, 

which are mutually consistent. The main difference between the two set of results derived from 

different brightness temperature data is that 166 GHz results contain more samples in category 2 

and 4. This difference is due to the high level of sensitivity of the scattering signals from 166 GHz 

channel to the changes of the cloud ice to liquid ratio. Therefore, the scattering information of 

clouds provided by the data set of 166 GHz channel is more reliable. 

Sometimes when the GPM GMI 166 GHz brightness temperature data is not available, it 

is feasible to utilize the data from 89 GHz channel to represent scattering features of the object. 

The previous case of Tropical Storm Cindy was partly captured by AMSR-2 radiometer on June 

20, 2017. Compared with its structure of the day before, Cindy slowly intensified during its journey 

to the northwest. Figure 4.12 shows the joint probability density distribution for the retrieved 𝐷 

and 𝑃𝐶𝑇'&. Based on the relationship between emission and scattering signals shown in Figure 

4.12, we conducted the cloud classification efficiently. The bar chart of sample size (Figure 4.13) 

and the horizontal distribution of the categorized cloud pixels (Figure 4.14) together show 

reasonable results of the classification. Therefore, not only can the classification methodology be 
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applied to GPM GMI products but can also be extended to the other radiometer products. In other 

words, the method is universally applicable.  

 

 

 

 

 

 

Figure 4.1.  Scatterplots of the joint probability density distribution for the retrieved 𝐷%& and 
𝑃𝐶𝑇%(( of Hurricane Irma on September 5, 2017.  
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Figure 4.2. Bar chart of sample size of the 5 categories in the case of Hurricane Irma on September 
5, 2017. Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇%((. 

 

Figure 4.3 Horizontal distribution of category-marked cloud pixels of Hurricane Irma on 
September 5, 2017. Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇%((. 
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Figure 4.4. Horizontal distribution of the ice to liquid ratio of Hurricane Irma on September 5, 
2017.   

 

Figure 4.5. Scatterplots of the joint probability density distribution for the retrieved 𝐷%&  and 
𝑃𝐶𝑇%(( of the front system passed by the Gulf of Mexico on May 24, 2017. 
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Figure 4.6. Bar chart of sample size of the 5 categories in the case of the front system passed by 
the Gulf of Mexico on May 24, 2017. Classification based on relationship between 
𝐷%& and 𝑃𝐶𝑇%((. 

 

 

Figure 4.7. Horizontal distribution of category-marked cloud pixels of the front system passed by 
the Gulf of Mexico on May 24, 2017. Classification based on relationship between 
𝐷%& and 𝑃𝐶𝑇%((. 
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Figure 4.8. Horizontal distribution of the ice to liquid ratio of the front system passed by the Gulf 
of Mexico on May 24, 2017. 

 

 

Figure 4.9. Scatterplots of the joint probability density distribution for the retrieved D and PCT of 
the convective system over the Gulf of Mexico on June 19, 2017. (a) shows results 
of 𝐷%& and 𝑃𝐶𝑇'& pairs and (b) shows results of 𝐷%& and 𝑃𝐶𝑇%(( pairs. 
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Figure 4.10. Bar chart of sample size of the 5 categories in the case of the convective system over 
the Gulf of Mexico on 19 June 2017. (a) Classification based on relationship between 
𝐷%& and 𝑃𝐶𝑇'&. (b) Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇%((. 

 
 

 

 

Figure 4.11. Horizontal distribution of category-marked cloud pixels of the convective system over 
the Gulf of Mexico on June 19, 2017. (a) Classification based on relationship between 
𝐷%& and 𝑃𝐶𝑇'&. (b) Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇%((. 
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Figure 4.12. Scatterplots of the joint probability density distribution for the retrieved 𝐷%& and 
𝑃𝐶𝑇'& of the Tropical Storm Cindy on June 20, 2017. 

 

 

Figure 4.13. Bar chart of sample size of the 5 categories in the case of the Tropical Storm Cindy 
on June 20, 2017. Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇'&. 
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Figure 4.14. Horizontal distribution of category-marked cloud pixels of the Tropical Storm Cindy 
on June 20, 2017. Classification based on relationship between 𝐷%& and 𝑃𝐶𝑇'&. 
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CHAPTER FIVE 
 

THE VARIABLITY OF RAIN CLOUDS COMPONENTS  
 
 

This chapter analyzes the long-term characteristics of the hydrometeor components of 

tropical oceanic precipitation clouds. Three-years of GPM GMI brightness temperature data from 

2015 to 2017 are used. Specifically, we were interested in the seasonal and interannual variations 

of each cloud component. The ocean regions between 30 degrees north and south of the equator 

are discussed here.  

5.1 Mean State and Annual Cycle 
 

Because the cloud emission signals observed by radiometers are not distinguishable from 

land surface emissivity, this research was limited in the tropical ocean regions with low emissivity 

background. First of all, we calculated the long-term averaged 𝐷\  and 𝑃𝐶𝑇\  at every given 

location (within a 5° × 5° grid) and every given month of the year 2017. For each month, there 

were 12 × 72 pairs of 𝐷\-𝑃𝐶𝑇\ spread from the 30th parallel north to the 30th parallel south, and 

each pair represented the emission and scattering signals of the local clear sky. Therefore, it was 

possible to categorize the rain clouds of any single pixel observed by the satellite radiometer. As 

such, we identified the empirical 𝐷\ and 𝑃𝐶𝑇\ of clear sky according to the recorded time and 

position, then calculated the standardized D and PCT for the pixel. Finally, the cloud type was 

determined based on the relationship between the emission and scattering signals. 

GMI tropical oceanic cloud data from 2015 to 2017 were analyzed here; the total sample 

size is about 2.14 × 10&. In both sets of classification results, category 0 accounted for about 94 % 

of the total sample size. The sample details of categories 1 to 4 are provided in the pie charts 

(Figure 5.1), which shows the percentage of all samples for each category. Since category 0 

represents clear skies and some nonprecipitating clouds, it indicates the precipitating clouds make 
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up less than 10 % of the tropical oceanic regions. Cloud category 1 has the next largest percentage 

values, and the rest of the categories (2-4) accounts for about 2 % in both classification results. 

Overall, there are more cloud pixels categorized into nonprecipitating clouds through the method 

used in Figure 5.1 (a) than in (b), because 166 GHz cannel is more sensitive to the light 

precipitations.  

Figure 5.2 shows the horizontal distribution of annual mean occurrence frequencies for 

cloud category 2,3 and 4. The distribution patterns of the three types of clouds are similar; areas 

of higher values are distributed mostly in the Indo-Pacific Warm Pool regions and the northern 

side of the equator in the eastern Pacific. However, the frequencies of cloud category 4 are of 

relatively higher values than the other two categories over most regimes. The higher occurrence 

frequencies of cloud category 4 indicate the ice-dominant precipitating clouds are more frequent 

than the other clouds in those areas. Additionally, the horizontal distributions of the annual mean 

occurrence frequencies of categorized clouds based on 𝐷%& − 𝑃𝐶𝑇'& relationship are shown in 

Figure 5.3. Comparing the two set of categorization results, we found the distribution patterns of 

each category are similar except the frequencies of ice-dominant clouds are lower in the results 

from the 𝐷%& − 𝑃𝐶𝑇'& method.  

Table 5.1 shows the monthly occurrence frequencies of each category derived from the 

brightness temperature data from 19 GHz and 166 GHz channels. Additionally, the similar statistic 

results for classification based on 𝐷%& − 𝑃𝐶𝑇'&  relationship are also shown in Table 5.2. The 

variance of the percentages of each category rarely exceeds 1 % during the whole year. Besides, 

the statistic results listed in the two tables are shown in Figure 5.4 and Figure 5.5. The heights of 

bars indicating category 0 are much higher than the others, although the category 0 and 1 

representing the clear sky and nonprecipitating clouds were not in our focus. 
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To illustrate the annual cycles of the occurrence frequency for each category more clearly, 

we removed category 0 and 1 when trying to compare the change trends of the monthly averaged 

frequencies among the categories. Figure 5.6 and 5.7 show the monthly conditional mean 

occurrence frequencies of those precipitation categories. The conditional mean frequency 

presented here is defined as the relative mean frequency of cloud category 2,3, and 4. On the whole, 

the monthly mean frequencies of cloud category 2 and 4 show the opposite trends, usually as one 

increases, the other decreases. Meanwhile, the variabilities of the frequencies of well-mixed clouds 

of category 3 are not that significant during the year cycle. The total occurrence frequency of 

precipitation is almost constant in the whole tropical band, and when there are more ice-dominant 

precipitations, the water-dominant precipitations must decrease to compensate for that. The 

proximate inverse relationship between water-dominant and ice-dominant precipitating clouds 

occurrence frequencies may relate to their seasonal variations.  

5.2 The Seasonal Cycle 
 

The seasonal horizontal distributions of the conditional mean occurrence frequencies of 

clouds for categories 2-4 are shown in Figure 5.8 (boreal spring), Figure 5.9 (boreal summer), 

Figure 5.10 (boreal fall), and Figure 5.11 (boreal winter). Every panel figure illustrates the 

occurrence of clouds of a specific category. The classification results in the four previous figures 

are based on the relationship between 𝐷%& and 𝑃𝐶𝑇%((. Corresponding results of the classification 

based on 𝐷%& − 𝑃𝐶𝑇'& relationships are shown in Figure 5.12- 5.15 as supplements. In some of 

them, there is no valid value over the subsidence regions in the East Pacific, which means the GMI 

radiometer did not observe any precipitation cloud there in the season from 2015 to 2017. This 

relative dry zone is associated with the subsidence due to the strong coupling between the 

Intertropical Convergence Zone (ITCZ) and the cold tongue in the eastern equatorial and 

subtropical Pacific. 
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In boreal spring (Figure 5.8), clouds of category 2 are of lower conditional mean 

frequencies in the middle of the tropical band and higher frequencies in north and south sides. 

Meanwhile, the distribution of conditional mean frequencies of category 4 clouds is precisely the 

opposite, which has higher frequencies in the equatorial region, especially over the warm pool. 

The averaged occurrence frequencies of category 3 are much lower than that of the other 2 

categories; this category represents the extreme precipitations events with low emission and high 

scattering signals. The locations of the high-frequency and low-frequency regions for clouds of 

category 3 are similar to those of category 4 clouds, which indicates the well-mixed clouds are 

usually accompanied by the ice-dominant precipitating clouds. When it came to boreal summer 

(Figure 5.9), the high-value band of the occurrence frequencies of clouds of category 4 and 

category 3 shift to the northern hemisphere side of the equator, and the water-dominant 

precipitations with high occurrence frequencies move to the southern side of the equator at the 

same time. From September to November (Figure 5.10), the high center of ice-dominant 

precipitations and water-dominant precipitations move toward the equator, which makes the 

distributions of the occurrence frequencies of all three categories similar to those in spring. In 

boreal winter (Figure 5.11), over the middle and western Pacific, the water-dominant clouds are 

observed mostly at the north side of the equator and precipitating clouds with more ice are located 

at the south side of the tropical band. Situations are precisely the opposite over the eastern Pacific. 

During the solstitial seasons, the upper branch of the Hadley cell occurs in the summer hemisphere 

and causes increasing of precipitation. Therefore, the trends of conditional mean frequency of ice-

dominant and well-mixed clouds have significant consistency with the total precipitations, while 

the trend of conditional mean frequency of liquid-dominant clouds is opposite with the total 

precipitation variations. 
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Near the Intertropical Convergence Zone (ITCZ) and the South Pacific Convergence Zone 

(SPCZ), convective clouds with a high content of ice particles are predominate. Therefore, the 

seasonal expansion and migration behavior of the liquid and icy precipitating clouds might be 

associated with the poleward shifted Intertropical Convergence Zone (ITCZ) and South Pacific 

Convergence Zone (SPCZ) precipitation during boreal summer and winter (Horel, 1982, Waliser 

& Gautier., 1993, Donohoe et al., 2013). According to the previous studies, the position and 

intensity of ITCZ and SPCZ can be interpreted in terms of the underlying sea surface temperature 

(SST), from which the development processes of clouds and precipitations such as upwelling, 

mixing, and evaporation can often be anticipated (Mechoso et al. 1995). Our study shows a distinct 

negative correlation between the conditional mean frequencies of water-dominant clouds and ice-

dominant clouds providing intrinsic evidence on the delicate connection between the heavy 

dehydration processes and variances of the seasonal cycle.  

5.3 Variation During ENSO Cycle 
 

The association of the precipitating cloud frequency distributions with the tropospheric 

mean meridional circulation was investigated in the previous analysis. The tropical precipitating 

cloud occurrence following the equatorial circulation, including the Walker circulation over the 

Pacific Ocean, also remains to be discussed. In fact, the regional differences of precipitations over 

the tropical ocean are influenced by the El Nino-Southern Oscillation (ENSO). This interannual 

phenomenon that consists of two phases; one is a warm phase (El Nino) characterized by the 

anomalously warm surface temperature in the eastern Pacific, which will cause the local heavy 

rains. The cold phase (La Nina) is accompanied by anomalously cold surface temperature in the 

eastern and middle Pacific and will cause heavier rains in the west of Pacific and dry conditions in 

the east. During the records of GPM GMI observation, there were two identified opposite events 

of ENSO: a strong El Nino event from October 2014 to May 2016 and a weak La Nina event from 
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July 2016 to January 2017. To reduce the influence of seasonal variances, we compared the 

precipitation cloud types of the same periods from October to December of the years 2015 and 

2017.  

It is shown in Figure 5.16 that precipitating clouds from all categories are dominant over 

the middle and eastern Pacific as well as the Indian Ocean during the El Nino period. In Figure of 

La Nina months (Figure 5.17), the precipitating clouds occur more in the Indo-Pacific Warm Pool, 

where the frequencies of ice-dominant clouds are of higher values than the other two categories. 

Figure 5.18 shows the difference between the previous two figures, representing the changes of 

distributions for precipitating cloud components between the warm and cold events of ENSO. The 

three distributions of occurrence frequency differences are of the same pattern: increasing of 

frequencies over middle and eastern Pacific as well as the Indian Ocean while decreasing of 

frequencies over the western Pacific and Eastern Indian Ocean from non-El Nino period to El Nino 

period.  

When we only focus on the precipitating clouds by calculating the conditional mean 

frequencies of the three categories, the results are demonstrated in Figure 5.19 (El Nino event) and 

Figure 5.20 (La Nina event), and their difference is shown in Figure 5.21. Although the occurrence 

frequencies of the precipitating clouds during El Nino period increased in the central Pacific and 

decreased in the western Pacific (Figure 5.18), the conditional mean frequencies of the three 

categories showed different increasing and decreasing patterns. During El Nino event, although 

the precipitating systems over the central and eastern Pacific and the Indian Ocean increased, 

among them, the conditional mean frequencies of water-dominant clouds decreased while ice-

dominant and well-mixed clouds occurred more than usual. That means, over the regions with 

increasing precipitations, liquid-dominant clouds increased less than the ice-dominant and well 

mixed clouds. On the other hand, the conditional mean frequencies of the liquid precipitating 
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clouds over the western Pacific increased while the other two kinds of clouds decreased, which 

indicates the liquid precipitating clouds decreased less than the ice-dominant and well-mixed 

clouds. Overall, ice-dominant and well-mixed precipitating clouds contributed more than water-

dominant clouds to the variances of precipitation processes.   

 

 

 

 

Table 5.1 Monthly Occurrence Frequencies of 5 Categories from 19 & 166 GHz Channels 
Mon 1 2 3 4 5 6 7 8 9 10 11 12 

Cat 0 92.72 93.16 93.17 93.68 93.35 93.87 93.92 93.88 93.99 93.09 92.81 92.72 

Cat 1 4.92 4.52 4.55 4.05 4.28 3.80 3.71 3.68 3.62 4.44 4.63 4.92 

Cat 2 0.97 0.94 0.87 0.80 0.88 0.87 0.92 0.92 0.86 0.93 0.96 0.97 

Cat 3 0.62 0.60 0.56 0.56 0.59 0.58 0.60 0.63 0.61 0.61 0.65 0.62 

Cat 4 0.77 0.79 0.85 0.90 0.91 0.88 0.86 0.90 0.92 0.92 0.96 0.77 

 

 

Table 5.2 Monthly Occurrence Frequencies of 5 Categories from 19 & 89 GHz Channels 
Mon 1 2 3 4 5 6 7 8 9 10 11 12 

Cat 0 93.41 93.74 93.87 94.34 93.91 94.56 94.56 94.54 94.58 93.67 93.63 93.50 

Cat 1 4.46 4.20 4.10 3.68 4.03 3.44 3.40 3.35 3.39 4.20 4.17 4.41 

Cat 2 0.83 0.79 0.75 0.70 0.75 0.73 0.76 0.75 0.70 0.78 0.81 0.81 

Cat 3 0.68 0.65 0.62 0.60 0.62 0.61 0.62 0.66 0.63 0.66 0.68 0.66 

Cat 4 0.61 0.62 0.66 0.68 0.68 0.67 0.66 0.70 0.70 0.71 0.71 0.62 
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Figure 5.1. Pie chart of the occurrence frequencies of category1-4. (a) Classification based on 
relationship between 𝐷%&  and 𝑃𝐶𝑇'& . (b) Classification based on relationship 
between 𝐷%& and 𝑃𝐶𝑇%((. 

 
 
 

 

Figure 5.2. Horizontal distribution of annual mean occurrence frequencies for category 2, 3 and 4 
(categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.3.  Horizontal distribution of annual mean occurrence frequencies for category 2, 3 and 
4 (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇'&). 

 

 

Figure 5.4. Bar chart of monthly mean occurrence frequencies for 5 categories. (categorization 
based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.5. Bar chart of monthly mean occurrence frequencies for 5 categories. (categorization 
based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 

 
 
 

 

Figure 5.6. Annual cycle of monthly conditional mean frequencies for 3 categories. (categorization 
based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.7. Annual cycle of monthly conditional mean frequencies for 3 categories. (categorization 
based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 

 
 

 

Figure 5.8. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in boreal 
spring. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.9. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in boreal 
summer. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 

 

 

Figure 5.10. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal fall. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.11. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal winter. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 

 

 

Figure 5.12. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal spring. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 
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Figure 5.13. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal summer. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 

 

 

Figure 5.14. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal fall. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 
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Figure 5.15. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 in 
boreal winter. (categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇'&) 

 

Figure 5.16. Horizontal distribution of mean occurrence frequencies for category 2, 3 and 4 during 
El Nino event in 2015. (categorization based on relationship between 𝐷%&  and 
𝑃𝐶𝑇%(() 
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Figure 5.17. Horizontal distribution of mean occurrence frequencies for category 2, 3 and 4 during 
La Nina event in 2017. (categorization based on relationship between 𝐷%&  and 
𝑃𝐶𝑇%(() 

 

Figure 5.18. Horizontal distribution of the differences between mean occurrence frequencies of El 
Nino event in 2015 and La Nina event in 2017 for category 2, 3 and 4. (categorization 
based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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Figure 5.19. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 during 
the El Nino event in 2015. (categorization based on relationship between 𝐷%& and 
𝑃𝐶𝑇%(() 

 

Figure 5.20. Horizontal distribution of conditional mean frequencies for category 2, 3 and 4 during 
the La Nina event in 2017. (categorization based on relationship between 𝐷%& and 
𝑃𝐶𝑇%(() 
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Figure 5.21. Horizontal distribution of the differences of conditional mean frequencies between of 
El Nino event in 2015 and La Nina event in 2017 for category 2, 3 and 4. 
(categorization based on relationship between 𝐷%& and 𝑃𝐶𝑇%(() 
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CHAPTER SIX 
 

SUMMARY AND CONCLUSIONS 
 
 

In this study, a new method for precipitating cloud classification based on the relationship 

between emission and scattering signatures was presented. Brightness temperature data of low-

frequency (19 GHz) and high-frequency (166 GHz or 89 GHz) channels from the microwave 

radiometer GMI (or AMSR-2) are used to derive two variables; the polarization difference (𝐷) 

and the polarization-corrected temperature (𝑃𝐶𝑇). Specifically, D represents the emission signal, 

and PCT represents the scattering signals. For an observed cloud pixel, the lower value of D 

indicates that it contains more liquid hydrometeors, and the PCT monotonically decreases when 

the concentration of ice particles increases. According to the 𝐷 and 𝑃𝐶𝑇 relationship, observed 

clouds pixels can be classified into five categories; they are non-precipitating (category 0), light-

precipitating (category 1), liquid-dominant (category 2), well-mix precipitating (category 3), and 

ice-dominant precipitating (category 4) clouds.  

 The results of this classification method based on the two parameters (𝐷%& and 𝑃𝐶𝑇%(() 

were studied for different precipitation cases over the tropical oceanic regions. For both the 

hurricane and front cases, it was shown that the distributions of categorized cloud pixels reflected 

the horizontal structure of the systems, which were consistent with the satellite observed 

hydrometeors distributions. Since GMI is the only satellite sensor providing brightness 

temperature data from 166 GHz channel, the application of this classification method is limited by 

the time and position of sensor’s observation. To overcome this limitation, we extended the method 

to the widely used 89 GHz channel through adjusting the partition lines between categories to keep 

the sample size of every category roughly the same with those of the previous method based on 

166 GHz channel. We compared the differences between classification results based on 𝑃𝐶𝑇%(( 
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and 𝑃𝐶𝑇'&; it was shown that 𝑃𝐶𝑇%(( is more sensitive to the existence of ice particles. Thus, 

more water-dominant clouds and ice-dominant clouds can be distinguished from the mixed clouds 

pixels by the method based on 𝐷%& and 𝑃𝐶𝑇%((. Except for these subtle differences, the scattering 

signals from both 166 and 89 GHz are useful in the cloud classification method. Therefore, this 

universally applicable method not only can be applied to GPM GMI products but can also be 

extended to other radiometer products.  

The long-term characteristics of the tropical oceanic cloud hydrometeor components have 

also been studied. The precipitating clouds cover less than 10 % of the tropical oceanic regions, 

and most of them are distributed in the Indo-Pacific Warm Pool regions and the northern side of 

the equator in the eastern Pacific. As the season changes, there is a lack of significant changes in 

the total tropical precipitating cloud pixels. However, this work has underscored the importance 

of ice-dominant and well-mixed precipitating clouds in determining the seasonal and interannual 

cycles of the total precipitation in the tropical oceanic regions. Specifically, the increase of 

precipitation is always accompanied by the increasing percentage of ice-dominant and well-mixed 

rain clouds, while the percentage of liquid-dominant rain clouds decreases. Anomalies of the 

opposite sign tend to accompany the decreasing precipitations trends. In other words, when the 

total precipitation over a region decreases such as in the winter or dry seasons, the ice-dominant 

precipitating and well-mixed clouds usually decrease more than the liquid-dominant ones. It is 

because the mixed clouds and ice-dominant clouds usually correspond to the more intense 

precipitation processes defined with low emission and high scattering signals. Therefore, the trends 

of conditional mean frequencies of the categorized clouds can be used as a hint of changes in 

precipitation. 

Future work needs to proceed in two directions: (1) The application of this classification 

method over higher latitude regions requires more investigations. (2) As the GPM GMI 
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observation record becomes longer, it would be interesting to investigate the interannual variability 

and the long-term trends of hydrometeor components of precipitating clouds.  
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