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Abstract: This study evaluated the suitability of the latest retrospective Integrated Multi-satellitE
Retrievals for Global Precipitation Measurement V06 (IMERG) Final Run product with a relatively
long period (beginning from June 2000) for drought monitoring over mainland China. First, the
accuracy of IMERG was evaluated by using observed precipitation data from 807 meteorological
stations at multiple temporal (daily, monthly, and yearly) and spatial (pointed and regional) scales.
Second, the IMERG-based standardized precipitation index (SPI) was validated and analyzed through
statistical indicators. Third, a light–extreme–light drought-event process was adopted as the case
study to dissect the latent performance of IMERG-based SPI in capturing the spatiotemporal variation
of drought events. Our results demonstrated a sufficient consistency and small error of the IMERG
precipitation data against the gauge observations with the regional mean correlation coefficient
(CC) at the daily (0.7), monthly (0.93), and annual (0.86) scales for mainland China. The IMERG
possessed a strong capacity for estimating intra-annual precipitation changes; especially, it performed
well at the monthly scale. There was a strong agreement between the IMERG-based SPI values
and gauge-based SPI values for drought monitoring in most regions in China (with CCs above 0.8).
In contrast, there was a comparatively poorer capability and notably higher heterogeneity in the
Xinjiang and Qinghai-Tibet Plateau regions with more widely varying statistical metrics. The IMERG
featured the advantage of satisfactory spatiotemporal accuracy in terms of depicting the onset and
extinction of representative drought disasters for specific consecutive months. Furthermore, the
IMERG has obvious drought monitoring abilities, which was also complemented when compared
with the Precipitation Estimation from the Remotely Sensed Information using Artificial Neural
Networks Climate Data Record (PERSIANN-CDR), Climate Hazards Group Infrared Precipitation
with Stations (CHIRPS), and Tropical Rainfall Measuring Mission Multi-satellite Precipitation Analysis
(TMPA) 3B42V7. The outcomes of this study demonstrate that the retrospective IMERG can provide a
more competent data source and potential opportunity for better drought monitoring utility across
mainland China, particularly for eastern China.
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1. Introduction

Drought, with its complexity, destructiveness, universality, and extensive influence, is one of
the most common natural disasters. It has a serious negative impact on the ecological environment,
agricultural productivity, and social development [1–7]. In recent years, continuous global warming,
which is mostly caused by human activities (i.e., rapid urbanization- and industrialization-related
construction) and the frequent occurrence of natural forest fires (for instance, the 2019–2020 fires in
Australia and fires in China over the past two decades) that increase carbon emissions and destroy the
environment, has intensified the severity of regional droughts [8–19]. Consequently, in order to conduct
a high-precision digital assessment and monitoring regarding the drought evolution process from
onset to extinction, it is necessary to establish drought indices according to regional characteristics and
to gather high-precision natural variable data, e.g., hydrology and meteorological data [3,6,7,20–23].
These indices and datasets can serve as valuable references for managing water resources, forewarning
drought/flood disasters, and decreasing agricultural losses.

Drought indices can be used to identify and appraise drought events, which is conducive to
improving our understanding of droughts and their change patterns [3,24–26]. For meteorological
drought, there are three frequently used drought indices, i.e., the Palmer drought severity
index (PDSI) [20], standardized precipitation index (SPI) [21], and standardized precipitation
evapotranspiration index (SPEI) [23]. In 1965, the first practical drought index, PDSI, was developed
by Palmer [20]. The PDSI is computed by inputting the initial evapotranspiration and precipitation
data, and then utilizing a hydrological model and standardization while considering the water
balance theory [7,20,27]. Hence, the traditional PDSI has some defects: It requires multiple climatic
variables in the calculation process, and features a single timescale, poor portability, and spatial
incomparability [6,8,28]. The SPI developed by McKee et al. was a popular drought index and it
only utilizes precipitation data to quantify drought [21]. The SPI features some advantages over
the PDSI, e.g., a simpler calculation process, multiple timescales, and greater sensitivity to drought
recognition [6,7]. Because of these characteristics, the SPI has become the typically used drought
index recommended by the World Meteorological Organization [28–33]. The SPEI, which combines
complicated evapotranspiration with ordinary precipitation variables as well, was proposed by
Vicente-Serrano et al. [22] based on SPI. The PDSI and SPEI are available to reflect the impact of global
warming on drought [20,27,34,35], while they may introduce some impacts of other data sets when
only evaluating the usability of satellite precipitation products (SPPs) for drought monitoring. Thus, in
this study, we will adopt the SPI.

Precipitation is a momentous meteorological variable and has thus been used as key input to
drought indices (e.g., SPI) for drought monitoring [30]. Traditional in situ meteorological stations
are the most direct approach to obtain the most accurate precipitation data [6,36]. Because of the
sparse and inhomogeneous spatial patterns of meteorological stations and spatiotemporal uncertainty
of precipitation, collecting precipitation data can be discontinuous in time and confined in space to
remote or terrain-complex regions [37–40]. Gauge-based precipitation datasets that are assembled
and interpolated based on meteorological stations exhibit great uncertainty in certain local regions
with substantial elevation differences, especially in the data-deficient areas. Therefore, it is difficult to
accurately monitor drought characteristics through spare in situ meteorological stations.

Nowadays, satellite precipitation retrieval algorithms have been continuously improved by using
remote sensing data [36], allowing a series of SPPs with high spatial-temporal resolution to be generated
and released for free on the internet for public access. Several widely used SPPs include the Precipitation
Estimation from the Remotely Sensed Information using Artificial Neural Networks (PERSIANN)
Climate Data Record (PERSIANN-CDR) [41], Climate Hazards Group Infrared Precipitation with
Stations (CHIRPS) [42], and Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation
Analysis (TMPA) 3B42V7 [43]. The SPPs estimate precipitation globally, and they provide datasets
for climate applications for ungauged or data-scarce regions [7,36,44]. Since March 2014, the research
and development of the SPPs has entered into the global precipitation measurement (GPM) era from
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the TRMM era [45]. The Integrated Multi-satellitE Retrievals for GPM (IMERG) precipitation product
is produced through using the vast quantities of information from all available TMPA and GPM
sensors [46]. The IMERG features global coverage, a high spatiotemporal resolution, and a superior
accuracy and reliability in estimating precipitation and snowfall values [45].

SPPs, in combination with reliable drought indices, have become highly feasible programs for
drought monitoring in most regions [4,26,28,32,36]. For instance, Sahoo et al. [28] analyzed the
SPI calculated based on TMPA products for drought assessment over global land of 50◦ N/S, and
highlighted that the TMPA 3B42V7 performs reasonably well. Guo et al. [30] also utilized the SPI to
evaluate PERSIANN-CDR performance for drought monitoring in China, and obtained that it has a
good similarity with reference data for drought patterns over the eastern region. Zhong et al. [7] chose
the SPI and PDSI to assess and compare the drought monitoring applicability of PERSIANN-CDR,
CHIRPS, and TMPA 3B42V7 across China, and summarized that they perform satisfactorily in the
eastern region as well, and TMPA 3B42V7 possesses the best performance and great potential for
drought monitoring. These results all indicate that the three SPPs products have good reliability
for drought monitoring in some regions of China; however, they are not the best precipitation data
among the SPPs. The satellite precipitation product with the highest spatiotemporal resolution and
optimum dependability among the multi-source SPPs should be used to reduce error propagation in
the drought detection process [7]. Recently, some research results have proclaimed that the IMERG
Final Run precipitation product is a better dataset compared to other SPPs, i.e., the PERSIANN-CDR,
CHIRPS, and TMPA, in Huanghuaihai Plain of China [47] and mainland China [48]. The quality of
the IMERG product has been demonstrated to estimate precipitation more reliably. Furthermore, the
newest version, IMERG V06, features unique characteristics compared with those of the previous
versions, i.e., updated algorithm (including several central improvements for improving the accuracy
of IMERG precipitation products) and retrospective processing (creating a longer temporal scale from
June 2000 to the present) [48,49]. The central objectives of the retrospective IMERG are to act as a
substitute for the widely used TMPA precipitation data, and to be more extensively applied in the field
of hydrometeorology, such as for meteorological drought [36,50]. However, the drought monitoring
utility of the newly released retrospective IMERG V06 is still unclear.

In consideration of the characteristics of the latest retrospective IMERG, this study aimed to:
(i) Evaluate the accuracy of the IMERG Final Run precipitation product by comparing it with in situ
precipitation measurements at multiple temporal and spatial scales over mainland China; (ii) investigate
the performance of the IMERG Final Run precipitation product for large-scale drought monitoring; and
(iii) compare the IMERG Final Run precipitation product against three widely used bias-adjusted SPPs,
namely PERSIANN-CDR, CHIRPS, and TMPA 3B42V7. This study provides an example and extension
of the application of the newly released retrospective IMERG precipitation data for drought monitoring.

2. Study Area, Datasets and Methods

2.1. Study Area

China has a vast territory (Figure 1a) with complex topography and diverse landforms. With great
differences in the natural climatic and landform characteristics throughout the country, the spatial
and temporal distributions of precipitation are extremely complex, i.e., the annual mean precipitation
is significantly different in the eastern region (less than 200 mm) compared to that in the western
region (over 1600 mm) (Figure 1b). This phenomenon makes China more prone to suffering from
drought disasters [6,7]. In this study, to better evaluate the accuracy of the IMERG precipitation
dataset and investigate its application for regional drought monitoring, the eight regions previously
researched by Chen et al. [51], sub-regions covering mainland China and excluding Taiwan, were
selected. Of these regions, region 1 (R1, northeastern China) and region 2 (R2, northern China) are
governed by a temperate monsoon climate; region 3 (R3, middle and lower reaches of the Yangtze
River), region 4 (R4, southeastern China), and region 5 (R5, southwestern China) are dominated by
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a subtropical monsoon climate; region 6 (R6, northwestern China) and region 7 (R7, Xinjiang) give
priority to an arid or semi-arid climate, while region 8 (R8, Qinghai-Tibet Plateau) is primarily covered
by a plateau mountain climate [51].Remote Sens. 2020, 12, x FOR PEER REVIEW 4 of 21 
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grid precipitation interpolation was based on the inverse distance weight (IDW) of the precipitation 
data from 807 meteorological stations. Note: R1: northeastern China, R2: northern China, R3: middle 
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northwestern China, R7: Xinjiang, R8: Qinghai-Tibet Plateau. 
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Figure 1. (a) Digital elevation model (DEM) and spatial distribution of the eight sub-regions and
(b) meteorological stations and annual mean precipitation during 2001−2017 over mainland China.
The grid precipitation interpolation was based on the inverse distance weight (IDW) of the precipitation
data from 807 meteorological stations. Note: R1: northeastern China, R2: northern China, R3:
middle and lower reaches of the Yangtze River, R4: southeastern China, R5: southwestern China, R6:
northwestern China, R7: Xinjiang, R8: Qinghai-Tibet Plateau.

2.2. IMERG and Other SPPs

The retrospective IMERG, with a comparatively high spatial resolution of 0.1◦ and multiple
temporal resolutions (i.e., 0.5 h, 3 h, 1 day, 3 days, 7 days, and 1 m), was released (https://pmm.nasa.gov/)
in May 2019 [50]. Compared to the legacy versions, there are some major improvements to the IMERG
V06, i.e., adopting the Climate Prediction Center MORPHing technique, in consideration of the
Goddard profiling algorithm and Megha-Tropiques Sounder for Probing Vertical Profiles of Humidity,
and slightly changing the passive microwave estimation for reducing spatial gaps [48,49]. The IMERG
incorporates three different modes of precipitation products, i.e., real-time Early Run, Late Run, and
delayed Final Run precipitation data. Of these products, the IMERG Final Run data is calibrated using
monthly gauge-based analysis data (i.e., the Global Precipitation Climate Center, hereafter GPCC, V8
Full Data Analysis for the majority of the time, and the GPCC V6 Monitoring Product from 2017 to
the then-present) for its accuracy to be close to that of the actual precipitation data [52]. In this study,
the retrospective IMERG Final Run precipitation product was primarily used for drought application.
The daily IMERG Final Run precipitation data from June 2000 to December 2017 were obtained from
the aforementioned website.

PERSIANN-CDR is a new retrospective long-term (from 1983 onward) SPP, with a spatial resolution
of 0.25◦ and spatial coverage of 60◦ N/S. PERSIANN-CDR is generated from the PERSIANN algorithm
using GridSat-B1 infrared data. It is adjusted using the Global Precipitation Climatology Project (GPCP)
V2.3 monthly product to maintain the consistency of the two datasets at 2.5◦ monthly scale throughout
the entire record [41]. CHIRPS is designed by the Climate Hazards Group (CHG), and obtained by
merging the IR-derived precipitation and the ground station observations (over 20,000 gauges) [42].
The V2.0 product of CHIRPS features a high spatial resolution of 0.05◦ and spatial coverage of 50◦

N/S from 1981 to present. The TMPA 3B42V7 product, with short-term precipitation data (from 1998
onward), a spatial resolution of 0.25◦, and covering the band of 50◦ N/S, is supplied by the National
Aeronautics and Space Administration (NASA), and also corrected by using monthly GPCC data [43].
In the present study, the monthly PERSIANN-CDR, CHIRPS, and TMPA 3B42V7 products were selected
to compare with the precipitation estimation and drought monitoring capabilities of the IMERG Final
Run precipitation data.

https://pmm.nasa.gov/
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2.3. In Situ Observation Dataset

The daily China Surface Climate Data set version 3.0 (CSCD) possesses the basic meteorological
data from 824 ground meteorological stations from 1951 onward, and it can be downloaded from the
China Meteorological Data Network (http://data.cma.cn) [53]. The CSCD employs a daily average
statistical method to dispose of original data, and it contains diverse precipitation historical records,
i.e., 8 p.m. to 8 a.m. (half day), 8 a.m. to 8 p.m. (half day), and 8 p.m. to 8 p.m. (day). Moreover, the
rigorous quality control method and the Rclimdex software package are utilized to guarantee high
CSCD quality [53]. In this study, the observed precipitation dataset was screened and extracted from
the CSCD by eliminating certain stations that had >30 days accumulated of missing data in a year
and >90 days accumulated of missing data in years. Ultimately, a total of 807 stations (Figure 1b) were
utilized to assess the performance of IMERG from June 2000 to December 2017. Because the GPM
satellite monitors precipitation data daily from 0 a.m. UTC, it is important to avoid time zone and
scale discrepancies between the observed precipitation and IMERG product data. The daily observed
precipitation data were accumulated based on the measured data at 8 a.m.–8 p.m. and 8 p.m.–8 a.m. in
Beijing Time (UTC + 8).

2.4. Standardized Precipitation Index (SPI)

The SPI is a well-known and frequently used dimensionless meteorological drought index proposed
by McKee et al. in 1993, and it only utilizes precipitation as the drought characterization factor and
features less dependence on data [21]. The major SPI procedures are to accumulate precipitation records
at several timescales (typically from 1 to 24 m) and then to utilize the Gamma distribution or Pearson III
frequency conversion, and the standardized normal distribution to calculate the normalized drought
index value [21]. The SPI values are comparable across regions, and the flexibility of the various
timescales can reflect drought conditions in different periods (i.e., monthly, seasonal, and annual
drought events), including agro-hydrological droughts [6]. The drought categories, in accordance with
the SPI values, are listed in Table 1. These ranges were derived from the “Classification of Meteorological
Drought” defined by China National Standardization Management Committee [6,54]. The SPI values,
with a general numeric range of −3 to +3, were calculated by selecting the Gamma distribution and
employing both the retrospective IMERG and monthly observed precipitation data from June 2000 to
December 2017, which are denoted as the IMERG-based SPI and gauge-based SPI, respectively. The 1-,
3-, 6-, and 12-month SPIs are abbreviated as SPI1, SPI3, SPI6, and SPI12, respectively.

Table 1. Drought classifications in accordance with Standardized Precipitation Index (SPI) values.

Drought Rank Index Values

No drought SPI > −0.5
Light drought −1.0 < SPI ≤ −0.5

Moderate drought −1.5 < SPI ≤ −1.0
Severe drought −2.0 < SPI ≤ −1.5

Extreme drought SPI ≤ −2.0

2.5. Statistical Metrics

For the multi-angle IMERG performance evaluation for both the precipitation estimation and
drought monitoring utilities, the nearest point-to-pixel (coordinates of meteorological stations) matching
approach was instructively employed. Three conventional metrics and one comprehensive statistical
metric were used to quantitatively explore the error characteristics of the IMERG precipitation data,
i.e., the correlation coefficient (CC) with an optimal value of 1, root mean square error (RMSE) with an
optimal value of 0, relative bias (RB) with an optimal value of 0, and Kling–Gupta efficiency (KGE’)
with an optimal value of 1 [28,38]. The CC describes the level of linear correlation (consistency) of
the target (i.e., IMERG or IMERG-based SPI) against the reference data (i.e., observed precipitation or

http://data.cma.cn
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gauge-based SPI). The RMSE expresses the dispersion degree of the target against the reference data.
The RB indicates whether the estimated IMERG product value is greater or smaller with respect to that
of the observed precipitation. The KGE’ synthetically assesses the contributing capacity of the CC,
bias, and variability [48]. The four metrics are defined as:

CC =

n∑
i=1

(
Gi −G

)(
Si − S

)
√

n∑
i=1

(
Gi −G

)2
√

n∑
i=1

(
Si − S

)2
, (1)

RMSE =

√√
1
n

n∑
i=1

(Si −Gi)
2, (2)

RB =

n∑
i=1

(Si −Gi)

n∑
i=1

Gi

× 100%, (3)

KGE′ = 1−

√
(CC− 1)2 +

(
S/G− 1

)2
+

((
σs/S

)
/
(
σg/G

)
− 1

)2
, (4)

where n is the length of the timeseries (i.e., 6423 days, 177 months, and 17 years), Si is the value of the
target at time i, Gi is the value of the reference data at time i, G and S are the mean values, and σs and
σg are the standard deviation. The KGEs are in the range of [−∞, 1], where a high value demonstrates
superior performance.

To probe the detection capability of the IMERG for drought events or conditions (SPI ≤ −0.5,
at least light drought), two frequently used statistical metrics were adopted, i.e., the probability of
detection (POD) with an optimal value of 1, and the false alarm rate (FAR) with an optimal value of
0 [7]. The POD represents the fraction of drought conditions correctly monitored by the IMERG of all
the drought events quantified by meteorological stations. The FAR reflects the fraction of drought
condition incorrectly predicted of all the drought events monitored by the IMERG. These two indicators
are defined as:

POD =
H

H + M
, (5)

FAR =
F

H + F
, (6)

where H is the number of months where the gauge-based SPI and IMEGR-based SPI monitor drought
simultaneously, M is the number of months where the gauge-based SPI does monitor drought but
IMEGR-based SPI does not, and F is the number of months where the gauge-based SPI does not
monitor drought but IMEGR-based SPI does. The PODs and FARs are all in the range of [0, 1].

3. Results

3.1. Evaluation of IMERG Precipitation at Multiple Temporal and Spatial Scales

Although the IMERG Final Run precipitation data was calibrated by the GPCC gauge-based
precipitation data before becoming available to the public, the GPCC features large errors in some
regions of China and a comparatively coarse spatial resolution of 0.25◦ [52,55]. Moreover, the dataset
from any new satellite product must be evaluated and validated before application [36]. It is necessary
to directly evaluate the accuracy of the IMERG precipitation over mainland China. Figure 2 displays
the scatter plots of the daily precipitation values obtained from the IMERG product against the in situ
meteorological station at the point scale in the eight subregions and mainland China and the values of
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four metrics in the corresponding regions. The timeseries values of all meteorological stations in a
region were superposed into a form of a single timeseries. The IMERG performance in various regions
features slightly apparent differences. Specifically, the consistency of IMERG against the observed
precipitation data is high in most regions in China. The CCs of R1−R6 and mainland China are greater
than 0.7, while the CC is 0.52 in R7 where there is less annual precipitation, and 0.64 in R8 where
there is a higher altitude. The RMSEs are large in eastern China with heavy precipitation (i.e., RMSE
of 10.2 mm/day in R4), and much smaller in regions with less precipitation, especially the RMSE of
1.81 mm/day in R7. Regarding the RB, a sufficient point gathering for the IMERG product against the
observed precipitation data is near the oblique (45◦) line (Figure 2), although the IMERG moderately
overestimates the precipitation (RB below 11.7%) and negligibly underestimates in R7 (RB of −0.6%).
The KGE’ value is 0.72 in R3, R4, and mainland China; it is in the range of 0.6–0.7 in R1, R2, R5, R6, and
R8; and 0.47 in R7, respectively. We found that the daily IMERG precipitation data typically features
an outstanding performance in the estimation precipitation and a high CC and KGE’ in R1–R6, while
there is slight non-determinacy in R7 and R8 where there are sparsely and irregularly distributed
meteorological stations.
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Figure 2. Scatterplot and IMERG error statistics, i.e., CC, RMSE (mm/day), RB, and KGE’, with
respect to in situ precipitation data from meteorological stations at the daily scale for R1−R8 and
mainland China (MC). The y-axis represents the IMERG precipitation, and the x-axis represents the
in situ precipitation. Note: IMERG: Integrated Multi-satellitE Retrievals for Global Precipitation
Measurement, CC: correlation coefficient, RMSE: root mean square error, RB: relative bias, KGE’:
Kling–Gupta efficiency.
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Monthly precipitation is the cumulative total daily precipitation in a month, and annual
precipitation is the cumulative total monthly precipitation in a year, except for the year 2000, which
exhibited a data deficiency of fewer than 12 months of data. In this study, the daily, monthly, and
yearly RBs are nearly the same in terms of spatial pattern and are not shown. The IMERG sufficiently
estimates precipitation in R1–R6, with nearly all regions exhibiting RBs of −20–20%. There is great RB
heterogeneity (easily overestimated or underestimated) in R7 and R8, while the mean RB of mainland
China is 10.1%. Figure 3 displays the spatial distributions of the CCs, RMSEs, and KGE’s for the
IMERG against the observed precipitation data at the daily, monthly, and annual scales.
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annual IMERG data with respect to the precipitation data derived from meteorological stations in
mainland China.

The IMERG performance compared to that of the observed precipitation data features obvious
discrepancies at different spatial and temporal scales. In particular, there is a greater consistency,
comparatively larger error, and improved integration in eastern China, with the humid climate and
small differences in regional elevation, compared with that of the western region, with its complex
terrain and lower annual mean precipitation. Based on the regional results, the IMERG performs best
in R3, with daily, monthly, and yearly mean CCs of 0.74, 0.94, and 0.92; followed by R1, R2, and R4 with
identical timescale average CCs of 0.73, above 0.9, and above 0.88; and its worst performance was in
R7 with mean CCs of 0.54, 0.78, and 0.73, respectively. As the timescales increase from daily to yearly,
the IMERG performance also changes greatly, with daily CCs in the range of 0.3–0.85, monthly CCs in
the range of 0.4–1, and yearly CCs in the range of 0.1–1, while in most regions, the daily, monthly, and
yearly CC ranges are 0.65–0.8, 0.9–1, and 0.85–0.95, respectively. The KGE’s were less than 0.8 at the
daily scale and less than 1 at the monthly and yearly scales, while in most regions, the daily, monthly,
and yearly ranges were 0.6–0.8, 0.8–1, and 0.6–0.9, respectively. This possibly occurred because the
cumulative effect of precipitation offset the partial heterogeneity between the daily IMERG dataset
and reference data. The RMSE (Figure 3d–f) is incomparable at different timescales, but it gradually
enlarges with an increase in the timescale. There is a strong link between the RMSE spatial distribution
and precipitation (Figure 1b), where the RMSE decreases with a decrease in precipitation. The CCs
and KGE’s increase their optimal values from the northwest to the southeast across mainland China,
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and the RMSEs exhibit the opposite trend. Based on the results of other studies, the low IMERG
precipitation accuracy in R7 and R8 may be affected by several factors, e.g., the topography, climate,
spatiotemporal distribution of precipitation, and generation procedure of the satellite dataset (error
correction and retrieval algorithm) [6,7,28,30,47].

Table 2 displays the distributions of the regional CCs, RMSEs, and KGE’s at the 0.05, 0.50, and 0.95
quantiles of the daily, monthly, and annual IMERG data against the observed precipitation data for
the eight regions and mainland China. The value variation ranges of the monthly CCs and KGE’s are
smaller than those at the daily and annual scales for the different regions. Additionally, the multiscale
CC and KGE’ ranges of IMERG in R7 and R8 are broader compared to those in the other regions.
Although the CCs and KGE’s at the 0.95 quantile are slightly higher (even close to those of R1–R6), they
are much lower at the 0.05 quantile (i.e., KGE’ < 0). This result may be strongly related to the overlap
of the CSCD and GPCC meteorological stations, including an overlap of certain meteorological stations
in China [52], and to the sparse-distributed GPCC meteorological stations in western China for IMERG
correction and the sophisticated mountainous terrain in this region [47,56]. According to the results of
Figure 2, Figure 3, and Table 2, the IMERG possesses a strong capacity for monitoring intra-annual
precipitation variations, and it features maximize performance at the monthly scale in comparison with
that at the daily and annual scales. Probable causes are that the monthly precipitation eliminates the
temporal heterogeneity of daily precipitation to a certain extent, and the annual precipitation diversity
of the IMERG against the reference data is obviously larger than that of monthly precipitation, such as
Figure 3. Generally, it demonstrates that the retrospective IMERG precipitation is a highly accurate
and remarkable potential dataset for quantifying drought.

Table 2. The distributions of regional CCs, RMSEs, and KGE’s at the 0.05, 0.50, and 0.95 quantiles for
daily, monthly, and annual IMERG with respect to precipitation data from meteorological stations in
R1−R8 and mainland China (MC).

Regions Quantiles
Daily Monthly Yearly

CC RMSE
(mm/day) KGE′ CC RMSE

(mm/month) KGE′ CC RMSE
(mm/year) KGE′

R1 0.05 0.68 3.12 0.54 0.91 11.9 0.71 0.79 49.1 0.61
0.50 0.74 4.05 0.65 0.96 18.7 0.83 0.91 88.1 0.78
0.95 0.78 5.82 0.74 0.98 30.1 0.93 0.97 176 0.90

R2 0.05 0.67 3.78 0.57 0.91 14.5 0.73 0.74 52.4 0.58
0.50 0.73 5.47 0.66 0.95 22.2 0.84 0.90 95.2 0.75
0.95 0.78 7.60 0.73 0.97 38.9 0.91 0.96 184 0.86

R3 0.05 0.68 5.76 0.61 0.89 22.6 0.77 0.83 86.9 0.68
0.50 0.75 7.56 0.71 0.94 33.3 0.84 0.93 154 0.80
0.95 0.79 8.97 0.76 0.97 47.9 0.91 0.97 261 0.91

R4 0.05 0.68 8.11 0.65 0.89 27.5 0.77 0.81 107 0.62
0.50 0.73 9.56 0.72 0.95 42.3 0.88 0.93 192 0.83
0.95 0.77 13.8 0.76 0.97 72.2 0.94 0.97 325 0.93

R5 0.05 0.63 4.96 0.55 0.90 20.9 0.72 0.73 67.9 0.57
0.50 0.70 6.88 0.67 0.95 30.4 0.88 0.89 126 0.76
0.95 0.75 8.67 0.72 0.98 51.6 0.95 0.95 327 0.88

R6 0.05 0.62 1.27 0.28 0.85 6.57 0.44 0.62 21.0 0.33
0.50 0.71 2.92 0.66 0.95 11.7 0.88 0.90 49.1 0.75
0.95 0.77 4.66 0.73 0.98 20.1 0.96 0.97 106 0.93

R7 0.05 0.36 0.65 −0.52 0.62 3.90 −0.41 0.39 14.8 −0.46
0.50 0.55 1.57 0.36 0.79 10.5 0.58 0.77 50.4 0.48
0.95 0.69 2.77 0.60 0.93 23.4 0.81 0.92 171 0.79

R8 0.05 0.51 0.94 −0.54 0.79 6.22 −0.43 0.40 33.5 −0.46
0.50 0.64 3.24 0.58 0.96 14.3 0.87 0.82 71.0 0.69
0.95 0.72 4.46 0.70 0.98 33.5 0.95 0.94 219 0.86

MC 0.05 0.53 1.41 0.28 0.79 7.84 0.47 0.63 32.7 0.31
0.50 0.72 5.35 0.67 0.95 22.9 0.85 0.90 102 0.77
0.95 0.77 10.3 0.75 0.97 54.3 0.94 0.97 277 0.91
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3.2. Quantitative Evaluation of IMERG-Based SPI

We utilized the IMERG and observed precipitation datasets to calculate the SPI values at 1-, 3-,
6-, and 12-month timescales from June 2000 to December 2017. The CC, RMSE, POD, and FAR were
computed based on the IMERG-based SPI values compared to the gauge-based SPI values at the four
timescales, which are shown in Figure 4, to assess the reliability and stability of the IMERG-based SPI.
The results displayed in Figure 4 reveal that the spatial distributions of the statistical metrics of the
IMERG-based SPI are similar to the CCs and KGE’s of the monthly IMERG precipitation data, i.e., the
optimal performance in R1−R6 with high CCs above 0.8 and low RMSEs below 0.7, and a comparatively
poor capability in R7 and R8 at the same timescale. This should be because precipitation is the only
input data for the SPI calculation, and the IMERG error is propagated to the SPI. Regarding the IMERG
drought detection ability, the spatial distributions of the POD and FAR are similar to that of the CC.
There is a strong agreement between the IMERG-based SPI and gauge-based SPI values for drought
monitoring in most parts of R1−R6, with PODs over 0.8 and FARs below 0.3. Nevertheless, there are
substantial discrepancies and high spatial heterogeneities in most parts of R7 and R8, i.e., the PODs
range from 0.5 to above 0.9 and the FARs range from 0.2 to above 0.5. The indicators possess similarities
or slight discrepancies at various timescales, i.e., the dependability in the eastern region is superior
to that in the western region, and their values slowly increase or decrease in certain regions with an
increase in the timescale increment. Therefore, the numeric ranges of the four metrics are widest at the
12-month timescale over mainland China compared with those of the other three timescales. This may
be related to the IMERG error in different regions being controlled by systematic or random error.
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Figure 4. Spatial distribution of (a–d) CCs, (e–h) RMSEs, (i–l) PODs, and (m–o,q) FARs of the
IMERG-based SPI values with respect to the gauge-based SPI values at multiple timescales (1-, 3-, 6-,
and 12-month) in mainland China.

Figure 5 displays the regional CCs, RMSEs, PODs, and FARs at the 0.25, 0.5, and 0.75 quantiles and
their mean values in boxplots; the maximums, 0.99 quantiles, 0.01 quantiles, and minimum values of
the metrics were ignored to reduce the influence of outliers. The performance of the IMERG-based SPI
is more reliable in R1−R6, while it is less reliable and more uncertain in R7 and R8. The boxplot with
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the lower bound at the 0.25 quantile and the upper bound at the 0.75 quantile exhibits the numerical
values for the four metrics. (1) In R1–R6, the CCs were beyond 0.74 at the 0.25 quantile; the RMSEs
were in the range of 0.3–0.7 between the 0.25 quantile and 0.75 quantile; the PODs were over 0.65 at the
0.25 quantile; and the difference in upper-lower FARs was within 0.2, and the mean value was less than
0.33. (2) In R7 and R8, certain metrics exhibited superior performances (i.e., CC > 0.7 and POD > 0.8),
while they exhibited wider value ranges and the mean values were less than those of R1–R6 at the
0.25 quantile. Furthermore, the variations of the indexes at various timescales were not conspicuous
in R1–R6, but they were significant in R7 and R8 (i.e., gradually improving the performance from
the 1-month to 12-month scales). This was likely related to the sliding accumulation precipitation
values at longer timescales eliminating or reducing the temporal heterogeneity of the precipitation to a
certain extent. In comparison, the indicators emphasized that the IMERG-based SPI at the 6-month
scale performed more optimally, which is displayed in Figure 4. Overall, the retrospective IMERG
performed well for drought monitoring in most regions of mainland China by utilizing the SPI.
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3.3. Regional Validation of IMERG-Based SPI for Drought Events

The performance of the IMERG-based SPI was further evaluated and explored spatiotemporally
regarding the regional drought characteristics (i.e., drought intensity and area) of R1–R6 using
high-accuracy precipitation data. Due to the sparse-distributed meteorological stations and uncertain
data, R7 and R8 were not considered in this evaluation. The SPI6 was chosen for the detailed assessment
due to its superior results. Figure 6 displays the drought intensity quantified by the regional mean
SPI6 and ratio of drought area, which was roughly measured by the percentage (the number of
meteorological stations experiencing drought conditions versus the total number meteorological
stations in the region), for the six regions in the timeseries. The drought condition threshold value
was −0.5 (light drought) for SPI6. The temporal CCs and RMSEs of the regional mean IMERG-based
SPI6 compared to those of the gauge-based SPI6 are given in Table 3. The regional IMERG-based SPI6
can precisely portray the onset and extinction of representative drought events of R1−R6 (including
intensity and area), even when there were some biases found in the drought estimations (Figure 6).
Furthermore, the SPI6 of the IMERG agrees well with that of the observation data (temporal CCs over
0.96 and RMSEs below 0.16). The performance of the regional mean SPI typically outperforms that
of the pointed SPI. This is likely because the spatial discrepancies of the IMERG are offset by spatial
averaging. In R1 and R6, the IMERG exhibits a comparatively poor consistency compared to that of the
reference data, but it can still distinguish the drought process (high CCs and low RMSEs). These results
highlight that the IMERG exhibits a satisfactory temporal accuracy.

Table 3. Temporal distributions of CCs and RMSEs of the regional mean IMERG-based SPI6 and
regional ratio of drought area quantified by the IMERG-based SPI6 for R1–R6 according to Figure 6
and spatial CCs and RMSEs of the representative drought process in southern China for the R2–R5
according to Figure 7.

Regional Mean Drought
Index (Figure 6)

Regional the Ratio of
Drought Area (Figure 6)

Spatial Statistical Indicators of Drought
Index in Selected Months (Figure 7)

Regions CC RMSE CC RMSE Date (2011) CC RMSE

R1 0.962 0.078 0.985 0.150 March 0.924 0.421
R2 0.974 0.068 0.992 0.116 April 0.913 0.451
R3 0.985 0.052 0.996 0.099 May 0.895 0.489
R4 0.988 0.052 0.996 0.098 June 0.801 0.543
R5 0.964 0.06 0.987 0.123
R6 0.966 0.059 0.985 0.124

Spatial maps of the drought events roughly identified by the IMERG-based SPI6 and gauge-based
SPI6 in specific consecutive months for southern China are exhibited in Figure 7, where they describe
a light−extreme−light drought process from March 2011 to June 2011 [57] and crippling drought in
April and May. Southern China is a major agricultural production base and includes multitudinous
prosperous urban areas, which encompassed R2–R5 in this study. The subareas of Southern China
exhibit similar characteristics of the spatial mean SPI6 (i.e., the smallest negative values of the drought
index), which are displayed in Figure 6. Table 3 also illustrates the spatial CCs and RMSEs of the
IMERG compared to those of the reference data, which were used to quantify the precision in depicting
the change processes of the representative drought disasters from Figure 7. The historical drought
records of R6 in 2009–2010 are approximately distinguished by the SPI6 [6,7,27], but they were not
selected for this study. The results demonstrate that the SPI6 of the IMERG imitates the spatial shape
of the drought events accurately (including the areal extent, spatial kernel, and overall movement
direction), and agrees with those of the observed precipitation (spatial CCs above 0.8 and RMSEs
below 0.55 in the four months), despite a spatial pattern of drought being marginally underestimated
(March 2011 in R2). During the drought evolution process, the spatial compatibility of the IMERG
gradually decreases with respect to the reference data, while the spatial high CC of 0.801 and low
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RMSE of 0.543 occurred in June 2011. The results displayed in Figures 6 and 7 indicate that the IMERG
features a typically satisfactory potential for reflecting the spatiotemporal characteristics of drought.Remote Sens. 2020, 12, x FOR PEER REVIEW 13 of 21 
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4. Discussion

4.1. Usability of Retrospective IMERG-Based SPI

In terms of the results above, it illustrated some significant conclusions for the IMERG Final Run
precipitation product from multiple perspectives. Namely, the IMERG possesses sufficient stability
and reliability in capturing intra-annual precipitation variations and detecting drought over mainland
China, although there is a lower accuracy in local regions, such as R7 and R8 [51]. This lower accuracy
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is likely due to the topography, climate, precipitation spatiotemporal distribution, and satellite dataset
generation procedure (error correction and retrieval algorithm) [6,7,28,30,47].

In view of the retrieval algorithm, it directly affects the SPPs accuracy. Here, we discuss the impact
of the retrospective period (retrospective algorithm) on IMERG rainfall accuracy. IMERG V06, the
latest version after the retrospective treatment, established a homogeneous record with the TMPA
data (beginning in June 2000), allowing the full IMERG precipitation product to cover two periods,
i.e., the retrospective period from 1 June 2000 to 11 March 2014 and the GPM period from 12 March
2014 to now [45,49]. Figure 8 shows the regional mean CCs, RBs, and RMSEs (mm/day) of the IMERG
precipitation data compared to the observed precipitation data at the daily scale for R1−R8 in the
three periods, i.e., the entire period, GPM period, and retrospective period. The precision of IMERG
precipitation data in the GPM period is the highest, while that in the retroactive period is slightly low.
This embodies that the retrospective precipitation data features a small negative but acceptable impact
on the product quality (the differences in CCs are below 0.05, and the differences in RBs are below 4%,
except for R7, and the differences in RMSEs are less than 1 mm/day). Compared with the GPM period,
there is still room for improvement for the retrospective period of IMERG. Generally, the accuracies of
IMERG in the two periods are consistent and comparable over mainland China.
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In this study, we primarily evaluated the suitability of the post-process IMERG Final Run 
precipitation product for drought monitoring in mainland China. Although near real-time IMERG 
Early Run and Late Run precipitation products without error correction exist, their accuracies present 
an apparent low agreement with the IMERG Final Run precipitation product [38,39,52]. Due to the 
poor reliability of the near real-time IMERG Early Run and Late Run precipitation products in 
capturing precipitation in most regions, especially in the region with sparse meteorological stations 
[7,28], it need be considered bias correction before application for monitoring near real-time drought. 
Consequently, in order to further reveal the importance of the IMERG Final Run precipitation 
product, the spatial patterns of the KGE’s (for precipitation), CCs, PODs, and FARs (for drought) of 
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Figure 8. Regional mean CCs, RBs, and RMSEs (mm/day) of the IMERG compared to those of the
observed precipitation at the daily scale for R1−R8 in the entire, GPM and retrospective periods. Note:
A_IMERG represents the IMERG data for the entire period, G_IMERG represents the IMERG data for
the GPM period, and R_IMERG represents the IMERG data for the retrospective period.

In this study, we primarily evaluated the suitability of the post-process IMERG Final Run
precipitation product for drought monitoring in mainland China. Although near real-time IMERG
Early Run and Late Run precipitation products without error correction exist, their accuracies present
an apparent low agreement with the IMERG Final Run precipitation product [38,39,52]. Due to the poor
reliability of the near real-time IMERG Early Run and Late Run precipitation products in capturing
precipitation in most regions, especially in the region with sparse meteorological stations [7,28], it need
be considered bias correction before application for monitoring near real-time drought. Consequently,
in order to further reveal the importance of the IMERG Final Run precipitation product, the spatial
patterns of the KGE’s (for precipitation), CCs, PODs, and FARs (for drought) of the IMERG Early
Run, Late Run, and Final Run precipitation products against reference data are shown in Figure 9.
The IMERG Final Run precipitation product with a regional mean KGE’ of 0.79 has an outstanding
performance compared with IMERG Early Run and Late Run precipitation products (with a regional
mean KGE’ of 0.61). When they were applied to drought monitoring, their performance differences
were more obvious. The mean CCs of the SPI3 calculated on the IMERG Early Run, Late Run, and
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Final Run precipitation products with respect to the gauge-based SPI3 were 0.61, 0.63, and 0.84; their
PODs were 0.62, 0.63, and 0.76; and their FARs were 0.4, 0.39, and 0.24, respectively. Hence, there are
significant improvements in the performance of the IMERG Final Run precipitation product through
bias correction. Additionally, the IMERG Final Run precipitation product, with a short-term (about 20
a) series question that will be effectively settled with the development of GPM [36,48], can be applied
in drought monitoring and analysis in terms of previous studies [28,54].
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4.2. Does the Retrospective IMERG Feature Significant Advantages Compared to Other SPPs for
Drought Monitoring?

In mainland China, Guo et al. [30], Zhong et al. [7], and Bai et al. [27] evaluated and/or contrasted
the adaptability of PERSIANN-CDR, CHIRPS, and TMPA 3B42V7 in drought monitoring. Their results
unanimously indicated that the three SPPs perform satisfactorily in describing spatiotemporal drought
in eastern China, while they are comparatively less accurate in western China, especially in Xinjiang
and Qinghai-Tibet Plateau. In this study, similar results were also obtained for the latest retrospective
IMERG data. Therefore, we aimed to further conclude whether the retrospective IMERG data with a
0.1◦ spatial resolution features significant advantages against the three widely used SPPs for drought
monitoring. The PERSIANN-CDR, CHIRPS, and TMPA 3B42V7 were chosen to discriminate the
significant ability of the retrospective IMERG for drought monitoring.

Figure 10 presents the spatial distributions of the CCs, RBs, and KGE’s of the IMERG,
PERSIANN-CDR, CHIRPS, and TMPA 3B42V7 against in situ precipitation data. The three statistical
indicators of the four SPPs featured a similar spatial pattern characteristic: Namely, they tended to the
preferable values in eastern China compared with those in western China. There was high reliability
and good consistency between the SPPs and reference data, and the CCs exceeded 0.8 in most regions,
even including part of R8. The SPPs all obviously overestimated or underestimated the precipitation
in R7 and R8, especially for PERSIANN-CDR, with the absolute RBs over 40% of around 12% stations,
while the RBs in R1–R6 varied with the range of −20–20%. Because the CC and RB are inputs to
compute the KGE’ value, its spatial pattern contained the spatial characteristics of CC and RB, such
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as KGE’ corresponding to CC in R1–R6, and it corresponding to RB in R7 and R8. Comparatively
speaking, the retrospective IMERG, with a mean CC of 0.93, RB of 10.1 %, and KGE’ of 0.79, possesses
the best performance in precipitation estimation over mainland China, then followed by TMPA 3B42V7
with a mean KGE’ of 0.74.Remote Sens. 2020, 12, x FOR PEER REVIEW 17 of 21 
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IMERG, PERSIANN-CDR, CHIRPS, and TMPA 3B42V7 versus in situ precipitation data.

Figure 11 displays the spatial patterns of the CCs, PODs, and FARs of the four SPPs-based
SPI6s from November 2000 to December 2017. We can clearly see that the retrospective IMERG
exhibits a significant advantage with respect to the other three SPPs in detecting droughts in China.
The regional mean CCs of the IMERG-based, PERSIANN-CDR-based, CHIRPS-based, and TMPA
3B42V7-based SPI6 in China were 0.86, 0.69, 0.74, and 0.77, respectively. The IMERG-based SPI6
has a clear superiority and the lowest spatial heterogeneity, with the highest PODs and lowest
FARs, in contrast with those of the other three SPP-based SPI6s. This may be because the number
of IMERG sensors (covering all available sensors of the TMPA and GPM) is greater than that of
the other three SPPs and the IMERG data is adjusted by using the GPCC data with abundant
observation stations [46,52]. Nevertheless, the infrared-based PERSIANN-CDR is corrected by
coarse-scale GPCP [41,58], and CHIRPS utilizes relatively fewer meteorological stations for bias
correction compared with IMERG [42,59]. TMPA 3B42V7 has comparatively fewer sensors than
IMERG, although it is also adjusted by GPCC data [43,60]. Generally, among the numerous and
continuously upgraded SPPs, the retrospective IMERG precipitation product may be an ideal dataset
to surmount the challenges of data limitations to monitor drought [4,36,61].
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5. Conclusions

This study evaluated the error characteristics of the latest retrospective IMERG Final Run
precipitation product and verifies its potential utility for drought monitoring from June 2000 to
December 2017 in mainland China. Several primary findings were obtained, and they can be
summarized as follows:

(1) Spatially, the IMERG has good agreement with the observed precipitation data in most regions,
and there are obvious discrepancies in the Xinjiang and Qinghai-Tibet Plateau regions. Temporally,
the IMERG possesses a strong capacity for estimating intra-annual precipitation changes (regional
mean CC over 0.7), and it features the best performance at the monthly scale (most CCs above
0.9). The highly accurate and significantly reliable monthly IMERG precipitation is an important
data source for drought monitoring.

(2) The IMERG-based SPI performed well for drought monitoring in most regions over mainland
China (with CCs above 0.8), while it exhibited comparatively poor stability in Xinjiang and
Qinghai-Tibet Plateau. As the timescale incremented from 1 to 12 months, the accuracy of the
IMERG-based SPI correspondingly increased or decreased in certain regions.

(3) With regard to the regional drought characteristics (i.e., drought intensity and area), the IMERG
precisely depicted the onset and extinction of representative drought events (with temporal CCs
over 0.96 and RMSEs below 0.16), and it imitated precisely the spatial drought shapes of the
specific four-month period (with spatial CCs above 0.8 and RMSEs below 0.55).

(4) Although the retrospective IMERG features some uncertainties in both precipitation estimation
and drought monitoring, it clearly outperforms the other three widely used post-process SPPs,
i.e., PERSIANN-CDR, CHIRPS, and TMPA 3B42V7.

In summary, the retrospective IMERG Final Run precipitation product has considerable potential
for drought monitoring in most regions of China, while there are relatively high uncertainties in
Xinjiang region with light precipitation and the Qinghai-Tibet Plateau region with a high altitude in
western China. Overall, our results demonstrated that the retrospective IMERG can be a valuable data
source for overcoming data limitations to monitor drought in the future.
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