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Abstract: In this paper, Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Networks–Climate Data Record (PERSIANN-CDR) is analyzed for the assessment of
meteorological drought. The evaluation is conducted over China at 0.5˝ spatial resolution against
a ground-based gridded China monthly Precipitation Analysis Product (CPAP) from 1983 to 2014
(32 years). The Standardized Precipitation Index (SPI) at various time scales (1 month to 12 months)
is calculated for detecting drought events. The results show that PERSIANN-CDR depicts similar
drought behavior as the ground-based CPAP in terms of capturing the spatial and temporal patterns
of drought events over eastern China, where the intensity of gauge networks and the frequency of
droughts are high. 6-month SPI shows the best agreement with CPAP in identifying drought months.
However, large differences between PERSIANN-CDR and CPAP in depicting drought patterns and
identifying specific drought events are found over northwestern China, particularly in Xinjiang and
Qinghai-Tibet Plateau region. Factors behind this may be due to the relatively sparse gauge networks,
the complicated terrain and the performance of PERSIANN algorithm.
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1. Introduction

Drought is one of the costliest and most widespread but also one of the most complex and least
understood natural hazards [1–3]. As a recurring phenomenon, droughts may typically last for several
months, or even years and can occur over most parts of the world including wet and humid regions [4].
Based on definitions and types, droughts can be grouped into four categories: (a) meteorological;
(b) agricultural; (c) hydrological; and (d) socioeconomic [2,5]. This study focuses on the meteorological
drought, which is related to the negative precipitation departure under normal conditions over an
extended period of time. Due to increasing vulnerability of environment, exposure of assets and the
change of climate, drought impacts on agriculture, water supply and economy have increased over
decades [1,6]. Therefore, the development of drought monitoring tools is very necessary for drought
risk management [7,8].

Drought index, expressed by a numeric number, is a common tool utilized to identify and
monitor drought [9,10]. Various drought indexes such as Palmer Drought Severity Index (PDSI) [11],
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Standard Precipitation Index (SPI) [12], Rainfall Deciles (RD) [13], Bhalme–Mooley Index (BMI) [14]
Surface Water Supply Index (SWSI) [15] and China-Z Index (CZI) [16] have been developed over time
and have been used to monitor drought at different spatiotemporal scales [2,4,17,18]. The SPI and
PDSI are two popular and widely used precipitation-based drought indices. However, based on the
theory of the balance of moisture supply and demand, PDSI calculation relies on multiple climatic
variables, which might be problematic in regions without high-quality ground data. PDSI algorithm
does not work well in mountainous regions and snow covered areas, which tend to underestimate
runoff conditions [19]. In addition, the results of PDSI may require re-normalization for comparison
between different regions [4,7]. Developed by Mckee et al. [12] to quantify precipitation deficit at
multiple time scales (i.e., 1-, 3-, 6-, and 12-month), SPI is recommended by the World Meteorological
Organization (WMO) as the reference drought index [20]. It is easily adapted to local climate, solely
based on long-term precipitation data and can be computed at almost any time scale with simple
calculation procedure [21,22]. In addition to drought monitoring, SPI can also be used to identify flood
periods [23,24]. Vicente-Serrano et al. [25] found that SPI was superior to PDSI for its flexible time scale
and simple calculation. SPI has also been recommended for operational drought monitoring [26,27].

Precipitation measurements provide essential input information for drought monitoring and
analysis. Conventional precipitation gauge network can provide long-term and accurate precipitation
input for drought monitoring. In numerous studies [10,28–30], the SPIs were calculated by directly
using long-term precipitation observations. However, in many regions of the world, the ground-based
precipitation measurement networks have sparse and nonhomogeneous distribution, which limits
their ability to identify and monitor droughts. In many cases, these measurement networks are even
nonexistent [31]. The global Precipitation Climatology Project (GPCP) has provided three kinds of
long-term global precipitation data by combining satellite and rain gauge information which include
2.5˝/monthly and 2.5˝/5-day spatiotemporal datasets with the time period from 1979 to present and
1˝/daily dataset with the time period from 1996 to present [32–36]. However, these versions of GPCP
products are insufficient to monitor and characterize drought due to their coarse resolution.

As an alternative precipitation input information for various applications at regional and global
scale, a series of satellite-based quantitative precipitation estimates (QPE) algorithms have been
developed by combining Infrared (IR) and passive microwave (PMW) observations from multiple
satellite sensors in recent years, such as Tropical Rainfall Measuring Mission (TRMM), Multisatellite
Precipitation Analysis (TMPA) [37], Climate Prediction Center morphing technique (CMORPH) [38],
Global Satellite Mapping of Precipitation (GSMaP) [39], Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks (PERSIANN) [40,41] and the NRL-Blend satellite rainfall
estimates from the Naval Research Laboratory (NRL) [42]. Because of their large-scale coverage, high
spatial-temporal resolution and public accessibility, QPE products play an increasingly important
role in various climate and hydrological applications such as flood and landslide monitoring [43–46].
A number of studies have focused on the evaluation of satellite-based precipitation products for
drought applications [7,47–51]. However, the time series of such algorithms are too short for confident
analysis of their usefulness for climate studies since PMW samples are limited or unavailable in
pre-1997 period. According to the World Meteorological Organization (WMO) report, the conduction
of climate studies needs at least 30 years of historical data [52]. In addition, reliable SPI calculation for
drought monitoring requires long-term (more than 30 years) monthly precipitation records to ensure
the confidence of results [12]. Wu et al. [53] studied the question of the length of precipitation records
and found that the longer the precipitation record used in the SPI calculation was, the more reliable
SPI values would be achieved, especially for the SPI values with timespan longer than 52 weeks.

The high-frequency droughts have become one of the most devastating natural disasters in China,
which is the most populous and fast-growing economy in the world [54,55]. The drought affected
area has significantly increased in the past 60 years not only in northern China with shortage of
water resources but also in southern China with relatively abundant water resources [56]. In recent
years, several extreme drought events struck southwestern China and the middle of lower Yangtze
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River. The annual average affected areas and damaged areas by drought disasters were nearly
0.21 ˆ 108 km2 and 0.10 ˆ 108 km2 from 1950 to 2010, which were 2.19 times and 1.77 times of
the impacts of flood disasters, respectively [57]. Therefore, the reliable, long-term, and relatively
high-resolution precipitation information is of critical importance for various hydro-climatological
applications, including but not limited to drought early warning and water resources management [31].

Aimed at addressing the need to study the spatial and temporal characteristics of precipitation in
a scale relevant to climate studies, PERSIANN Climate Data Record (PERSIANN-CDR) [58] has been
developed to provide a dataset with a consistent, long-term period, high spatiotemporal resolution
and near-global coverage. There have been some reports on the evaluation of the error characteristics
of PERSIANN-CDR in different regions [31,58–62], Miao et al. [31] evaluated the performance of
PERSIANN-CDR in capturing the behavior of daily extreme precipitation events in China and
found that PERSIANN-CDR performs well in capturing the spatial and temporal patterns of daily
precipitation extremes. Similar study has also been carried out to evaluate the error characteristics of
PERSIANN-CDR, as well as some other high-resolution satellite-based precipitation products, in terms
of spatial distribution, temporal variation, and frequency of precipitation with different intensities
based on daily/0.25˝ resolution over mainland China [62]. It was found that the gauge-adjusted
PERSIANN-CDR shows comparable performance with CPAP with high correlation coefficient (0.89)
and low relative bias (3.8%), although an underestimation was also found over central part of Xinjiang
in northwestern China. However, to our best knowledge, no efforts have been reported in evaluating
and quantifying PERSIANN-CDR for meteorological droughts monitoring over China. Based on the
previous studies on the error characteristics of PERSIANN-CDR, the primary goal of this study is to
yield more insights on PERSIANN-CDR’s reliability for meteorological drought monitoring during the
period from 1983 to 2014 over mainland China. This paper tries to answer questions such as: would
the PERSIANN-CDR dataset be reliable to monitor drought conditions? The results of this study will
provide the users and algorithm developers of PERSIANN-CDR with valuable information on its
quality for drought monitoring applications.

The rest of this paper is organized as follows: Section 2 introduces the study area, PERSIANN-CDR
product, the gridded ground observation dataset used as a reference and the evaluation metrics. Both
the precipitation comparison and the SPI results comparison between PERSIANN-CDR and CPAP
based on spatial and temporal evaluation metrics are provided in Section 3. A brief summary and
conclusions follow in Section 4.

2. Study Area and Datasets

2.1. Study Area

The geography of China is variable, with regional differences in topography. Figure 1a shows
the topographic variability from a digital elevation model (DEM). Similar to the divisions presented
in [63], China is separated into seven subregions in terms of elevation, mountain ranges [64] and the
annual mean precipitation distribution [65]. These subregions are shown in Figure 1 and are referred to
as: (I) the Xinjiang (XJ) region, which has arid and semi-arid climate characteristics; (II) Qinghai-Tibet
Plateau (TP) which has an average elevation about 4500 m; (III) Northwestern China (NW) bounded
by the 400 mm annual precipitation isohyet; (IV) Northeastern China (NE) located in the north of Yan
mountain; (V) Northern China (NC) located in the north of Qinling Mountains-Huai River line; (VI)
Yunnan-Guizhou Plateau in southwestern China (SW) which is bounded by the Ta-pa Mountains and
Wulingshan mountains to the north and east; and (VII) Southern China (SC), south of the Nanling
mountains and southeast of the Wuyi Mountains. These sub regions’ abbreviations are labeled on
Figure 1, and will be used herein.
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Figure 1. (a) Topographic map of China. The black solid lines indicate the borders of the seven sub-
regions: (i) Xinjiang (XJ), (ii) Qinghai-Tibetan plateau (TP), (iii) Northwest (NW), (iv) Northeast (NE), 
(v) North (NC), (vi) Southwest Yungui Plateau (SW), and (vii) South (SC); (b) A density map of gauges 
over China with about 2400 gauges used in CPAP. The white panel in lower right corner of each figure 
represents the South China Sea region. China’s borders were downloaded from National 
Administration of Surveying, Mapping, and Geoinformation with No. GS (2008)1045. 

The climate in China also varies greatly from region to region. The climate in XJ is characterized 
by semi-arid climates, and its precipitation is primarily influenced by the mid-latitude westerlies with 
moisture contributions from the North Atlantic Ocean [66]. Due to its semi-arid and arid climate, 
severe droughts are less frequent in XJ and TP. Most parts of China are located in the East Asia 
monsoon region, and the climate events (e.g., droughts and floods) throughout the year are 
determined by East Asia monsoon. The rainy season in most of China generally begins with the onset 
of the summer monsoon and ends with its withdrawal [67]. The monsoon rain belt moves from low 
latitudes to mid-high latitudes as the summer monsoon advances northward [68]. The time of 
monsoon shift frequently results in drought events in the east part of China [69,70], especially for the 
spring late drought in NC and summer and autumn drought over SW and SC. Southwestern China 
is dominated by the monsoon between the Qinghai-Tibet Plateau (TP) and the Indian Ocean. 

2.2. PERSIANN-CDR Satellite Precipitation Dataset 

As a new retrospective multi-satellite high-resolution precipitation product, PERSIANN-CDR [58] 
is developed for the National Climatic Data Center (NCDC) Climate Data Record (CDR) program in 
the National Oceanic and Atmospheric Administration (NOAA). Currently, PERSIANN-CDR 
provides 0.25° precipitation estimates at daily temporal resolution with near-global coverage from 
60°S to 60°N from 1 January 1983 to 31 November 2014. PERSIANN-CDR is routinely produced with 
varying time latency due to the availability of its inputs, such as GridSat-B1 IR data and GPCP 
monthly rainfall data. Precipitation Estimation from Remotely Sensed Information using Artificial 
Neural Networks (PERSIANN) is an algorithm based on artificial neural networks (ANNs), which 
was developed by the University of Arizona in 1997 to estimate precipitation by using local cloud 
textures from IR images of geostationary satellites [40]. PERSIANN-CDR is generated from 
PERSIANN model by using GridSat-B1 infrared (IR) data [71] as the primary source of precipitation 
input information. In order to meet the calibration requirements, the PERSIANN model is pre-trained 
using the National Centers for Environmental Prediction (NCEP) stage IV hourly precipitation 
estimates. The parameters of PERSIANN are kept fixed and then PERSIANN model is run for the full 
historical record of GridSat-B1 IR precipitation data. To reduce the bias in precipitation estimates 
from PERSIANN model, while preserving the spatial and temporal patterns in high resolution, the 
achieved estimates are adjusted by using the 2.5°/monthly GPCP precipitation product [58]. More 
detailed information regarding the algorithm can be found at [72]. PERSIANN-CDR used in the 
present study is provided by NOAA’s National Centers for Environmental Information 

Figure 1. (a) Topographic map of China. The black solid lines indicate the borders of the seven
sub-regions: (i) Xinjiang (XJ), (ii) Qinghai-Tibetan plateau (TP), (iii) Northwest (NW), (iv) Northeast
(NE), (v) North (NC), (vi) Southwest Yungui Plateau (SW), and (vii) South (SC); (b) A density map of
gauges over China with about 2400 gauges used in CPAP. The white panel in lower right corner of
each figure represents the South China Sea region. China’s borders were downloaded from National
Administration of Surveying, Mapping, and Geoinformation with No. GS (2008)1045.

The climate in China also varies greatly from region to region. The climate in XJ is characterized
by semi-arid climates, and its precipitation is primarily influenced by the mid-latitude westerlies with
moisture contributions from the North Atlantic Ocean [66]. Due to its semi-arid and arid climate,
severe droughts are less frequent in XJ and TP. Most parts of China are located in the East Asia monsoon
region, and the climate events (e.g., droughts and floods) throughout the year are determined by East
Asia monsoon. The rainy season in most of China generally begins with the onset of the summer
monsoon and ends with its withdrawal [67]. The monsoon rain belt moves from low latitudes to
mid-high latitudes as the summer monsoon advances northward [68]. The time of monsoon shift
frequently results in drought events in the east part of China [69,70], especially for the spring late
drought in NC and summer and autumn drought over SW and SC. Southwestern China is dominated
by the monsoon between the Qinghai-Tibet Plateau (TP) and the Indian Ocean.

2.2. PERSIANN-CDR Satellite Precipitation Dataset

As a new retrospective multi-satellite high-resolution precipitation product, PERSIANN-CDR [58]
is developed for the National Climatic Data Center (NCDC) Climate Data Record (CDR) program in
the National Oceanic and Atmospheric Administration (NOAA). Currently, PERSIANN-CDR provides
0.25˝ precipitation estimates at daily temporal resolution with near-global coverage from 60˝S to 60˝N
from 1 January 1983 to 31 November 2014. PERSIANN-CDR is routinely produced with varying time
latency due to the availability of its inputs, such as GridSat-B1 IR data and GPCP monthly rainfall
data. Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks
(PERSIANN) is an algorithm based on artificial neural networks (ANNs), which was developed by
the University of Arizona in 1997 to estimate precipitation by using local cloud textures from IR
images of geostationary satellites [40]. PERSIANN-CDR is generated from PERSIANN model by using
GridSat-B1 infrared (IR) data [71] as the primary source of precipitation input information. In order to
meet the calibration requirements, the PERSIANN model is pre-trained using the National Centers
for Environmental Prediction (NCEP) stage IV hourly precipitation estimates. The parameters of
PERSIANN are kept fixed and then PERSIANN model is run for the full historical record of GridSat-B1
IR precipitation data. To reduce the bias in precipitation estimates from PERSIANN model, while
preserving the spatial and temporal patterns in high resolution, the achieved estimates are adjusted by
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using the 2.5˝/monthly GPCP precipitation product [58]. More detailed information regarding the
algorithm can be found at [72]. PERSIANN-CDR used in the present study is provided by NOAA’s
National Centers for Environmental Information (http://www.ncdc.noaa.gov), and is available at [73].
In order to remain consistent with the reference product, PERSIANN-CDR is spatially aggregated to
the 0.5˝ resolution, and then accumulated into monthly data for calculation of SPI.

2.3. The Gridded Observation Dataset

The China monthly Precipitation Analysis Product (CPAP) is produced and routinely calibrated
by the National Meteorological Information Center (NMIC) and China Meteorological Administration
(CMA, http://data.cma.cn/). The product was developed based on thin plate smoothing splines
interpolation technique [74,75] to yield 0.5˝ data at a monthly temporal resolution from 1961 to
the present. More than 2000 rain gauge observations were applied to generate this dataset [76,77].
The Digital Elevation Model (DEM) of China generated from GTOPO30 data was used to correct
orographic errors. All the gauge data used in CPAP have undergone strict quality control in
three levels including the extreme values’ check, internal consistency check, and spatial consistency
check [70]. CPAP has been systematically validated by Zhao et al. [76,77] at daily temporal resolution
and found that CPAP has very good agreements with gauge observations with low average root
mean square error (RMSE, 0.49 mm/day) and high average correlation coefficient (CC, 0.93) over
China. In addition, CPAP can capture the rainfall pattern over complicated terrain regions with
higher accuracy because, not only the horizontal distance, but also local topographical features are
taken into account in the CPAP algorithm [76,77]. Therefore, CPAP product can be used widely in
weather/climate monitoring. However, the Chinese rain gauge network is distributed unevenly over
China (Figure 1b). Gauge stations are densely spaced in eastern China where the climate is wet and the
population is dense, whereas relatively sparse gauge stations are found in western China. Gauges are
especially infrequent in the areas of NW, XJ and TP, all of which are dominated by semiarid and arid
climate. The limited number and the interpolation technique could be a source of error in evaluation
of PERSIANN-CDR [78]. It is worth mentioning that the gauges used in CPAP are not completely
independent from those used in PERSIANN-CDR, since ~500 out of the total gauges (~2400) from CPAP
are potentially applied in the GPCC dataset that is used to correct PERSIANN-CDR. The assessment
results may be influenced to some extent by the location of coincident gauges. In this study, the
monthly CPAP product is used as a reference dataset to evaluate the capability of PERSIANN-CDR
precipitation product for meteorological drought monitoring.

2.4. The Standardized Precipitation Index (SPI)

The standardized precipitation index (SPI) developed by McKee et al. [12] is designed to assess
anomalous precipitation by giving a numeric value to precipitation. It is able to characterize and
compare meteorological droughts across areas with different climates [79]. SPI is calculated based on
long-term precipitation data (at least 30 years) accumulated over a selected time scale [80]. Generally,
precipitation is not normally distributed, so this long-term precipitation data is fitted to a gamma
distribution first and then transformed into a Gaussian distribution through an equal probability
transformation. SPI can be computed at different time scales from 1 to 24 months to indicate short or
long-term drought events. In the present study, 1-month, 3-month, 6-month and 12-month time scales
(SPI1, SPI3, SPI6 and SPI12), corresponding to the past 1, 3, 6, 12 months of observed precipitation
totals respectively, are selected to represent short and long-term droughts. The SPI values range from
´3 to +3 with positive values indicating wet conditions and negative values indicating dry conditions.
Specific SPI drought categories are shown in Table 1. Since the SPI is a standardized index, the SPI
values for different geographic regions as well as different seasons are independent and can be directly
compared [7]. In our study, SPI is calculated grid by grid for both CPAP and PERSIANN-CDR with
four time scales (i.e., SPI1, SPI3, SPI6, and SPI12) through a 32-years period over mainland China.
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Table 1. Drought categories according to SPI values.

SPI Value Category

2.0 and above Extremely wet
1.5 to 1.99 Severely wet
1.0 to 1.49 Moderately wet

´0.99 to 0.99 Near normal
´1.0 to ´1.49 Moderately dry
´1.5 to ´1.99 Severely dry
´2.0 and less Extremely dry

2.5. Statistical Evaluation Metrics

A series of traditional error indexes which include relative bias (RB), root mean square error
(RMSE), Pearson linear correlation coefficient (CC) are used in this study. In order to avoid the strong
dependence on the reference rainfall volume, fractional RMSE (FRMSE) is also introduced in this paper
to evaluate precipitation estimation error in PERSIANN-CDR. RB, RMSE, CC and FRMSE are defined
as follows:
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where S stands for satellite-based PERSIANN-CDR product and G represents the gauge-based reference
data (CPAP). RB and CC are dimensionless, and RMSE is in mm/month. In Equation (4), “Avg()” refers
to the average. RB, when multiplied by 100, denotes the degree of overestimation or underestimation
in percentage. All above statistics have been computed on a grid-by-grid basis over China.

3. Results and Discussion

3.1. Precipitation Evaluation

Precipitation is the only input requirement to calculate SPI. The accuracy of precipitation
estimation may directly affect the accuracy of SPI. PERSIANN-CDR is evaluated in detecting
precipitation relative to CPAP from January 1983 to December 2014 over mainland China. It is expected
that the discrepancies in SPI estimates can be reflected by the estimating errors in precipitation spatial
pattern and statistics between PERSIANN-CDR and CPAP. Figure 2 displays the distribution of 32 years
monthly mean precipitation over China and the scatterplot with error statistics between CPAP and
PERSIANN-CDR. Spatial distributions of RB, CC and FRMSE of PERSIANN-CDR versus CPAP are
shown in Figure 3. The RB, CC, RMSE and FRMSE are calculated grid by grid with 32-year samples of
monthly precipitation rates.
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Figure 3. Spatial distribution of (a) RB; (b) CC; (c) RMSE; and (d) FRMSE between PERSIANN-CDR 
and CPAP over China on a 0.5 lat/lon grid. 

PERSIANN-CDR performs well in capturing the spatial pattern of precipitation, which is similar 
to that of CPAP with 32-year mean precipitation values decreasing from southeastern China to 
northwestern China, although the precipitation pattern of PERSIANN-CDR seems to be relatively 
smoother than CPAP. However, the agreement between PERSIANN-CDR and CPAP is not strong 
over northwestern part of China where there is relatively sparse and unevenly distributed rain 
gauges and dry climate. Specifically, PERSIANN-CDR seems to underestimate some precipitation in 
northwestern part of XJ and overestimate the precipitation over south part of TP. According to the 
corresponding scatterplot (Figure 2c), PERSIANN-CDR has good agreement with gridded gauge 
dataset with a high CC (0.95) and low RB and RMSE (5.32% and 13.23 mm/month, respectively) over 
mainland China. High and positive CC values (>0.8), low RB and RMSE values (<12% and <0.2, 
respectively) between PERSIANN-CDR and CPAP are found in Figure 3 over most parts of China, 
especially for the eastern and southeastern China (i.e., NE, NC, SW and SC) where the drought events 
frequently occur. In terms of statistical analysis, it is found that the regions where CC values over 0.8 
cover about 82.5% of the whole mainland China (Figure 3b). This indicates that PERSIANN-CDR 
shows good skill in estimating precipitation in most areas of China. However, large disagreements 
between PERSIANN-CDR and CPAP in detecting precipitation are found over the south (north) part 
of TP and XJ. The low CC values (<0.6) and high FRMSE values (>1.5) in XJ and TP, especially for the 
southwestern XJ and northwestern TP (Figure 3b), agree with the spatial pattern of RB. This may be 
caused by the combined reasons such as the complicated terrain and climate, the possible lower 
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and (b) PERSIANN-CDR over China; (c) is the corresponding scatterplot and error statistics between
CPAP and PERSIANN-CDR. The white panel in lower left corner of each spatial distribution figures
represents the South China Sea region.
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Figure 3. Spatial distribution of (a) RB; (b) CC; (c) RMSE; and (d) FRMSE between PERSIANN-CDR
and CPAP over China on a 0.5 lat/lon grid.

PERSIANN-CDR performs well in capturing the spatial pattern of precipitation, which is similar
to that of CPAP with 32-year mean precipitation values decreasing from southeastern China to
northwestern China, although the precipitation pattern of PERSIANN-CDR seems to be relatively
smoother than CPAP. However, the agreement between PERSIANN-CDR and CPAP is not strong over
northwestern part of China where there is relatively sparse and unevenly distributed rain gauges and
dry climate. Specifically, PERSIANN-CDR seems to underestimate some precipitation in northwestern
part of XJ and overestimate the precipitation over south part of TP. According to the corresponding
scatterplot (Figure 2c), PERSIANN-CDR has good agreement with gridded gauge dataset with a high
CC (0.95) and low RB and RMSE (5.32% and 13.23 mm/month, respectively) over mainland China.
High and positive CC values (>0.8), low RB and RMSE values (<12% and <0.2, respectively) between
PERSIANN-CDR and CPAP are found in Figure 3 over most parts of China, especially for the eastern
and southeastern China (i.e., NE, NC, SW and SC) where the drought events frequently occur. In terms
of statistical analysis, it is found that the regions where CC values over 0.8 cover about 82.5% of the
whole mainland China (Figure 3b). This indicates that PERSIANN-CDR shows good skill in estimating
precipitation in most areas of China. However, large disagreements between PERSIANN-CDR and
CPAP in detecting precipitation are found over the south (north) part of TP and XJ. The low CC
values (<0.6) and high FRMSE values (>1.5) in XJ and TP, especially for the southwestern XJ and



Remote Sens. 2016, 8, 379 8 of 17

northwestern TP (Figure 3b), agree with the spatial pattern of RB. This may be caused by the combined
reasons such as the complicated terrain and climate, the possible lower quality of PERSIANN-CDR
over those regions and the sparsity of rain gauge stations over XJ and TP. More error characteristics of
PERSIANN-CDR in depicting spatial distribution, temporal variation, frequency of precipitation with
different intensities, and detecting precipitation events over mainland China may refer to our previous
study [62]. In addition, the capability of PERSIANN-CDR in capturing the behavior of daily extreme
precipitation events can be found in the report of Miao et al. [31].

3.2. Spatial Evaluation of SPI Estimates

3.2.1. Comparison of SPI Based Statistics

The CC and RMSE are used to evaluate SPI estimates from PERSIANN-CDR relative to SPI
estimates from CPAP based on different time scales. The spatial pattern of CC and RMSE results
for SPI1, SPI3, SPI6 and SPI12 between CPAP and PERSIANN-CDR are shown in Figure 4. The odd
striation found in CCs and RMSEs over eastern China (Figure 4) is probably due to the interpolation
of CPAP.
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estimates from 1983 to 2014.

It is noteworthy that the spatial patterns of CC and RMSE are similar in most parts of China at
different time scales, although the SPI12 results are slightly better. As the time scale increases, CC
values in eastern TP become relatively higher while RMSE values also become higher in western TP.
PERSIANN-CDR has good agreement with CPAP in terms of higher CCs and lower RMSEs over
eastern China (i.e., NW, NE, NC, SW and SC) where rain gauge networks are dense and where most of
drought events occur. The lower CC values (CC < 0.6) and higher RMSE values (RMSE > 6 mm/month)
are found in TP and XJ which have a dry climate and a low gauge density. This is consistent with the
precipitation evaluation analysis in Section 3.1, which indicates that precipitation estimation error may
directly affect the accuracy of SPI values. Specifically, PERSIANN-CDR shows the lowest correlation
(<0.5) over the northern TP and southern XJ at all time scales. Subsequently, the corresponding
RMSEs are also high in those regions. The large difference between two datasets in this region may
be attributed to the precipitation error generated from complicated terrain, dry climate and sparse
density of gauges. In addition, the distribution of small amounts of rainfall in time and space over
these regions may also affect the results of SPIs. Overall, SPI estimates of PERSIANN-CDR show high
CC values and low RMSE values over most China. In addition, the SPI performances are directly
influenced by the precipitation error.
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3.2.2. Comparison of SPI Based Drought Events

The SPI can be used to detect the duration and spatial extent of meteorological drought events.
In this section, whether a grid is under drought condition is determined by the criterion of SPI < ´1.0.
According to this criterion, the total number of months under drought is counted grid by grid to
check the consistency of PERSIANN-CDR in identifying the drought periods. Figure 5 shows the
difference in total number of months under drought between PERSIANN-CDR and CPAP for different
time scales.
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Generally, PERSIANN-CDR for SPI6 seems to have the best agreement with CPAP for the number
of drought months over most China (Figure 5c), especially for western China (e.g., XJ and TP).
In comparison to CPAP, PERSIANN-CDR for SPI1 and SPI3 identify much fewer months under
drought over western part of TP and central part of XJ while they identify more months under drought
over eastern TP, eastern XJ and most of NW. The result of SPI3 shows closer agreement with CPAP
than that of SPI1 over the whole study region. Interestingly, SPI12 presents overall poor performance
in detecting the total number of drought months. The number of months under drought differs for
SPI12 with a mixture distribution of positive difference and negative difference over the whole study
region, which is not consistent with the high CC and low RMSE of SPI12 between PERSIANN-CDR
and CPAP shown in Figure 3d.

In order to determine whether PERSIANN-CDR predicts the same drought events rather than the
same number of months under drought regardless of timing, the number of months under drought
identified by either PERSIANN-CDR and CPAP (z) are calculated based on the criterion of SPI < ´1.0.
The months under drought can be grouped into three possible conditions: the droughts detected by
PERSIANN-CDR but not CPAP (x), the droughts detected by CPAP but not PERSIANN-CDR (y) and
the droughts detected by both PERSIANN-CDR and CPAP (u). The ratios of the months under drought
to the total number of months under drought in these three conditions (x/z, y/z and u/z, respectively)
are calculated following the study of Mo et al. [81] and shown as percentages in Figure 6.

The number of months under drought detected by only PERSIANN-CDR and only CPAP
gradually decreases as the time scale increases, especially for the region of western China
(i.e., northeastern TP, eastern XJ and western NW). While the percentage of drought months detected
by both datasets is high over most of China, it has been found that it increase from SPI1 to SPI12
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(Figure 6i–l). The PERSIANN-CDR predicts drought more than 40% of the time for SPI1 and less for
other time scales over northeastern TP, eastern XJ and western NW, while CPAP does not detect any
drought (Figure 6a–d). Conversely, CPAP detects droughts when PERSIANN-CDR does not predict
any drought for 40%–60% over western TP and southwestern XJ (Figure 6e–h). Both PERSIANN-CDR
and CPAP detect drought simultaneously at more than 50% of the time over eastern China for SPI1
(Figure 6i). The percentage increases with the time scale increasing, and the agreement between
PERSIANN-CDR and CPAP for SPI12 is found to be the best (Figure 6d,h,l).
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3.3. Time Series Evaluation of SPI Estimates

To further compare the temporal behavior of the SPI estimates of PERSIANN-CDR, the domain
averaged SPI12 time series from 1983 to 2014 is calculated over China and seven subregions (Figure 7).
Since the timescales are the cumulative results of shorter periods that may be above or below normal,
the longer SPIs tend to gravitate towards zero unless a distinctive wet or dry trend is taking place.
Therefore, SPI12 is chosen for analysis. It is noticeable that some individual grid cells show SPI
values as low as ´3 during drought events, even if the values in Figure 7 are suppressed due to the
spatial averaging.

The SPI estimates from PERSIANN-CDR show good agreements with SPI estimates from CPAP;
and PERSIANN-CDR captures all drought events over China and seven subregions. However, the
SPI values of PERSIANN-CDR tend to be larger than that of CPAP over China, especially for XJ, TP.
The disagreements may be related to the complicated terrain and climate, sparsity of under-lying
gauge network and performance of PERSIANN-CDR. SPI also can be used to quantify the spatial
extent of drought events. The drought area is calculated month by month for 1983–2014 from the ratio
between the number of spatial grid cells under drought and total number of spatial grid cells over the
spatial mainland China or subregions (Figure 8). Generally, PERSIANN-CDR depicts the drought area
well in comparison to CPAP. However, the drought areas of PERSIANN-CDR tend to be larger than
that of CPAP, over mainland China and XJ, NW, NE, NC and SC, while smaller drought areas detected
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by PERSIANN-CDR are found in TP (Figure 8). These results are in correspondence with the spatial
domain averaged SPI values (Figure 7).
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Figure 8. Drought area percentage time series of SPI12 over (a) mainland China and seven subregions;
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SPI < ´1.0. The four grey columns highlighted in different plots (XJ, NE, NC and SW) present four
typical drought events selected for case study in Section 3.4.
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3.4. Specific Drought Events: Some Case Studies

To evaluate the capability of PERSIANN-CDR to capture drought events in detail, four severe
drought events are selected by the criteria of SPI values less than ´1 and drought period more than
three months over XJ, NE, NC and SW. The four typical drought events are highlighted with grey
background in their respective time series plots in Figures 7 and 8. The start and end time, the duration
and severity of these drought events are given in Table 2. Drought severity is defined as the cumulative
sum of the monthly SPI values, considering SPI values under ´1.0, and the duration of drought is
defined as the number of months in which the SPI values remained under ´1.0 by following the study
of Mihajlović [82]. According to Table 2, the duration can be well depicted by PERSIANN-CDR with
marginal difference for NE, NC and SW. In comparison of CPAP, similar drought severity are detected
by PERSIANN-CDR over NE and NC where dense gauges are. However, the disagreement between
PERSIANN-CDR and CPAP for XJ is not negligible with most distinguishing difference over the other
subregions. It should be noted that severe droughts are generally less frequent for its semi-arid and
arid climate. Figure 9 shows the spatial maps of SPI for a specific month during each drought event
listed in Table 2. Correspondingly, SPI of PERSIANN-CDR agrees well in terms of the spatial pattern
for the droughts in NE, NC and SW. However, a larger spatial extent is detected by PERSIANN-CDR
for drought in XJ. Combined with the analysis before, the longer drought duration, heavier severity
and larger spatial extent are detected by PERSIANN-CDR than those of CPAP.
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Figure 9. Spatial monthly maps of SPIs at 12-month time scale from (a–d) CPAP; and (e–h) PERSIANN-CDR
for four specific drought events.

Table 2. Characteristics of four severe drought events at 12-month timescale over different subregions.

Subregion Product Start–End Duration (Months) Severity

XJ
CPAP September 1985–August 1986 12 ´12.00

PERSIANN-CDR June 1985–January 1987 20 ´33.62

NE
CPAP October 2001–March 2002 6 ´6.86

PERSIANN-CDR September 2001–March 2002 7 ´9.67

NC
CPAP September 1997–March 1998 7 ´8.50

PERSIANN-CDR September 1997–April 1998 8 ´10.55

SW
CPAP August 2011–June 2012 7 ´13.03

PERSIANN-CDR August 2011–June 2012 7 ´6.59
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4. Conclusions

Availability of the latest daily, 0.25˝ satellite-based PERSIANN-CDR provides an opportunity for
long-term assessments of droughts at a finer resolution than previously possible. This study evaluates
the performance of PERSIANN-CDR in detecting the behavior of meteorological drought events
from 1983 to 2014. The ground-based monthly CPAP precipitation dataset was used as the reference
observation set for comparison. The SPIs at different time scales (i.e., SPI1, SPI3, SPI6 and SPI12) were
used as drought indexes to evaluate PERSIANN-CDR in depicting meteorological droughts. The major
findings of this study are summarized as follows:

(1) PERSIANN-CDR performs well in replicating spatial patterns of precipitation with high
CC (0.95), low RB (5.30%) and RMSE (13.18 mm/month) over most parts of China while large
disagreements between PERSIANN-CDR and CPAP are found in regions of sparse-gauge networks
such as XJ and TP. In these regions, the discrepancies in SPI estimates can be reflected by the
disagreements in precipitation spatial pattern and statistics between PERSIANN-CDR and CPAP.

(2) High agreements between SPI estimates from PERSIANN-CDR and CPAP over most regions
of China are found when identifying drought events in both time and space. SPI6 shows the best
agreement with CPAP, while SPI1 and SPI3 tend to detect more drought months over northwestern
China. The agreement between PERSIANN-CDR and CPAP in drought detection will vary with the
change of time scale.

(3) In the evaluation of predicting the same drought events, the agreement between
PERSIANN-CDR and CPAP becomes stronger when the time scale increases from SPI1 to SPI12.
Both PERSIANN-CDR and CPAP identify drought events simultaneously at more than 50% of the
time scale over most areas of China.

(4) PERSIANN-CDR is mostly able to detect all drought events in time and space, although there
are some large differences for specific events and regions. The difference grows largest in regions with
complicated terrain and sparse gauge networks, such as XJ and TP. These results cannot prove that
PERSIANN-CDR is less accurate than CPAP over northwestern China (e.g., XJ and TP). This may be
caused by combined reasons such as the lack of dense rain gauge, complicated terrain, dry climate, the
error from interpolation, and the possible error from IR-based algorithm. However, the sparse rain
gauge networks failing to capture the heterogeneity of precipitation may be the most likely reason for
the weaker agreements. Therefore, the performance of PERSIANN-CDR for detecting meteorological
drought over these regions should be further studied in the future.

Overall, PERSIANN-CDR is skillful enough to detect drought events and can serve as a valuable
dataset for various applications, such as long-term hydrological and climate studies over most of
China, especially for eastern part of China.
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