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political or jurisdictional boundaries. Therefore, the 
flexibility to shape historical precipitation analysis to 
meet the requirements of this conversation is of the 
utmost importance. In the absence of long-term global 
precipitation observations, little can be said with con-
fidence in terms of global precipitation trends (Gruber 
and Levizzani 2008). An initial effort in this direction 
can be found in previous studies that examine precipi-
tation at both regional and global scales (Wu and Fu 
2013) or investigate simulated precipitation response 
with changing model resolution (Rasmussen et al. 
2012; Mendoza et al. 2016). However, these studies are 
interested in model result implications. Those that 
do emphasize observations tend to focus on a single 
geographical area at a regional scale as a compliment 
to a single form of global analysis, rather than shap-
ing the global discussion around varying methods of 
spatial division. Other studies (Adler et al. 2017; Gu 
et al. 2016; Wang et al. 2016; Gu and Adler 2013) use 
the Global Precipitation Climatology Project (GPCP) 
at 2.5° resolution to investigate global precipitation 
trends, but they lack the high resolution needed to do 
so at varying spatial scales. This is especially important 
for divisions with highly irregular borders such as 
political boundaries and watersheds.

A recently released high-resolution global pre-
cipitation dataset from NOAA—Precipitation Es-
timation from Remotely Sensed Information using 
Artificial Neural Networks-Climate Data Record 
(PERSIANN-CDR; Ashouri et al. 2015)—provides 
the ability to reexamine and gain new insights 
about the global precipitation trends across dif-
ferent spatial scales. PERSIANN-CDR was devel-
oped based on the artificial neural network model 
named PERSIANN (Hsu et al. 1997; Sorooshian 
et al. 2000). PERSIANN-CDR uses brightness tem-
perature retrievals of infrared information from 
geostationary Earth-orbiting satellites to estimate 
rainfall and the monthly GPCP rain gauge obser-
vations for bias correction. Various validations 

Changes in precipitation patterns are highly related 
to variability of atmospheric circulations, which 
can be inf luenced by a warming climate [e.g., 

shifts in storm tracks (Trenberth 2011)], leading to 
an increasing trend in global precipitation (Ren et al. 
2013). As possible causes, some suggest an increase in 
hydrologic extremes (Karl and Knight 1998; Groisman 
et al. 2005; Alexander et al. 2006; Westra et al. 2013) 
in response to a warming climate, while others pro-
pose location-specific intensification of the global 
hydrologic cycle, where the wet regions get wetter 
and the dry regions get drier (Held and Soden 2006). 
At the same time, there is little evidence provided by 
historical observations supporting the notion that 
the wet gets wetter and the dry gets drier (Greve 
et al. 2014). Furthermore, to achieve any semblance 
of understanding of global historical precipitation 
trends, spatial aggregation of precipitation is necessary 
(Fischer et al. 2013). In fact, the conversation of global 
hydrometeorological response to climate change often 
has taken shape around political concerns or national 
security foci such as food (Rosenzweig and Parry 1994), 
water resources, or hazard mitigation (e.g., f lood 
and drought), and are typically spatially confined by 
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have shown the usefulness of PERSIANN-CDR 
for climate studies (Miao et al. 2015; Luchetti et al. 
2016; Ashouri et al. 2016).

This study offers new insights on global precipita-
tion trends across different spatial scales, using the 
recently developed RainSphere (Nguyen et al. 2017; 
http://rainsphere.eng.uci.edu) tool, which allows for 
spatial analysis of historical precipitation observa-
tions using the PERSIANN-CDR dataset. A unique 
feature of RainSphere is that it allows for examin-
ing trends from pixel scale to global scale using 
spatially homogeneous satellite-based precipitation 
observations.

METHOD. We used the PERSIANN-CDR precipi-
tation estimates (Ashouri et al. 2015) to investigate 
the trend in the mean annual precipitation at dif-
ferent spatial scales, from a 0.25° × 0.25° grid cell 
to country level, to continental level, and to climate 
zones. PERSIANN-CDR is a long-term (33+ years 
from 1983 to present) high-spatiotemporal-resolution 
(0.25°, daily) precipitation product, maintained and 
distributed at the National Oceanic and Atmospheric 
Administration (NOAA)’s National Centers for En-
vironmental Information (NCEI, www.ncdc.noaa 
.gov/cdr/atmospheric/precipitation-persiann-cdr). 
PERSIANN-CDR uses merged infrared images 
from multisatellite observations in a trained neural-
network framework using the PERSIANN algorithm. 
The resulting precipitation estimates are then bias 
corrected using the Global Precipitation Climatology 
Project (GPCP) monthly product.

We used the same statistical method for trend 
analysis as used in the RainSphere system (Nguyen 
et al. 2017). We implemented the daily PERSIANN-
CDR dataset in a PostGIS database, which allows 
for querying spatial and temporal patterns of pre-
cipitation.

We used the nonparametric test method developed 
by Mann–Kendall (Mann 1945; Kendall 1976) for 
trend analysis. We calculated S statistics to identify the 
sign (negative for decreasing and positive for increas-
ing) and magnitude of the trend in each time series of 
precipitation data and then determined whether the 
trend was significant or not.

The S value of a time series precipitation variable X 
(x1, x2, …, xn) can be calculated as follows:

where sgn is the sign function:

For a better illustration of the rainfall trends we 
normalized the S value to [−1, 1].

We tested the null hypothesis H0 that there is 
no significant trend in the data at significance level 
α = 0.05 (or 95% confidence level). The significance 
of a trend can be estimated using a z test (Yue et al. 
2002; Damberg and AghaKouchak 2014):

 The p value is defined as the probability of obtain-
ing the data values under the null hypothesis that 
there is no trend (Fatichi 2009). The null hypothesis 
H0 is accepted (i.e., there is no significant trend in the 
data) if the p value is larger than α, while there is a 
significant trend if the p value is smaller than α where

RESULTS. Global pixel-based scale. Figure 1 shows 
the annual mean and pixel-based trends of global 
precipitation from 1983 to 2015 from the PERSIANN-
CDR dataset. Globally (60°N–60°S), we are observing 
2.36% statistically significant increasing, 42.84% in-
significant increasing, 4.48% significant decreasing, 
and 48.44% insignificant decreasing trend in the mean 
annual precipitation for 1983–2015 (all at 0.05 signifi-
cance level). These trend percentages are, respectively, 
2.95%, 49.74%, 2.93%, and 42.37% over the land, and 
2.14%, 40.26%, 5.07%, and 50.71% over the ocean.

Continental scale. Figure 2 shows the changes in 
precipitation volume over oceans and continents 
during the past 3 decades. As shown in Figs. 2b and 
2c, f luctuations are present in the total amount of 
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precipitation that has fallen over land and ocean; 
however, no significant long-term volumetric change 
is observed for either case. As shown in Fig. 2a, the 
mean annual precipitation over the Atlantic has been 
decreasing statistically significantly in response to 

the robust decrease in precipitation over the North 
Atlantic Ocean. The increase in precipitation in the 
western Pacific Ocean cancels out part of the positive 
trend in the eastern Pacific, resulting in an overall in-
significant negative trend in the Pacific Ocean rainfall. 

Fig. 1. Global precipitation trends. (a) Annual mean precipitation in mm, and (b),(c) pixel-based precipitation 
trends from 1983 to 2015 from PERSIANN-CDR. In (b) and (c) the warm colors show a decreasing trend and 
the cool colors show an increasing trend in precipitation. Note (c) only shows the S statistics at pixels where 
the observed trend is statistically significant at the 0.05 significance level according to the Mann–Kendall test.
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Fig. 2. Continental and oceanic trends. (a) Precipitation volume trends over continents and oceans, (b),(c) changes 
in precipitation volume, and (d) monthly Niño-3.4. In (a), warm and cool colors, respectively, show decreasing 
and increasing trends, and shaded areas have no significant trends according to the Mann–Kendall test.
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Fig. 3. Trend in climate zones. Precipitation trends from 1983 to 2015 over climate zone–continent groups 
(60°N–60°S). The colors indicate S statistics values. Warm and cool colors, respectively, show decreasing and 
increasing trends. Shaded areas have no significant trends according to the Mann–Kendall test.

North America and Oceania have been experiencing 
significant decreasing trends in precipitation, while 
the trend is the opposite over Europe (Fig. 2a).

Figure 2d shows the monthly Niño-3.4 index from 
the NOAA Climate Prediction Center (CPC). For 
most of the continents, there are inverse relationships 
between the 12-month-average Niño-3.4 and total 
yearly rainfall volumes, except for North America. 
Specifically, these correlations (significance values) 
are −0.401 (0.021) for Africa, −0.382 (0.028) for Asia, 
−0.456 (0.008) for Australia, −0.122 (0.497) for Europe, 
0.106 (0.557) for North America, −0.355 (0.043) for 
Oceania, and −0.540 (0.001) for South America. The 
statistics show that there is more precipitation during 
the La Niña years and less precipitation during the El 
Niño years globally over land, with correlation and 
significance value between the 12-month-average 
Niño-3.4 and total yearly rainfall volumes being 
−0.733 and 0.000, respectively.

Climate zones. We used the Köppen–Geiger climate 
classification map (available at http://koeppen-geiger 
.vu-wien.ac.at/shifts.htm) to define the boundaries of 
five global climate zones—polar, snow, warm tem-
perate, arid, and equatorial (Fig. 3a). These groups 
were further classified by each continent. We then 
investigated how the precipitation trends vary over 
each of these climate zone–continent groups. The 
unshaded regions in Fig. 3b depict the regions where 
the precipitation trend is statistically significant. As 
shown, the warm temperate regions in North America 
and East Asia, as well as the equatorial regions in Af-
rica, have been experiencing statistically significant 
negative trends in their mean annual precipitation. On 
the contrary, arid regions over Africa are observing a 
positive precipitation trend. In general, warm temper-
ate climate regions have decreasing trends while arid 
and polar climate regions have increasing trends in 
precipitation. Africa shows the clearest precipitation 

http://koeppen-geiger.vu-wien.ac.at/shifts.htm
http://koeppen-geiger.vu-wien.ac.at/shifts.htm
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trends according to climate zones, where arid regions 
have a significant increase and the equatorial region 
has a significant decreasing trend.

Political divisions. Following our analyses of the mean 
annual precipitation trends at different spatial scales, 
we investigated the existence of such trends across 
different political divisions, globally. Figure 4 shows 
that, out of 201 countries, mean annual precipitation 
for 20 countries exhibits significant increasing trends, 
while for 24 countries it shows significant decreasing 
trends. Likewise, the mean annual precipitation for 76 
countries shows insignificant increasing trends and for 
80 countries insignificant decreasing trends. Within a 
country there can be different precipitation trends over 
the state/province level. In Fig. 4, we also zoom into 
three countries for more details. The United States as a 
whole has a statistically insignificant decreasing trend. 
However, when zooming into the state level, we can 
see that Arizona, New Mexico, Colorado, Oklahoma, 
and Louisiana have significantly decreasing trends, 
whereas Nevada, Montana, North Dakota, Illinois, 
Indiana, Kentucky, and Ohio have increasing trends 

that are not statistically significant. Saudi Arabia in its 
entirety has a significant decreasing trend, and most of 
its provinces have decreasing trends. In China, regions 
with increasing trends cancel out regions with decreas-
ing trends in the northwest and coastal southeast, 
resulting in no obvious trend for the whole country. 
Using RainSphere, the user community can investigate 
the precipitation patterns of their countries of interest 
both at the country and the state/province levels.

Water resources management. We often see reports 
based on country boundaries; however, the real an-
swer to precipitation trends and variations may be 
outside political boundaries. Therefore, it is impera-
tive to extend our analysis beyond political divisions 
and investigate precipitation trends for water resources 
management units (major basin level). Figure 5 
shows the precipitation trends over 237 global major 
basins. Globally, 20 basins have significant increas-
ing trends and 20 basins have significant decreasing 
trends in precipitation. Additionally, 89 basins have 
insignificant increasing trends and 106 basins have 
insignificant decreasing trends in precipitation. 

Fig. 4. Country-scale trends. Precipitation trends from 1983 to 2015 over 201 countries (60°N–60°S) and state/
province political divisions of the United States, Saudi Arabia, and China. The colors indicate the S statistics 
values. Warm and cool colors, respectively, show decreasing and increasing trends. Shaded areas have no sig-
nificant trends according to the Mann–Kendall test.



695APRIL 2018AMERICAN METEOROLOGICAL SOCIETY |

Fig. 5. Basin-scale trends. Precipitation trends from 1983 to 2015 over 237 global major basins (60°N–60°S) and 
detailed watersheds of the Colorado River basin, the basin in Angola, and the basin in the Himalayan region. 
The colors indicate S statistics values. Warm and cool colors, respectively, show decreasing and increasing 
trends. Shaded areas have no significant trends according to the Mann–Kendall test.

RainSphere gives the user community the tools to 
further narrow down the basin-level analyses and 
look into precipitation trends at a watershed level. For 
instance, as shown in Fig. 5, the Colorado River basin 
has been experiencing a decreasing trend, with most 
of its watersheds having significant decreasing trends, 
while the watersheds in the Angola and Himalayan 
regions show both decreasing and increasing trends 
even though they both have significant decreasing 
trends in precipitation as whole basins.

At the end of the day, the consequences of climate 
variability and change in water resources are realized 
at the watershed to river basin scale where people live, 
crops are grown, and industrial water requirements 
for production purposes exist. The basin and water-
shed boundaries are from the HydroSHEDS project 
(Lehner et al. 2008).

Attempting to answer the multispatial-scale per-
spective on the global historical precipitation trends 
question via RainSphere presents a bevy of (sometimes 
conflicting) conclusions about the hydrometeorologi-
cal response to past climate change. A global pixel-by-

pixel trend analysis reveals select areas with statisti-
cally significant volumetric precipitation trends such 
as the northern Atlantic (decreasing) and northern 
Africa (increasing). However, the message changes 
dramatically in some areas when the stringency of 
precise pixel location for trend analysis is removed. For 
instance, in the case of both Europe and the Indian 
Ocean, a mixed historical precipitation trend pattern 
is present, but when taken as an aggregated spatial 
area a statistically significant increasing trend emerges 
for these regions. The story changes further still as 
subboundaries are defined and opposite trends may 
nullify each other at the larger scale, or small areas 
with strong trends might dominate the larger area 
that otherwise exhibits no trend.

Given that many parties have a vested interest in 
the hydrometeorological response to global climate 
change, it is important to be equipped with informa-
tion that adequately ref lects the specific question 
at hand. This study highlights the complications 
present in historical precipitation trend analysis 
through examining the effects of spatial unit choice. 



696 APRIL 2018|

Generalizations about precipitation trends for the 
globe, continents, or even large countries have impli-
cations when delivered to decision-makers, who are 
often responsible for smaller spatial entities. China, 
for example, shows no significant trend at the national 
level but features two units at the provincial level that 
show significant and opposite trends. For the decision-
makers and planners of these provinces, the informa-
tion at the national level suggesting “business as usual” 
may not be adequate to form an appropriate response. 
Furthermore, the region that may be most important 
to a given political division in terms of water resources 
is not necessarily within that political boundary. In 
fact, the fate of the portion of a basin upstream of a 
region in question often has the most impact on that 
region and, frequently, this becomes a cross-political 
boundary issue. Such a strong sensitivity to the choice 
of area delineation begs the use of caution in selecting 
the proper analysis scale and boundaries.

The take-home message from our study using the 
new 33+ years of high-resolution global precipitation 
dataset is that there seems not to be any detectable and 
significant positive trends in the amount of global 
precipitation due to the now well-established increas-
ing global temperature. While there are regional 
trends, there is no evidence of increase in precipita-
tion at the global scale in response to the observed 
global warming. Perhaps the explanation can be that 
satellite data used in this study is limited to between 
60°N and 60°S and any precipitation above and below 
these latitudes is unavailable.
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