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ABSTRACT

This study compares three TMI rainfall datasets generated by two versions of NASA’s Goddard

Profiling algorithm (GPROF2010 and GPROF2017) and JAXA’s Global Satellite Mapping of

Precipitation algorithm (GSMaP) over land, coast, and ocean. We use TRMM precipitation radar ob-

servations as the reference, and also include CloudSat cloud profiling radar (CPR) observations as the

reference over ocean. First, the dynamic thresholds for rainfall detection used by GSMaP and

GPROF2017 have better detection capability, indicating by larger Heidke skill score (HSS) values,

compared with GPROF2010 over both land and coast. Over ocean, all three datasets have very similar

HSS regardless of including CPR observations. Next, intensity analysis shows that no single dataset

performs the best according to all three statistical metrics (correlation, root-mean-square error, and

relative bias), except that GSMaP performs the best for stratiform precipitation over coast, and

GPROF2017 performs the best for convective precipitation over ocean, based on all three metrics.

Finally, an error decomposition analysis shows that the total error and its three components have very

different characteristics over several regions among these three datasets. For example, the positive total

error in GPROF2010 and GSMaP is primarily caused by the positive hit bias over central Africa, while

the false bias in GPROF2017 is largely responsible for this positive total error. For future algorithm

development, results from this study imply that a convective–stratiform separation technique may be

necessary to reduce the large underestimation for convective rain intensity.

1. Introduction

The Tropical Rainfall Measuring Mission (TRMM)

satellite (Simpson et al. 1988; Kummerow et al. 1998),

a joint mission between the National Aeronautics

and Space Administration (NASA) and the Japan

Aerospace Exploration Agency (JAXA) with about

17 years of observations from December 1997 to April

2015 over;388S–388N, greatly improved our knowledge

of precipitation vertical structure (Petersen andRutledge

2001; Liu and Fu 2001; Hirose and Nakamura 2004; You

and Liu 2012), extreme precipitation characteristics

(Zipser et al. 2006; Hamada et al. 2015), precipitation

diurnal cycle (Takayabu 2002; Nesbitt and Zipser 2003),

and latent heat release (Tao et al. 1993; Takayabu et al.

2010). TRMM observations have also been used to im-

prove and validate numerical weather predictionmodels

(Pu et al. 2002; Liu et al. 2014; Lien et al. 2016; Figueroa

et al. 2016) and were often taken as the reference for the

precipitation retrieval algorithm development in the

TRMM era (e.g., Kummerow et al. 2001; Wang et al.

2009; Aonashi et al. 2009).

The Precipitation Radar (PR) (Kozu et al. 2001) and

the TRMMMicrowave Imager (TMI) (Kozu et al. 2001)Corresponding author: Yalei You, yyou@umd.edu
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were designed to provide quantitative precipitation es-

timates. PR measured the surface precipitation rate

more directly (Iguchi et al. 2000), whileTMImeasured the

combined effects of the column integrated hydrometeors

in the atmosphere (i.e., water path) and the surface

emission (e.g., Spencer et al. 1989; Ferraro and Marks

1995;Wang et al. 2009). Therefore, TMIprecipitation-rate

quality depended more on the precipitation profile char-

acteristics (Petersen and Rutledge 2001; You and Liu

2012; Sohn et al. 2013; Shige and Kummerow 2016) and

the surface emission properties (Weng et al. 2001; Prigent

et al. 2006; You et al. 2014). Despite TMI’s relatively in-

direct relation with the surface precipitation rate, it had

significant value because of its large swath width (880km)

compared to PR (250km). Other operational microwave

radiometers in the TRMM era had even larger swath

widths. For most of the TRMM mission lifetime, PR was

the only spaceborne radar dedicated to measuring

precipitation, while many more microwave radiome-

ters were available (Aonashi et al. 2009; Kummerow

et al. 2015), for example, the Advance Microwave

Sounding Unit (AMSU), SSM/I, SSMIS, Advanced

Microwave Scanning Radiometer (AMSR-E), and

Advanced Technology Microwave Sounder (ATMS).

Due to the availability and the much wider spatial

coverage of these radiometers, the mean revisit time

was reduced from several days for PR observations to

;3 h for observations from these passive microwave

radiometers (Hou et al. 2014).

Precipitation rate estimates from these microwave

radiometers served as the cornerstone for the widely

used level-3 gridded precipitation dataset known as the

TRMM Multisatellite Precipitation Analysis (TMPA)

(Huffman et al. 2007). Previous studies have evaluated

and documented the essential features of level-3 merged

precipitation products (Joyce et al. 2004; Kubota et al.

2009; Tian et al. 2010; Chen et al. 2013a,b; Yong et al.

2015). Maggioni et al. (2016) reviewed these studies

and showed that merged satellite products are gen-

erally more accurate over flat terrain, over densely

vegetated regions, and in the warm season. We dem-

onstrate later that these features are actually inherited

from the level-2 (swath) microwave radiometer precipi-

tation datasets.

NASAand JAXAhave independently developed their

own TMI rainfall datasets using different algorithms, that

is, the Goddard Profiling algorithm (GPROF) of NASA

(Wang et al. 2009; Kummerow et al. 2011, 2015), and

Global Satellite Mapping of Precipitation project

(GSMaP) algorithm of JAXA (Aonashi et al. 2009).

This study uses two versions of the TMI rainfall dataset

(versions 7 and 8, hereafter V7 and V8) generated by

GPROF2010 and GPROF2017 (more details in the

following section), and the latest version (version 7,

hereafterV7)GSMaPTMI rainfall dataset. TwoGPROF

TMI datasets are used because, at the time of writing,

1) the TMI rainfall dataset generated by GPROF2010

(V7) was used in the level-3 merged satellite precipi-

tation products (Huffman et al. 2007), and 2) compared

with GPROF2010, GPROF2017 (V8, applied to TMI

in early 2018) made several major changes and its

product characteristics were largely unknown. We use

the algorithm names to represent these three rainfall

datasets, unless otherwise stated. That is, GPROF2010

for NASA’s V7 dataset, GPROF2017 for NASA’s V8

dataset, and GSMaP for JAXA’s V7 dataset.

Previous studies have compared the older versions

of TMI rainfall datasets from NASA and JAXA. For

example, Kubota et al. (2007) compared version 6 of

the NASA and JAXA TMI rainfall datasets and

concluded that the JAXA dataset agreed better with

PR observations, especially over land. By decompos-

ing the error into detection and retrieval components,

Seto et al. (2009) found that the JAXA dataset (V4.7)

has smaller detection and retrieval errors over land

compared with the NASA dataset (V6). Taniguchi

et al. (2013) noticed the severe underestimation for

Typhoon Morakot rainfall rate over Taiwan in both

GSMaP and GPROF products (V6) due to terrain

effects. Therefore, they proposed an orographic rain-

fall rate correction scheme and implemented it in the

JAXA V7 dataset.

The objective of this study is to compare the per-

formance of rainfall detection and intensity estimates

among these three rainfall datasets. This study also

attempts to explain where and why these datasets

differ and agree. Finally, we hope that this study

can benefit the ongoing NASA and JAXA Global

Precipitation Measurement (GPM) dataset develop-

ment, which is built upon the TRMM heritage, by

understanding the weaknesses and strengths of each

dataset. Throughout this work, we primarily use the

PR observations as the reference, though we also in-

clude CloudSat Cloud Profiling Radar (CPR) obser-

vations as part of the reference over ocean since all

three TMI rainfall datasets consider rainfall intensity

beyond the PR detection capability (Kummerow et al.

2011; Kida et al. 2010).

2. GPROF2010, GPROF2017, and GSMaP
algorithms

Previous studies have documented these algorithms in

detail, includingWang et al. (2009), Gopalan et al. (2010),

and Kummerow et al. (2011, 2015) for GPROF2010 and

GPROF2017, andKubota et al. (2007), andAonashi et al.
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(2009) for GSMaP. This section only briefly summarizes

these algorithms to point out their major differences.

a. GPROF2010 and GPROF2017

GPROF2010 uses different retrieval approaches over

land and ocean.Over land, it first identifies pixels with the

brightness temperature (TB) differences between V21

and V85 (V 5 vertically polarized) greater than 8K as

precipitating pixels (McCollum and Ferraro 2003; Wang

et al. 2009). Additional screening over dessert and snow-

covered regions is also applied (Ferraro et al. 1994, 1998;

McCollum and Ferraro 2005; Wang et al. 2009). Then,

precipitation rates are estimated by regression methods

only for the flagged precipitating pixels. Specifically, two

regression curves derived from the PR and TMI obser-

vations convert TB to precipitation rate for convective

and stratiform precipitation systems separately. The final

precipitation rate is a weighted average of the convective

and stratiform precipitation rates (Wang et al. 2009;

Gopalan et al. 2010). The convective/stratiform infor-

mation for each pixel is derived from three types of TB

features, including TB polarization at 10, 37, and 85GHz,

TB spatial variation at 85GHz, andTBminima at 85GHz

(Gopalan et al. 2010). Over ocean, the precipitation rate

is a weighted average of the precipitation rates in the

predefined TB–precipitation databases under different

sea surface temperature (SST) and total precipitable

water (TPW) regimes through a Bayesian retrieval algo-

rithm (Kummerow et al. 2011). Each pixel is associated

with a nonzero precipitation rate although a largemajority

of themare very close to zero (less than 0.01mmh21). The

probability of precipitation (POP) can be used to deter-

mine the precipitating status of each pixel for different

applications.GPROF2010 applies the land algorithmover

coastal regions, leading to poorer detection and intensity

retrieval results (see section 5) along coasts.

The most significant differences between GPROF2010

andGPROF2017 are 1) the Bayesian approach is applied

to all surface types, 2) the predefined TB precipitation

database is stratified by surface temperature, TPW, and

14 self-similar surface types, and 3) a rain–no-rain de-

tection procedure is explicitly applied in GPROF2017

using different POP values.

b. GSMaP

Similar to GPROF2017, GSMaP employs a uniform

framework over all surface types (land, ocean, and

coast) for precipitation detection and intensity estima-

tion (Kubota et al. 2007; Aonashi et al. 2009). The

GSMaP rainfall detection method over land also uses

the TB difference between V21 and V85, but the

threshold value is determined at each 18 grid box for

each month (Seto et al. 2005, 2008). Yamamoto et al.

(2017) improved the detection performance over the

Tibetan Plateau using an updated surface emissivity

database. Over ocean, the scattering signature from

85GHz and emission signature from 37GHz are used to

detect deep and shallow rain systems, respectively (Kida

et al. 2009). Shallow rainfall detection is further im-

proved by including the wind speed from reanalysis

dataset and by assuming more realistic liquid water path

values in the radiative transfer computation.

For precipitation intensity estimation, a lookup table

(LUT) links TB and precipitation rate in each 58 grid
box. A major difference between GPROF and GSMaP

is that GSMaP utilizes 10 general types of precipitation

profiles (six over land and four over ocean and coast)

and one special type of precipitation profile (orographic

rain) in the radiative transfer simulation process, while

GPROF uses the instantaneous precipitation profiles.

Orographic rain is determined by the global objective

analysis data from the methods of Shige et al. (2013,

2014), Taniguchi et al. (2013), and Yamamoto and

Shige (2015).

c. Consistency in surface types

The surface type (land, ocean, and coast) definition

among these three algorithms is different, and a pixel

may be associated with different surface types in these

three datasets, which is especially true over coastal re-

gions. For example, GPROF2017 has the largest number

of coastal pixels, while GSMaP has the smallest number

of coastal pixels due to the dynamic surface-type clas-

sification developed byMega and Shige (2016). To avoid

this definition inconsistency, this study only uses pixels

when all three datasets agree with each other regarding

the surface type.

3. Datasets

This study primarily uses five datasets, including two

datasets from TRMM PR (2A25 and 2A23, V7), along

with theGPROF2010,GPROF2017, andGSMaP rainfall

datasets. We use the full record of PR and TMI obser-

vations fromDecember 1997 toApril 2015. Since PR had

intermittent observations from October 2014 to April

2015, this study only uses data when both PR and TMI

observations are available. The increase in TRMM’s al-

titude in 2001 shows little influence on our analysis.

Following variables from PR products are selected: near

surface rain rate, ice/liquid water path from 2A25, and

storm-top height and rain type (i.e., convective and

stratiform) from 2A23. The rain rate and surface type are

obtained from each of the TMI rainfall datasets.

The latest CPR rain rate product over ocean (version

5, 2C-RAIN-PROFILE) from April 2006 to October
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2016 is used.CloudSat experienced a battery anomaly in

April 2011 and has been in day-only operation-mode

since November 2011. Our analysis shows some small

differences by including the day-only operation-mode

data, but the major conclusions hold. A key reason for

including the day-only observations is to increase the

collocated sample size between PR and CPR. Datasets,

their versions, and variables used in this study are

summarized in Table 1.

4. Methodology

a. Collocation scheme

GSMaP produces rain rates at 0.18 resolution (roughly
10 km in the TRMM region), while GPROF2010 and

GPROF2017 produce rain rates at 21 and 19GHz

footprint sizes, corresponding to ;18.9 km 3 31.1 km

and ;20.9 km 3 34.6 km, respectively. This study takes

the GPROF2017 resolution (19-GHz footprint size)

as the nominal resolution. For GSMaP, the weighted-

average rain rate according to the distance from the

closest eight pixels (20.93 34.6/10/10’ 8) is taken as the

rain rate at this resolution. Since GPROF2010 and

GPROF2017 have very similar resolutions, GPROF2010’s

original resolution remains unchanged.

Because TMI has amuch wider swath than PR, we use

the central 10 scan-line observations fromTMI to ensure

full coverage over the PR swath. PR has a horizontal

resolution of;5 km at nadir. The weighted-average rain

rate according to the distance from the closest 29 pixels

(20.93 34.6/5/5’ 29) is taken as the PR’s rain rate at the

nominal resolution. Next, a raining pixel is judged as

convective when at least half of the raining pixels out of

these 29 PR pixels are convective. Similarly, a raining

pixel is judged as stratiform when at least half of the

raining pixels out of these 29 PR pixels are stratiform.

For the nadir-looking CPR, the horizontal pixel res-

olution is 1.4 km3 1.8 km.We first average the rain rates

from 20 CPR pixels (34.6/1.8’ 20) to roughly match the

GPROF2017 resolution. When CPR and TMI are less

than 5km and 5min away from each other, we consider

them coincident. These threshold values (5 km and

5min) are chosen by considering the trade-off between

the matchup sample size and the accuracy. While

choosing different threshold values affects the quanti-

tative results, the major conclusions hold.

By using these criteria, there are 6257 collocated

pixels between CPR and GPROF2017. CPR has se-

vere attenuation issues for heavy rainfall (e.g., Haynes

et al. 2009; Wang et al. 2018), so this study only uses

the CPR rain rates with ‘‘moderate confidence’’ and

‘‘high confidence’’ as indicated by the rain quality flag.

Furthermore, this study only uses the CPR rain rate

when the rain rate from PR is zero. Specifically, a pixel

judged as a nonraining pixel by PR is determined as a

raining pixel when CPR indicates that this pixel is

raining. By doing so, there are more light rainfall

events, which makes it more difficult to detect for

TMI. Indeed, results later show that the detection

performance becomes worse when the CPR rain rates

are included. This result is understandable because

light rainfall events aremore difficult to detect in nature.

b. Rainfall detection

To assess the rainfall detection performance, four

numbers in a 2 3 2 contingency table (hit, miss, false

alarm, and correct negative) are computed (Wilks

2011). A hit is defined as both the reference (e.g., PR)

and the TMI retrieval (e.g., GPROF2010) detecting

rainfall. A false alarm is when the TMI retrieval de-

tects rainfall while the reference does not, while a

miss is when the reference detects rainfall but the

TMI retrieval does not. A correct negative is when

both the reference and the TMI retrieval detect no

rainfall. This study uses 0.2mmh21 as the rain–no-

rain threshold value. We also calculate the detection

statistics using 0.1 and 0.5mmh21 as threshold values.

A smaller (larger) threshold value results in worse

(better) detection performance [larger Heike skill

score (HSS) value] for all three TMI rainfall products.

However, the rank of these three products does not

change with different threshold values. For this rea-

son, we only present the results with 0.2mmh21 as the

threshold value.

TABLE 1. Dataset names, their versions, and variables used in this study. The algorithm names (GPROF2010, GPROF2017, and

GSMaP) are added in the parentheses after each TMI rainfall dataset. This study uses these three algorithm names to represent their

corresponding TMI rainfall datasets in the discussion, unless otherwise stated.

Satellite name Sensor name Product name Version Parameters

TRMM PR 2A25 Version 7 Rain rate, water path

PR 2A23 Version 7 Storm top height, convective/stratiform

TMI 2A12 (GPROF2010) Version 7 Rain rate, surface type

TMI 2AGPROFTMI (GPROF2017) Version 8 Rain rate, surface type

TMI rain-TMI (GSMaP) Version 7 Rain rate, surface type

CloudSat CPR 2C-RAIN-PROFILE Version 5 Rain rate, rain quality flag
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For clarity and to distinguish these four numbers from

the later total error component analysis, we refer to

these numbers as the: (i) hit number, (ii) false alarm

number, (iii) miss number, and (iv) correct negative

number. Similar to Tan et al. (2016), these four numbers

are shown as percentage values of the total sample be-

cause their absolute values are extremely large from

;17 years of observations. That is, each number is di-

vided by the total sample size N (N 5 a 1 b 1 c 1 d).

This study further computes the accuracy metrics de-

rived from these four numbers, including probability of

detection (POD), false alarm rate (FAR), and HSS.

These metrics are calculated as follows:

POD5
a

a1 c
,

FAR5
b

b1 d
, and

HSS5
2(ad2bc)

(a1 c)(c1 d)1 (a1b)(b1 d)
. (1)

The POD (FAR) values vary from 0 to 1 with a larger

POD (smaller FAR) indicating better detection per-

formance. A large POD value is often associated with a

large FAR value, which makes it difficult to directly

compare detection performance using POD or FAR.

For this reason, this study uses the HSS value to judge

the overall detection performance with a larger HSS

value indicating a better overall performance.

c. Rainfall intensity comparison

For the observations in the hit category, three statistical

metrics are computed, including correlation coefficient

(CC), root-mean-square error (RMSE), and relative bias

(RB). Let R1i and R2i represent rain rates from PR and

TMI (i 5 1, . . . , a) in the hit category. Then,

CC5
�
i5a

i51

(R1
i
2R1)(R2

i
2R2)ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

�
i5a

i51

(R1
i
2R1)3�

i5a

i51

(R2
i
2R2)

s ,

RMSE5
1

a
�
i5a

i51

(R2
i
2R1

i
)2, and

RB5
�
i5a

i51

(R2
i
2R1

i
)

�
i5a

i51

R1
i

3 100%, (2)

where R1 and R2 are the mean rain rate from PR and

GPROF2010, respectively.

d. Total error decomposition

To consider rainfall occurrence and intensity at the

same time, a total error component analysis is adopted

(Tian et al. 2009). The total error can be decomposed

into three independent components: hit bias, miss bias,

and false bias. Following the symbols in Tian et al.

(2009), this study uses E, H, M, and F to represent the

total error, hit bias, miss bias, and false bias, respec-

tively. The total error and its three independent com-

ponents have the relation E 5 H 2 M 1 F.

The total error is computed as the average difference

between the TMI retrievals and the PR observations.

For example, we again use R1i and R2i to represent the

rain rates from PR and TMI (i5 1, . . . , N, and N5 a1
b1 c1 d). Then the averaged total error is computed as

E5
1

N
�
i5N

i51

(R2
i
2R1

i
)

5
1

N
�
i5N

i51

R2
i
2

1

N
�
i5N

i51

R1
i
. (3)

The terms 1/N�i5N

i51 R1i and 1/N�i5N

i51 R2i are often

referred to as unconditional mean rain rate of PR and

TMI, respectively.

For the hit, miss, and false biases, Eq. (3) only applies

to data in the corresponding category. For example, to

compute the hit bias, we use the following equation:

H5
1

N
�
i5a

i51

(R2
i
2R1

i
) , (4)

where a is the hit number. It is clear that the hit bias is a

measure of the intensity difference between PR and

TMI based on the rainfall occurrence number (the hit

number a) in the hit category. The correct negative

category does not contribute to the total error because

the rainfall intensity in that category is 0. These four

numbers (E, H, M, and F) are expressed in units of

millimeters per day (mmday21). The hit bias H, miss

biasM, and false bias F should not be confused with the

mean bias in each category. Instead, they are essentially

the summation of the difference between PR andTMI in

the corresponding categories, normalized by the total

sample size.

5. Results and discussions

a. Rainfall detection performance

Figure 1 shows the hit, miss, false, and correct negative

number as percentages of the total observation numbers

over land, coast, and ocean. Following discussion also

includes POD and FAR values (Table 2). Note that the
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sum of the hit and miss numbers is the total raining pixel

number according to the reference (e.g., PR), and the

sum of the false alarm and correct negative numbers is

the total nonraining pixel number.

Over land, GSMaP and GPROF2017 present similar

hit numbers of 2.8% and 2.7%, respectively, for a total

observation number of N 5 0.57 billion. Both numbers

are much larger than that from GPROF2010 at 1.8%

(Fig. 1a). As a result, POD values from GSMaP and

GPROF2017 are 65.45% and 68.39%, which are much

larger than that from GPROF2010, 42.31% Table 2. On

the other hand, GPROF2010 presents the smallest false

alarm number (0.7%) and the largest correct negative

number (95.2%).

FIG. 1. The hit, miss, false, and correct negative numbers, expressed as the percentage of the total pixel numberN

over (a) land, (b) coast, and (c),(d) ocean. The total pixel number N is shown in the bottom-right corner of each

panel. Over ocean, PR is taken as the reference in (c), and both PR andCPR are used in (d). Due to themuch larger

percentage of correct negative, only a small portion of it is shown in each subplot. The color schemes for hit, miss,

false, and correct negative are shown in (a).

TABLE 2. POD, FAR, andHSS for GPROF2010, GPROF2017, andGSMaP. Over land and coast, TRMMPR is taken as the reference.

Over ocean, we also includeCloudSatCPRobservations as the reference. These statistics are computed at the pixel resolution andN is the

total pixel number.

Dataset POD (%) FAR (%) HSS POD (%) FAR (%) HSS

Land (N 5 0.57 billion) Coast (N 5 0.10 billion)

GPROF2010 42.31 0.75 0.51 24.29 0.29 0.36

GPROF2017 65.45 1.99 0.60 64.96 5.13 0.53

GSMaP 68.39 1.01 0.70 54.56 1.20 0.62

Ocean (PR only, N 5 1.77 billion) Ocean (PR 1 CPR, N 5 6257)

GPROF2010 74.75 2.55 0.69 37.40 0.73 0.47

GPROF2017 73.21 3.22 0.66 36.56 1.20 0.45

GSMaP 67.85 1.94 0.68 33.31 0.63 0.45
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These rainfall detection characteristics are caused

by the different detection methods over land. As

mentioned previously, GPROF2010 primarily uses a

threshold value of 8K between V21 and V85 for rainfall

screening over land (Wang et al. 2009). The varying

threshold values, either in the latitude–longitude grid box

for each month from GSMaP or in the environmental-

parameter binned intervals from GPROF2017, result in

much larger POD values, compared with GPROF2010.

However, the varying threshold values in GPROF2017

and GSMaP also falsely identify more raining pixels

(larger FAR) than GPROF2010. Overall detection per-

formance is evaluated using the HSS value (Table 2).

As expected, both GPROF2017 and GSMaP have

better overall detection performance indicated by the

larger HSS values than GPROF2010 due to the varying

threshold values. Further, the larger HSS value of 0.70

from GSMaP is most likely because it uses more re-

gional information, compared with the HSS being 0.60

from GPROF2017.

Similarly, both GPROF2017 and GSMaP have much

larger hit numbers over coast compared to GPROF2010

(Fig. 1b). However, GPROF2010 has a much smaller

false alarm number of 0.3%, compared with 4.7% and

1.0% from GPROF2017 and GSMaP, respectively.

Overall, GPROF2010 has a much smaller HSS value of

0.36 (Table 2), compared with 0.53 and 0.62 from

GPROF2017 and GSMaP, respectively. The poor per-

formance of GPROF2010 is because the detection ap-

proach from GPROF2010 is ad hoc in nature (simply

extending the land algorithm to coast).

Over ocean, the detection statistics are first computed

by using PR as the reference. Then, CPR observations

are included into the detection assessment process.

Regardless of the reference, all three datasets perform

similarly as indicated by the similar numbers in Figs. 1c

and 1d, and the similar accuracy metrics in Table 2. For

example, the HSS values are;0.70 (;0.45) for all three

datasets when PR (CPR) is considered as the reference.

b. Seasonal variation of detection performance

For the analysis in this section, the data were sepa-

rated into the Northern and Southern Hemispheres with

the purpose of showing the detection performance in

warm and cold seasons. However, only results for the

Northern Hemisphere are shown since similar features

were found in the Southern Hemisphere.

Figures 2a–c show the seasonal variations of POD,FAR,

and HSS over land from GPROF2010, GPROF2017, and

GSMaP. POD values from all three datasets are larger

in the warm season (April–October) than in the cold

season. Further analysis indicates that ice water path

and storm top heights (Fig. 3) are larger in the warm

season due to increased convection, resulting in a larger

TB depression and larger POD. This property propa-

gates into the level-3 gridded datasets and has been

noted by many previous studies (e.g., Maggioni et al.

2016). More importantly, POD values from GSMaP

(green curve in Fig. 2a) andGPROF2017 (red curve) are

consistently larger than those from GPROF2010 (blue

curves). As discussed previously, the varying threshold

values in GSMaP and GPROF2017 account for the

consistently larger POD values. The HSS values from

GPROF2017 have a much smaller seasonal variation,

and remain at ;0.58 throughout all months (Fig. 2c).

In contrast, HSS values from GPROF2010 have a very

strong seasonal variation, increasing from ;0.3 in

January to;0.5 in summer. In addition, GSMaP’s HSS

values also exhibit seasonal variation, with values

ranging from ;0.5 in the cold season to ;0.7 in the

warm season.

Due to the ad hoc nature of the GPROF2010 coastal

algorithm, the POD values in all seasons are less than

40% (Fig. 2d), while POD values fromGPROF2017 and

GSMaP are consistently ;20%–40% larger than those

from GPROF2010. The FAR values from GPROF2010

and GSMaP remain less than 2% in all months, while

FAR values from GPROF2017 increase to ;7% in

summer. Similar to the performance over land, HSS

from GPROF2017 and GSMaP are consistently larger

than from GPROF2010 in all months.

Over ocean, POD values from both GPROF2010

and GPROF2017 remain at ;75% in all months

(Fig. 2g). In contrast, POD values from GSMaP have

relatively larger seasonal variations, ranging from

;60% in January to ;75% from June to October. As

discussed previously, GPROF2010 and GPROF2017

often falsely identifymore rainfall occurrence. Therefore,

FAR values from them are larger than those from

GSMaP in most months (Fig. 2h). For HSS, the per-

formance of these three datasets is similar, with the

HSS difference among them being less than 0.05 in all

months (Fig. 2i).

c. Geospatial distribution of the detection
performance

This section analyzes the geospatial variation of

rainfall detection performance in each 18 grid box over

land and ocean (but not over coastal regions where the

sample size is too limited). We intentionally separate

the figures into land and ocean because of the very

different variation ranges.

GPROF2010 presents smaller POD and FAR values

over land compared with GSMaP (Figs. 4d,i), with ex-

ceptions for FAR over some areas in the Tibetan

Plateau region. In terms of HSS, GSMaP performs
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better in thewhole TRMM-covered region.Values ofHSS

from GSMaP are about 0.3 greater than those from

GPROF2010 over arid regions (Fig. 4n; e.g., SaharaDesert

and Arabian Peninsula). Comparing GPROF2017 with

GSMaP, the most notable feature is that GPROF2017 has

larger FAR values over central Africa, northern South

America, and much of southern Asia (Fig. 4j). For HSS,

GSMaP performs better in most of the TRMM region,

except over some arid areas (Fig. 4o; e.g., Iranian Plateau).

The better detection performance fromGSMaP is most

likely because it considers more regional feature by

screening precipitation in each 18 grid box.

Similar to the overall detection performance in the

Table 2, all three datasets have much more similar

FIG. 3. (a) The monthly average ice water path over land in the Norther Hemisphere from January to December.

Data is from January 1998 to December 2013. (b) As in (a), but for storm top height.

FIG. 2. (a)–(c) The seasonal variation of POD, FAR, and HSS in the Northern Hemisphere (NH) over land for GPROF2010,

GPROF2017, and GSMaP. The line color for each product is shown in (a). (d)–(f) As in (a)–(c), but over coast. (g)–(i) As in (a)–(c), but

over ocean. Data in 1997, 2014, and 2015 are not included in the seasonal analysis because data in certain months are not available.
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geospatial distribution of POD, FAR, and HSS over

oceans (Fig. 5) compared with over land. A noticeable

feature is that both versions ofGPROF tend to have larger

POD and FAR values in light-rainfall-dominant regions

(e.g., west of California and Peru coast; Figs. 5d,e,i,j).

These features mean that both versions of GPROF

correctly detect more raining pixels in these regions,

but at the same time they also falsely identify more

nonraining pixels as raining pixels in these regions.

d. Rainfall intensity estimate performance

This section analyzes rainfall intensity in the hit, false,

and miss categories. In the hit category, three statistical

metrics (CC, RMSE, and RB) are computed between

PR and each TMI rainfall dataset. For the pixels in the

false category (i.e., TMI retrieval results falsely identify

nonraining pixels as raining pixels), we show their in-

tensity distributions from each TMI rainfall dataset. In

themiss category (i.e., TMI retrieval results fail to detect

rainfall from PR), we show their intensity distribution

from PR.

1) RAINFALL INTENSITY ANALYSIS IN THE HIT

CATEGORY

Over land, a pronounced feature of the rainfall scat-

terplots is that GPROF2010 slightly over estimates

convective rainfall intensity, while GPROF2017 and

GSMaP (cf. Fig. 6a and Fig. 6b, and Fig. 6a and Fig. 6c)

underestimate convective rainfall. Indeed, RB from

GPROF2010 is 4.33% compared with 286.91% from

GPROF2017 and229.86% fromGSMaP (Table 3). The

small overestimation from GPROF2010 for convective

rainfall implies that a convective–stratiform separation

method is necessary in future rainfall retrieval algorithms

since only GPROF2010 has explicitly implemented a

convective–stratiform separation scheme in the inten-

sity estimation process. Further, both GPROF2017 and

GSMaP have larger CCs of 0.53 and 0.62, compared

with 0.31 from GPROF2010. The largest possible rain

rates in GPROF2010 and GPROF2017 are ;64 and

;100mmh21 (y axis in Figs. 6a and 6b), while it is

300mmh21 from GSMaP (Fig. 6c). For stratiform

rainfall over land, all three datasets tend to overesti-

mate light to moderate rain rates (,5mmh21). This

overestimation is more evident in GPROF2017 and

GSMaP (Figs. 6e,f). In contrast, all three datasets sig-

nificantly underestimate heavier rainfall (.16mmh21).

Furthermore, no single dataset performs best according

to all three statistical metrics (CC, RMSE, and RB;

Table 3).

As mentioned previously, GPROF2010 produces

rain rates over coasts in an ad hoc fashion by simply

extending the land algorithm to the coastal regions.

As a result, for both convective and stratiform rain-

fall systems, rain rates from GPROF2010 only vary

from ;1 to ;48mmh21 (Figs. 7a,d). Interestingly,

the 2mmh21 rain rates for stratiform rainfall from

GPROF2010 (Fig. 7d) generally correspond to lighter

PR rain rates from 0.2 to 2mmh21 in PR observations.

This feature contributes to the overall positive bias of

62.87% in GPROF2010 (Table 3). The dynamic range

of the convective rain rates fromGPROF2017 over coast

is more reasonable with minimum values , 0.2mmh21

(Fig. 7b), compared with GPROF2010. However, rain

rates from GPROF2017 are mostly under the 1-to-1 line,

indicating a large underestimation. Indeed, GPROF2017

has the largest negative RB of 298.43% for convective

rainfall over coast, compared with RB of 269.63% from

GPROF2010, and251.88% fromGSMaP (Table 3). For

stratiform rainfall over coasts, the most noticeable fea-

ture is that GSMaP performs the best in term of the dis-

tribution in Fig. 7f and all three statistical metrics.

Specifically, stratiform rainfall over coasts from GSMaP

has the largest CC of 0.66, the smallest RMSE of

1.05mmh21, and the smallest RB of 26.43% (Table 3).

The differences between these three datasets are

much smaller over ocean compared with over land and

coast. In particular, GPROF2010 and GPROF2017

show very similar characteristics, both on the scatter-

plots (cf. Fig. 8a and Fig. 8b, and cf. Fig. 8d and Fig. 8e)

and in terms of the statistical metrics, as shown in

Table 3.

To summarize, we show that over land these three

datasets differ greatly. GPROF2010 shows a much

weaker correlation, compared with the other two

products. However, it also has a much smaller relative

bias value under the convective scenario. Over coast,

GSMaP performs the best in terms of all three sta-

tistical metrics for stratiform rainfall. Over ocean,

the differences between them are much smaller and

GPROF2017 performs the best in terms of all three

statistical metrics for convective rainfall. One com-

mon feature over ocean is that all three datasets

greatly underestimate convective rainfall intensity.

2) RAINFALL INTENSITY ANALYSIS IN THE FALSE

AND MISS CATEGORIES

This section analyzes the rainfall intensity distribution

in the false and miss categories. Small rain rates in both

categories mean better performance because nonzero

rain rates in the false category mean that TMI falsely

identifies rainfall while PR indicates otherwise, and rain

rates in the miss category mean that TMI misses the

rainfall indicated by PR.

Figure 9a shows the rainfall occurrence histograms in

the false category for GPROF2010 (blue), GPROF2017
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(red), andGSMaP (green) over land. Clearly, GPROF2010

has a larger peak around 2mmh21 compared with

0.1mmh21 from GPROF2017 and GSMaP, indicating

that GPROF2010 tends to falsely identify heavier

rainfall than GPROF2017 and GSMaP. Particularly,

GPROF2010 shows a larger percentage of falsely iden-

tified rainfall heavier than 4mmh21. Further analysis

suggests that these falsely identified rainfall pixels are

often near the edges of convective rainfall systems and

are classified as ‘‘convective’’ pixels by GPROF2010.

Therefore,GPROF2010produces large rain rates for these

falsely identified convective pixels.Over coasts, about 35%

of falsely identified rain rates from GPROF2010 are

;2mm h21 (Fig. 9b). In contrast, GPROF2017 and

GSMaP tend to have smaller rain rates in the false

category, similar to over land. Over ocean, falsely

identified rainfall tends to have a larger rainfall intensity

from GSMaP and the lowest values from GPROF2010.

FIG. 6. (a)–(c) Scatterplots between rain rates from GPROF2010 and from PR, between rain rates from

GPROF2017 and from PR, and between rain rates from GSMaP and from PR, for convective rainfall over land.

(d)–(f) As in (a)–(c), but for stratiform rainfall.
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For the rain rates in the miss category, the differences

between these products and over all surface types are

small (Figs. 9d–f). These histograms all peak around

0.02mmh21.

e. Total error decomposition

This section first shows the overall unconditional mean

rain rate from PR, GPROF2010, GPROF2017, and

GSMaP over three surface types. Then the total error E

and its three independent components (the hit biasH, the

miss bias M, and the false bias F) from these three TMI

rainfall datasets are analyzed. One should recall that the

total error E in Eq. (3) is the overall unconditional mean

rain rate difference between a TMI rainfall dataset (e.g.,

GPROF2010) and the reference (e.g., PR). Finally, geo-

spatial distribution of the total error and its three compo-

nents in 18 grid boxes is analyzed for these three datasets.

1) OVERALL UNCONDITIONAL MEAN RAIN RATE

Figure 10 shows the overall unconditional mean rain

rate over land, coast, and ocean from PR and the three

TMI products. Over land, the mean rain rate is 1.89,

2.12, 1.72, and 2.13mmday21 from PR, GPROF2010,

GPROF2017, and GSMaP, respectively. Obviously,

GPROF2017 underestimates the mean rain rate, while

GPROF2010 and GSMaP overestimate the mean rain

rate. Over coast, GPROF2017 produces a mean rain

rate that is much closer to the mean rain rate from PR

compared with those from GPROF2010 and GSMaP.

Over ocean, the differences between these three da-

tasets are much smaller compared with PR.

Interestingly, the overall unconditional mean rain rate

from PR is 3.39mmday21 over coast, which is much

larger than those over ocean (2.69mmday21) and over

land (1.89mmday21). This is consistent with the study

by Ogino et al. (2016), which showed that precipitation

amount peaks around the coastline. They concluded that

the diurnal land–sea circulation is primarily responsible

for the coastal precipitation maximum, compared with

precipitation amount over land and ocean.

2) TOTAL ERROR AND ITS THREE COMPONENTS

The total error and its three independent components

are analyzed in this section (Table 4). These four values

(E, H, M, and F) are also shown as a percentage of the

unconditional mean rain rate from PR.

Over land, GPROF2010 and GSMaP have very sim-

ilar total bias (E in Table 4, 0.23 and 0.24mmday21,

respectively). However, bias decomposition analysis

reveals a very different picture. All three components

for GPROF2010 are larger than those for GSMaP,

which means that GPROF2010 has larger hit, miss, and

false biases, which partially cancel each other, leading to

an unconditional mean rain rate similar to GSMaP. The

larger false bias is primarily caused by the larger false

rain rate intensities in GPROF2010 (Fig. 9a), while the

large miss bias is primarily caused by the large miss

rainfall occurrence (Fig. 1a). GPROF2017 has a nega-

tive total bias of 20.17mmday21, compared with a

positive total bias from both GPROF2010 and GSMaP.

This negative total bias is partially caused by the large

negative hit bias due to the large underestimation of

convective rainfall in GPROF2017 (Fig. 6b).

Over coast, GPROF2017 has the smallest total

bias of 0.05mmday21, followed by the total bias of

20.34mmday21 fromGSMaP, and21.12mmday21 from

GPROF2010. Further analysis shows that the small

total bias from GPROF2017 primarily results from the

cancellation of the miss and false biases. The large

total bias fromGPROF2010 is caused by the large miss

bias of 21.62mmday21, which is very large because it

is 47.87% of the unconditional mean rain rate of PR

over coast (3.39mmday21).

The very large miss bias from GPROF2010 may seem

contradictory with the intensity histogram in Fig. 9d,

where all three datasets show similar miss rainfall in-

tensity. In fact, this result is because GPROF2010 has a

much larger miss number (Fig. 1b, 5.8% versus 2.7%

from GPROF2017 and 3.5% from GSMaP). According

to Eq. (4), the bias computation is essentially the sum-

mation of the rain rate in each category, which includes

both occurrence and intensity information (hence, the

presentation of rainfall occurrence in Fig. 1 and rainfall

intensity distribution in Fig. 9). Also, GPROF2010 has

TABLE 3. CC, RMSE, and RB from convective and stratiform

rainfall in the hit category for GPROF2010, GPROF2017, and

GSMaP at the pixel resolution.

Surface type/rain type Dataset CC

RMSE

(mmh21)

RB

(%)

Land/convective GPROF2010 0.31 0.86 4.33

GPROF2017 0.53 1.27 286.91

GSMaP 0.62 0.91 229.86

Land/stratiform GPROF2010 0.51 1.06 34.79

GPROF2017 0.57 1.08 34.40

GSMaP 0.66 1.06 42.69

Coast/convective GPROF2010 0.36 1.01 251.88

GPROF2017 0.66 1.34 298.43

GSMaP 0.71 1.35 269.63

Coast/stratiform GPROF2010 0.46 1.19 62.87

GPROF2017 0.51 1.20 54.45

GSMaP 0.66 1.05 26.43

Ocean/convective GPROF2010 0.77 0.95 263.35

GPROF2017 0.86 0.67 242.59

GSMaP 0.84 0.78 253.08

Ocean/stratiform GPROF2010 0.80 0.75 15.09

GPROF2017 0.83 0.70 32.08

GSMaP 0.77 0.83 7.13
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the smallest false bias compared with GPROF2017 and

GSMaP, although Fig. 9a shows that GPROF2010 tends

to have a larger false rain intensity (peaking around

2mmh21). This result is because GPROF2010 falsely

identifies the least amount of rainfall occurrence over the

coastal region (Fig. 1b, 0.3% from GPROF2010 versus

2.7% from GPROF2017 and 3.5% from GSMaP).

The differences in the total bias are relatively smaller

over ocean comparedwith over land and coast (Table 4).

One pronounced feature is that both GPROF versions

have larger false bias components than GSMaP caused by

larger false rainfall occurrence (Fig. 1c), although GSMaP

tends to have larger false rainfall intensities (Fig. 9c).

3) GEOSPATIAL DISTRIBUTION OF TOTAL ERROR

AND ITS THREE COMPONENTS OVER LAND

This section shows the geospatial distribution of the

total error and its three components from the three TMI

FIG. 7. (a)–(c) Scatterplots between rain rates from GPROF2010 and from PR, between rain rates from

GPROF2017 and from PR, and between rain rates from GSMaP and from PR, for convective rainfall over coast.

(d)–(f) As in (a)–(c), but for stratiform rainfall.
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rainfall datasets over land. Similar analysis has also

been done over ocean without noticing clear difference

(not shown).

The total error and its three components have evi-

dent differences between the three datasets in several

regions (Fig. 11). First, GPROF2010 has a larger pos-

itive total error in central Africa (Fig. 11a) compared

with GPROF2017 (Fig. 11e) and GSMaP (Fig. 11i).

Different bias components account for this positive

total error over central Africa. This positive bias in

GPROF2010 is primarily caused by the large positive

hit bias (Fig. 11b). Precipitation systems in this region

are often associated with very deep convection and

therefore are associated with larger ice water path

(Zipser et al. 2006; You and Liu 2012). The higher ice

water path leads to large hit biases in GPROF2010

since the same equations for rainfall intensity estimation

are applied globally. In contrast, both GPROF2017 and

FIG. 8. (a)–(c) Scatterplots between rain rates from GPROF2010 and from PR, between rain rates from

GPROF2017 and from PR, and between rain rates from GSMaP and from PR, for convective rainfall over ocean.

(d)–(f) As in (a)–(c), but for stratiform rainfall.
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GSMaP establish different relationships between rain

rate and TB depending either on regions or on weather

regimes, which lead to much smaller hit biases in this

region (cf. Fig. 11b and Fig. 11f, cf. Fig. 11b and

Fig. 11j). The larger false bias over central Africa from

GPROF2017 (Fig. 11g; mainly due to the larger false

detection number) contributes more to the positive

total error in this region, compared with the hit bias in

this region (Fig. 11f).

Second, the much larger positive total error over

the Tibetan Plateau region in GPROF2010 (Fig. 11a)

is mainly caused by the large false bias (Fig. 11c).

FIG. 9. Rainfall intensity distribution forGPROF2010, GPROF2017, andGSMaP in the false andmiss categories

over (a),(d) land, (b),(e) coast, and (c),(f) ocean. The line color for each dataset is shown in (d). The area of rainfall

intensity less than 0.2mmh21 is lightly shaded. Rainfall intensity less than 0.2mmh21 is assigned as 0 in the

detection- and intensity-related computation.
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As discussed previously, the static detection threshold

value in GPROF2010 is responsible for this larger

false bias compared with GPROF2017 and GSMaP.

Third, both GPROF2010 and GPROF2017 have

prevalent negative total error (Figs. 11a,e) over the

northern Amazon region, while the total error in

GSMaP over this region is generally positive. The error

decomposition reveals that large miss biases are solely

responsible for the prevalent negative total error over

this region in GPROF2010 (Fig. 11d), while both nega-

tive hit biases and miss biases contribute to this feature

in GPROF2017. For GSMaP, the dominant positive

total error is mainly due to the positive hit bias in

this region.

6. Conclusions

This study compares rainfall detection and inten-

sity estimates from three TMI rainfall datasets (i.e.,

GPROF2010, GPROF2017, and GSMaP) using the

full TRMM satellite record from December 1997 to

April 2015. The analysis is separated into three surface

types, including land, coast, and ocean. For rainfall in-

tensity analysis in the hit category (i.e., both PR and

TMI detect rainfall), we also separate rainfall systems

into convective and stratiform components. TRMM PR

is taken as the primary reference over all surface types,

although CloudSat CPR observations have also been

included over ocean. Key results are summarized as

follows:

1) For detection performance,GPROF2017 andGSMaP

show better performance than GPROF2010 as indi-

cated by larger HSS values over both land and coast.

The dynamical threshold values used in the rainfall

detection process by GPROF2017 and GSMaP ac-

counts for this better performance. It is further noticed

that GSMaP has better detection capability than

GPROF2017, which is most likely because GSMaP

uses more regional information by screening rainfall

over each 18 grid box, while GPROF2017 detects

rainfall in different environmental-variable-binned

databases (e.g., TPW and surface temperature).

Over ocean, all three datasets perform similarly

regardless of using PR or CPR as the reference. The

seasonal and geospatial analyses of the detection

performance metrics generally agree with the overall

analysis.

2) For rainfall intensity over land, there is no clear

superior dataset in terms of all three statistical

metrics (CC, RMSE, and RB). However, both

GPROF2017 and GSMaP have much better corre-

lation values than GPROF2010 for convective

rainfall over land, which result from the regionally

dependent relation between brightness tempera-

ture and rain rate implemented in GPROF2017

and GSMaP. On the other hand, GPROF2010 only

slightly overestimates convective rainfall over land

compared with much larger underestimation from

GPROF2017 and GSMaP, which is likely due to

the convective–stratiform separation scheme in

GPROF2010. Itmay imply the necessity to implement

FIG. 10. Unconditional mean rain rate (mmday21) from PR,

GPROF2010, GPROF2017, and GSMaP.

TABLE 4. Total errorE and its three independent components: hit biasH, miss biasM, and false alarm bias F over land, coast, and ocean

for GPROF2010, GPROF2017, and GSMaP. These statistics are computed at the pixel resolution and also shown as the percentage of

unconditional mean PR rain rate in parentheses.

Surface type Dataset H (mmday21) 2M (mmday21) F (mmday21) E 5 H 2 M 1 F (mmday21)

Land GPROF2010 0.43 (22.49%) 20.62 (232.61%) 0.42 (22.04%) 0.23 (11.92%)

GPROF2017 20.14 (27.20%) 20.30 (215.61%) 0.26 (13.64%) 20.17 (29.17%)

GSMaP 0.27 (14.03%) 20.21 (211.14%) 0.18 (9.69%) 0.24 (12.59%)

Coast GPROF2010 0.34 (10.06%) 21.62 (247.87%) 0.17 (4.61%) 21.12 (233.21%)

GPROF2017 20.02 (20.52%) 20.49 (214.57%) 0.56 (16.55%) 0.05 (1.46%)

GSMaP 0.08 (2.45%) 20.62 (218.15%) 0.19 (5.69%) 20.34 (210.01%)

Ocean GPROF2010 20.11 (24.01%) 20.05 (21.78%) 0.18 (6.85%) 0.03 (1.07%)

GPROF2017 0.11 (3.98%) 20.11 (24.00%) 0.23 (8.74%) 0.23 (8.72%)

GSMaP 0.05(1.84%) 20.23 (28.61%) 0.08 (3.10%) 20.10 (23.67%)
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a convective–stratiform separation scheme in the re-

trieval process.

3) For rainfall intensity over coast, GSMaP performs

the best for stratiform rainfall in terms of all three

statistical metrics (CC, RMSE, and RB) and has the

largest correlation for convective rainfall. This better

performance from GSMaP is particularly evident in

the scatterplots (Fig. 7). GSMaP’s coastal rainfall

retrieval algorithm considers the land–ocean per-

centage in each coastal pixel, which accounts for

its better performance. In contrast, GPROF2010

extends the land algorithm over coast, resulting

in a lack of continuity for the rainfall intensities.

Although GPROF2017 has a coastal retrieval algo-

rithm, it does not consider the land–ocean percent-

age for each pixel.

4) For rainfall intensity over ocean, the differences

between these three datasets are much smaller than

those over coast and land. This feature further con-

firms that rainfall retrieval algorithms over ocean

rely on more direct relations between liquid water

rain drops with surface rainfall rates, while rainfall

is primarily estimated by the scattering signatures

over land.

5) The error component decomposition analysis re-

veals that the large overall underestimation from

GPROF2010 over coast is primarily caused by the

miss bias. That is, GPROF2010 misses many more

rainfall events over coastal regions compared with

the other two datasets. The geospatial analysis shows

that the positive total error over central Africa in

GPROF2010 and GSMaP is primarily caused by

positive hit bias, while false bias in GPROF2017

is largely responsible for positive total error in

this region.

Finally, inhomogeneity within the large radiometer

footprint (e.g., 20.9 km 3 34.6 km at 19GHz) can also

cause large uncertainties for both precipitation detec-

tion and intensity estimates, which is especially chal-

lenging under convective rainfall situations. Future

precipitation retrieval algorithms should also take the

footprint inhomogeneity into consideration.
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