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Abstract 

 

This study aims to 1) identify the properties of the differences in extreme rain estimations 

among the Tropical Rainfall Measuring Mission (TRMM) data products, that is, the 

precipitation radar (PR) 2A25 TRMM Microwave Imager (TMI) 2A12, and TRMM 

Multisatellite Precipitation Analysis (TMPA) products, and 2) characterize the 

background physical processes in the development of those heavily precipitating clouds 

that contribute to the inter-product differences. In the first step, a case study over the 

Maritime Continent is conducted to identify the statistical properties of the climatological 

and extreme precipitation. The analysis is then extended to different regions over the 

globe in light of the atmospheric environment responsible for the algorithmic errors. The 

global observations of the TRMM, CloudSat, and ECMWF Reanalysis (ERA) Interim 

datasets from 2006 to 2014 are utilized to explain the precipitation biases. An extreme 

rain database is constructed by extracting the highest portion of the rain-rate distribution 

from the rain-rate climatology at each 0.25° × 0.25° grid resolution.  

The Maritime Continent climatology, which is first studied as a pilot case study, 

shows that the PR-TMI rain rate differences are larger over land and coast than over  

ocean. When extreme rain is isolated, a higher frequency of occurrence is identified by 

the PR over ocean, followed by the TMI and the TMPA.  Over the Maritime Continent 

land, the TMI yields higher rain frequencies than the PR with an intermediate range of 

rain rates (between 15 mm h-1 and 25 mm h-1, but it gives way to the PR for the highest 

extremes.  The turnover at the highest rain rates over the Maritime Continent arises 

because the heaviest rain depicted by the PR does not necessarily accompany the strongest 

ice-scattering signals, which the TMI relies on for estimating precipitation over land and 

coast. The PR identifies heavy rain events with lower storm top heights, and the PR rain-

rate increases downward to the surface while such a vertical gradient is  absent for the 

TMI.   

In order to understand the sources of precipitation biases in more depth, the 

analysis is expanded to other geographical regions across the global tropics. In general, 

the PR identifies a larger number of rain events in the upper end of the rain-rate 



ii 
 

distribution, similarly to the Maritime Continent. Over land, the TMI detects a large 

number of extreme events associated with abundant ice particles during afternoon peak 

precipitation, while the PR does not observe as many extreme events. Over ocean, the 

TMI identifies extreme events with stronger emission signals than the PR. The TMI ice-

scattering channels also capture a regional gradient between Eastern and Western Pacific 

Ocean. TMI extreme events are associated with higher ice-scattering signals than the PR 

over Western Pacific Ocean, but lower signals over Eastern Pacific Ocean. Nevertheless, 

the PR overall exceeds the TMI in extreme rain estimates over the entire ocean domains. 

The TRMM PR and TMI precipitation estimates are studied in light of the 

CloudSat radar reflectivity and ERA-Interim data to assess the atmospheric environment 

such as the cloud structure and thermodynamic field associated with the precipitation 

system. The CloudSat and ERA-Interim data are composited with respect to the 

occurrence of extreme rains to identify the detailed cloud structures and the background 

environmental conditions which are not captured by the TRMM. The CloudSat composite 

analysis shows that the PR and TMI capture different degrees of convective organizations. 

Over the tropical ocean, the TMI identifies heavy rainfall events with notable convective 

organizations and clear regional gradients between the western and eastern Pacific Ocean, 

while the PR fails to capture the eastward shallowing of convective systems. Over tropical 

land, the TMI tends to preferentially detect deep isolated precipitation clouds in relatively 

drier and unstable environments, while the PR identifies more organized systems. The 

PR-TMI differences for the moist and stable environments are reversed over tropical land. 

The cloud vertical-horizontal extents at different level of organizations affect the 

distribution of liquid and ice particles, which are responsible to the PR-TMI estimation 

biases in extreme rainfall. 
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1. Introduction 

 

1.1 Background 

Precipitation systems in global tropics are often characterized by the high frequency of 

heavy rainfall events. The extreme events have significant contributions to the large 

frequency of hydrometeorological hazards over this area. For example, an analysis of 11-

year records of global flood frequency in 1998-2008  shows that a considerable number 

of fatalities over South and South East Asian Countries, African Sahel, and Central 

American Regions  (Adhikari et al. 2010). Heavy rain events are also responsible for 

triggering landslides, which also generate a significant number of causalities over those 

regions (Kirschbaum et al. 2009). Information about heavy rain events is therefore 

important as an input in monitoring and forecasting hydrometeorological hazards (Hong 

et al. 2007; Pappenberger et al. 2012), which in turn, could be beneficial for reducing 

societal exposure to those hazards. 

Various studies have been aimed to characterize the environmental factors 

accompanying the extreme rain events over the global tropics. In general, extreme rain 

events are related to large instability near the surface and large-scale moisture 

convergence in the thunderstorm development  (Reale et al. 2012). In the initial stage, 

warm-moist air at near-surface begins to rise due to the large positive buoyancy. In the 

mature stage, the top of clouds approaches tropopause and forms anvil top. Heavy 

precipitations occur primarily in this stage due to intensive condensation above the 

freezing level. In the dissipating stage, the updraft stops and the precipitation decreases 

(Houze 1993).  Heavy rain events are also often associated with mesoscale convective 

systems (MCSs) (Maddox 1980).  In MCSs, precipitating clouds become organized and 

last over several hours or even longer (Houze 1993). Heavy precipitation can accumulated 

to a considerable degree when the systems are maintained for a long duration at the same 

location (Moore et al. 2012; Schumacher and Johnson 2005). 

Despite the importance of monitoring extreme rainfall, various constraints still 

exist due to limitations of ground observations in measuring precipitation. Most ground 

observations over land depend on the availability of weather stations and radar networks. 

The existence of mountainous areas, deserts, forests, and remote islands hinders the 



2 
 

deployment of those networks (Liu and Zipser 2014). Over the global ocean, the ground 

measurements mostly depend on buoys, which are also unevenly distributed (Liu and 

Zipser 2014).  The above conditions result in the lack of observations, so the general 

mechanisms of the extreme precipitation development in the Tropics are hardly explained 

using ground-based observations only.  

 

1.1.1 The Tropical Rainfall Measurement Mission (TRMM)   

Precipitation estimates derived from satellite observations are now widely used in various 

meteorological studies to overcome the limitations in ground-based observations. One of 

the earliest precipitation estimation methods was developed by using infrared (IR) sensors 

obtained from geostationary satellites (Griffith et al. 1978). IR sensors measure cloud top 

temperatures as a proxy of surface precipitation estimations, although these 

measurements are known to be only indirect estimations. Currently, precipitation 

estimations using passive microwave (PMW) radiometers are widely used, and many 

satellites carry these instruments. PMW radiometers use a more direct approach of 

measuring emission signals from liquid-phase hydrometeor contents as well as scattering 

signals from ice-phase hydrometeors inside precipitating clouds (Wilheit 1986; Wilheit 

et al. 1994). A further breakthrough was brought about by the Tropical Rainfall 

Measurement Mission (TRMM) (Kummerow et al. 1998). The TRMM was equipped with 

a precipitation radar (PR) as an active sensor in addition to the TRMM microwave imager 

(TMI), which was a passive sensor (Kummerow et al. 1998; Simpson et al. 1996). 

Substantial amounts of precipitation data over the global tropics have been 

collected through the TRMM mission. The long-term observations (from the end of 1997 

to 2014) have enabled the detection of numerous rare events related to precipitation, 

particularly extreme rainfall. Information regarding various key aspects related to extreme 

events might be retrieved from rainfall estimates derived from both TRMM PR and TMI.  

PR is the first spaceborne precipitation radar with a 13.8 GHz frequency band with 

vertical profiling ability in detecting raindrop-size particles (Iguchi et al. 2000). The 

vertical profiling ability is achieved by measuring the time difference between each 

transmitted radar pulse and received echo signals (Figure 1). By measuring the return 

time, distances between the observed object and the satellite could be calculated and 
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converted to heights. In the PR algorithm, rain-rates are determined by the relationships 

between radar reflectivity (Z), specific attenuation (k) and rain rate (R)  as well as the path 

integrated attenuation (PIA) (Iguchi et al. 2000). 

In contrast to PR, TMI estimates precipitation based on microwave emissions and 

ice-scattering signals from precipitating clouds (Kummerow and Giglio 1994; 

Kummerow et al. 1996). The TMI estimates instantaneous rain rates based on a given set 

of brightness temperature inputs from the emission bands (10, 19, 21, and 37 GHz) and 

85 GHz ice-scattering bands (Kummerow et al. 1998). Physically-based assumptions are 

utilized to derive the statistical relationship between the brightness temperature and rain-

rates (TB-R). In the standard TMI algorithm, TMI utilizes a Bayesian approach to calculate 

the probability of the rain rate by comparing the retrieved and observed microwave 

signals using a hydrometeor profile database (Kummerow and Giglio 1994; Kummerow 

et al. 2001). However, unlike PR, TMI cannot measure vertical rain structures and, 

therefore, depends entirely upon assumed vertical cloud structures (Kummerow et al. 

2001). TMI has another disadvantage when estimating rain rate over land surfaces due to 

the noise generated by surface emissions. Therefore, over land surfaces, the TMI 

algorithm depends entirely on the 85 GHz and 21 GHz bands (Wang et al. 2009). 

 

1.1.2 TRMM PR-TMI rain estimation biases 

Due to the aforementioned differences in measuring principles between the active and 

passive sensors of the TRMM, rain-rate estimation biases exist among the TRMM-

derived rainfall products. Therefore, the accuracy of satellite precipitation estimation is 

subject to its own uncertainties compared to ground-based observations. Various studies 

have been conducted to identify the differences in  TRMM-derived rainfall products on a 

global scale by directly comparing the precipitation estimates  (Berg et al. 2006; Kumar 

et al. 2009; Gopalan et al. 2010), or by identifying the factors underlying the differences, 

for example, based on its corresponding precipitation water (Masunaga et al. 2002) and 

precipitation features (Liu and Zipser 2014).    

Several studies have highlighted the fundamental causes of the PR-TMI 

differences.  One of the currently known sources of biases comes from the TMI ice-

scattering signals. Higher ice-scattering signals are acquired by TMI at mature to 
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decaying stages of convection, where the storm top height is maximum with abundant ice 

particles (Furuzawa and Nakamura 2005).   However, these types of events may have low 

near-surface rain due to a time lag between the processes occurring at the cloud top and 

the surface (Rajendran and Nakazawa 2005).  A comparison study with ground radar data 

over the United States showed that TMI has a significant overestimation concerning ice 

particles (Zagrodnik and Jiang 2013). Very high rain-rates are often estimated by TMI at 

low brightness temperatures particularly below 220 K, while PR shows a less significant 

relationship between rain-rate and ice scattering signals.   

In addition to the global comparison, a large number of regional comparison and 

validation studies have been conducted to analyze the differences, for example, by 

comparing against other satellite products, ground radar, and rain gauge data. In general, 

precipitation estimates from both PR and TMI tend to underestimate ground-based 

observations (Prakash et al. 2012). However, the above studies indicate significant 

improvements for the most recent TRMM algorithms (V7), and the global rain 

estimations by PR and TMI show a better agreement compared to the earlier versions. 

Nonetheless, the regional-scale differences remain large, which are presumably due to 

regional variations of climate characteristics affecting precipitation-related processes 

(Berg et al. 2006).    

 

1.1.3 TRMM PR-TMI extreme-rain biases 

Various studies have attempted to explore the origins of the rain-rate differences between 

PR and TMI, but not many studies were focused on the extreme events, which have a 

threatening potential to cause severe disasters. The estimation of heavy rain-rates from 

satellites remains challenging because of the large uncertainties involved in the estimation 

process. In the PR point of view, Z from the PR sensor in the Rayleigh limit is the sixth 

moment of the drop  size distribution (DSD), which is written as follows: 

 

𝑍 = ∫ 𝑁(𝐷)𝐷6𝑑𝐷
∞

0
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where N(D) is the particle size distribution as a function of diameter (D). The above DSD-

reflectivity relationship of the 13.8 GHz radar frequency is subject to considerable 

attenuation when large raindrops are present, as is typical for heavy rainfall events. To 

correct attenuation, a hybrid method involving the Hitschfeld-Bordan and surface 

reference technique (SRT) is utilized (Iguchi et al. 2000, 2009). The Hitschfeld-Bordan 

method produces the best estimate at light rain rates, but it fails for high rain rates. 

Furthermore, this method often generates higher PIA as an effect of the cumulative error 

from its vertical profiling. In contrast, SRT can produce better results for heavy rain, but 

it has no vertical information.In the PR standard rainfall algorithm, the PIA from the 

Hitschfeld-Bordan method is adjusted with the SRT to obtain optimal estimates. Previous 

studies have found that precipitation estimation biases derived from the PR arise from the 

assumptions in the DSD and attenuation correction (Iguchi et al. 2009; Kozu et al. 2009; 

Schumacher and Houze Jr 2000). Some ground validations indicate that the PR often 

shows rain-rate values that underestimate the heavy rain rates (Henderson et al. 2017; 

Kirstetter et al. 2013; Zagrodnik and Jiang 2013), especially for convective rains (Iguchi 

et al. 2009).  

In contrast to PR, TMI is less sensitive to the DSD assumptions than those from 

the PR since microwave emission signals depend largely on liquid water path (LWP) 

regardless of DSD. The 85-GHz TMI brightness temperature channels are more sensitive 

to ice particles than those at lower-frequency channels. The lower frequency channels 

(especially at 10 GHz) have their own disadvantages in rainfall estimations due to the 

beam-filling effect because the footprint is large (Kummerow 1998; Kummerow et al. 

2004). In the case of deep isolated rainfalls, the rain-rate might be underestimated since 

the extreme rain can be averaged out within a footprint. As a result, TMI rainfall biases 

for deep isolated precipitation systems can be more significant than they would be for PR 

(Liu and Zipser 2014).  Although TMI TBs does not strongly depend on DSD, biases could 

be generated by DSD assumptions in the conversion from the liquid water contents to rain 

rates (Masunaga et al. 2002). 

The deep convection is known to have tall cloud structures, with low temperatures 

at the top and large precipitation amounts at the bottom. Theoretically, the stronger and 

taller the deep convective grows, the more rain it will produce. However, using previous 

studies involving the PR and TMI comparisons and validations (Berg et al. 2006; 
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Furuzawa and Nakamura 2005; Shige et al. 2006), more complicated variations heavy 

rainfall structures have been observed throughout the global tropics. Over tropical land 

areas, PR tends to detect heavy rain rates with lower storm top heights (STHs) than TMI 

(Liu and Zipser 2014; Hamada et al. 2015) (Figure 2). The rain with lower STHs 

identified by PR is likely associated with a more humid environment (Song and Sohn 

2015). They also suggest that PR detects extreme warm rain events with significant 

collision and coalescence processes near the surface. It has been identified that the 

extreme events could occur in a more stable environment since the higher humidity 

enhances the graupel production in the mid-troposphere (Song et al. 2017) (Figure 3). The 

above differences are less significant over ocean than over land. Over the global ocean, 

TMI identifies greater precipitation areas than PR (Liu and Zipser 2014).  It also has been 

known that TMI tends to produce a higher estimation for the extensive stratiform rain and 

a lower estimation for the convective rain than those of PR (Henderson et al. 2017) 

(Figure 4). It is also suggested that the tendency of TMI in detecting the large-scale 

stratiform rain is related to the beam-filling effect. From the above studies, we could infer 

that these rain estimation biases in extreme rainfall might be related to specific physical 

differences in the environmental factors responsible for precipitation formations. 

 

1.2 Objectives and outline of this thesis 

Although previous results well characterized the PR-TMI rainfall biases, the reasons why 

the differences exist were left unresolved. This study is aimed to assess the origins of the 

biases, particularly for heavy rain events.  Identifying the origin of the heavy rain biases 

could help develop more accurate satellite estimations, which is useful for disaster early 

warning systems and understanding the future climate. To address this issue, the 

corresponding cloud structures from CloudSat and the background environmental profiles 

from ERA-Interim are utilized. CloudSat provides information about cloud droplets-size 

particles by utilizing a 94 GHz cloud profiling radar (Stephens et al. 2002).  CloudSat 

could provide information about cloud structures, which are not entirely captured by PR. 

ERA-Interim data are also useful for characterizing the background environmental 

condition in the extreme rain development. The utilization of CloudSat and ERA-Interim 

gives detailed background analysis to explain the origin of the biases.  
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The description of the datasets and explanations of the research methodology are 

shown in detail in Section 2. Description about the TRMM, CloudSat, and ERA-Interim 

products utilized in this research is given in Subsection 2.1. Explanation of the 

methodology to compare the three datasets is shown in Subsection 2.2. An attempt to 

characterize the TRMM estimation biases in general (climatological) rainfall and extreme 

rainfall among the products using the Maritime Continent case study is shown in Section 

3. General characteristics of the Maritime Continent that possibly influence the biases is 

explained in Subsection 3.1. Statistical intercomparison of the general rain biases is 

explained in Subsection 3.2. The climatological biases as a function of probability 

distribution is explained in Subsection 3.3. The estimation differences under extreme 

condition are emphasized in Subsection 3.4. The results of the case study are expanded 

to global ocean and land in Section 4. As an initial introduction to the global differences, 

the differences between the TRMM general and extreme-rain biases are presented in 

Subsection 4.1. The comparison of the collocated PR reflectivity profiles and STHs are 

shown in Subsection 4.2. The comparison of collocated TMI brightness temperature 

signals is shown in Subsection 4.3. The differences are further examined using the 

CloudSat and ERA-Interim in Section 5. The CloudSat cloud structures accompanying 

the PR-TMI differences are shown in Subsection 5.1. The corresponding environmental 

profiles are shown in Subsection 5.2. The discussion of the differences in the physical 

processes and their relationships with convective structure organizations are provided in 

Subsection 5.3. General conclusions of this research are given in Section 6. 
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Figure 1. Ilustration of the physical concept differences between TRMM PR and TMI in 

estimating rain-rates. TRMM PR (left) measures radar reflectivity from large 

hydrometeor particles, while TMI (right) measure microwave emission from 

liquid hidrometeor particles and scattering from ice particles (Images from 

http://www.eorc.jaxa.jp).  
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Figure 2. Composite structures of radar reflectivity at extreme pixels within the TRMM 

observation domain. R_ONLY indicates rain events with PR near-surface 

reflectivity above the uppermost 0.1%. H_ONLY indicates rain events with PR 

echo top heights above the uppermost 0.1%. RH indicates rain events with PR 

near-surface reflectivity and echo top heights above the uppermost 0.1% 

(Hamada et al. 2015).  
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Figure 3. Temporal evolution of (a) Convective Available Potential Energy (CAPE), (b) 

Total Precipitable Water (TPW), (c) 15 dBZ echo height, and (d) precipitation 

rate in the idealized experiments. Red lines indicate a warm rain process at 

moister, but stable environment. Blue lines indicate a cold rain process at less 

moist, but unstable environment.  Cold 1 and Warm 1 experiments was expressed 

by the observed differences, and increased to 4 times perturbation (Song et al. 

2017). 
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Figure 4. Precipitation regime-based statistics for PR and TMI rain rates for: (a) fraction 

of precipitation regimes for all years, El-Nino, and La Nina years, (b) the fraction 

of precipitation regime identified as a stratiform case, (c) ffraction of rainfall 

contributed by each precipitation regime for PR, and (d) fraction of rainfall 

contributed by each precipitation regime for TMI (Henderson et al. 2017). 
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2. Data and method 

 

2.1. Data  

This study utilizes the TRMM precipitation data from PR and TMI as the core dataset for 

the comparative analysis. The 94 GHz radar reflectivity data from CloudSat are used to 

explain the different cloud structures associated with the PR and TMI heavy rainfall 

events. Several environmental variables from ERA-Interim are used to explain the 

thermodynamic environments involved in the formation of PR and TMI heavy rainfall 

events. The description of each dataset utilized in this research is described in this 

subsection. 

The TRMM product used in this research is the version-7 level 2 product. The 

level 2 product contains the instantaneous precipitation data from TRMM PR and TMI. 

The PR precipitation dataset analyzed in this work was obtained from the near-surface 

rain rates from the TRMM PR 2A25 product (NASA 2011a).  This product has an 

approximately 5 km2 horizontal resolution at nadir and a 250 km swath width (Iguchi et 

al. 2000). Three-dimensional rain-rate and corrected reflectivity profiles are utilized in 

this research. In the 2A25 product, the vertical profiles are stored for every 250 m vertical 

distance within 80 height bins. The vertical profiles extend from the surface to about 20 

km in height. The main data utilized in this analysis is the ‘near-surface rain’ data, which 

is obtained from the rain profiles above the identified ground clutter. Storm top height 

(STH) data from TRMM PR 2A23 are also utilized to describe the PR-TMI differences. 

The STH is defined as the top height of reflectivity profiles above the PR minimum rain-

rate detection (> 17 dBZ), which is similar to precipitation top heights.  

The TMI precipitation dataset was obtained from the TRMM TMI 2A12 product 

(NASA 2011b). The horizontal resolution is coarser than that of PR but has a broader 

swath width than PR (±850 km) (Kummerow et al. 1998). In the Version 7, TMI surface 

rain over the ocean is estimated from the Bayesian approach between matched TMI TBs 

and PR near-surface rain data. The matched PR rain-rates in this version act as a 

replacement to cloud-resolving model data utilized in the previous versions. This 
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replacement yields an improvement in the current algorithm. To further examine the 

details of the differences originating from the emission and ice-scattering patterns 

obtained by the PMW sensor, the brightness temperature dataset from TRMM TMI 1B11 

is also analyzed (NASA 2011c). Slight changes in the original spatial resolution and 

swath widths due to an orbit boost in 2001 are considered to be negligible for the present 

purposes. The TMI surface flags from the same product are used to classify the surface 

types and separate the study area into ocean and land surfaces. 

The cloud properties corresponding to the PR and TMI heavy rainfall events are 

derived from CloudSat, which has operated from 2006 until present. CloudSat carries a 

94 GHz Cloud Profiling Radar (CPR) that captures the vertical cloud profiles (Austin et 

al. 2009; Stephens et al. 2002). Each CloudSat profile contains 125 vertical height bins, 

which extends from the surface to about 30 km in height. By design, the CloudSat 

measurements provide only vertical cross-section of clouds along its track with a 

horizontal resolution of approximately 1.4 × 1.7 km. This resolution is approximately 

three times finer than that of TRMM PR. In this analysis, the CPR reflectivity data from 

the CloudSat-2B-GEOPROF product are used (CloudSat DPC 2017). Cloud flag data 

stored in the same product are also obtained to classify the cloud/non-cloud states. The 

rain-type data from CloudSat-2B-PRECIP are also analyzed to classify the observed rain 

events into convective/stratiform precipitation events. The CloudSat measurements are 

matched in space and time with the TRMM. 

The ERA-Interim data contains atmospheric reanalysis products with a horizontal 

grid resolution of approximately 0.75° × 0.75° and contains 37 vertical levels, spanning 

from 1000 hPa to 1 hPa (Dee et al. 2011). The ERA-Interim dataset is available for 1979 

until the present (European Centre for Medium-Range Weather Forecasts 2017), which 

covers the TRMM and CloudSat observational periods. The data are available for four 

times a day. In this analysis, the air temperature, specific humidity, relative humidity, and 

vertical velocity data are used to explain the physical processes related to the PR-TMI 

differences. 
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2.2 Method 

2.2.1 Spatial and temporal coverage of the analysis 

The global tropical areas are divided into several domains to identify the regional 

differences in the PR and TMI estimations of extreme rain events. The regions are further 

classified into ocean and land subregions. Over the tropical ocean, the domains are 

divided into the a) Global Tropical Ocean (GlobalTropics), from 180°W-180°E and 15°S-

15°N; b) Maritime Continent (MaritimeCont), from 90°E-150°E and 15°S-15°N; c) 

Tropical West Pacific (WestPac), from 150°E-180°E and 15°S-15°N; d) Tropical Central 

Pacific (CentralPac), from 130°W-180°W and 15°S-15°N; and e) Tropical East Pacific 

(EastPac), from 90°W-130°W and 15°S-15°N.  

Over the tropical land, the domains were divided into the a) Global Tropical Land 

(GlobalTropics), from 180°W-180°E and 15°S-15°N; b) Maritime Continent 

(MaritimeCont), from 90°E-150°E and 15°S-15°N; c) South America (SouthAm), from 

45°W-80°W and 35°S-15°N; and d) Central Africa (CentralAf), from 15°E-45°E and 

15°S-15°N. The domains are shown in Figure 6. The analysis spans 2006-2014, when 

TRMM, CloudSat, and ERA-Interim data are all available. 

 

2.1.3 TRMM data processing 

Due to differences in area coverage and spatial and temporal resolutions among the three 

products, a direct comparison among these data is difficult in the original format of each 

dataset; therefore, a pre-processing routine is required. In this research, we consider the 

data only in which a PR swath exists, neglecting the TMI data falling outside the PR field 

of view because the PR swath is narrowest. Since the spatial resolution is approximately 

5 km × 5 km for PR and 5 km ×12 km for TMI, a spatial averaging technique should be 

implemented. First, the precipitation data from PR and TMI are plotted onto a 0.25° × 

0.25° grid. All precipitation data points are averaged inside each grid point to represent 

the grid point rain-rate value. This process ensures that the precipitation biases due to the 

resolution differences in the original PR and TMI measurements are minimized.   

The ocean/land surfaces are determined using the TMI surface flag at the 0.25° × 

0.25° grid resolution. In the original resolution, the TMI  surface flag is determined to 
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classify TMI footprint into ocean, land, and coast surfaces. Inside the 0.25° × 0.25° grid 

resolution, each surface flag is populated. If more than 2/3 of the grid is dominated by 

ocean flags within each 0.25° × 0.25° grid box, the grid is classified as an ocean grid. A 

similar criterion was used for the land grids. Grids that did not meet the above condition 

represent coast/mixed surfaces and are not considered in this analysis. 

The minimum rain rate differs between the TRMM PR and TMI products. The 

minimum PR echo detectability is approximately 17 dBZ (Iguchi et al. 2000), close to 0.5  

mm h-1.  The latest version of the TMI algorithm (Version 7) removes the rain/no-rain 

screening over the ocean and instead provides rain probability parameters, with a 

minimum detectability of 0.4 mm h-1  (Zagrodnik and Jiang 2013). Therefore, in addition 

to the spatial and temporal differences, there is also a difference in the definition by which 

each pixel is categorized as rain or non-rain from PR and TMI. There are three main 

groups of non-rain/rain flag classifications from PR, consisting of no-rain, rain-possible, 

and rain-certain fields (NASA 2011a). A pixel is classified as rain in PR when its echo 

exceeds a certain threshold. Furthermore, when the echo is weak but higher than the 

threshold or when it is possibly influenced by clutter contamination, it is labelled as a 

rain-possible field. Since the minimum rain rate detectability is approximately 0.5 mm h-

1  from PR and considerably lower for TMI, we set a higher value than the threshold for 

determining raining/non-raining grids to avoid ambiguity. In this analysis, we set a 

threshold of 1 mm h-1 to classify raining/non-raining grids. 

 

2.2.3 Extreme rainfall analysis 

There are various methods for categorizing non-extreme and extreme rain events. For 

example, (Hamada et al. 2015) defined the uppermost 0.1% data distribution at each 2.5° 

× 2.5° grid as extreme events. Furthermore, due to large variations accompanying 

different classification methods, multiple classification methods to define the extremes, 

such as fixed thresholds, regional uppermost values, and annual maximum values could 

be utilized (Kiktev et al. 2003). 

In this work, a heavy rainfall event database is constructed by simply taking the 

uppermost 10% of the rain rates from the data in each grid coordinate. Using the 10% 

threshold as an extreme criterion rather than using an even higher threshold ensures that 



16 
 

the combined datasets capture a sufficient number of observations. The database contains 

information about the grid rain rate, the grid center coordinate, the maximum rain rate 

inside the grid, the geolocations of the maximum rain rates inside the grid, and the 

recording times of each identified heavy rainfall event. 

The TMI brightness temperature data are also gridded following the same rules as 

the PR and TMI precipitation data. Over the ocean surface, the brightness temperature 

data from all nine TMI channels are analyzed. Only the brightness temperature data from 

the 85 GHz vertical and horizontal polarization channels are used for the land surfaces. 

In this research, ice-scattering signals in the TMI 85 GHz brightness temperature are a 

proxy of heavy convective rainfall although such signals are more heavily relied upon 

over land than over ocean. Differences between PR and TMI estimations that are 

attributed to the ice-scattering signal have also been reported, particularly between deep 

convection and warm rain events  (Nesbitt et al. 2000; Zagrodnik and Jiang 2013). 

Regarding this issue, we identify the extremes as a function of polarization-corrected 

brightness temperature (PCT), which is calculated based on the vertically polarized 

brightness temperature (TBV) and horizontally polarized brightness temperature (TBH) at 

85 GHz band (Spencer et al. 1989). The PCT calculation combines the vertical and 

horizontal polarization TBs to a value which is relative to clear air TBs. The PCT is 

intended to eliminate the influence of surface emissions. The PCT is calculated following 

(Spencer et al. 1989), where: 

 

𝑃𝐶𝑇 = 1.818 𝑇𝐵𝑉 − 0.818 𝑇𝐵𝐻 

 

 

2.2.4 CloudSat and ERA-Interim data processing 

The combination of TRMM-CloudSat data is achieved by using a similar method to that 

described by (Masunaga 2012). In this analysis, the precipitation events identified by the 

TRMM are utilized as the space and time centers to be matched with the CloudSat data 

(Figure 5). Utilizing the temporal differences between the TRMM and CloudSat data, the 

precipitation cloud properties before, at, and after extreme events are statistically 

reconstructed. Although the temporal changes could be easily obtained, identifying the 
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heavy precipitation clouds at a 0.25° × 0.25° resolution could produce inaccurate results 

since CloudSat has a very narrow FOV. Therefore, only slices of the TRMM gridded data 

that overlap with the CloudSat FOV (1.4 km ×1.7 km) are considered. The coordinates 

with the maximum rain rates inside each TRMM grid are utilized to ensure that CloudSat 

captures the center of the heavy precipitation systems. Only grids where the CloudSat 

coordinates are centered between ±5 km from the coordinate of the TRMM maximum 

rain rate are selected. The maximum time difference between the TRMM and CloudSat 

observations is set to ±1.5 hours. These strict criteria limit the number of samples from 

CloudSat to about 80 samples over the land domains (Table 1). 

Two-dimensional (horizontal distance-height) composite cloud fractions are 

constructed to diagnose the PR and TMI extreme precipitation cloud structures. The 

composite cloud fractions are generated by using a similar method to that described by 

Igel et al  (2014). Clouds are identified using the minimum detected reflectivity threshold 

of -28 dBZ. Only the single cloud closest to the coordinate of the maximum rain rate 

inside each grid point are considered when the composite cloud fractions are computed. 

To further explain the PR and TMI extreme precipitation cloud differences, the 

convective/stratiform cloud fractions are calculated using the CloudSat rain-type flags. 

The convective/stratiform ratios are calculated for each 1.5-hour bin for the 6 hours before 

and after the heavy rain rates were identified by the TRMM.  

In contrast to the TRMM instantaneous rain rates, the ERA-Interim dataset has 6-

hourly observations with a coarser resolution than the quarter-degree gridded 

precipitation database. In this analysis, those ERA-Interim grid coordinates nearest to the 

corresponding TRMM grid are obtained to represent the environmental profiles. Only the 

ERA-Interim data that fall between 1.5 hours before and after the TRMM extreme events 

are considered. The potential temperature and specific humidity profiles are then 

averaged for each ocean/land region. The Convective Available Potential Energy (CAPE) 

is calculated to explain the relationship between the PR-TMI extreme rain rates with 

environmental instability. The CAPE represents the maximum energy available to an 

ascending air parcel, and calculated by using the following equation: 
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𝐶𝐴𝑃𝐸 = ∫ 𝑔 (
𝜃(𝑧) − �̅�(𝑧)

�̅�(𝑧)
) 𝑑𝑧

𝐸𝐿

𝐿𝐹𝐶

 

 

where LFC is the level of free convection and EL is the height of the equilibrium level 

(neutral buoyancy). 𝜃(𝑧) is the virtual temperature of the specific parcel, �̅�(𝑧) is the 

virtual temperature of the environment, and g is the acceleration due to gravity. The CAPE 

was averaged for each 1.5 hour bin from 24 hours before and after the extreme events 

observed in the TRMM.  
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Table 1. Total Number of Observed CloudSat Collocated Profiles for the TRMM rain rate 

> the uppermost 10% 

Region Ocean  Land 

 PR TMI  PR TMI 

GlobalTropics 2092 1703  730 940 

MaritimeCont 457 396  103 80 

WestPac 339 268  - - 

CentralPac 323 308  - - 

EastPac 175 174  - - 

SouthAm - -  432 491 

CentralAf - -  176 220 
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Figure 5. Illustration of the match-up process between the TRMM and CloudSat).  

CloudSat composite time series are calculated using time differences between 

TRMM and CloudSat observations (Adapted from Masunaga (2012). 
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Figure 6. Regional domains in this analysis. Shaded colors show the number of CloudSat 

deep convective cases over the (1) Global Tropics, (2) Maritime Continent, (3) 

West Pacific, (4) Central Pacific, (5) East Pacific, (6) South America, and (7) 

Central Africa. 
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3. Comparison of TRMM PR-TMI rain estimation biases in 

general and extreme rainfall: A case study of the Maritime 

Continent 

 

3.1 The Maritime Continent Heavy Rainfall 

In this section, a pilot analysis with focus on the Maritime Continent is conducted to first 

illustrate the statistical aspects of the inter-product differences in climatological and 

extreme precipitation. Targeting on a specific area is useful for separating algorithm-

specific issues from the regional variability responsible for the algorithm biases. The 

TRMM TMI often estimate lower rain-rates than the PR over the Maritime Continent, but 

becomes larger over Eastern Pacific Ocean (Henderson et al. 2017). The above difference 

is not clearly observed when the global domain is averaged. In this section, the statistical 

properties from TRMM PR, TMI, and TMPA over the Maritime Continent are presented.  

The Maritime Continent (MC), as introduced by Ramage (1968), defines an 

archipelagic area over the tropics and is primarily characterized as one of the highest 

precipitation areas on earth (Figure 7). The MC covers a wide area that surrounds 

Southeast Asian countries between the Indian Ocean and the Pacific Ocean, i.e., 

Peninsular Malaysia, Singapore, Indonesia, Brunei, Timor, and New Guinea (Qian 2008). 

Considerable amounts of precipitation occur over the MC due to a combination of 

complicated environmental factors. One of the most influential components is the 

existence of warm surface water in the Western Pacific Ocean and the Eastern Indian 

Ocean, which are labeled as "warm pools" (Ramage 1968). High evaporation rates over 

these warm pools provide a large moisture supply around the MC, which subsequently 

becomes a source of precipitation over the area. However, despite the large moisture 

supply, precipitation over the MC would be less without an enhancement effect from  the 

Southeast Asian Monsoon, which is known as one of the most predominant monsoons in 

the world  (Kripalani and Kulkarni 1997). This monsoon transports moisture from the 

surrounding ocean directly toward the center of the MC. From December to February, the 

westerly monsoonal wind dominates and carries abundant moisture from the Indian 
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Ocean, whereas in June through August, the moisture is primarily transported from the 

Pacific Ocean (Aldrian and Dwi Susanto 2003; Chang et al. 2005). Large amounts of 

precipitation frequently occur when large volumes of moisture carried by the monsoon 

reach close to the islands, transported further to the land particularly during late afternoon, 

and condensed due to a lifting process as a result of the island's mountainous landform 

(Mori et al. 2004; Ichikawa and Yasunari 2006). Although there are significant variations 

due to the local topography, the resulting processes generally yield high precipitation 

concentrations in the central part of the land (Qian 2008).   

The MC's regional characteristics are often described as an area with intense deep 

convections (Qian 2008). The environmental characteristics specific to the MC are not 

only responsible for the high annual precipitation, which is approximately 1,500-3,000 

mm year-1 over land (As-Syakur et al. 2013), but also the high frequency of extreme 

precipitation that can trigger hazards over the MC. An analysis of 11 year records of 

global flood frequency in 1998-2008 conducted by Adhikari et al (2010) shows that 

Indonesia (which constitutes the largest part of the MC) is listed as one of the top ten 

countries for the number of flood events. Several studies have aimed to characterize the 

environmental factors accompanying the extreme events, and these studies indicated that 

there are various intra-annual and inter-annual factors involved.  For example, an analysis 

of extreme events over Peninsular Malaysia and North Borneo conducted by Salahuddin 

and Curtis (2011) from 1998 to 2007 revealed that the combination of the South China 

Sea circulation and the Madden Julian Oscillation (MJO) is a factor that generates the 

extreme events. The MJO influence was also identified by Tangang et al (2008) in 

Peninsular Malaysia during flood events in December 2006 to January 2007, where an 

active phase of the Indian Ocean Dipole (IOD) was also viewed as another factor 

responsible for the extremes. However, due to a lack of observations, the general 

mechanism for the extreme precipitation dynamics over the MC is still not fully 

understood.  

 

3.2 Statistical Intercomparison 

As an initial analysis, the three datasets are compared over a range from very light rain to 

the heaviest rain. A comparison over coast is also conducted to obtain a more detailed 
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view of the ocean-coast-land differences. Several statistical intercomparisons are 

conducted for the three datasets, consists of mean rain-rates, rain biases, and root mean 

squared error (RMSE).  

The mean rain rate is computed in two different manners: conditional and 

unconditional rain rates. The conditional means are calculated with raining grid boxes 

only (grid with rain rate > 0.5 mm h-1 while the unconditional means represent the average 

of all grid boxes irrespective of raining or non-raining. The mean values are obtained 

separately for different surface types of ocean, land, and coast/mixed surfaces. We also 

study the potential difference in moderately or extremely heavy rainfall using several rain 

rate thresholds. Eight thresholds of 0.5, 1, 5, 10, 15, 20, 30, and 40 mm h-1 are examined, 

below which all rain rates are excluded. 

A comparison of the unconditional and conditional means for each surface type is 

presented in Table 2. This table shows that TMPA has the highest unconditional mean 

compared to PR and TMI for all surface types, that is, 0.21, 0.32 and 0.23 mm h-1 for 

ocean, land, and coast, respectively. In contrast to the unconditional mean, TMPA has the 

lowest value for any surface type  as observed from the conditional mean. TMI tends to 

produce the highest conditional means compared to PR and TMPA. The TMI conditional 

mean for land is 2.74 mm h-1 and for coast is 2.55 mm h-1, while PR produces the highest 

conditional mean over ocean (2.41 mm h-1).  The differences between PR-TMI 

conditional means are further investigated based on its original pixel-by-pixel standard 

deviations within each TMPA grid resolution.  The PR standard deviations for ocean, 

land, and coast are 3.60, 3.87, and 3.82, while TMI standard deviations are 1.67, 2.59, 

and 2.55. In general, PR yields higher rain-rate variations than TMI within the 0.25° ×  

0.25° grid resolution. It is possible that rain events detected by PR contain smaller 

precipitating areas than TMI because the PR swath is narrower than the TMI swath.   

To obtain more detailed information than the mean values from all rain rates, it is 

useful to identify the rain occurrence above specific rain rate thresholds compared to the 

total number of observations, as shown in Table 3.  A comparison of rain frequencies over 

ocean, land, and coast shows that generally the land surface often has the highest rain 

frequency. As identified by Qian (2008), this contrast likely results from the strong 

afternoon heating over land that draws large moisture flux from the ocean, which then 

condenses into rain in the central part of the islands. The rain rate remaining the highest 
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over land holds for light rain to heavy rain from > 0.5 mm h-1 to > 20 mm h-1. Furthermore, 

this table also provides support for the previous result related to the large number of very 

light rain rates identified by TMPA. In this case, TMPA has a higher frequency for very 

light rain rates (> 0.5 mm h-1 and > 1 mm h-1) but decreases to less than PR and TMI for 

the higher thresholds (> 5 mm h-1 and above). At the middle to upper range, PR tends to 

identify a higher number of rain events compared to the other two estimates.  The higher 

PR frequency is particularly found over ocean and coast from rain-rate > 5 mm h-1 to > 

40  mm h-1 thresholds. In contrast to PR, TMI tends to identify higher rain frequencies for 

medium to heavy rain over land, from  > 10 to > 30 mm h-1. Although this table can define 

the general characteristics of rain frequencies, a closer look at each specific rain rate is 

required. A detailed analysis was obtained by further elaboration with a more 

comprehensive statistical analysis based on cumulative contribution, as presented in the 

next part.  

Second, differences in the rain-rate estimation is assessed in further detail between 

each pair among the three products, that is, PR-TMI, PR-TMPA, and TMI-TMPA. 

Absolute non-rain events, in which both of the values are equal to ≤0.5 mm h-1 are 

excluded from the analysis. The dissimilarities between the first and second data from 

each pair is computed to identify a positive or negative difference value. This positive 

(negative) difference value implies that a higher (lower) rain rate estimation exists from 

the first data to the second data in a pair based on the following function: 

 

𝐷 =
1

𝑛
∑ 𝑅𝑥𝑖 − 𝑅𝑦𝑖

𝑖

 

 

where 𝐷 is the difference values, 𝑛 is the total number of data, 𝑅𝑥𝑖 and 𝑅𝑦𝑖are the first 

and second data in each pair, and 𝑖 denotes the individual data samples.  

A few additional analyses of the difference values are conducted to account for the fact 

that rain screening is not homogeneous across the three products. Following Habib et al 

(2009) and Zagrodnik and Jiang (2013), we calculate the hit signal difference (HD), miss 

signal difference (MD), and false signal difference (FD). The HD is calculated when both 

the first and the second data in a pair contain a finite rain rate within the same grid box:  



26 
 

 

𝐻𝐷 =
1

𝑛
∑ 𝑅𝑥𝑖𝐻 − 𝑅𝑦𝑖𝐻

𝑖

 

 

where 𝐻𝐷 is the hit signal difference and 𝑅𝑥𝑖𝐻 and  𝑅𝑦𝑖𝐻 are the first and second rain data 

samples for 𝑅𝑥𝑖𝐻 > 0 and  𝑅𝑦𝑖𝐻 > 0.   The MD is calculated with the samples where the 

first data misses the rain events detected by the second data in a pair. 

 

𝑀𝐷 =
1

𝑛
∑ 𝑅𝑦𝑖𝑇

𝑖

 

 

where 𝑀𝐷 is the miss signal difference and 𝑅𝑦𝑖𝑇  is the second data samples for 𝑅𝑥𝑖 = 0  

and 𝑅𝑦𝑖 > 0. FD is defined as the inverse to the MD: 

 

𝐹𝐷 =
1

𝑛
∑ 𝑅𝑥𝑖𝑇

𝑖

 

 

where 𝐹𝐷 is the false signal difference and 𝑅𝑥𝑖𝑇 is the first data samples for 𝑅𝑥𝑖 > 0 and 

𝑅𝑦𝑖 = 0.  

Subsetting each data pair only for the HD component, the conditional root mean 

square difference (RMSD) is calculated and decomposed into its systematic and random 

differences (Habib et al. 2009; Zagrodnik and Jiang 2013): 

 

𝑅𝑀𝑆𝐷 = 𝑅𝑀𝑆𝐷𝑠 + 𝑅𝑀𝑆𝐷𝑟 =  √
1

𝑛
 ∑(𝑅𝑥𝑖 − 𝑅𝑦𝑖)

2

𝑖

 

 

where 𝑅𝑀𝑆𝐷𝑠  is systematic difference, 𝑅𝑀𝑆𝐷𝑟 is random difference, and 𝑛  is total 

number of each data in a pair with rain rate >0.5 mm h-1. The systematic error is extracted 

by linear regression as:  
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𝑅𝑀𝑆𝐷𝑠 =  √
1

𝑛
 ∑(𝑅′𝑥𝑖 − 𝑅𝑦𝑖)

2

𝑖

 

 

where 𝑅′𝑥𝑖 = 𝑎 + 𝑏 × 𝑅𝑦𝑖 and 𝑎 and 𝑏 are the regression constants.  

Finally, the exceedance probability distribution is utilized to assess the inter-

product differences in extreme rainfall.  The exceedance values represent the occurrence 

probability at or above a certain rain rate, following the formula: 

 

𝑃 = 𝑚/(𝑛 + 1) 

 

where 𝑃 is the exceedance probability, 𝑚 is the data rank ordered from the highest rain 

rate to the prescribed threshold of rain rate, and 𝑛 is the total number of each data.  

The result of difference value analysis (HD, MD, and FD) are presented in Table 

4, while the RMSD between each pair of products is shown in Table 5. Both of the 

analysis show that PR-TMI often produce the largest difference compared to the other 

data pairs, regardless of surface types. The PR-TMI high MD and FD imply that the 

majority of the differences are closely related to the non-rain and rain classifications by 

each product. Based on the conditional RMSD, TMI-TMPA is the smallest in the total 

RMSD for all three surfaces (1.36, 1.92, and 1.95 mm h-1 for ocean, land, and coast, 

respectively).  However, the systematic component of the RMSD shows that the 

difference between PR and TMPA is smaller over ocean and coast.   

 

3.3 Rain rate probability distribution 

This section presents an analysis of the probability distribution of rainfall in terms of 

cumulative probability, exceedance probability, and mean rain-rates as a function of the 

TMI 85 GHz PCTs.  The first result, shown in Figure 8, provides the cumulative 

probability contribution among the three data sets.  The main feature is that PR provides 

the smallest contribution to low and medium rain rates compared to the TMI and TMPA. 

The contribution of rain rate from the minimum up to 10 mm h-1 is approximately 70-

80% for PR, while higher contributions are achieved by TMI and TMPA in the same 
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range. The TMPA’s cumulative contribution is higher than PR and TMI for any given 

rain-rate value, particularly over ocean and land. The higher cumulative contribution is 

possibly generated by a large number of light rain events, which are responsible to the 

TMPA’s low conditional means shown in Table 2. The TMI contribution, when compared 

to the TMPA, shows a similar pattern.  However, the TMI has a smaller contribution than 

the TMPA for low to medium rain rates, particularly over land. The TMI contribution is 

approximately 80% at 10 mm h-1 over land, which is close to PR.  Over coast, the TMI 

contribution is consistent with TMPA.    

The exceedance probability is presented in Figure 9. The result indicates that PR 

generally produces  a higher exceedance probability than TMI and TMPA over ocean and 

coast.  This result provides an explanation for Table 3, where PR identifies a higher 

number of rain events > 10 mm h-1 and > 20 mm h-1 over ocean and coast than the other 

two data sets, while TMI is higher over land. It appears that the TMI land algorithm 

produces a higher exceedance probability than PR between 10-25 mm h-1. However, the 

TMI exceedance probability rapidly decreases after > 25 mm h-1.  This result is further 

examined in Section 5.  

Figure 10 shows a comparison of the mean rain rate as a function of TMI 85 GHz 

PCT. Over land, all of the algorithms produced similar results when TMI 85 GHz PCT > 

200K, while for lower PCTs, TMI tends to show higher rain rates than the other two data 

sets.  The higher TMI rain rate below 200K PCT is also observed over coast, but the 

spread occurs at lower PCT (at approximately 160K). This spread presumably explains 

why TMI exhibits a higher frequency of rain events for a rain rate of > 10 mm h-1.  It 

could be implied that the higher exceedance probability of TMI over land shown in Figure 

9 is due to the frequent rain events with PCTs below 240K.  The excess of TMI rain for 

low PCTs is not observed over ocean, which may be expected because the TMI land 

algorithm relies entirely on the ice-scattering channels.  

 

3.4 Comparison of Extreme Rainfall 

The previous result in Figure 10 shows that the ice scattering may not be tightly linked to 

the surface rainfall. In particular, the TMI land algorithm is known to being insensitive to 

light rain without ice particles (Furuzawa and Nakamura 2005; Rajendran and Nakazawa 
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2005; Zagrodnik and Jiang 2013). The apparent inconsistency between the exceedance 

probability plot (Figure 9b) and rain rate-PCT plot (Figure 10b) over land is further 

investigated in this section. Figure 11 presents a two-dimensional histogram of rain rate 

and TMI PCT. The relationship between rain rate and PCT is broadly spread except for 

the TMI land and coast, in which the rain rate is tightly correlated with PCT.  This result 

is likely because the TMI land and coast  algorithms do not rely on the emission channels. 

Although the mean rain rate as a function of PCT (shown as black plus signs in Figure 

11) indicates that the TMI land and coast algorithms are higher than PR and TMPA at an 

intermediate rain range, the histogram shows that the TMI rain-PCT curve over land and 

coast rarely contains rain rates higher than 20 mm h-1 except at the lowest PCTs. However, 

PR rain can exceed 20 mm h-1  over a wide range of PCTs over the three surfaces.  

Figure 12 shows the PCT-rain relation as plotted in Figure 10 but calculated from 

the samples limited to the uppermost 1% rain rate for each 5K PCT bin. The uppermost 

1% is selected in this analysis rather than the uppermost 10% to capture the highest value 

in the PCT distribution. PR consistently has the highest rain rate for all PCTs over land 

and coast compared to TMI and TMPA.  This result is in contrast with the mean rain rate-

PCT plot presented in Figure 10, where TMI is the highest over land  for an intermediate 

range of rain rates compared to the two other data sets. Comparison of the two figures 

shows that there are differences related to the range of the data distribution inside the TMI 

land algorithm, especially between the mean and the uppermost values  as a function of 

PCTs.  

A remaining question is, as shown in Figure 11, why are the heaviest rains 

detected by PR not necessarily associated with the lowest TMI PCTs? To address this 

question, we examine the storm top heights from collocated PR 2A23 associated with 

extreme rain rates of the uppermost 1% for each 5K PCT bin in Figure 13. The result 

indicates that PR, TMI, and TMPA could produce comparable results over ocean. As 

identified by the three estimates, the storm top height is approximately 6 km at 10  

mm h-1 to approximately 8-10 km at 30 mm h-1 over ocean. However, it appears that TMI 

yields a higher storm top height for any given rain rate over land and coast compared to 

PR and TMPA. Over land, TMI indicates storm top heights of approximately 8 km at 10 

mm h-1 to 12 km at 30 mm h-1. The extreme events derived from PR and TMPA, in 

contrast, exhibit lower storm top heights over land: approximately 5 km at 10 mm h-1 to 
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10 km at 30 mm h-1. Because TMI does not directly observe surface rain rates but rather 

relies on the empirical relationship with ice-scattering signals, this relationship may be 

somewhat too exaggerated (i.e., excessive ice scattering for a given surface rain rate) for 

extreme rainfall.   

The relation of surface rain with PCT is further examined in terms of vertical rain 

profiles.  Figure 14 shows the PR vertical rain profiles averaged within the extreme subset 

identified by PR (red), TMI (green), and TMPA (blue) while considering the PCT values. 

The plots are categorized into four PCT ranges: <160K, 160-200K, 200-240K, and >240K. 

Over ocean, the vertical profiles agree well among the three products for all PCT ranges. 

At the lowest 85 GHz PCTs (<160K), the near surface rain reaches approximately 22-23 

mm h-1. The near surface rain rates are decreasing at higher PCTs: approximately 15 mm 

h-1, 10 mm h-1 and 3 mm h-1 for 160-200 K, 200-240K, and >240K PCTs, respectively. 

Over land, the vertical rain profiles disagree among the products compared to the ocean. 

The PR-identified extreme rain profiles exhibit a significant increase in rain rate from 5 

km to near the surface. In contrast, such a downward increase is more modest for the 

TMI-identified extremes. This PR-TMI difference resulted in the TMI's lower near 

surface rain. For PCTs <160K, the near surface rain rate is approximately 12-13 mm h-1 

when extremes are defined by PR, while the surface rain rate reaches only approximately 

10  mm h-1 for the TMI sorted subset. This kind of difference is also found for PCTs of 

160K-200K and 200K-240K. Comparison of the vertical rain profiles over coast also 

indicates similar differences to those over land. 

 

3.5 Discussion and Summary 

The results of this study highlight the properties of different rain rate estimation among 

PR, TMI, and TMPA over MC for both non-extreme and extreme cases using long-term 

data records from 1998-2014. The results revealed that the rain rate in general and in the 

extreme cases has its own characteristics attributed to the differences. 1) For the non-

extreme rain events (below 10 mm  h-1), TMI and TMPA have a higher probability of 

detection than PR over the three surfaces. 2) For moderately heavy rain events (between 

10-25 mm h-1), the TMI algorithm over land detects more frequent rain events than PR 

and TMPA.  3) However, the detected extreme events from TMI land algorithm decreased 
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at above 30 mm h-1.  Further analysis shows that The TMI extreme events are heavily 

accompanied with the strongest ice-scattering signals and highest storm top heights, while 

the PR extremes show a weaker relationship between the three variables.  

The PR-TMI differences in representing the uppermost 1% extremes highlights 

the known weakness in the TMI land algorithm. The TMI land estimates depend on the 

existence of ice particles aloft in precipitating clouds since it assumes a tight relationship 

between ice-scattering signals and surface rain rates. Heavy rain events are generally 

associated with stronger convection, which contains ice particles aloft. However, it has 

been shown that the rain rate-ice scattering relationship is not always robust. Very intense 

rain events identified by PR are not associated with the highest storm top height and are 

thus unlikely with most grown ice particles aloft. The comparison with the exceedance 

probability provided in the previous section indicates that higher extreme events are not 

necessarily accompanied by extreme ice-scattering signals, similar to Hamada et al (2015), 

while the TMI land algorithm by design always predicts the heaviest rains from the lowest 

PCT.  The factors contributing to the higher PR extremes are now under investigation.  

There are several remarks related to this study. First, despite the PR-TMI extreme 

contrast over land, it appears that both estimates are statistically consistent over ocean, 

which is possibly due to the utilization of the TMI emission channels. However, a more 

detailed comparison shows that the PR and TMI differently identify extreme events over 

ocean, as explained in the next section.  Second, although TMI often provides similar 

results as TMPA for light rain rates, there are large estimation differences for medium to 

heavy rain events, particularly over ocean and coast.  Comparison of the uppermost 1% 

for each 5K PCT bin yields higher conformity between PR and TMPA in terms of ice-

scattering signals, storm top heights, and vertical rain profiles.  However, the results also 

suggest that extreme events from both of the data are not quite similar, although TMPA 

tends to provide rain estimates between PR and TMI.  The main reason for this difference 

is still unclear.  It is possible that the temporal mismatch between instantaneous PR 

rainfall and 3-hourly snapshot rain data from TMPA may have a significant contribution 

to this condition (Prakash et al. 2012). Further, since the extreme cases are selected from 

1% of the upper distribution, the large number of very light rain events from TMPA could 

also introduce a bias to the 1% threshold, which determines the extremes.  Changing the 

1% extreme threshold into a higher specific value does increase the TMPA extreme means.  
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However, a similar comparison using two specific thresholds (10 mm h-1 and 15 mm h-1) 

shows no significant differences in the extreme properties, particularly the vertical rain-

rate profiles.   
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Table 2. Total number of grid boxes (including non-raining grids), unconditional mean 

(average of all grid boxes ≥ 0 mm h-1), and conditional mean (average of all grid 

boxes for > 0.5 mm h-1) based on each surface type. 

 

Data-

set 

Total number of grid Unconditional mean Conditional mean 

Ocean Land Coast Ocean Land Coast Ocean Land Coast 

PR    0.19 0.28 0.20 2.41 2.55 2.48 

TMI 66.14% 11.09% 22.77% 0.17 0.26 0.14 2.04 2.74 2.55 

TMPA    0.21 0.32 0.23 1.97 2.40 2.41 
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Table 3. Percentage of grid boxes for rain rate > 0.5 mm h-1 to > 40 mm h-1 based on each 

algorithm and surface type. Surface maximums are displayed in bold font. 

Threshold Surface  % of total data  

  PR TMI TMPA 

 Ocean 8.0149 8.2439 10.8422 

> 0 mm h-1 Land 10.9565 9.3488 13.1510 

 Coast 8.1611 5.4697 9.3435 

 Ocean 5.0773 4.81 6.7406 

> 1 mm h-1 Land 7.5153 6.8109 9.0515 

 Coast 5.4264 3.8474 6.2759 

 Ocean 0.9077 0.6744 0.7026 

> 5 mm h-1 Land 1.3362 1.2065 1.3944 

 Coast 0.9631 0.6585 1.0307 

 Ocean 0.2329 0.1208 0.1173 

> 10 mm h-1 Land 0.3019 0.3731 0.2833 

 Coast 0.2380 0.1393 0.2133 

 Ocean 0.0335 0.0167 0.0089 

> 20 mm h-1 Land 0.0392 0.0468 0.0217 

 Coast 0.0272 0.0152 0.0226 

 Ocean 0.0060 0.0048 0.0019 

> 30 mm h-1 Land 0.0041 0.0055 0.0026 

 Coast 0.0051 0.0020 0.0035 

 Ocean 0.0013 0.0011 0.0005 

> 40 mm h-1 Land 0.0007 0.0004 0.0006 

 Coast 0.0012 0.0002 0.0007 
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Table 4. Cross matrix of hit, miss, and false signal difference of rain rate between each 

pair out of the three algorithms (in mm h-1). The results are classified based on 

each surface type from left to right. The hit difference (HD), miss difference 

(MD), and false difference (FD) are shown from top to bottom. The highest 

difference for each surface is displayed in bold font. 

 

  Ocean Land Coast 

  TMI TMPA TMI TMPA TMI TMPA 

Hit bias PR 0.43 0.09 0.09 -0.05 0.63 -0.05 

 TMI - -0.330 - -0.20 - -0.77 

Miss bias PR -0.88 -0.92 -1.37 -1.22 -1.27 -1.21 

 TMI - -0.82 - -1.06 - -1.44 

False bias PR 0.90 0.79 1.22 0.86 1.33 0.87 

 TMI - 0.61 - 0.74 - 0.73 
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Table 5. Cross matrix of conditional root mean square differences (RMSDs) and the 

contribution of systematic RMSDs (in mm h-1) between each algorithm (for rain 

rate > 0.5 mm h-1). The highest RMSD at each surface is displayed in bold font. 

 

  Ocean Land Coast 

  TMI TMPA TMI TMPA TMI TMPA 

RMSE PR 2.01 1.62 2.67 1.98 2.57 2.00 

 TMI - 1.36 - 1.92 - 1.95 

RMSEs PR 0.35 0.29 1.35 0.57 1.04 0.61 

 TMI - 0.44 - 0.49 - 1.19 
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Figure 7. Map of the Maritime Continent with classified surface types based on the TMI 

2A12 surface flag. Dark shaded colors represent higher mean rain rates from the 

PR 2A25 near surface rain averaged from 1998-2014. 
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Figure 8. Cumulative contribution to mean rain rate (%) from PR (solid black line), TMI 

(dashed black line), and TMPA (dashed gray line) for (a) ocean, (b) land, and (c) 

coast, calculated from each 0.25°square grid from 1998-2014. 
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Figure 9. Probability of exceedance for PR (solid black line), TMI (dashed black line), 

and TMPA (dashed gray line) based on each 0.25°square grid from 1998-2014. 

A rain rate with corresponding exceedance value close to 1 indicates a higher 

probability to occur. The plots represent each surface from left to right: (a) ocean, 

(b) land, and (c) coast. 
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Figure 10. Plots of TMI minimum 85 GHz PCT versus averaged rain  rate from PR (black 

dot sign), TMI (black plus sign), and TMPA (gray x). The PCT values are 

obtained from the minimum value inside collocated 1/4° square grid boxes from 

1998-2014. Each point represents the mean value for a 5 K PCT bin. The result 

is classified to three surface types from left to right: (a) ocean, (b) land, and (c) 

coast. 
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Figure 11. Fraction to the total number of rain events as a function of rain rates  and TMI 

minimum 85 GHz PCTs, obtained from collocated ¼° square grid boxes from 

1998-2014. The data are classified based on the algorithms (from top to bottom: 

PR, TMI, and TMPA) and surface types (from left to right: ocean, land, and 

coast).  The scale represents fractions of the total data for each plot. 
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Figure 12. Similar to Figure 10 but for the  average of the  uppermost 1% rain rate at each 

5 K 85 GHz TMI minimum PCT bin. 
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Figure 13. Plots of collocated PR storm top height  as a function of the uppermost 1% 

rain rates at each PCT bin from PR (black dot sign), TMI (black plus sign), and 

TMPA (gray x). The uppermost 1% are obtained using TRMM observations from 

1998-2014. The storm top height data are obtained from the average value of 

collocated PR2A23 at ¼°  square grid boxes and classified to ocean (left), land 

(middle), and  coast (right). 
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Figure 14. Collocated PR2A25 vertical rain rate mean for PR uppermost 1% extremes 

(red), TMI uppermost 1% extremes (green), and TMPA uppermost 1% extremes 

(blue), as classified by four TMI minimum 85 GHz PCT ranges (<160 K, 160K-

200 K, 200K-240 K, and >240 K) from top to bottom, and ocean, land, and coast 

from left to right. The uppermost 1% are obtained using TRMM observations 

from 1998-2014. Cross signs indicate 95% confidence interval. Solid color lines 

on the right represent the corresponding freezing heights, while dashed color 

lines represent the corresponding PR2A23 storm top heights. 
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4. TRMM PR-TMI regional extreme-rain biases and its 

difference in the retrieval process 

 

4.1 A global view of TRMM PR-TMI climatological 

 and extreme-rain estimation biases 

The previous section presented a case study of TRMM inter-product biases in 

climatological and extreme-rain biases  over the Maritime Continent. One might wonder 

whether the present statistics from the Maritime Continent precipitation are also 

representative of global rainfall characteristics. To address this question, this section gives 

the explanation of the differences of TRMM PR-TMI general rain biases and the extreme-

rain biases over the tropical ocean and land domains across the globe. To compare the 

general biases against the biases specific to extreme rain, the general rain-rates differences 

are first described. The general differences are taken using unconditional rain-rate from 

the PR and TMI. The TMPA is not included in the analysis to follow, because the error 

sources in the TMPA rainfall are rather complicated to interpret, while the PR and TMI 

products offer illustrative descriptions of the algorithmic issues intrinsic to each TRMM 

instrument. The results are then compared with the extreme-rain biases using the 

uppermost 10% from the rain-rate database. The 1% threshold adopted in the previous 

section is increased to 10% from now on, because the TRMM matchups with cloudSat 

orbits are so rare that the definition of extreme events must be relaxed to ensure the 

statistical robustness. 

The general differences between TRMM PR and TMI in estimating rainfall over 

the tropics are shown in Figure 15. The figure shows that both the PR and TMI similarly 

identify a number of regions with higher rain-rates than the average. The regions are for 

example the Maritime Continent, Central Africa, South America, and ITCZ path over the 

Pacific Ocean. Although the PR and TMI identify a similar pattern, biases in rain-rate 

estimation still exist. The comparison of the PR-TMI general biases is shown in Figure 

15c. The figure shows that there are regional biases between the PR and TMI among 

several tropical land and ocean regions. 
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Over the tropical ocean, the PR identifies higher rain-rates than the TMI over the 

Maritime Continent, Indian Ocean, and East Atlantic Ocean. However, it identifies lower 

rain-rates than the TMI over the East Pacific Ocean and large descends areas close to the 

subtropics. Over the tropical land, the PR identify higher rain-rates than  theTMI over the 

Maritime Continent and the north part of Amazon Basin. In contrast, the PR identifies 

lower rain-rates than TMI over Central Africa and south part of The Amazon Basin. A 

similar result has been identified by Liu and Zipser (2014) using the TRMM level 3 

products.  

A comparison of the PR-TMI extreme-rain biases is shown in Figure 16. The 

figure shows a different pattern identified by the PR and TMI. The PR identifies higher 

rain-rates over some ocean domains than the TMI. The PR pattern is similar to the 

unconditional mean rain-rates. The higher rain-rates following ITCZ path are not clearly 

observed from TMI. Over the tropical land, the PR estimates higher rain-rates than the 

TMI in contrast to the general rain biases. The comparison of PR- TMI extreme-rain 

biases  are shown in Figure 16c. The result shows that the PR identifies higher extreme 

rain rate over the entire tropical ocean. Over South America, the PR dominantly identifies 

higher rain-rates compared to the TMI. While over Central Africa, the PR identify higher 

extreme rain-rates over the central part. However, the TMI somehow identifies higher 

rain-rates near the Saharan Desert. 

The differences between PR and TMI biases for general rain-rates and extreme 

rain-rates shown in the previous figure give an example how the extreme-rain biases  

could be different from the general rain events. Over the entire tropical ocean domains, 

the PR identifies higher rain-rates than the TMI, while the unconditional mean shows a 

variation between both the datasets. Over the tropical land, the estimation biases in 

extreme rainfall are also different than the general rain estimation biases. Over South 

America, the PR becomes more dominant in identifying higher rain-rates than the TMI, 

while the unconditional biases show a difference between the northern and southern parts. 

Over Central Africa, the areas where TMI identify higher rain-rates for the unconditional 

mean are shifted to the PR in the case of extreme.  

The differences between the PR-TMI rain estimation biases in general 

climatology and extreme events over both ocean and land are closely related to its rain-

rate distribution. Liu and Zipser (2014) show that both over the tropical ocean and land, 
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the PR identifies a larger number of events than TMI for the upper-end of the rain rate 

distribution. To identify the regional variation of the PR-TMI extreme-rain biases  as a 

function of rain-rate distribution, an analysis of rain-rate contribution is presented in this 

section. Figure 17 shows the regional variation of rain-rate contribution over the tropical 

ocean domains. The result shows that there are several differences between the PR and 

TMI in term of rain-rate contributions. For low to medium rain-rates, approximately 

below 10 mm h-1, the TMI identifies higher contributions than the PR. The TMI rain 

contribution from the minimum up to 10 mm h-1 is approximately 70% for all of the 

regions, but lower for the PR. On another hand, the PR identifies a larger contribution for 

higher rain-rates, especially above 15 mm h-1. 

Comparison of the rain-rate contribution over the land domains is shown in Figure 

18. The result, in general, indicates distinctive properties compared to the ocean domains. 

Although there are variations in the low to medium rain-rate contribution (< 10 mm h-1), 

the TMI tends to estimate higher contribution for moderate extremes  (10-20 mm h-1).  

For the heavier rain-rates (> 20 mm h-1), the PR again identify a larger number of extreme 

events than the TMI. The differences between general and extreme-rain biases  therefore 

related to the rain-rates ranges in which they are examined. For example, over Central 

Africa, the TMI estimates higher unconditional rain-rates since it identifies a higher 

number of moderate extreme rains in this region. However, when these values are 

excluded, the PR estimates higher rain-rates than the TMI.   

 

4.2 Regional comparison of the diurnal cycle 

In this part, comparison of the PR-TMI differences in term of diurnal cycle is conducted 

to initially identify the retrieval process differences. Yamamoto et al (2008) show that 

there is a time shift in the diurnal cycle between the PR and TMI in detecting rain peaks 

over land. The PR tends to detect earlier rain peaks than the TMI since it detects near 

surface rain. The TMI, on another hand, detect the maximum deep convection and solid 

hydrometeors during the mature stage, which occurs after PR rain peaks. This difference 

leads to higher number of stratiform precipitation observed by the TMI than the PR.   

  To detect how the PR and TMI behave in detecting heavy rains, a similar method 

conducted by Yamamoto et al (2008) are presented in this research. First, we focus on the 
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general rain differences over the ocean domains, as shown in Figure 19. Collocated TMI 

85 GHz PCTs are also plotted to characterize the climatological and extreme differences.  

The climatological plots show that although the PR and TMI show a conform diurnal 

pattern, the TMI identifies rain events are associated with weaker ice-scattering signals 

than the PR.  This condition is observed over the entire ocean domains. For the extreme 

cases shown in Figure 20, the differences PR-TMI ice-scattering signatures become lower. 

Weaker ice-scattering signals from TMI extreme events are observed only over East 

Pacific Ocean, but almost equal to PR extreme events for the other ocean regions.  

The diurnal time peaks over land have a more significant variation than observed 

over the ocean regions (Figure 21). The climatological plots show that the PR rain peaks 

occur earlier than identified by the TMI. This result is similar to Yamamoto et al (2008) 

as described above. Differences between PR and TMI ice-scattering signatures are also 

observed. In contrast to the ocean differences, the TMI identifies stronger ice-scattering 

signals than the PR. Plots of the extreme differences (Figure 22) show larger differences 

for the afternoon peaks. The peak frequencies are much higher for TMI extreme events 

than PR extreme events. This result suggests that PR-TMI extreme-rain biases  over land 

are possibly related to the precipitation development processes during the land afternoon 

heating. For the extreme cases, the collocated TMI 85 GHz PCTs show a larger difference 

than the climatological differences. The TMI tends to identify extreme events with very 

strong ice-scattering, which occur mostly during the afternoon. The higher TMI afternoon 

peak frequency for the extreme cases are associated with the linear relationship between 

rain-rates and ice-scattering, as observed from the Maritime Continent case study. A 

regional comparison between collocated PR radar profiles and TMI 85 GHz ice-scattering, 

as similar to the  Maritime Continent case study, is examined in the next part.  

 

4.3 Comparison of collocated PR Radar reflectivity profiles  

The previous comparison of PR-TMI general and extreme-rain biases  shows that there 

are specific features of the extreme that could not be explained by the general rain. This 

section aims to identify the source of the rain estimation biases in extreme rainfall by 

focusing on the PR and TMI retrieval processes. From the case study analysis, the 

collocated PR vertical rain profiles show that higher near-surface rain-rates could occur 
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without significant ice particles. To examine more detail about the regional differences, 

a similar methodology is conducted for each ocean and land region. In the first part, the 

comparison of the PR collocated radar reflectivity profiles corresponding to PR and TMI 

extreme events is shown. Differences in TMI collocated brightness temperatures are 

explained next. 

Several researchers have identified that some PR and TMI  biases, in general, are 

related to the differences in the retrieval process. One of the factors is the condition where 

the PR and TMI identify different phases of convection. The TMI tendency to identify 

mature to decaying cloud phases is suggested to be associated with taller clouds 

(Furuzawa and Nakamura 2005; Yamamoto et al. 2008). Another condition that should 

be considered is related to the warm rain process where collision and coalescence occur 

intensively (Song and Sohn 2015; Hamada et al. 2015). This condition could lead to a 

high radar reflectivity near-surface, but remains low at the upper part. 

 A comparison of the collocated PR radar reflectivity profiles for PR and TMI 

extreme rain events over the ocean domains are shown in Figure 23. The result shows that 

PR extremes have higher reflectivity than TMI extremes for almost the entire vertical 

profile. The near-surface reflectivity is close to 50 dBZ for PR extremes, and 40 dBZ for 

TMI extremes. The higher reflectivity suggests a strong signal detected by the PR, but 

somehow missed by the TMI. The higher PR reflectivities are observed from all the ocean 

domains and consistent with Figure 16 where the PR identifies higher rain-rates than the 

TMI in extreme ranges. 

The comparison of the collocated radar reflectivity profiles over land shows 

almost similar profiles compared to the ocean (Figure 24). PR and TMI extreme profiles 

more conform at 5 km and above. Below this level, PR extreme profiles are continuously 

increasing close to the surface. In contrast to PR extreme profiles, the TMI downward 

increase is less significant than identified by the PR. The increasing reflectivity near the 

surface possibly generated by the high rate of collision and coalescence of rain particles 

below the freezing level, as indicated by  Song et al (2017). These factors contribute to 

the PR downward increase that represents the warm type extremes, which are not 

identified by the TMI.  
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4.4 Comparison of collocated TMI brightness temperatures 

To clarify why TMI hardly identify warm type extreme over land and does not detect 

strong PR signals over the ocean, a comparison of the collocated TMI brightness 

temperatures is conducted, as similar to the Maritime Continent case study. In this section, 

the observed differences between the PR and TMI when identifying heavy precipitation 

events are demonstrated. First, the joint distribution plots of the collocated TMI 85 GHz 

minimum polarization corrected brightness temperatures and rain-rates are presented. 

Plots of the probability distribution functions (PDFs) of the collocated TMI brightness 

temperatures corresponding to the PR and TMI uppermost 10% rain rates are also 

compared in this part. Over the ocean domains, the PDF plots for the 10, 19, 21, 37, and 

85 GHz brightness temperature bands are presented. Over the land domains, only the 85 

GHz brightness temperature data are shown. 

The plots of the collocated TMI 85 GHz minimum PCTs versus rain-rates over 

each ocean domain are shown in Figure 25. This figure indicates that both PR and TMI 

show a board relationship between the near-surface rain and the collocated 85 GHz PCTs. 

This result is similar to the Maritime Continent case study in the previous section. In 

addition, the figure also shows that for TMI, the upper-end distribution of extreme events 

is found at higher PCTs compared to the PR. White lines in the figure pinpoint the PCT 

where the maximum number of events are observed for rain rates above the uppermost 

10%. The TMI lines correspond to slightly higher PCTs at some regions compared to the 

PR. 

The plots of the collocated TMI 85 GHz minimum PCTs versus the rain rates over 

the land domains are shown in Figure 26. This figure shows the clear contrast between 

PR and TMI for all of the land domains. The PR joint distribution plots show similar 

relationships for the ocean domains. In contrast to the PR, the TMI shows a strong 

relationship between the two parameters, as similar to the Maritime Continent case study. 

In a more specific, the TMI tends to detect higher numbers of events at lower PCTs, 

approximately about 160-180 K at above the uppermost 10% rain events (white lines in 

Figure 26). 
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The PDF plots of the collocated TMI 85 GHz brightness temperatures for the PR 

and TMI extreme events over the ocean domains are shown in Figure 27. This figure 

shows that the TMI exhibits a gradual change from the Maritime Continent to the Eastern 

Pacific Ocean. The PR extreme events tend to have lower 10 GHz brightness temperatures 

than the TMI extremes over the Maritime Continent. The PDFs corresponding to the PR 

and TMI extreme events are more conform over the East Pacific Ocean. The TMI extreme 

events produce slightly lower brightness temperatures at 85 GHz than the PR extreme 

events over the Maritime Continent. This contrast with East Pacific Ocean, where the 

TMI extreme events have higher brightness temperatures at 85 GHz than the PR extremes. 

The plots of the collocated TMI 85 GHz brightness temperature PDFs for the PR 

and TMI extreme events over the land domains are shown in Figure 28. All the regions 

show that the TMI extreme events are characterized by lower brightness temperatures 

than the PR extreme events at the rightmost edge of the distribution, while the PR PDF is 

skewed slightly warmer than the TMI PDF. The warmer PR PDF suggests that PR not 

only capture precipitation with a large number of ice particles near the cloud top as similar 

to TMI, but also the warm extremes.   

 

4.5 Discussion and Summary 

This section gives an introduction about the PR-TMI extreme-rain biases  and explains 

how it could be different compared to the general rain biases. Previous analysis conducted 

by Yamamoto et al (2008) highlights the differences between the PR and TMI for general 

rains, which are related to the physical backgrounds in convective development. The 

comparison of PR-TMI extreme-rain biases  reveals that it becomes more significant since 

the TMI detects a large number of afternoon peak compared to the PR over land. The PR 

extreme events over land also could be described to have relatively low storm top heights 

(Liu and Zipser 2014) and weak ice-scattering signals (Furuzawa and Nakamura 2005; 

Zagrodnik and Jiang 2013). All of the above results indicate that the PR and TMI capture 

different heavy precipitation systems as a response to the differences in the active-passive 

sensors. 

 To demonstrate the differences between the TRMM active-passive sensors in 

identifying heavy rainfall, comparison of collocated PR radar reflectivity profiles and 
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collocated TMI brightness temperature have been conducted. A downward increase of 

reflectivity has been identified for PR extreme events over land. The PR downward 

increase is also identified by Song and Sohn (2015) and Hamada (2015). Comparison of 

the collocated TMI extreme profiles, however, cannot detect heavy rainfall with the large 

downward increase as similar to the PR, as suggested from the Maritime Continent case 

study. The TMI land algorithm assumes higher rain-rates with higher ice scattering. 

However, PR extreme events show that heavy rainfall could occur with weaker ice-

scattering signals. 

 The PR-TMI extreme rain differences over the ocean are characterized by higher 

radar reflectivity for the entire vertical profiles for the PR extremes, and lower for the 

TMI extremes. Although the utilization of TMI emission bands indicates better agreement 

in the ice-scattering and rain-rate relationship compared to the PR, there is a regional 

variation of the collocated TMI TBs over the ocean. In general, there is a westward 

decrease of collocated TMI 85 GHz TBs over the Pacific Ocean that is not identified by 

the PR. Liu and Zipser (2014) suggested that the wide but shallow precipitation systems 

over the East Pacific possibly gives an influence to the TMI emission bands. The emission 

signals from TMI extreme events over the East Pacific conform the emission signals from 

PR extreme events. However, the ice-scattering signals identified by the TMI are weaker 

than the PR. Over the Western Pacific Ocean, TMI extremes have stronger emission 

signals and  ice-scattering signals as well. In contrary, the heavy precipitation structures 

identified by the TMI in those areas have weaker reflectivity than identified by the PR. 

 The reason why TMI detects stronger emission and ice-scattering signals, but 

lower radar reflectivity over the West Pacific and the Maritime Continent is not yet known.  

The reason might be underlying in the different tendency of the PR and TMI in identifying 

regional properties of the precipitation structure. For example, over the West Pacific and 

the Maritime Continent Ocean, CloudSat often identify deep convective clouds with 

weaker reflectivity at the cloud top compared to the global mean (Sohn et al. 2015).  To 

this end, the different factors influencing the extreme rain-rate retrieval are well explained 

using collocated PR radar reflectivities and TMI brightness temperature data. The 

combination with other satellite sensors and datasets, particularly CloudSat and ERA-

Interim, is presented in the next section. 
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Figure 15. Global map of unconditional mean rain-rates from a) TRMM PR, b) TRMM 

TMI, and c)  PR-TMI unconditional mean differences. 
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Figure 16. Similar to Figure 15, but only for the uppermost 10% of the rain-rate 

distribution. 
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Figure 17. Rain-rate contribution to the total rainfall from PR (red) and TMI (green) for 

the ocean domains: a) Global tropics, b) Maritime Continent, c) West Pacific, d) 

Central Pacific, and e) East Pacific.  
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Figure 18. Rain-rate contribution to the total rainfall from PR (red) and TMI (green) for 

the land domains: a) Global tropics, b) Maritime Continent, c) South America, 

d) Central Africa. 
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Figure 19. Fraction to total rain events in the local time  basis for rain rate above 1 mm h-

1 over the ocean domains: a) Global Tropics, b) Maritime Continent, c) West 

Pacific, d) Central Pacific, and e) East Pacific. 
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Figure 20. Similar to Figure 19, but for the uppermost 10% rain-rates only. 
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Figure 21. Fraction to total rain events in the local time  basis for rain rate above 1 mm h-

1 over the land domains: a) Global Tropics, b) Maritime Continent, c) South 

America, and d) Central Africa. 
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Figure 22. Similar to Figure 21, but for the uppermost 10% rain-rates only. 
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Figure 23.Collocated TRMM PR reflectivity profile for PR rain-rates (top) and TMI rain-

rates (bottom) for the uppermost 10% distribution. Top (from left to right): 

Global Tropical Ocean, Maritime Continent, and West Pacific. Bottom (from left 

to right): Central Pacific and East Pacific.  
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Figure 24. Similar to Figure 23, but for the land domains. Top: Global Tropical Land 

(left) and Maritime Continent (right). Bottom: South America (left) and Central 

Africa (right). 
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Figure 25. Joint distribution of collocated minima TMI 85 GHz PCTs vs PR rain rates 

(top) and TMI rain rates (bottom) for ocean regions. From left to right: Global 

Tropics, Maritime Continent, West Pacific, Central Pacific, and East Pacific. The 

color bar indicates the number of data points. The white lines indicate the 

brightness temperature where the rain frequency above the uppermost10% 

reached a maximum.  
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Figure 26. Similar to Figure 25, but for the land domains. From left to right: Global 

Tropical Land, Maritime Continent, South America, and Central Africa. 
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Figure 27. Collocated TMI brightness temperatures for the PR and TMI extreme events 

over the oceans for each region (left-right) and the brightness temperature 

channels (top-bottom). 
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Figure 28. Similar to Figure 27, but for the land domains. 
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5. Explaining the origin of TRMM PR-TMI extreme-rain 

biases using CloudSat and Reanalysis data 

 

5.1 TRMM PR-TMI heavy rainfall biases in the view of CloudSat 

composite cloud structure and convective fractions  

The comparative analysis of the PR-TMI extreme-rain biases  presented in the previous 

section suggests that the active and passive TRMM sensors are systematically different 

in their methods in identifying heavy precipitation events. The previous result also 

suggests that an analysis of the detailed cloud structures would be beneficial for 

explaining the PR-TMI extreme precipitation biases. A combination of different satellite 

observations, such as CloudSat, has been known to give a more detailed view of the 

precipitating clouds (Masunaga 2012; Sohn et al. 2015).  

  In this section, the differences between the PR-TMI extreme events are assessed 

by utilizing CloudSat and ERA-Interim observations. Although the utilization of 

CloudSat 94 GHz radar is beneficial to identify cloud structures (Sohn et al. 2015), 

stronger attenuation by large hydrometeor particles, which is typical for extreme events, 

could produce large errors. Therefore, this analysis is limited to the horizontal cloud 

structures. In the first part, a comparison of the collocated CloudSat composite cloud 

fractions (Igel et al. 2014) is presented. The collocated CloudSat convective/stratiform 

cloud fractions from CloudSat are examined next.  

As the first result, the collocated CloudSat cloud fractions associated with the PR 

and TMI extremes over the ocean domains are shown in Figure 29. TMI displays regional 

variations from the Maritime Continent to the eastern Pacific Ocean. Over the Maritime 

Continent, the TMI extreme events correspond to taller and horizontally extensive clouds. 

However, the heights continuously decrease toward the eastern Pacific Ocean. Over the 

eastern Pacific Ocean, the TMI tends to identify shallow but organized clouds. Liu and 

Zipser (2013) showed that shallow-organized clouds are predominant in this area. TMI 

somehow detects these clouds as extremes rather than detecting the taller clouds identified 
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by PR. Moreover, the differences among the ocean regions identified by PR do not display 

this gradual change. Shige et al (2008) showed that PR captures the contrast between the 

western and eastern Pacific Oceans that mainly occur during La Nina. In the present 

results, the PR rainfall over the eastern Pacific Ocean produces a similar profile to that of 

the western Pacific Ocean, possibly because this work exclusively targeted extreme 

events. 

The corresponding PR and TMI extreme precipitation cloud fractions over the 

land domains are shown in Figure 30. The CloudSat cloud fractions over the land domains 

differ from those over the ocean domains. All land domains show that the TMI extreme 

events are confined to narrow convective cells. In contrast, the PR extreme events are 

generated by more horizontally extensive cells with lower cloud top heights than those of 

TMI. However, the PR extremes with relatively low STHs could generate greater rain 

rates than the TMI extremes with taller STHs. 

It has been identified in the previous section that there is a contrast between the 

Western Pacific Ocean and the Eastern Pacific Ocean in term of TMI brightness 

temperatures. To characterize the difference in more detail, a contrast between cloud 

temporal evolution between over the Maritime Continent Ocean and the East Pacific 

Ocean is shown in Figure 31. The TMI extreme cloud structure over the Maritime 

Continent Ocean is initially larger than the PR extreme cloud structure. The TMI clouds 

are getting wider and taller over time, which corresponds to stronger brightness 

temperature signals captured by TMI. Over the East Pacific Ocean, TMI initially 

identifies shallow but horizontally extensive clouds. The TMI cloud top heights remain 

low over time compared to the PR clouds, which corresponds to weaker ice-scattering 

signals captured by TMI. 

To further characterize the above difference, the CloudSat convective/stratiform 

fractions over the ocean domains are shown in Figure 32. A different feature is observed 

between the Maritime Continent and the eastern Pacific Ocean.  Over the Maritime 

Continent, an earlier convective peak is identified by TMI, occurring approximately 3 

hours before the extremes detected by the TRMM, while the PR convective peak occurs 

1.5 hours before. Liu and Zipser (2014) showed that TMI tends to detect greater 

precipitation areas than PR. The greater precipitation areas could be generated by more 

horizontally extensive cells with earlier convective peaks than those detected by PR. Over 
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the observed land domains, TMI often identifies larger convective fractions than PR 

(Figure 33). However, the time peak difference is only observed over the Maritime 

Continent. 

From the above results, we can initially characterize the PR-TMI differences as a 

function of convective organizations. Since many variables could be utilized to 

characterize this organization (Rickenbach and Rutledge 1998), in this research, the 

organizations are simply defined with regard to the horizontal scales of the systems. The 

more organized systems are associated with larger cloud structures and vice versa. 

Furthermore, a comparison of CloudSat data for different time windows shows that the 

horizontal cloud extents are continuously increasing after the convective peaks are 

reached. The degree of organization of the systems can therefore be characterized based 

on the time differences between the peaks. Over the Maritime Continent, TMI captures 

more organized systems than PR. This result is reversed over the eastern Pacific Ocean, 

where TMI captures less organized systems than PR. 

 

5.2 TRMM PR-TMI heavy rainfall biases in the view  

of environmental instability from ERA-Interim  

To further study the physical processes in the precipitation cloud development, 

comparisons of the environmental profiles from the ERA-Interim are given in this part. 

A similar comparison to  Hamada et al (2015) to characterize the warm rain extreme is 

conducted in this analysis. To begin with, the potential temperature and humidity profile 

differences corresponding to the PR and TMI extreme events are compared. This 

comparison is conducted to ensures that the differences caused by the warm rain are 

present for the PR extremes. Comparison of those variables is also useful in characterizing 

the PR-TMI gradual changes over the Pacific Ocean. At the end of this part, the influence 

of the instabilities in the PR and TMI heavy precipitation cloud development are 

explained.  

First, the corresponding PR-TMI environmental profile differences over the ocean 

domains are shown in Figure 34. The results show that the TMI extreme events occurred 

in more humid environments than those of PR. A transition is also observed from the 
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Maritime Continent to the eastern Pacific Ocean. The height at which the humidity 

difference is largest decreases from the west to the east. Over the Maritime Continent, the 

TMI extreme events correspond to higher humidities throughout the troposphere. Over 

the eastern Pacific Ocean, the humidity excesses of the TMI extremes are reversed and 

become humidity deficits above 500 hPa and near the surface. 

The PR extreme events over the ocean domains generally have slightly warmer 

potential temperatures near the surface, but have colder values above the 500 hPa level 

than those of the TMI extreme events. The Maritime Continent-eastern Pacific Ocean 

transition is also present in the potential temperature profiles. As identified by PR, the 

Maritime Continent is characterized by lower potential temperatures in the mid-

troposphere and shows only slight differences from the TMI values near the surface.  Over 

the eastern Pacific Ocean, the near-surface temperature differences become larger. 

The corresponding PR-TMI environmental profile differences over the land 

domains are shown in Figure 35.  This figure shows that the PR extreme events occur at 

higher specific humidities than the TMI extreme events for all identified regions, except 

near the surface, differing from the results for the ocean extremes. Higher specific 

humidities were observed, especially at the 850-500 hPa level. Furthermore, the 

corresponding PR extreme events show colder potential temperatures near the surface 

than those of the TMI extreme events. The greater humidity but lower potential 

temperature differences corresponding to the PR extreme events were also identified by 

Hamada et al (Hamada et al. 2015). However, the ocean has considerably different 

thermodynamic characteristics than those of the land domains, and clouds cannot be 

explained by the above results. 

The CAPE plots corresponding to the PR and TMI extreme events over the ocean 

domains are shown in Figure 36. In general, the highest rain rates are detected with 

downward slopes after the CAPE drops following a maximum that resembles tropical 

deep convective clouds (Masunaga 2012).  The PR extreme events over the ocean 

domains have higher CAPE values than the TMI extreme events. The ocean CAPEs also 

increase from the eastern Pacific to the western Pacific, reaching a maximum over the 

Maritime Continent. TMI extremes prefer slightly more stable environments than the PR 

extremes as implied by the potential temperature profiles shown earlier. Over the land 

domains, the corresponding TMI CAPEs are greater than the PR CAPEs with notable 
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diurnal variations (Figure 37). This result indicates that the TMI extreme events occur in 

more unstable environments than the PR extreme events, differing from the ocean 

composite. 

 

5.3. TRMM PR-TMI heavy rainfall biases and its association  

with precipitation organizations 

This study investigates the precipitation biases from the TRMM active-passive sensors 

due to different cloud structures and environmental properties. The combination of the 

TRMM, CloudSat, and ERA-Interim data provides comprehensive information to explain 

the PR-TMI estimation differences. The general properties of the PR-TMI differences in 

identifying the heavy rainfall events are further discussed in this section.  

Noticeable differences between the PR and TMI extreme events are observed over 

the ocean and land domains. The TMI extremes are not essentially different from the PR 

extremes over ocean domains regarding their PCTs (Figure 25). However, the collocated 

TMI microwave emissions indicate regional differences of TMI over the ocean domains 

(Figure 27) that also differ from the PR extreme events. Over the eastern Pacific Ocean, 

the cloud top heights corresponding to the TMI extreme events are lower than those of 

the PR extreme events (Figure 29), which may represent shallow but organized clouds 

because their horizontal extent is much larger than those of individual cumulus clouds 

(Figure 38: bottom right) (Liu and Zipser 2013). The shallow horizontally extensive 

clouds are associated with moister environments near the surface, but dryer environments 

than those of their the PR counterparts at approximately the 500 hPa level (Figure 34). 

The shallow horizontally extensive clouds were also found in a more stable environment 

than that identified by PR (Figure 36). In contrast to the shallow horizontally extensive 

clouds, the higher cloud top heights associated with the PR heavy rainfall events 

correspond to more unstable environments.  

Comparisons among the ocean domains show a regional transition of the extreme 

precipitation cloud structures from the eastern to western parts of the Pacific Ocean. Over 

the western Pacific Ocean, the CloudSat profiles show that the horizontal extents are 

slightly broader for the TMI extremes than for the PR heavy rainfall events (Figure 29). 
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The TMI convective fraction is greater, and its peak occurs earlier than the PR convective 

peak, which implies that TMI detects heavily organized precipitation systems (Figure 38: 

upper right). Based on the corresponding environmental conditions, the TMI extreme 

events tend to occur in more humid and stable environments than the PR extreme events 

(Figure 36). In the case of TMI extreme events, the moister environment (Figure 34) could 

produce more extensive convective cloud systems. The moister environment could be 

partially due to rain evaporation in stratiform clouds, which moistens the atmosphere. 

Over the land domains, the clear ice-scattering signatures (Figure 26) and 

horizontally confined cloud structures (Figure 30) of the TMI extremes indicate that the 

TMI heavy rain events are associated with isolated deep convective clouds over land 

(Figure 39: right). Plots from the ERA-Interim data show that the TMI extreme events 

over land occur in drier free troposphere conditions but more unstable environment than 

the PR extreme events. The CAPE patterns (Figure 37) also indicate that the diurnal 

forcing strongly controls the heavy rain events, primarily via afternoon surface heating 

(Yamamoto et al. 2008). The more unstable environment produces higher cloud tops and 

can produce more abundant ice particles aloft (Song et al. 2017), which can then produce 

a stronger ice-scattering signal.  

In contrast, the PR extremes over land tend to be associated with more organized 

systems (Figure 39: left). The absence of a strong relationship between the PR rain rates 

and the TMI 85 GHz PCTs (Figure 26) implies that the PR extremes are not always 

associated with a substantial amount of ice-phase hydrometeors aloft (Furuzawa and 

Nakamura 2005). The extreme precipitation clouds corresponding to the PR extreme 

events show more horizontally extensive convective cells than those associated with the 

TMI heavy rainfall events (Figure 30). The PR heavy rainfall events are associated with 

moister free troposphere conditions as well as more stable environments than the TMI 

heavy rainfall events (Figure 37). This more stable environment produces lower cloud top 

heights and less confined cloud structures, which include warm rain extremes (Song et al. 

2017). These warm rain extremes may be missed by TMI due to the lack of ice particles. 
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5.4. Discussion and Summary 

This section highlights the different properties between PR and TMI extreme rain events 

by using CloudSat and ERA-Interim data. Overall, the differences in the rain-rate retrieval 

shown in the previous section could be explained using the above datasets. Through a 

combination of the above datasets, we could learn that the PR-TMI extreme-rain biases  

are generated by the differences in the vertical and horizontal precipitation structures.  

In this research, the PR-TMI rain estimation biases in extreme rain events are 

further stressed in term of convective organizations. The result shows that there is a 

contrast between the precipitation organization identified by the PR and TMI over the 

tropical ocean and land. Over the tropical ocean, the PR tends to identify less organized 

precipitation than the TMI. Over the tropical land, the PR tends to identify more organized 

precipitation than the TMI. The above contrast exists due to differences in TMI 

algorithms over the ocean and land. 

The TMI ocean algorithm use both emission and ice-scattering bands. The 

emission bands have a coarse resolution which is less sensitive to inhomogeneous rainfall 

(Kummerow 1998).  In this research, clear regional differences are observed in the 10 

GHz band, where the resolution is more than 60 km x 60 km. It is possible that PR heavy 

rain events are considered inhomogeneous due to more confined structures compared to 

TMI heavy rain events. The inhomogeneous rains identified by the PR seems to give an 

influence to the lower collocated 10 GHz TBs compared to TMI extreme events.  

In contrast to the ocean algorithm, the TMI land algorithm utilizes 85 GHz ice 

scattering band which has the finest resolution compared to the other bands. The TMI 85 

GHz band resolution is only slightly lower than the PR resolution. However, the 

collocated 85 GHz channels show a bias between the PR and TMI since the TMI could 

not identify liquid phase hydrometeors close to the surface. The assumption in the relation 

of ice-scattering and rain-rates in the TMI land algorithm, as indicated in this research, is 

less robust. In the case of warm extreme events, heavy rainfall are possible to be generated 

generated by excessive moisture near the surface (Song et al. 2017). 

The differences in precipitation organizations between PR and TMI extreme 

events in this research also helps to relate the result with the general rain biases. Over the 

East Pacific Ocean, the general rain comparison shows that the TMI identifies higher rain-

rates than the PR. This is related to the TMI tendency to identify shallow but widely 
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organized clouds in this area (Liu and Zipser 2014). The taller cloud structures rarely 

occur in this area, but the PR seems to capture these structures at the uppermost rain-rate 

distribution. Over the West Pacific and Maritime Continent Ocean, the PR estimates 

higher rain-rates than TMI for the general rain biases, which are similar to the extreme-

rain biases . This condition implies that the TMI fails to estimate less organized 

precipitations over these areas. 

The differences in precipitation organizations are also applied to the general rain 

biases over the tropical land.  Over Central Africa, the TMI estimates higher rain-rates 

than PR in the general rain biases, but reversed for the extreme rain biasses. This could 

be related to the dominant precipitation structures over Central Africa, which have tall 

vertical structures and could reach the tropopause (Liu and Zipser 2005).  However, 

heavier precipitation could occur when a large moisture supply is found in the lower 

troposphere even with a more stable environment. A contrast condition can be observed 

over the Maritime Continent Land. Over this area, the PR estimates higher rain-rates than 

the TMI for the general and extreme rain events. The PR tends to detect warm-organized 

rains which could be related to a humid environment.  In more detail, this condition is 

related to the diurnal circulation that transports a large moisture supply from the ocean to 

the land (Mori et al. 2004; Ichikawa and Yasunari 2006).  

Previous studies have attempted to characterize the PR and TMI biases as a 

function of precipitation features (Liu and Zipser 2014; Henderson et al. 2017). In 

advance, Henderson et al (2017) made a PR-TMI adjustment by classifying shallow, deep 

isolated, and organized precipitations. The differences in precipitation organization are 

emphasized further in this research. To summarize, heavy rain events mostly occur when 

the clouds are moderately organized. The organizations not only support the convective 

cells to repeatedly occur over an area for a long time (Schumacher and Johnson 2005).  

More importantly, the rain produced in organized systems could evaporate back and 

produce excessive moisture that is important in warm extreme development (Song et al. 

2017). Classifying the degree of precipitation organization, therefore, could be useful in 

adjusting the sensors to reduce rain-rate estimation biases. 
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Figure 29. CloudSat collocated cloud fractions for the PR extreme events (left) and TMI 

extreme events (right) over the examined ocean domains. From top to bottom: 

Global Tropical Ocean, Maritime Continent, West Pacific, Central Pacific, and 

East Pacific. 
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Figure 30. Similar to Figure 29, but for the land domains. From top to bottom: Global 

Tropical Land, Maritime Continent, South America, and Central Africa 
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Figure 31. Temporal evolution of the CloudSat collocated cloud structures relative to 

TRMM extreme events (3 hours before and after). A contrast between PR and 

TMI extreme cloud structures over the Maritime Continent (top) and the East 

Pacific Ocean (bottom) is shown.  
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Figure 32. CloudSat convective fractions for the PR extreme events (red) and TMI 

extreme events (green) over the ocean domains. The shaded color represents the 

95% confidence interval. 

  



79 
 

 

 

Figure 33. Similar to Figure 32, but for the land domains. 

 

 



80 
 

 

 

Figure 34. Specific humidity anomalies (blue) and air temperature anomalies (orange) 

from the ERA-Interim over-ocean regions in terms of the PR-TMI differences. 
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Figure 35. Similar to Figure 34, but for the land domains. 
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Figure 36. Temporal changes of the collocated Convective Available Potential Energy 

(CAPE) from the ERA-Interim data for the PR extreme events (red) and TMI 

extreme events (green) over the ocean domains. 
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Figure 37. Similar to Figure 36, but for the land domains. 
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Figure 38. Illustration of the PR-TMI differences when identifying heavy rainfall events 

as associated with organized precipitation over ocean. The contrast between the 

eastern and western Pacific Oceans is shown in the figure. 
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Figure 39. Similar to Figure 38, but for the land domains. 
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6. Conclusions 

 

In summary, this research attempts to identify biases among different TRMM V7 products 

in estimating heavy rainfall over global tropics. Theese products and some ansscillary 

datasets related to the rain-rate retrieval are matched up to identify the source of biases. 

The extreme-rain biases  are then studied in more detail in terms of background physical 

processes using CloudSat and ERA-Interim datasets. In section 3, a pilot case study over 

the Maritime Continent is conducted to initially characterize the statistics of rain 

estimation biases in extreme rainfall. The result shows that extreme-rain biases  among 

the TRMM datasets, particularly between the TRMM PR and TMI, exist due to different 

assumptions in the active-passive sensor retrieval processes. In section 4, a regional 

comparison of the rain estimation biases in extreme rainfall over global ocean and land 

domains is conducted. The results, again show that the different assumptions among the 

products account for generating rain estimation biases in extreme rainfall over the global 

tropics.  In section 5, the rain estimation biases in extreme rainfall are examined further 

using collocated CloudSat and ERA-Interim datasets. The results indicate that different 

structures of convective organization could affect signals received by the active and 

passive sensors.  

There are several key findings identified by this research. First, the extreme-rain 

biases  have different characteristics compared to the climatological biases identified in 

many previous studies. This is because the assumptions inside the TRMM algorithms in 

estimating rain-rates in general, particularly from the TRMM TMI, are less robust for the 

extremes. Second, this research confirms the known limitiation of the TMI land algorithm 

in estimating extreme rain-rates. The TMI land algorithm assumes that rain-rates is 

directly related with a larger number of ice particles aloft, while the PR identifies extreme 

events without much ice particles, but strong radar reflectivity near surface. As a result, 

the TMI identifies artificially high extreme frequency generated by afternoon 

precipitations. Third, this research shows that PR-TMI extreme-rain biases  still exist over 

ocean although the TMI utilizes all of the emission and ice-scattering channels. The TMI 

tends to identify heavier rainfall when strong microwave emissions detected by the sensor. 

In contrast to the TMI, the PR identifies extreme events even with weak microwave 

emissions.  
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 It is difficult to explain the above biases by utilizing PR and TMI datasets only, 

especially in relating the PR radar reflectivities and TMI brightness temperatures. In this 

research, utilization of CloudSat and ERA-Interim gives a detailed explanation of the 

above differences. The result shows that the biases are best explained in term of 

precipitation organization. Over the tropical ocean, the TMI tends to identify widely 

organized systems than the PR. This is mainly due to coarse resolution of the TMI 

emission bands. The widely organized systems have a large variation in term of heights. 

The TMI widely organized systems could have lower cloud top heights than the PR, such 

as over the East Pacific Ocean,  or have taller cloud top heights than the PR, such as over 

the Maritime Continent Ocean. The widely organized systems identified by TMI, 

unfortunately, are less convective than identified by the PR. This might explain why the 

TMI’s collocated PR profiles entirely have lower reflectivity than identified by the PR.    

 The characterization of the extreme precipitating systems over the tropical land 

shows that the warm rain extremes identified by the PR  are associated with more 

organized systems than identified by the TMI. The organized systems maintain a large 

amount of moisture that is essential in the development of warm rain extremes. The TMI 

extreme events, on another hand, are associated with deep isolated systems. Large near-

surface instability and strong ice-scattering signals indicate that the systems could be 

linked to the cold rain process. However, as indicated by PR vertical reflectivity profiles, 

the warm rain process could produce higher rain-rates than the cold rain process. 

This research attempts to explain the differences between the TRMM PR and TMI 

when identifying heavy rainfall events over the global tropical lands and oceans. The 

results show that the PR and TMI detect heavy rainfall events from distinct physical 

processes that can be explained as a function of precipitation organization. Characterizing 

the precipitation organization could provide a potential application for reducing the rain-

rate estimation biases in the active and passive sensors. This is not only useful for the 

future release of the TRMM products and its derivation, but also for newer satellites that 

utilize active and passive sensors. It is important to notice that TRMM dataset is selected 

in this research due to long-term observation periods and ended in 2014. As a successor 

to TRMM, The Global Precipitation Measurement (GPM) was launched on February 

2014. The GPM contains a passive microwave sensor called GPM Microwave Imager 

(GMI). The GMI emission bands, in general, have finer resolution than TMI (about 32 
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km x 19 km for the 10 GHz channels).  It is therefore important to identify whether the 

different precipitation organizations also exist in the GPM products.   
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