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Abstract: The spatiotemporal mean rain rate (MR) can be characterized by the rain frequency (RF)
and the conditional rain rate (CR). We computed these parameters for each season using the TMPA
3-hourly, 0.25◦ gridded data for the 1998–2017 period at a quasi-global scale, 50◦N~50◦S. For the
global long-term average, MR, RF, and CR are 2.83 mm/d, 10.55%, and 25.05 mm/d, respectively.
The seasonal time series of global mean RF and CR show significant decreasing and increasing
trends, respectively, while MR depicts only a small but significant trend. The seasonal anomaly of RF
decreased by 5.29% and CR increased 13.07 mm/d over the study period, while MR only slightly
decreased by −0.029 mm/day. The spatiotemporal patterns in MR, RF, and CR suggest that although
there is no prominent trend in the total precipitation amount, the frequency of rainfall events becomes
smaller and the average intensity of a single event becomes stronger. Based on the co-variability of
RF and CR, the paper optimally classifies the precipitation over land and ocean into four categories
using K-means clustering. The terrestrial clusters are consistent with the dry and wet climatology,
while categories over the ocean indicate high RF and medium CR in the Inter Tropical Convergence
Zone (ITCZ) region; low RF with low CR in oceanic dry zones; and low RF and high CR in storm
track areas. Empirical Orthogonal Function (EOF) analysis was then performed, and these results
indicated that the major pattern of MR is characterized by an El Niño-Southern Oscillation (ENSO)
signal while RF and CR variations are dominated by their trends.

Keywords: precipitation; rain frequency; mean rain rate; conditional rain rate; EOF analysis

1. Introduction

Precipitation is a key factor in most atmospheric and hydrologic interactions. It in-
teracts with other components of the climate system such as the biological and chemical
cycles. Its role in phenomena such as dust [1,2], hurricanes [3], and aerosols [4] are still
active research areas. On the other hand, precipitation has a huge influence on human
activities and various aspects of daily life, such as transportation [5], food security [6], and
spread of disease [7,8]. Accurate measurements and analytics of global rainfall are crucial
for advancing our understanding of the climate system [9] and human society. Further-
more, reanalyzed precipitation products contain uncertainties introduced by the following
aspects: the inter-model indeterminacies due to the discrepancies in the responses from
different models under a warming climate, and internal variability of a climate model
due to its own uncertainty components [10]. A solid analysis of the trends and variations
in the observed precipitation characteristics can be utilized to mitigate these potential
uncertainties by integrating these trends to the models [11,12]. Model design that does not
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consider the actual trends of precipitation, especially regarding frequency and density, will
lead to inaccuracies in the predictions of climate models. The estimation and leveraging of
these trends that cannot be completely predicted by current climate models are essential for
the calibration of model predictions. Therefore, a comprehensive and quantitative analysis
on the trends and variations of global precipitation in both spatial and temporal dimensions
are of great importance for the application and validation of global climate models.

Different precipitation frequencies and intensities could lead to the same rainfall
amounts, albeit through different mechanisms. For example, the rainfall can be concen-
trated in a few days with no rain at times, or it can rain continuously throughout the month,
producing the same mean amount. While continuous drizzle can be good for agriculture,
a few heavy storms can result in flash flooding. In recent decades, an increase in heavy
rainfall events as well as a decrease in rainfall frequency as a manifestation of climate
change was noticed [13] and could have threatened agriculture, the economy, and human
lives. The quantitative analysis on the trends and distributions of precipitation parameters,
amount, frequency, and density is always crucial to address these issues. Investigation and
analysis of not only the rainfall amount but also the frequency and intensity will give a
promising view of how to understand the climate system and climate change. Moreover,
the weather and climate of the tropics are driven by the interaction of large-scale circulation
features and convection [14,15], which causes it to be characterized by intense and persis-
tent rainfall in selected seasons and areas. Therefore, many important hydrological events
and zones take place in the tropics such as the Inter Tropical Convergence Zone (ITCZ) and
ENSO events. Investigations on the trends and patterns of tropical precipitation are crucial
for the study of the global climate and environment, especially with the advancement of
high spatiotemporal resolution datasets such as TRMM. Additionally, detailed patterns
and variations can be obtained in both global and regional scales due to their large spatial
coverages, high sampling-resolution, and retrieval frequencies.

Studies have been conducted on the analysis of precipitation factors on both global
and regional scales. For example, global precipitation means, variation patterns, and trends
were analyzed by Adler et al. [16], who found that the variations of global precipitation
were closely related to ENSO events, which increased slightly during El Niños and de-
creased noticeably after major volcanic eruptions. However, the patterns of the frequency
and intensity of precipitation were not reported. Following their previous study, Gu and
Adler [17] then explored the tropical (30◦N~30◦S) interdecadal changes and trends in the
intensity distribution based on GPCP monthly analyses and CMIP5 outputs. They found
a significant positive trend in the upper percentiles. However, the trends and character-
istics of the precipitation frequency remain to be addressed based on data with higher
temporal resolution. Shang et al. [18] examined the spatial and temporal variations in the
precipitation amount, frequency, and intensity in China using ground-based observations.
They found a decreasing trend in the frequency and an increasing trend in the intensity.
Nonetheless, whether the similar patterns can be found on a global scale still needs to be
analyzed. Furthermore, ground-based observations were distributed sparsely, especially in
some remote regions such as mountains and highlands. Satellite data used in this study had
the advantage of full coverage over a global scale. Trenberth and Zhang [19] investigated
the rainfall frequency based on different thresholds using CMORPH data at hourly and
0.25◦ resolution. They illustrated that the results were quite sensitive to both the spatial
scales of the data and their temporal resolutions. Thus, it is important to adopt hourly
observations to gain a proper appreciation of the true frequency. In summary, although
some analytical results of precipitation parameters’ trends and features have been illus-
trated by previous studies, the intercomparison between different precipitation parameters,
such as the amount, frequency, and intensity over different regions and periods, are still
needed. Meanwhile, even though the precipitation categories have been illustrated on
land in terms of indices such as number of wet days [20] and intensity percentiles [17], the
oceanic precipitation categories are still unclear.
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In order to fill the aforementioned gaps, this paper conducts a thorough and quan-
titative analysis on the means, trends/patterns, and categories of the three precipitation
parameters, mean rain rate (MR), rain frequency (RF), and conditional rain rate (CR),
which reflect the precipitation amount, frequency, and intensity, respectively, at a global
scale (50◦N~50◦S). The rest of the paper is organized as follows: Section 2 provides an
introduction of the dataset and describes the analytical methodology, analytics and results
are presented in Section 3, discussion is given in Section 4, and Section 5 demonstrates
the conclusions.

2. Data and Method
2.1. TRMM 3B42V7 Data

TRMM 3B42V7 product is adopted to analyze the spatiotemporal characteristics of
precipitation and the attributes of its patterns. TRMM 3B42 is a post-real-time precipitation
product generated with the TRMM Multi-satellite Precipitation Analysis (TMPA) algorithm,
which was developed by the National Aeronautics and Space Administration (NASA)
Goddard Space Flight Center [21]. It has a 0.25◦ spatial resolution and 3-hourly temporal
resolution covering the latitudinal band between 50◦N~50◦S from 1998 to the present [22].
This study investigates the dataset from 1 September 1998, to 28 February 2017 (18.5 years)
and the precipitation parameters are calculated for each season (with 74 seasons in total) in
the study period.

Satellite-based precipitation estimations are widely used to infer global and tropical
precipitation [23–25]. Among these datasets, TMPA provides promising performance of
tropical precipitation based on the wide variety of modern satellite-borne precipitation-
related sensors [26]. It is produced based on two major data sources: the window-channel
(∼10.7 µm) infrared (IR) data and precipitation-related passive microwave data [27], to pro-
vide high spatiotemporal resolution and reliable calibration for precipitation estimates. On
the other hand, the spatiotemporal resolutions of input data sources are crucial for the
derived analysis results [28–30]. A coarse-resolution dataset may fail to capture the trends
and characteristics of global and regional precipitation. The spatiotemporal resolution,
0.25◦ and 3-hourly, is capable and reliable to capture RF and CR at mesoscale [28,31].

2.2. Precipitation Parameters

The paper utilizes three precipitation parameters to analyze the precipitation charac-
teristics over the study region and time period, including:

(1) The mean rain rate (MR) is defined by the total rainfall amount A over the study region
and time period divided by the total number of data pixels (or time of observations)
accumulated within the study region and period Ntotal , based on Equation (1):

MR =
A

Ntotal
(mm/day) (1)

(2) The rain frequency (RF) is the frequency of the precipitation occurrence within the
study region and period, which is defined as Equation (2):

RF =
Nrainrate>0

Ntotal
∗ 100 (2)

where Nrain rate>0 is the number of pixels that have a rain rate larger than 0.
(3) The conditional rain rate (CR) is the average rainfall density within the rainy pixels

(rain rate > 0), which can be expressed as Equation (3):

CR =
A

Nrainrate>0
(mm/day) (3)
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2.3. Analytical Method

The study is implemented through the analysis on the following aspects:

(1) The seasonal timeseries of anomalies (obtained by subtracting the seasonal mean
over the study period from the parameter value in the corresponding season) and
spatiotemporal means of each precipitation parameter are calculated for the land,
ocean, and globe, respectively. The linear trends of these timeseries are computed and
their significance levels are examined using the Null Hypothesis Test (NHT).

(2) The spatial patterns of the trend for each precipitation parameter are analyzed through
the investigation of its trend in every 0.25◦ grid point of TRMM data. In this step,
only trends that pass the 0.05 significance level are visualized and analyzed.

(3) Clustering analysis is performed to categorize precipitation over land and ocean
separately based on the covariability of CR and RF using the K-means method. The
K-means algorithm divides a set of N samples X = (x1, x2, . . . ,xN) into k (k ≤ N)
disjoint clusters C, in which each observation belongs to the cluster with the nearest
mean [32], and means are usually called the cluster centroids. The K-means clustering
aims to choose centroids that minimize the inertia or sum-of-squares criterion within
the cluster, using Equation (1):

argmin
k

∑
i=1

∑
x∈Ci

||x− µi||2

land and ocean are clustered into four optimized categories separately.
(4) Empirical orthogonal function (EOF) analysis is conducted on the seasonal anomalies

of the parameters to confirm their dominant pattern and factors that introduce these
patterns. The EOF analysis decomposes a spatiotemporal dataset into a set of orthog-
onal functions to represent the times series and spatial distribution [33] according to
Equation (2):

Z(x, y, t) =
N

∑
k=1

PCk(t)× EOFk(x, y)

where Z (x, y, t) is the original space/time dataset of precipitation data as a function
of time (t) and space (x, y). EOFk (x, y) is the kth spatial structures that correspond to
the kth PCk(t) principal component that shows the evolution of the pattern over time.
The covariance matrix is decomposed using singular-value decomposition (SVD) to
calculate the EOFs and associated PCs according to Equation (3):

Z(n, t) = UΣVT , n = x × y

where Z (n, t) is the data matrix, the columns of U (n by n matrix) are eigenvectors
(EOFs); the columns of V (t by t matrix) are the PCs; the diagonal values of Σ are
the eigenvalues represent the amplitudes of the EOFs. In this paper, n is the number
of pixels in each TMPA image, and x and y are the pixel numbers in horizontal
(longitude) and vertical (latitude) dimensions, respectively (x = 1440, y = 400).

3. Results
3.1. Global Means

Figure 1 shows the spatial pattern of the global mean MR, RF, and CR over the study
period. The distribution of MR is consistent with previous studies and shows the major rain
features, such as the ITCZ, South Pacific Convergence Zone (SPCZ), and storm tracks off
the west coasts of the Atlantic and Pacific. Detailed patterns in the three factors are readily
revealed through the utilization of relatively high-spatiotemporal-resolution precipitation
estimates [34,35]. Higher MR, RF, and CR can be observed concentrating on the ITCZ
region and are characterized by convective activity generating vigorous thunderstorms
over large areas. In those areas, the RF and CR are both high, and the core of ITCZ with
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largest precipitation volume shifts to thermal equator in Northern Hemisphere. SPCZ is
also an easily distinguishable band structure compared with other parts of the MR map.
Other areas of the high rainfall amount are the maritime continent and the Amazon over
land. In addition, there are regions in the western boundaries of the Pacific and Atlantic
showing the storm tracks. The RF map shows a similar pattern as that of the MR one with
the highest values appearing on oceanic regions such as ITCZ, SPCZ, and coastal areas.
Meanwhile, the regions with the highest CRs are distributed on land. In other words,
although it rains more frequently over the ocean, high intensities are more likely to appear
on land. For the oceanic part of ITCZ and SPCZ, it rains frequently but not at maximum
CR, and the parameters can still be distinguished from other areas of ocean. For land
areas—with the exceptions of the western USA, western China, and upper Africa—the
distinction of rain intensity is not that significant. The total precipitation amount is mostly
determined by RF rather than CR [28], indicating that the distribution of RF matches better
with MR than CR does.

In monsoon climatological areas such as India, Southeast Asia, West African, and
Asia–Australia, the RFs are low compared to areas such as upper South America, but
CRs in monsoon areas are among the heaviest ones in the world. Monsoons combined
with tropical and extratropical cyclones feature prevailing winds and heavy rainfall in wet
seasons and low precipitation in dry seasons. There are not abundant numbers of rain
events in these areas, but when rains, it usually rains heavily. The shift in the jet stream
brings much of the annual precipitation to the east coast of North America [36] and the
potential for heavy rainfall events. Therefore, MR, RF, and CR are all high in this area,
which are highlighted in all the figures. There are areas which are high in RF but low in
CR, such as the western part of America and southeast of the Tibetan Plateau. Desert areas
such as the Sahara Desert in North Africa and Taklamakan Desert in West China are also
easily distinguishable on the maps, which are low in all the precipitation factors.

Figure 2 shows the timeseries of seasonal anomalies of MR, RF, and CR over the quasi-
global scale, and quantitative statistics on the three parameters are carried out in terms of
spatiotemporal means, trends of linear regressions, and significance levels as presented in
Table 1. A slight but still significant increasing trend (passes 0.05 significance level) can
be observed in MR (Figure 2a), while significant decreasing and increasing trends (pass
0.01 significant level) are shown in RF (Figure 2b) and CR (Figure 2c), respectively. The
global average MR, RF, and CR through the study period are 2.83 mm/day, 10.55%, and
25.05 mm/day, respectively, in TMPA data, which are comparable with previous studies,
such as MR of 2.62 mm/day over 90◦N~90◦S in the paper of Adler et al. [37] and RF of 11%
in the work of Trenberth and Zhang [19].
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Figure 1. TMPA climatological (1998–2016) (a) mean precipitation rate (MR), (b) precipitation frequency (RF) and (c)
precipitation intensity (CR).
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Figure 2. Anomalies of quasi-global (a) mean precipitation rate (MR), (b) precipitation frequency (RF), and (c) precipitation
intensity (CR). * and ** stand for the trend having passed 0.05 and 0.01 significance level, respectively.

Table 1. Means and trends of the mean rain rate (MR), rain frequency (RF), and conditional rain rate (CR). NH: northern
hemisphere; SH: southern hemisphere. Trends without any asterisk have not passed the 0.1 significance level.

MR RF CR

Mean
(mm/Day)

Trend
(mm/d/Decade) Mean (%) Trend

(%/Decade)
Mean

(mm/Day)
Trend

(mm/d/Decade)

50◦N−50◦S (Global) 2.83 0.04 * 10.55 −2.65 ** 25.05 5.26 **

Ocean
Total 2.96 0.07 ** 12.15 −3.44 ** 21.19 6.03 **

NH 3.58 0.07 * 13.45 −3.47 ** 23.87 6.22 **

SH 2.50 0.08 ** 11.17 −3.43 ** 19.18 5.87 **

Land
Total 2.48 −0.05 6.47 −0.66 ** 35.17 3.32 **

NH 2.10 −0.03 5.61 −0.59 ** 34.24 3.30 **

SH 3.29 −0.10 * 8.31 −0.80 ** 37.11 3.47 **

* stands for the trend having passed 0.05 significance level; ** stands for the trend having passed 0.01 significance level.

Figure 3 shows the seasonal anomalies for the ocean and land over the quasi-global
scale and based on the Northern Hemisphere (NH) and Southern Hemisphere (SH). The
corresponding statistical and significance test results are generated in Table 1. A hemi-
spheric asymmetry can be observed through the results: the means of all the parameters
are higher in the NH than SH for ocean (3.58 mm/day, 13.45%, 23.87 mm/day in the NH
vs. 2.50 mm/day, 11.17%, 19.18 mm/day in the SH for MR, RF and CR, respectively)
due to the NH-deflection of ITCZ [38]; and inverse phenomena can be observed for land
(2.10 mm/day, 5.61%, 34.24 mm/day in the NH vs. 3.29 mm/day, 8.31%, 37.11 mm/day
in the SH for MR, RF and CR, respectively) because the maritime continent and Amazon
rainforest are mainly distributed in the SH [39,40]. The mean values of MR calculated in this
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study are comparable to those of GPCP V2.3 (2.95 mm/day for tropical, 3.0 mm/day for
ocean, and 2.81 mm/day for land) [37]. As shown in Figure 4, both MR and RF have strong
connections with southern oscillation over the land of SH. The correlation coefficients (CC)
between them and the Southern Oscillation Index (SOI, one measure of the large-scale
fluctuations in air pressure occurring between the western and eastern tropical Pacific
during El Niño and La Niña episodes [41]) are 0.72 and 0.65, respectively. There were
74 seasons during our study period and the 95% critical value for CC was +/−0.23 [42].
Thus, it can be confirmed that both MR and RF over SH land are strongly influenced by
southern oscillation.

Figure 3. Anomalies of mean precipitation rate (MR), precipitation frequency (RF) and precipitation intensity (CR) for
Ocean (left) and Land (right) in global, northern and southern hemisphere scales.
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Figure 4. Correlation between SOI and MR and RF anomalies of land in southern hemisphere.

On the other hand, the ocean has increasing trends in MR for all scopes compared
to the decreasing trends over all parts of the land. Although the trends have passed the
significant test over ocean and SH land, the absolute values are relatively small (have not
exceeded 0.1 mm/day/decade). The trends of RF are decreasing and significant over the
ocean and land in all scopes, among which the oceanic ones are more drastic than the
terrestrial (~−3.5%/decade vs. ~−0.7%/decade). On the contrary, CR shows significantly
increasing trends for all scopes, and it rises faster over the ocean than land through these
years (~6 mm/day/decade vs. ~3 mm/day/decade). In addition, the ocean overall has a
higher influence on the global precipitation trends than the land. This is due to the existent
of regions such as ITCZ and SPCZ over the ocean, where the large scale and huge volume
of rainfall is concentrated, while the annual rainfall characteristics over land are more
stable with a smaller decreasing trend in RF and increasing trend in CR during the study
period. However, the land in general has a larger oscillation among seasons, especially in
MR and CR, which indicates a stronger seasonal pattern over land.

Since the precipitation patterns are not identical in different seasons, statistics are also
conducted seasonally to obtain the trends in each season; the results are summarized in
Table 2. As shown, all the trends in the four seasons have passed the 0.01 significance
level except, the MR of the NH spring (March, April, and May, MAM) and NH winter
(December, January, and February, DJF), which indicates stable precipitation amounts in
these two seasons. Furthermore, although the NH summer (June, July, and August, JJA)
presents the largest rainfall amount and highest frequency of rain event, the intensity is
not as high as the NH winter and NH autumn (September, October, and November, SON).
Moreover, the largest trend of MR appears in the NH autumn; however, the NH summer
shows both a sharper decrease in RF and increase in CR.
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Table 2. Seasonal averages and trends of precipitation parameters. Trends without any asterisk have not passed the 0.1
significance level. MAM is short for March, April, and May; JJA is short for June, July, and August; SON is short for
September, October, and November, DJF is short for December, January, and February.

Mean Rain Rate Rain Frequency Conditional Rain Rate

Mean
(mm/Day)

Trend
(mm/d/Decade) Mean (%) Trend

(%/Decade)
Mean

(mm/Day)
Trend

(mm/d/Decade)

NH Spring (MAM) 2.75 −0.007 10.65 −2.82 ** 24.91 5.10 **

NH Summer (JJA) 2.92 0.04 ** 10.70 −2.86 ** 24.62 5.68 **

NH Autumn (SON) 2.81 0.101 ** 10.45 −2.65 ** 25.20 5.12 **

NH Winter (DJF) 2.82 0.024 10.38 −2.37 ** 25.42 5.18 **

** stands for the trend having passed 0.01 significance level.

3.2. Spatial Patterns of Trends

The spatial patterns of trends are presented in Figure 5. It should be noted that
only those trend values that passed the 0.05 significance level are shown. Pixels without
significant trends are displayed as invalid (white color). As the global trend map shows,
most of the areas do not have significant trends in MR (Figure 5a). However, the northern
part of ITCZ as well as some sparse pixels along the edges of storm tracks, SPCZ, and warm
currents of the ocean areas show a drastic and significant increasing trend. In addition, the
increasing trends can also be observed in South America, the Middle East, and northern
China. The pixels with a decreasing trend are mainly located over and near land areas,
such as the middle of the USA and the west coastline of South America and Europe. Adler
et al. [37] analyzed the spatial trend of the precipitation rate over tropical regions using
GPCP data. With similar patterns over regions such as ITCZ, South America, and the
Himalayas, they also found widespread positive trends over the Indian Ocean, Maritime
Continent, and SPCZ, which cannot be observed in the results of this paper. The differences
may potentially be due to different study periods (1970–2017 vs. 1998–2016).

Figure 5b shows the spatial distribution of the RF trend. It is clear to see that most
of the ocean areas show a decreasing trend. Most of the monsoon regions and the dry
regions do not show significant trends. Specifically, ocean regions of West Pacific ITCZ,
southern China coastline, and center of SPCZ display increasing trends. Unlike the ocean
areas that are dominated by the decreasing trend, land in general shows both increasing
and decreasing trends.

The spatial pattern of CR is further analyzed, and the result is plotted in Figure 5c.
As shown, the vast majority of ocean areas show an obviously increasing trend in CR,
except for in a few scattered locations such as (130◦W, 10◦N), (110◦W, 25◦N), and (0◦,0◦).
Over land, CR overall has an inverse trend as compared with RF. For example, the rainfall
intensity appears to be increasing but the frequency shows a decreasing trend over the
western part of the USA and west coast of South America. However, the intensity basically
becomes lower, but the frequency becomes higher in the middle of Africa and west of
Sahara areas.

In general, significant RF and CR trends are shown in a much wider range than MR.
The regions with maximum MR trend are mostly distributed at the maritime continent,
which also show significant increasing CRs but a small decreasing trend in RF. This could
be attributed to the increase in SST over those regions [43]. It can also be inferred that the
precipitation frequency is becoming lower, but the intensity is becoming higher, and the
overall global total rainfall is relatively stable over these years, which is consistent with the
statistical results listed in Table 1.
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Figure 5. Spatial patterns of linear trends in (a) MR, (b) RF, and (c) CR during the study period. The values reflect the slope
of linear regression at each grid point. Only the trends that pass the 0.05 significance level are shown, which can be consider
having a significant trend. Pixels that have no significant trends are shown as invalid (white color).
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3.3. Precipitation Categories Analysis

Figure 6 shows the clustering results (Figure 6a) and the distribution maps (Figure 6b)
of precipitation categories over land based on RF and CR. Category 1 is characterized
by high RF with a nearly entire range of CR (high frequency, median intensity). Cate-
gory 2 is featured as the median RF and CR. The precipitation frequency is low in both
Category 3 and 4; however, the intensity is much higher in Category 4. The distribution
of rainfall categories (Figure 6b) is basically consistent with the global climatological
classes [44]. Category 1 is mostly distributed in the tropical wet areas, such as the rain
forests of the Amazon and middle of Africa and maritime islands of Southeast Asia. The
second type of rainfall mainly appears in mountainous regions, tropical wet and dry areas,
such as savannas in Southern America and Africa, as well as part of semiarid and humid
continental areas in the USA, China, and India. Category 3 covers most of the arid regions,
such as the Sahara, Patagonian, Arabian, Great Victoria, and Gobi deserts. Category 4
mainly appears in humid subtropical and humid continental areas such as the eastern USA,
southeast China, and India, and also in the semiarid and arid areas in Australia and Africa.
These phenomena prove that the rainfall characteristics of land is influenced by the global
climate and determined by the distribution of land cover over the world. Moreover, the
climatology of the water cycle is not only related to the total rainfall amount but also to the
frequency and intensity.

Figure 6. (a) K-means clustering based on mean RF and CR for land, black dots are the centroids of each cluster. (b) Distri-
butions of precipitation categories over land.

Figure 7 shows the oceanic clustering results (Figure 7a) and the distribution maps of
the corresponding categories (Figure 7b). Similar to land, the first category of the ocean
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is associated with a high intensity and high frequency, and this kind of precipitation is
distributed over the ITCZ, SPCZ, and storm tracks such as the eastern coast of the USA.
The precipitation of Category 2 covers a major part of the ocean, which is characterized
by low intensity and average frequency. The third category refers to the rainfall that is
low in both CR and RF. This type appears in the high-pressure cells. The fourth type of
rainfall is characterized by high intensity and average frequency, which mainly appears
in the coastal and bay areas. These categorization results are basically consistent with the
precipitation climatology of the ocean; however, the category with highest intensity and
relatively low frequency (Category 4) is not illustrated in the map of the global rainfall
amount (MR, Figure 1a). Although the total rainfall amount over these regions is not as
high as Category 1, they are usually associated with short-term precipitation extremes that
cause huge damage to the economy and to human lives. The clustering results of the ocean
can serve as a basis for extreme rainfall detection and prediction along coastal regions to
help mitigate loss.

Figure 7. (a) K-means clustering based on mean RF and CR for ocean, black dots are the centroids of each cluster.
(b) Distributions of precipitation categories over ocean.

3.4. Inter-Annual Analysis

A previous study shows that the ENSO has a great influence on the global rainfall
amount [45]. In order to further examine its impact on other precipitation parameters, this
study investigates the correlations between the first three EOFs of precipitation parameters
and ENSO index (Oceanic Niño Index is adopted), and the results are presented in Table 3.
The first two EOFs of MR pass the significance test based on the sampling error method [46],
and the variances explained are 15.38% and 4.40%, respectively. The EOF1 of MR is
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characterized by large positive anomalies over ITCZ and is associated with large negative
anomalies over the maritime continents, which is interpreted as the strong response to
an ENSO pattern. Moreover, its associated time series (PC1) shows a high correlation
(CC = −0.93) with the ENSO index [47], indicating that the EOF1 of MR is highly related
to ENSO. The dominance of the ENSO in the global rainfall amount is also demonstrated
in the spatial pattern of EOF1 and its associated timeseries, which are shown in Figure 8.
However, the timeseries of MR does not have a clear correlation with any of the EOFs.

Table 3. Correlation between first three EOFs of precipitation parameters and seasonal anomalies/ENSO. The coefficients
that fall below the 95% critical values of 74 samples (±0.23) are not shown.

MR RF CR

Variance
Ex-

plained
(%)

Correlation
with

Seasonal
Anoma-

lies

Correlation
with

ENSO

Variance
Ex-

plained
(%)

Correlation
with

Seasonal
Anoma-

lies

Correlation
with

ENSO

Variance
Ex-

plained
(%)

Correlation
with

Seasonal
Anoma-

lies

Correlation
with ENSO

EOF1 15.38 0.24 −0.93 34.53 0.99 −0.51 17.19 −0.99 −0.46

EOF2 4.40 0.23 - 9.09 - 0.78 3.95 - 0.49

EOF3 3.55 0.39 - 4.39 - - 3.65 - −0.55

Figure 8. (a) The first EOF pattern and (b) its associated time series of MR. The variance explained is 15.38%.
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All the first three EOFs of RF pass the significance test and explain 34.53%, 9.09%,
and 4.39% of the variance, respectively. The first EOF explained more than 30% of the
variance, which can be considered distinct and significant. As presented in Figure 9,
positive anomalies appear in most areas of EOF1 (Figure 9a), and the texture is almost
a reverse of the distribution of RF trends. Furthermore, the associated timeseries also
illustrates a decreasing trend that is nearly the same to that of RF (CC = 0.99). These
patterns suggest that the RF is determined by its decreasing trend. On the other hand, the
second EOF of RF has a high correlation with ENSO (CC = 0.78). Therefore, ENSO is also
an important factor that dominates the RF.

Figure 9. The same as Figure 8 but for RF. The variance explained is 34.53%. (a) The first EOF pattern and (b) its associated
time series of RF.

For CR, only the first EOF passed the significance test, which explained 17.19% of the
variance. As shown in Figure 10, the spatial pattern of EOF1 has a similar texture with the
distribution of CR trend, and its associated timeseries (PC1) is highly correlated with the
seasonal anomalies of CR (CC = −0.99), which indicates that the dominant mode of CR is
representative of its trend information.
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Figure 10. The same as Figure 8 but for CR. The variance explained is 17.19%. (a) The first EOF pattern and (b) its associated
time series of CR.

4. Discussions

This study analyzes the characteristics of the precipitation amount, frequency, and
intensity, including their spatiotemporal means, trends, and categories. Overall, the to-
tal rainfall amount is determined by both the intensity and frequency. Over land, these
characteristics of precipitation parameters are influenced by the global climate, which are
evidenced from the consistencies between precipitation categories and climate classifica-
tions. Over the ocean, the distributions of rainfall categories are mainly determined by the
precipitation climatology of the ocean. However, the characteristics of precipitation param-
eters and distributions of precipitation types on land are more complex and influenced by
more factors such as the topography and prevailing and seasonal winds. For example, over
mountainous regions such as the Himalayas, Sierra Madre, the Northern half of the Andes,
and the Great Dividing Range, the precipitation is mostly Category 2 with a low CR and
median RF. The negative and positive trends in precipitation frequency and density are
more significant over the tracks of prevailing wind. The quantitative relations between
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precipitation and aforementioned factors need to be further examined in our future study.
Additionally, although the total rainfall amount over some coastal and bay regions are not
as large as that of ITCZ and SPCZ, the intensity is relatively high.

The spatiotemporal mean rainfall rate calculated through this paper is slightly higher
than those derived from the study of Yang and Nesbitt [48], which are 2.83, 3.02, and
2.60 mm/day in comparison to 2.46, 2.57, and 2.19 mm/day for quasi-globe, ocean, and
land, respectively. The differences can be attributed to the following reasons: the spatial
range is different (37.5◦N~37.5◦S in their paper vs. 50◦N~50◦S in this paper) and the
dataset used in their study utilizes the TRMM precipitation radar (PR) data, which tends to
miss the light rainfall, thus underestimating the rainfall amount. Trenberth and Zhang [28]
found the rainfall frequency to be 11%, 8.2%, and 12.1% for global scale (60◦N~60◦S),
land, and ocean, respectively, with the CMORPH hourly precipitation rate being greater
than or equal to 0.02 mm/h, while these metrics are 10.55%, 6.47%, and 12.15% in this
paper. The differences are potentially introduced by the selection of the minimum rain rate
criterion, temporal resolution, and spatial scales. We also find that with the decrease in
spatiotemporal resolutions, the trends become less significant or even disappear (results
are not shown in the paper). Therefore, the analytical results of precipitation trends are
sensitive to both the spatiotemporal resolutions of data and criterion of the minimum rain
rate. From the spatiotemporal patterns detected in this study, ENSO is found to be the
dominant factor that causes the spatiotemporal patterns and variances of global rainfall
amount and SOI determines the precipitation in the southern hemisphere.

The paper also finds a significant decreasing trend (−2.65%/decade) in frequency,
increasing trend (5.26 mm/day/decade) in intensity, and a small but still significant (passes
0.05 significant level) trend (0.04 mm/day/decade) in the amount for the quasi-global
scale of 50◦N~50◦S. The increase in the global rainfall amount is mainly due to the increase
in rainfall in regions such as ITCZ, SPCZ, and storm tracks on the ocean. Overall, the
frequency shows decreasing trends, while the intensity shows increasing trends for all
scales, indicating that rainfall is becoming more severe over the years and that precipitation
extremes have a larger chance of taking place [49]. These trends may also explain the
increasing droughts and floods in some areas over these years [50,51]. A recent study
carried out by Li et al. [52] achieved an even larger decreasing trend in the precipitation
frequency in China with a criterion of 0.1 mm/12h to identify the minimum rainfall rate,
which is −5.5%/decade. On the other hand, it is becoming increasingly evident that global
warming is contributing to the increasing precipitation intensities and number of extreme
rainfalls [53,54], especially as the observed trends are concurrent with a period of significant
global warming [55]. The increasing upper ocean heat content caused by solar radiation
has a strong link with extreme rainfalls from recent hurricanes [19].

The analysis of different precipitation parameters in this paper provides another
dimension of looking at rainfall, not only from the spatiotemporal patterns of amount,
but also from the trends, frequency, and intensity. Furthermore, it provides a basis for the
calibration and bias-correction of climate models by quantifying the trends. Studies have
proved that precipitation extremes over some regions were considerably underrepresented
in the model outputs [56], and it can be potentially corrected by introducing the observed
trends. However, it is worth noting that the uncertainties of the TRMM 3B42V7 product
will cause errors to the analytical results. The microwave (MW) dominant rainfall estimates
tend to have more missed detections of precipitation due to how the MW-dominated rain
retrieval schemes easily miss light rain from warm and low clouds [57]. Consequently, the
actual frequency will be underestimated. The TRMM 3B42V7 product is observed to have
a relatively low overall accuracy of ~66% in identifying correct rain and no-rain events
over complex topography [58]. The product also suffered from uncertainties caused by
orographic convection and the land–ocean classification algorithm [59], which reduced the
estimation accuracies over mountainous and coastal regions.

Following the work presented in this paper, future research will focus on the following
aspects: (1) conducting sensitivity test on the thresholds of determining rain/no rain in the



Remote Sens. 2021, 13, 4629 18 of 21

calculation of frequency and intensity; (2) carrying out separate studies on the analysis of
regional precipitations where the parameters show abnormal trends; (3) similar investi-
gations need to be carried out using datasets with different spatiotemporal resolutions to
examine if these patterns and trends can be found at other scales; (4) as the TRMM satellite
is no longer in operation, but superseded by the GPM satellite, we plan to implement a con-
tinuous study using the IMERG dataset to the advantages of its longer availability, higher
accuracy, and spatiotemporal resolution [60,61]; (5), including other satellite data, which
have a more stable status compared to those adopted in TMPA crossing time variation
during the study period; (6) conducting quantitative analysis on the relationship between
precipitation patterns and factors such as topography prevailing and seasonal wind, ENSO
and SOI.

5. Conclusions

A comprehensive statistical analysis is applied on long-term (18.5 years) TMPA pre-
cipitation data at a quasi-global scale (50◦N~50◦S) with 0.25◦ and 3-houly spatiotemporal
resolutions. Instead of investigating a single parameter in a distinct region, this study
focuses on all three factors, namely the amount (MR), frequency (RF), and intensity (CR).
We then thoroughly analyzed the results between land and ocean, northern and southern
hemisphere, as well as the different seasons. The interannual patterns of all parameters are
further investigated and explained using empirical orthogonal function (EOF). This paper
also applies K-means clustering technology to the precipitation frequency and intensity to
classify the global precipitation into four categories over land and ocean separately. The
results of our analysis illustrate new patterns and trends on the combinations of rainfall fre-
quency and intensity, which can be potentially further used in validating and recalibrating
the models.

According to the results of experiments and analysis, the paper has the following con-
clusions:

(1) Globally, the total rainfall amount is higher over ocean than over land, which is
accounted by a much higher frequency but a slightly lower intensity over the ocean.

(2) The frequency of rainfall events significantly decreased, while the intensity largely
increased over the study period. The precipitation amounts slightly increased due
to a combined effect of frequency and intensity. The ocean takes a relatively larger
proportion in the global trends of frequency and intensity than land.

(3) The precipitation categories are consistent with the climate classes over land and
are mainly determined by oceanic precipitation climatology over the ocean. The
clustering results also stand out as some coastal and bay areas do not have the
largest rainfall amount but are high in intensity. This information can be useful for
precipitation disaster management in these regions.

(4) The total rainfall amount is dominated by the ENSO signal globally, but the frequency
and intensity are mostly influenced by their trends in TMPA data. The amount and
frequency over the land of the southern hemisphere are also largely influenced by
the SOI.
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