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ABSTRACT: Precipitation is an important climate variable to investigate extreme events (e.g. drought and flood) as well
as to develop robust strategies for water resources planning and management. Lack of adequate and robust information on
precipitation poses great difficulties in understanding the observed climate as well as to validate climate model outputs. To
overcome this limitation gridded precipitation data sets have been constructed to supplement the lack of in situ data. This
study compares five popular gridded precipitation data sets to evaluate their performance in terms of drought and wetness over
Vietnam. These five gridded data sets include: (1) Asian Precipitation Highly Resolved Observational Data Integration Towards
the Evaluation of Water Resources (APHRODITE), (2) Climate Precipitation Center (CPC), (3) Climate Research Unit (CRU),
(4) Global Precipitation Climatology Center (GPCC) and (5) University of Delaware (UDEL). The recently developed gridded
precipitation observational data ‘VnGP’ from Vietnam is used as the reference data set to assess the performance of these five
gridded precipitation products. The Standardized Precipitation Index (SPI) is used to quantify drought and wetness. GPCC
and APHRODITE performed reasonably well in reproducing spatial and temporal precipitation patterns. GPCC performs
consistently better than APHRODITE in all the statistical tests. Except for UDEL, other gridded data sets able to exhibit
the characteristics of drought/wetness (e.g. the percentage of drought events and severity) during strong El Nino Southern
Oscillation (ENSO) events. However, higher uncertainty exists to quantify drought inter-arrival time in most of the data sets.
Furthermore, trend analysis was performed to evaluate the comparative performance of gridded data sets to quantify drought
(wet) spells at annual and seasonal time scales. Although the gauge-based and hybrid satellite–gauge merged products use
partly ground truth data, the different interpolation techniques and merging algorithms may contribute to large uncertainties.
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1. Introduction

The uncertainties between available gridded data sets
and local rain gauge data can potentially influence water
resources planning. These uncertainties can be attributed
to sparse network observations, complex terrains, inter-
rupted/limited in data monitoring records, instrument
errors and especially for developing countries due to
technology, financial issues and war time. Recent reviews
have noted a marked decline in the amount of in situ
data being collected in many parts of the world (Mishra
and Coulibaly, 2009). Therefore, quantification of these
data sets becomes necessary for use in local-scale water
resources management. These data sets are also used for
benchmarking global/regional climate models over areas
with limited or missing data records or for use in impact
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analysis for floods and droughts. Gridded observation
data are used to characterize spatio-temporal droughts
and as well as for water resources management (Mishra
and Singh, 2010; Vicente-Serrano et al., 2012, 2014).
Excessive drought and wetness affect natural habitats
and ecosystems, economic and social sectors that include
agriculture, transportation, urban water supply and other
modern complex industries (Heim, 2002; Vu et al., 2015).
Regional drought leads to global impact on food sup-
plies due to reduction in crop yields (Ciais et al., 2005;
Zhang and Zhou, 2015), undermines the economics and
stability of governments (Sternberg, 2011) and regional
wetness has severe implications on excessive flooding as
well as flood risk management (Seiler et al., 2002; Van
Steenbergen and Willems, 2014).

There are several drought indices useful for moni-
toring drought/wetness indicators (Mishra and Singh,
2010): Palmer Drought Severity Index (PDSI) (Palmer,
1965), Standardized Precipitation Evapotranspiration
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Index (SPEI) (Vicente-Serrano et al., 2010), Standardized
Runoff Index (SRI) (Shukla and Wood, 2008) or, for
precipitation only, Standardized Precipitation Index (SPI)
(McKee et al., 1993). In this study, the SPI is chosen
for drought and wetness assessment because (1) we
only focus on investigating the gridded precipitation
(which is the only required variable used for deriving
SPI) and (2) non-availability of enough in situ tempera-
ture/evapotranspiration/soil moisture data for the country.
In addition, SPI is a popular index to characterize drought
and wetness over many regions (Mishra and Singh, 2010).

There are several applications of gridded precipitation
data sets for drought and wetness studies over the region.
For example, Vu and Mishra (2016) derived SPI using
Asian Precipitation Highly Resolved Observational Data
Integration Towards the Evaluation of Water Resources
(APHRODITE) data set to characterize drought and
wetness condition over the Indochina Peninsula. Using
outputs from a regional climate model, Vu et al. (2015)
investigated drought (using SPI) over a region in the
Central Highland of Vietnam and compared with gridded
data sets. This study aims to investigate the uncertainties
in using gridded precipitation data sets for monitoring
drought and wetness over Vietnam. The satellite products
were not evaluated in this study due to the nature of rela-
tively shorter temporal records that do not capture some of
the extreme historical drought/wetness events. The study
comes in the backdrop of both having poor data coverage
over Vietnam, especially spanning for remote areas and
the need for a denser and robust network of observations
that could also be used in real time to monitor local
drought/wetness. Such assessments are crucial for the
Vietnamese agricultural and water resources management
sector. The country, being so vulnerable to floods and
droughts and in general, natural disasters, receives less
attention in the area of climate sciences, vulnerability and
impact assessments.

2. Study region, data and methodology

Vietnam has a very sparse network of meteorological sta-
tions and more than 70% of the people depend on agricul-
ture for their livelihood. Drought events are frequent and
it has a wide range of impacts on agricultural and water
resources sector. According to a drought assessment report
by the Ministry of Agriculture and Rural Development
(MARD), the major drought occurred during 1997–1998
(one of the strongest El Nino years) and about 3 million
people were affected and the total losses in terms of agri-
cultural production were estimated to be about 400 million
US dollars.

2.1. Precipitation data sets

An overview of these selected gridded data sets is provided
in Table 1. Because of the inconsistency in data length,
the analysis is performed using a common time period
1980–2007. Brief descriptions of individual data sets are
provided here.

Table 1. Gridded precipitation products used in the study.

Name Temporal
resolution

Spatial
resolution (∘)

Source Period

VnGP Daily 0.25 Vietnam 1980–2010
APH Daily 0.25 Japan 1961–2007
CPC Monthly 0.5 USA 1961–2007
CRU Monthly 0.5 UK 1901–2015
GPCC Monthly 0.5 Germany 1901–2013
UDEL Monthly 0.5 USA 1901–2014

2.1.1. Vietnam-gridded precipitation data

The most recent Vietnam-gridded precipitation data
(VnGP) were constructed using 481 rain gauges over
Vietnam (Nguyen et al., 2016). It was noted that among
multiple interpolations tested, the Spheremap interpo-
lation technique showed relatively better performance
compared to the other methods such as the inversed dis-
tance weighting, Kriging and Cressman methods and was
therefore chosen to construct the VnGP. These data sets
are available at daily time scale in two different spatial
resolutions (0.25 and 0.1∘) for the time period 1980–2010.
The study by Nguyen et al. (2016) has validated VnGP
with gauge observation in terms of spatial distribution,
correlation, mean absolute error, root-mean-square error
and obtained good results. To our knowledge, the VnGP
is the best precipitation observation gridded data set that
is currently a good representation of gauge observations
over Vietnam. Therefore, in this study, we utilize VnGP
as the reference for the gridded observation data sets.

2.1.2. APHRODITE

The APHRODITE data set is a product of the Research
Institute for Humanity and Nature (RIHN) and the
Meteorological Research Institute of Japan Meteoro-
logical Agency (MRI/JMA). The APHRODITE project
developed state-of-the-art daily precipitation data sets at
high-resolution grids (0.25 and 0.5∘) for Monsoon Asia.
This study uses the 0.25∘ data set of the Monsoon Asia
region for the period 1951–2007. The data sets were
created primarily with data obtained from rain gauge
observation network. The daily precipitation values from
rain gauges were interpolated using the Spheremap tech-
nique (Wilmott et al., 1985) and the first six components
of the fast Fourier transforms were taken to obtain daily
data for all land areas in the Monsoon Asia region (Yatagai
et al., 2012). The number of rain gauges used to interpo-
late from the station to the gridded data set for APH in
shown in Figure 1(b). As seen in this figure, this product
has higher station density per grid cell compared to the
other data sets. This data set is referred to as ‘APH’ in this
article, for brevity.

2.1.3. Climatic research unit

The climatic research unit (CRU) time series (TS) latest
version 3.24 data set (Harris et al., 2014) was used in
this study. These data sets comprise of monthly grids
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Figure 1. (a) Seven climate sub-regions of Vietnam (S1–S7) overlaid on Vietnam topography by SRTM (90 m); number of rain gauge per grid cell
for each data set (except UDEL) used in the study, the number next to each data set is the total number of rainfall stations located inside the country:

(b) APHRODITE ‘24’, (c) CRU ‘1’, (d) GPCC ‘27’ and (e) CPC ‘4’. [Colour figure can be viewed at wileyonlinelibrary.com].

Table 2. Classification of SPI for drought and wet category.

SPI values Category Time in category (%)

≥2.00 Extreme wet 2.3
1.5–1.99 Severe wet 4.4
1–1.49 Moderate wet 9.2
−1 to 1 Near normal 68
−1 to −1.49 Moderate drought 9.2
−1.5 to −1.99 Severe drought 4.4
≤−2 Extreme drought 2.3

of observed climate for the period 1901–2015 at a 0.5∘
horizontal spatial resolution. CRU obtains station data
from different sources: Global Historical Climatology
Network (GHCN-v2) and data internationally exchanged
over the World Meteorological Organization (WMO) offi-
cial international climate monitoring (CLIMAT) network
(Jones and Moberg, 2003). The angular distance weighted
(ADW) technique was applied to interpolate precipitation
grid cell from eight nearest stations (Wilmott et al., 1985).
This data set is one of the most extensively used data sets
by the climate modelling community. The precipitation
used in this study comprises data obtained from many
land locations around the globe. The number of stations
for precipitation is large and it changed over time (i.e.
nearly 13 000 stations in 2000). However, there is only one
station in Vietnam that was used in interpolating the CRU
data set, averaging over the study period (Figure 1(c)).
Further information on these data sets is available at http://
www.cru.uea.ac.uk/cru/data and is documented in earlier
publications by New et al. (1990, 2000) and Mitchell and
Jones (2005).

2.1.4. Global Precipitation Climate Center

The Global Precipitation Climate Center (GPCC)’s full
data reanalysis (V.7) is a gauge-based gridded monthly
precipitation data set for the global land surface, available
at a spatial resolution of 0.5∘. GPCC is the official precipi-
tation data of the WMO. The v7 data set covers the period

Table 3. Climate sub-region of Vietnam.

Sub-region climate Name

Northwest S1
NE S2
Red River Delta S3
North Central S4
South Central S5
Central Highland S6
South S7

from 1901 to 2013 and is based on both non-real-time
and real-time quality controlled data from 67 200 stations
world-wide that feature record durations of 10 years or
longer (Becker et al., 2013). The gridded data are spatially
interpolated by modified spherical adaptation (Wilmott
et al., 1985). Several quality controls, data harmonization
and inter-comparison of different sources have been
applied to all rain gauges before interpolation (Becker
et al., 2013). Over Vietnam, GPCC used a large number
of rain gauge station (Figure 1(d)) compared to other data
sets. It even has a higher number of stations compared
to the APH with a denser network along the coast line;
however, the density of station is about one station per
grid cell over the country.

2.1.5. University of Delaware

This monthly gridded, land only, global high-resolution
precipitation station data (0.5∘) was developed at the Uni-
versity of Delaware (UDEL) from a large number of sta-
tions from the GHCN-v2, Global Summary of the Day
(GSOD), National Climatic Data Center (NCDC) and
more extensively, from the archive of Legates and Willmott
(1990). Traditional interpolation techniques that utilized
the distance weighting approach of Shepard (1968) and
Wilmott et al. (1985) were applied to construct this grid-
ded data. The version v4.01 spans from 1901 to 2014 and
can be downloaded from the web site at http://www.esrl
.noaa.gov/psd/.
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Figure 2. Mean precipitation for (a) annual, (b) SW monsoon (JJA) and (c) NE monsoon (DJF). Notation indices: (0) VnGP, (1) APH, (2) CRU, (3)
GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed at wileyonlinelibrary.com].

2.1.6. Climate Prediction Center

This Climate Prediction Center (CPC)’s global data
product was developed by the interpolation of National
Oceanic and Atmospheric Administration’s PRECipita-
tion REConstruction over Land (PREC/L) and by the
reconstruction of historical observations over the ocean.
This product was derived from gauge observations from
over 17 000 stations collected under the GHCN and the
Climate Anomaly Monitoring System (CAMS) data sets.
The monthly grid cell is constructed by Gandin optimal
interpolation approach (Gandin, 1965) for precipitation
anomaly and Shepard (1968) for the long-term mean. This
global rainfall data set was initially developed at a 2.5∘
resolution and now is available at a 0.5∘ resolution, which
is used in this study for the period 1961–2007. The details
about these data sets are available in the study by Chen
et al. (2002). Similar to CRU, CPC does not have many
rain gauges over Vietnam (Figure 1(e)), especially in the
coastal regions.

2.2. Standardized Precipitation Index

The SPI was first introduced by McKee et al. (1993) and
it is calculated using following steps (Guttman, 1999):
(1) identify a probability density function that best fit
the long-term TS of rainfall observations; (2) construct

a set of moving windows of the rainfall observation
series depending on the time scale of interest. Here we
constructed moving windows of total precipitation corre-
sponding to 3, 6 and 12 months to derive SPI 3, SPI 6 and
SPI 12, respectively; (3) apply the selected probability den-
sity function to the TS (from step 2) to construct the cumu-
lative probability distribution and (4) apply the inverse
normal (Gaussian) function (with mean zero and variance
one) to the cumulative probability distribution function to
construct the SPI TS. Based on the Kolmogorov–Smirnov
(K–S) and chi-square test statistics, we found that the
monthly rainfall series followed a gamma distribution.
The detailed SPI calculation procedure can be found in
the studies by McKee et al. (1993) and Mishra and Desai
(2005a, 2005b). The SPI values that define the categories
of drought and wetness are tabulated in Table 2.

SPI is flexible as it only requires precipitation as input.
In the present study, drought and wetness were classified
using SPI 3, SPI 6 and SPI 12 TS. In general, the mean
drought duration is higher for SPI 12, followed by SPI
6 and SPI 3 (Mishra and Desai, 2005b). However, the
standardization of the SPI ensures that the frequencies
of extreme events at any location and at any time scale
are consistent. A threshold of 1.5 is selected to identify
severe drought/wetness and it is used to calculate the
drought/wetness characteristics based on of SPI.
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Figure 3. Biases in precipitation: VnGP versus gridded data for: (a) annual, (b) SW monsoon (JJA), (c) NE monsoon (DJF). Notation indices: (1)
APH, (2) CRU, (3) GPCC, (4) UDEL and (5) CPC. [Colour figure can be viewed at wileyonlinelibrary.com].

2.3. Trend analysis

2.3.1. Mann–Kendall test

Mann–Kendall (MK) test is widely used for trend analysis
in hydrology and climate related studies; e.g. application of
MK test to precipitation (Partal and Kahya, 2006; Mishra
et al., 2009; Tabari and Talaee, 2011b; Gocic and Trajovic,
2013), temperature (Tabari and Talaee, 2011a; Gocic and
Trajovic, 2013), flood and low flows (Douglas et al., 2000;
Mishra et al., 2010) and streamflow (Birsan et al., 2005;
Novotny and Stefan, 2007).

As MK test is a nonparametric test, it does not require
the data to be distributed normally. However, the SPI
values are calculated using a moving window concept;
hence, it has a serial correlation effect and it may not
be directly used in MK test. Therefore, to overcome this
limitation, we used modified MK (MMK) test suggested
by Hamed and Rao (1998). The detailed methodology
to generate MMK trend test can be found in the study
by Vu et al. (2015, 2016). The positive values of MK Z
indicate increasing trends (upwards trend) while negative
Z indicate decreasing trends (downwards trend). When
testing either increasing or decreasing monotonic trends at
the 𝛼 significance level, the null hypothesis was rejected
for an absolute value of Z greater than that is obtained
from the standard normal cumulative distribution tables

(Tabari and Talaee, 2011b; Gocic and Trajovic, 2013). In
this article, at a statistical significance level of 𝛼 = 0.05 the
trend detected by the Z value is significant at |Z|≥ 1.96.

2.3.2. Sen’s slope estimator

If a linear trend is present in a TS, then the true slope
(change per unit time) can be estimated by using a simple
nonparametric procedure developed by Sen (1968). The
slope estimates of N pairs of data are first computed by

Qi =
xj − xk

j − k
for i = 1, … ,N (1)

where xj and xk are data values at time j and k (j> k).
The median of these N values of Qi is Sen’s estimator of
slope (Partal and Kahya, 2006). Sen’s slope has been used
in many other studies (Tabari and Talaee, 2011a, 2011b;
Paulo et al., 2012; Vu et al., 2015; Vu and Mishra, 2016)
to quantify the true slopes of trend studied variables. In
this study, Sen’s slope estimator was applied to find the
slope for SPI 6 over the study region. It was computed and
analysed spatially.

2.4. Data analysis

All the gridded data sets were re-gridded (using bilinear
interpolation) to a common 0.25∘ resolution to match with
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Figure 4. Temporal Pearson correlations of the gridded data versus VnGP: (a) annual, (b) SW monsoon (JJA), (c) NE monsoon (DJF). Notation
indices: (1) APH, (2) CRU, (3) GPCC, (4) UDEL and (5) CPC. Only correlations with p values ≤0.05 are displayed. [Colour figure can be viewed

at wileyonlinelibrary.com].

the reference observation data sets. A common period
of 28 years (1980–2007) available for all data sets was
chosen for the analysis. This time frame covers some of
the severe drought and wet events that are associated with
strong El Nino Southern Oscillation (ENSO) years (strong
El Nino in 1982, 1991 and 1997; strong La Nina in 1988
and 1999) (Vu et al., 2013). This is significant as Vietnam
is highly influenced by the ENSO events. The comparison
between these data sets was made based on the total
precipitation and SPI using the statistical approaches
[mean, bias, standard deviation (SD), root-mean-square
difference (RMSD) and Pearson correlation (R)] at dif-
ferent spatio-temporal scale. The dry month (November
1982) due to strong El Nino and wet month (December
1999) due to strong La Nina are also displayed on a spatial
map. As Vietnam is located in a tropical monsoon region
and also bears highly complex topography, it is divided
into seven climate sub-regions (Phan et al., 2009). The
demarcations of these seven sub-regions (S1–S7) are
displayed in Figure 1(a), overlaid on the Shuttle Radar
Topography Mission (SRTM), Digital Elevation Model
(DEM) at 90 m spatial resolution. An overview of these
climate sub-regions is provided in Table 3. Because of this

classification into seven climate sub-regions, their areal
averages are computed and compared based on the severe
to extreme drought/wetness characteristics, such as per-
centage and severity of wet/dry events, mean inter-arrival
time and percent of grids undergoing drought/wetness in
terms of spatio-temporal scale between these five grid-
ded precipitation data sets. Finally, trend analyses were
computed to quantify the variability of SPI 6 indices over
annual and seasonal time scale.

3. Results and discussions

3.1. Evaluation of spatial distributions of precipitation

The gridded data sets are compared with observed data
using mean precipitation climatology for the study period
1980–2007 using three different time scales: annual,
northeast (NE) monsoon [December–January–February
(DJF)] and southwest (SW) monsoon [June–July–August
(JJA)]. The VnGP data set (Figures 2(a0)–(c0)) apparently
shows the distributions of precipitation over Vietnam due
to complex topography as shown earlier in Figure 1(a).
It was observed that regions (S4 and S5) have distinct
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Figure 5. Annual cycle rainfall for all sub-regions over Vietnam; sub-region: (a) S1, (b) S2, (c) S3, (d) S4, (e) S5, (f) S6 and (g) S7. [Colour figure
can be viewed at wileyonlinelibrary.com].

precipitation patterns compared to other sub-regions, espe-
cially during monsoon seasons (Figures 2(b0) and (c0)).
They are drier during the SW monsoon (Figure 2(b0)) and
wetter during the NE monsoon (Figure 2(c0)).

On an annual scale (Figure 2(a)), it was observed that
the gridded data sets show discrepancies for different
spatial domains. When compared to VnGP, the APH and
UDEL data sets (Figures 2(a1) and (a4)) underestimate the
precipitation patterns over regions (S4 and S5) compared
to their counterparts CRU, GPCC and CPC in terms of
spatial patterns. However, nearly all gridded data sets fail
to capture the highest rainfall (seen as a blue spot in
Figure 2(a0)) near the Fansipan mountain peak (3143 m)
located in region S2. This may be because all gridded
data sets were derived from a coarser resolution of station
data compared to VnGP. On the other hand, GPCC is able
to marginally capture this highest rainfall (Figure 2(a3))
and it is able to capture the spatial pattern of observed
data (VnGP). There are some missing data points over the
coastal areas in sub-regions (S4, S5 and S7) in the UDEL
data, this may be due to its inter/extrapolation technique
from sparse station data (Figure 2(a4)).

The SW monsoon seasonal rainfall was captured well by
the gridded data sets as seen in Figure 2(b). A dry central
coastline in S4 and S5 is observed for both the station
and the gridded data sets. This feature occurs because
the Annamite mountain range obstructs the SW monsoon
wind coming from Laos and it causes an effect called
‘foehn’ over sub-regions S4 and S5 (Ho et al., 2011). As
a result, the monsoon rainfall is experienced on the west
side of the mountains and a dry and hot climate over the
S4 and S5 regions. Such a pattern was clearly observed

by all gridded data, especially APH. The NE monsoon
rainfall is low as it coincides with the dry season and
its spatial distribution was captured well by the gridded
data as seen in Figure 2(c). The heavy rainfall observed
in VnGP (Figure 2(c0)) and gridded data at the border
regions (S4 and S5) is the result of the Annamite range
that obstructs the NE monsoon coming from China. This
pattern is clearly pronounced in the all gridded data sets
but relatively less in APH.

The bias between the VnGP and the gridded data sets
were observed (Figure 3) based on the annual and seasonal
time scales. At the annual time scale (Figure 3(a)): (1)
APH and UDEL overestimated the rainfall, (2) CRU and
GPCC underestimated the rainfall over most part of the
study domain, whereas CPC shows positive (negative)
biases across the country and (3) specifically most of the
gridded data sets underestimated the high rainfall pattern
over the border region between S4 and S5, which could
be attributed to the complex topography of the region. All
gridded data sets were able to capture the dry season ‘DJF’
(Figure 3(c)) over the sub-regions S1, S2, S3, S6 and S7
except CRU that overestimated in S6 and S7 regions.

Figure 4 displays the Pearson correlation coefficients
computed for each pixel between the gridded data and
VnGP on a monthly scale and only correlation values
with p values <0.05 are displayed. It can be seen that
APH and GPCC are the only two gridded data sets hav-
ing a ‘near perfect’ correlation with VnGP at the annual
and the dry season (Figures 4(a1), (a3), (c1) and (c3)).
The UDEL, however, has insignificant correlations for
annual and SW monsoon (Figures 4(a4) and (b4)), while
CRU has insignificant correlation for S5, S6 and S7
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sub-regions during SW monsoon season (Figure 4(b2)).
CPC has higher correlation compared to CRU and UDEL
but it is lower than APH and GPCC for annual and the two
seasons.

3.2. Evaluation of temporal precipitation pattern

The temporal distribution of precipitation was compared
between VnGP and five different gridded sets based on
the areal average of the grid cells for each sub-region.
The annual cycles of precipitation pattern for the seven
sub-regions are displayed in Figure 5. It can be observed
that the temporal distribution of precipitation differs for
selected sub-regions. The observed data set (i.e. VnGP)
shows similar annual precipitation cycle for regions S1 and
S2 (Figures 5(a) and (b)) with the peak (maximum) occur-
ring in July, while the peak is shifted to August for region
S3 (Figure 5(c)). The southern part of study area includ-
ing regions S4 and S5 exhibits a peak rainfall during the
inter-monsoon season Sep–Oct–Nov (SON) (Figures 5(d)
and (e)). Regions S6 and S7 clearly display distinct wet
and dry seasons (Figures 5(f) and (g)). Among all grid-
ded data set, GPCC shows a good agreement with VnGP
in terms of the peak rainfall and the sub-region annual
cycles. Although APH follows the annual precipitation
patterns at all sub-regions but marginally underestimates
the peak rainfall. In particular, UDEL underestimates pre-
cipitation over sub-regions S5 and S6 during the months
from September through to December and most of the
months in S7. CRU overestimates for few months for
sub-regions S3, S4 and S6. CPC shows good agreement
in the annual cycles over all sub-regions except in S4.

The Taylor diagram analysis was used to investigate
uncertainties in the different data sets (against VnGP) in
terms of the correlation coefficient, SD and the RMSD
(Figure 6). The Taylor diagram suggests that GPCC is the
best data set in temporal scale due to its highest correlation
(>0.97), smallest RMSD (<35 mm/month) and a lower SD
range compared to VnGP. APH performs well as the next
best data set with comparatively lower correlation for four

Figure 6. Taylor diagram: monthly total precipitation between VnGP and
the gridded data sets. The unit is mm/month. Different markers indicate
different data sets. The sub-regions are displayed as corresponding

number. [Colour figure can be viewed at wileyonlinelibrary.com].

sub-regions and higher RMSD compared to GPCC. APH
has consistently lower SD against VnGP, especially for
sub-regions S4 and S5. CRU, CPC and UDEL show lower
correlations and larger RMSD. However, in terms of the
SD, CRU performs better than CPC, UDEL and APH.

3.3. Evaluation of drought and wetness during El Nino
and La Nina

All the gridded data sets are evaluated for drought and wet-
ness events using SPI during the strong El Nino and La
Nina years. The ENSO has been known to be a teleconnec-
tion phenomenon and it has a potential impact on Vietnam
precipitation. During 1980–2007, there were three strong
El Nino phases (1982, 1991 and 1997) and two La Nina
phases (1988 and 1999) (Phan et al., 2009). In this study,
we consider one strong El Nino phase in November 1982
and one strong La Nina phase in December 1999 for anal-
ysis. The SPI 6 was selected for wet and dry analysis for
two selected periods (Figures 7(a) and (b)). Although SPI
12 and SPI 3 generated similar results, the discussion was
focused only on SPI 6.

Based on VnGP, El Nino brings more drought
(SPI<−1.5 indicates severe to extreme drought) to
sub-regions S4–S7 (Figure 7(a0)). Few gridded data sets
(APH and GPCC) are able to reproduce the spatial drought
pattern compared to VnGP. However, CPC is partially
able to capture this spatial pattern, but it depicts extreme
drought over the Mekong delta in sub-region S7. Overall,
CRU and UDEL did not perform well in capturing the
SPI patterns for this drought event. The strong La Nina
event in December 1999 (Figure 7(b)) depicts the opposite
pattern compared to the strong El Nino event, represented
by extreme wetness over sub-regions S4 and S5. This
pattern can be seen in nearly all the gridded data sets
except UDEL, possibly due to some missing data over the
coastal areas.

3.4. Evaluation of sub-regional SPI

The sub-regional average SPI was calculated for grid-
ded data sets and compared with VnGP data using
goodness-of-fit tests (SD, R and RMSD) and displayed
using a Taylor diagram (Figure 8). For each of the
sub-region, the SD of all data sets is equal to 1 because
SPI values are standardized. Therefore, we only compared
correlation ‘R’ and RMSD using SPI 6. Among all seven
sub-regions, GPCC agrees well based on higher R and
lower RMSD values. The second best data are APH
especially for sub-regions S1–S5. The other three data
sets showed mixed performance, with CRU performing
well over sub-regions S1 and S2, whereas CPC for regions
S3 and S7.

3.5. Evaluation of spatio-temporal drought and wetness

Spatio-temporal drought information is useful for water
resources planning and management (Mishra and Singh,
2010). SPI 6 was used to quantify severe to extreme
drought events (SPI<−1.5) as well as wet spells
(SPI> 1.5). The spatio-temporal pattern was compared
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Figure 7. Spatial distributions of SPI for 6-month accumulations during (a) November 1982, strong El Nino year and (b) December 1999, strong La
Nina year. Notation indices: (0) VnGP, (1) APH, (2) CRU, (3) GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed at wileyonlinelibrary.com].

Figure 8. Taylor diagram: SPI 6 between VnGP and gridded data sets: (a) S1, (b) S2, (c) S3, (d) S4, (e) S5, (f) S6 and (g) S7. [Colour figure can be
viewed at wileyonlinelibrary.com].

between gridded and observed data sets based on three
indicators: (1) Percentage of wet/dry months: This is com-
puted by summing the total number of wet/dry months for
the study period, then divided by total number of months,
subsequently multiplied by 100 to obtain the percentage
value. (2) Severity of wet/dry month: This characteristic
is similar to the total wet/dry months, but instead of
counting number of months, it adds the corresponding SPI
value for the wet/dry months. (3) Mean inter-arrival time:
The interval time (in month) between two consecutive
dry/wet spells are computed for all the months in the study
period. Subsequently, the TS of the inter-arrival time are
calculated for each dry/wet event. The average of the TS
is the so called mean inter-arrival time.

The drought and wetness characteristics are displayed
in Figures 9 and 10, respectively. The percentage of dry
and wet events for SPI 6 found to be 5–7% (Figures 9(a)
and 10(a)). The spatial-temporal characteristics of drought
and wetness events are evaluated using SPI 6 based on
observed data and gridded data sets for all sub-regions
(Table 4). Overall gridded data sets agree well with
observed data set (i.e. VnGP) for distributions of drought
characteristics, except UDEL for sub-regions S1–S5.
Based on both wet/dry characteristics of percentage and
severity, GPCC agrees well in sub-regions S1 and S2,
whereas APH agrees well in S3, S5 and S6 and CRU
in S4 and S6 (Table 4). The mean inter-arrival time
exhibits a clear difference between the gridded data and
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Figure 9. Drought characteristics from SPI 6: (a) percentage of drought (%) (percentage of total number of dry months over all months in the study
period); (b) drought severity (unit less) (total SPI values for the dry months); (c) mean inter-arrival time (month) (average time intervals between
two consecutive dry spells). Notation indices: (0) VnGP, (1) APH, (2) CRU, (3) GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed at

wileyonlinelibrary.com].

Figure 10. Wetness characteristics from SPI 6: (a) percentage of wetness (%) (percentage of total number of wet months over all months in the
study period); (b) wetness severity (unit less) (total SPI values for the wet months); (c) mean inter-arrival time (month) (average time intervals
between two consecutive wet spells). Notation indices: (0) VnGP, (1) APH, (2) CRU, (3) GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed

at wileyonlinelibrary.com].
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Table 4. Drought and wetness characteristics (percentage and severity) between gridded observation data and station data for all
sub-regions, based on SPI 6.

Data VnGP APH CRU GPCC UDEL CPC

S1
Drought percentage 5.2 6.8 7.1 5.9 7.4 7.4
Drought severity −31.5 −39.9 −41.5 −32.9 −46.9 −46.2
Wetness percentage 8.6 7.1 7.1 7.7 6.2 7.1
Wetness severity 50.9 43.4 41.9 48.0 34.9 44.0
S2
Drought percentage 6.2 5.6 5.6 6.8 7.4 5.9
Drought severity −35.3 −31.0 −32.8 −39.1 −47.5 −34.7
Wetness percentage 7.1 7.1 8.3 7.4 5.2 9.0
Wetness severity 44.7 45.4 51.5 47.4 34.2 58.8
S3
Drought percentage 7.7 6.2 4.3 4.9 8.3 5.6
Drought severity −45.0 −37.0 −28.8 −29.1 −58.3 −36.3
Wetness percentage 6.2 6.5 7.4 7.1 3.1 8.0
Wetness severity 40.6 38.6 45.8 46.0 20.7 53.7
S4
Drought percentage 5.9 6.8 6.2 7.1 10.5 7.1
Drought severity −36.1 −41.8 −37.9 −41.6 −70.3 −46.5
Wetness percentage 7.1 8.3 8.6 7.4 2.2 6.2
Wetness severity 46.0 54.0 47.8 48.1 11.7 38.4
S5
Drought percentage 5.9 6.2 6.2 4.3 9.9 5.6
Drought severity −35.9 −37.9 −37.9 −25.7 −64.1 −36.3
Wetness percentage 9.0 9.6 5.9 7.4 4.3 9.6
Wetness severity 54.6 55.0 40.4 54.3 27.3 64.0
S6
Drought percentage 7.4 6.5 7.1 6.2 7.1 4.3
Drought severity −45.6 −41.6 −41.6 −36.5 −40.0 −31.7
Wetness percentage 7.1 6.8 6.5 8.0 8.3 8.6
Wetness severity 42.7 40.0 44.0 55.8 48.1 58.4
S7
Drought percentage 6.8 4.9 5.2 6.5 5.2 4.0
Drought severity −43.4 −31.3 −31.9 −36.8 −29.6 −29.1
Wetness percentage 5.6 8.6 7.1 7.4 5.6 6.8
Wetness severity 36.5 57.3 50.2 47.2 31.6 47.9

The bold numbers represent less than 10% difference compared against VnGP.

VnGP (Figures 9(c) and 10(c)). APH and GPCC exhibit
good match against VnGP for dry spell inter-arrival time
(Figures 9(c1) and (c3)) but underestimates wet-spell for
S7, although it is insignificant (Figures 10(c1) and (c3)).
CRU is able to partially capture the spatial distribution
of the mean inter-arrival time of wet/dry spells; however,
UDEL and CPC are performed reasonably well only over
certain sub-regions.

The spatial characteristics are further quantified by
analysing the percentage of land affected by drought
(SPI<−1.5) and wetness (SPI> 1.5) based on the num-
ber of grid points affected within the study domain for the
study period 1981–2007 (Figures 11(a) and (b)). The cor-
relation coefficients between gridded data and observed
data (VnGP) based on a percentage of surface area affected
by severe to extreme drought (wetness) is provided in
Tables 5 and 6. Both APH and GPCC have significant cor-
relations with VnGP for all sub-regions, but GPCC has
a slightly higher correlation than APH. The poor perfor-
mance of UDEL was observed in multiple sub-regions (S1,
S4, S5 and S6), whereas poor performance was observed
by CPC for sub-region S7. There are more significant (and

higher) correlations for wetness category than drought for
all gridded data sets over all sub-regions.

3.6. Evaluation of trend analysis for drought/wetness
indices

Trend analyses were applied to compare the performance
of all gridded data sets using SPI 6. First, the MMK trend
tests were computed for all data sets to specify which
regions have significant increasing/decreasing trend (at 5%
significant level) over annual and seasonal time scale. Sub-
sequently, Sen’s slope was calculated for all the grids to
quantify the change. Figure 12 displays the MMK trend
tests for SPI 6. In this figure, blue colour denotes sig-
nificant (at Z = 0.05) increasing trend (Z ≥ 1.96) (towards
wetter trend) and red colour indicates significant decreas-
ing trend (Z ≤−1.96) (drier trend), the white colour are
insignificant values (−1.96< Z < 1.96). It is apparent that
over the study period, significant increasing and decreas-
ing trends of SPI 6 are observed for all data sets for annual
and two seasons. The trend test reveals that for two mon-
soon (wet and dry) seasons, wetter trends are significant
for SW monsoon season (or rainy seasons, Figure 12(b))
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Figure 11. Percentage of surface area affected by (a) drought (b) wetness
based on SPI 6 derived based on the observed and gridded data sets.
Here SPI threshold of −1.5 (1.5) was used to determine severe to
extreme drought (wetness) events. [Colour figure can be viewed at

wileyonlinelibrary.com].

Table 5. Correlation coefficients between gridded data and VnGP
for percentage of surface area affected by severe to extreme

drought from 1980 to 2007.

Region APH CRU GPCC UDEL CPC

S1 0.81 0.28 0.72 0.10* 0.27
S2 0.84 0.59 0.86 0.43 0.60
S3 0.88 0.60 0.89 0.38 0.65
S4 0.78 0.57 0.87 0.04* 0.47
S5 0.82 0.17* 0.88 0.14* 0.31
S6 0.43 0.44 0.91 0.03* 0.41
S7 0.55 0.03* 0.76 0.23 0.14*

*Insignificant correlations with p values >0.01.

and it is replicated very well by all gridded data sets.
Only GPCC and APH are able to capture the signifi-
cant decreasing trend for Central Highland (sub-region S6)
(Figures 12(b1) and (b3)). However, NE monsoon season
(dry season) leads to the drier trend for northern Viet-
nam and wetter trend for central and southern Vietnam
(Figure 12(c)). These trends are observed very well in all
gridded data sets, but especially in APH, GPCC and UDEL
(Figures 12(c1), (c3), and (c4)).

Subsequently, the quantification of changes in SPI 6
is illustrated (Figure 13) using Sen’s slope analysis. It
is noted that the magnitude of slopes computed for two
seasons (Figures 13(b) and (c)) are nearly twice the values
for annual scale (Figure 13(a)). The Sen’s slopes values
are comparatively small on the annual scale (Figure 13(a))
which implies that the temporal pattern of SPI 6 has little

Table 6. Similar to Table 5 but for wetness.

Region APH CRU GPCC UDEL CPC

S1 0.82 0.54 0.82 0.49 0.40
S2 0.88 0.61 0.90 0.78 0.74
S3 0.89 0.60 0.92 0.41 0.58
S4 0.73 0.18 0.86 0.15 0.28
S5 0.84 0.49 0.86 0.19 0.64
S6 0.66 0.42 0.88 0.46 0.63
S7 0.56 0.05* 0.90 0.35 0.77

*Insignificant correlations with p values >0.01.

fluctuation at this time scale. However, the increase in
slope at the seasonal SPI 6 trends (Figures 13(b) and (c))
is likely to influence the frequency of drought and floods
(Chou et al., 2013). It is clearly seen that the Sen’s slopes
values for GPCC seem the best match with observation
data, followed by APH and UDEL. Even though CPC is
able to capture the variability of SPI 6 slopes spatially,
its magnitude is comparatively poor among all gridded
data sets.

4. Summary and conclusions

Five gridded precipitation data sets (APHRODITE, CRU,
GPCC, UDEL and CPC) were compared against observed
interpolated station data (VnGP) over Vietnam to test the
ability of the gridded data in reproducing drought and
wetness conditions. The period 1980–2007 was used for
this comparison and the SPI was used for drought and
wetness assessments for seven climatic sub-regions. The
following conclusions are drawn from this study:

• Gridded data sets were able to capture the spatial dis-
tribution, mean biases as well as the temporal pattern
of monthly precipitation when compared to observed
data. Despite a coarser spatial and temporal resolution,
GPCC seems to be the best among all the gridded data
sets in reproducing the spatial patterns of precipitation
at annual and seasonal scales. The second best gridded
data set was APH. CPC, CRU and UDEL did not per-
form well in comparison with GPCC and APH.

• Based on Taylor diagram analysis for precipitation,
GPCC outperforms all other gridded data sets for all
metric indicators for seven sub-regions. GPCC was also
able to capture the annual cycle with observed rain-
fall peak shifts over different sub-regions. APH has a
marginal lower goodness-of-fit compared to GPCC, but
it is significantly better than the other three precipitation
data sets CRU, CPC, UDEL.

• Most of the gridded data (except UDEL) were able to
capture the severe drought pattern during the strong El
Nino event over the sub-regions S5 and S6. However,
only GPCC and APH better resolve the wetness condi-
tions induced by the strong La Nina event for sub-region
S6.

• Several droughts and wetness characteristics such as
the percentage of drought/wetness events, severity
and mean inter-arrival time between dry/wet spells
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Figure 12. MMK Z value for SPI 6 trend analysis, only significant levels 95% are displayed (|Z|≥ 1.96). Blue colour denotes significant increasing
trend and red colour denotes significant decreasing trend, white colour are insignificant trends. (a) Annual, (b) SW monsoon (JJA), (c) NE monsoon
(DJF). Notation indices: (0) VnGP, (1) APH, (2) CRU, (3) GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed at wileyonlinelibrary.com].

Figure 13. Sen’s slopes magnitude for SPI 6 trend analysis: (a) annual (unit: SPI 6/annum), (b) SW monsoon (JJA) (SPI 6/3 months), (c) NE
monsoon (DJF) (SPI 6/3 months). Notation indices: (0) VnGP, (1) APH, (2) CRU, (3) GPCC, (4) UDEL, (5) CPC. [Colour figure can be viewed at

wileyonlinelibrary.com].
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were evaluated. While all models (except UDEL)
were able to exhibit the characteristics of percent-
age of drought/wetness events and severity, however,
large uncertainty was observed in reproducing mean
inter-arrival time in most of the data sets except GPCC
and APH. Analysis of spatio-temporal wet/dry spell
characteristics indicates GPCC as the best data set as
compared to the observed information. This may be
due to GPCC has the largest collection of ground truth
stations over Vietnam as compared to other gridded
data. The second best data APH, although having the
higher density for the ground truth stations (number
of stations per grid cell) over several parts of Vietnam
but it has less spatial coverage as compared to GPCC,
especially for the coastal area.

• Trend analyses were performed to evaluate the compar-
ative performance of gridded data sets for annual and
seasonal time scales. Most of the gridded data sets were
able to capture the significant increasing/decreasing
trend as well as the change in magnitude for certain
regions as compared to observation. Both GPCC and
APH are the two best data sets in representing the SPI
trend. On the other hand, despite the relatively poor per-
formance of UDEL in capturing SPI and precipitation
statistics information, it has the ability to represent the
trend test as compared to observation.
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