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ABSTRACT

The aim of this study is to evaluate the accuracy of daily rainfall estimates based on theGPM level-3 final product

derived from the IMERGalgorithm (abbreviated as IMERG) andTRMM3B42, version 7 (abbreviated as 3B42), in

the upper Mekong River basin, a mountainous region in southwestern China. High-density rain gauges provide

exceptional resources for ground validation of satellite rainfall estimates over this region. The performance of the two

satellite rainfall products is evaluated during two rainy seasons (May–October) over the period 2014–15, as well as

their applications in hydrological simulations.Results indicate that 1) IMERGsystematically reduces the bias value in

rainfall estimates at the gridbox scale and presents a greater ability to capture rainfall variability at the local domain

scale compared with 3B42; 2) IMERG improves the ability to capture rain events with moderate intensities and

presents higher capability in detecting occurrences of extreme rain events, but significantly overestimates the amounts

of these extreme events; and 3) IMERG generally produces comparable daily streamflow simulations to 3B42 and

tends to outperform 3B42 in driving hydrological simulations when calibrating model parameters using each rainfall

input. This studyprovides an early evaluationof the IMERGrainfall product over amountainous region.Thefindings

indicate the potential of the IMERGproduct in overestimating extreme rain events, which could serve as the basis for

further improvement of IMERGrainfall retrieval algorithms. The hydrological evaluations describedhere could shed

light on the emerging application of retrospectively generated IMERG products back to the TRMM era.

1. Introduction

Precipitation is a key variable representing mass ex-

change and energy balance in the climate system and

thus plays a significant role in hydrometeorology-related

applications (Brutsaert 2005; Wanders et al. 2015). The

timing and magnitude of precipitation are of great im-

portance for freshwater supplies and for forecasting

of extreme events such as floods and droughts. For hy-

drological modeling at the basin scale, it is essential to

obtain high-quality estimates of precipitation in both

space and time (Livneh et al. 2014). This issue is more

prominent in mountainous basins, where precipita-

tion presents large spatial variability due to strong
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topographic transitions and is typically poorly covered

with gauges (Wang and Lin 2015). Satellite rainfall es-

timates prove to be promising in providing reasonable

representations of space–time features of rainfall in

these regions (Xu et al. 2015).

A number of quasi-global satellite rainfall products

have been developed since the 1980s, such as Precipitation

Estimation from Remotely Sensed Information Using

Artificial Neural Networks (PERSIANN; Sorooshian

et al. 2000), the National Oceanic and Atmospheric

Administration/Climate Prediction Center (NOAA/

CPC) morphing technique (CMORPH; Joyce et al.

2004), the Tropical Rainfall Measuring Mission

(TRMM; Huffman et al. 2007), Global Satellite Map-

ping of Precipitation (GSMaP; Ushio et al. 2009), and

the Naval Research Laboratory (NRL)-developed

blended-satellite rainfall technique (NRL-Blend; Turk

et al. 2010). Extensive studies have evaluated these

satellite rainfall products in a variety of climate settings

(Dinku et al. 2007; Shen et al. 2010; Jiang et al. 2012;

Krakauer et al. 2013). The latest version of the gauge-

adjusted TRMM product 3B42, version 7 (3B42V7),

with a spatial resolution of 0.258 3 0.258, has often ex-

hibited high performance (Sapiano and Arkin 2009; Liu

et al. 2015; Salio et al. 2015). For instance, Tong et al.

(2014) found that the TRMM 3B42V7 rainfall product

performs better in both of monthly and daily streamflow

simulations than CMORPH, PERSIANN, and 3B42

real time (3B42RT) products over the Tibetan Plateau.

Xue et al. (2013) also demonstrated that TRMM3B42V7

generally outperformsTRMM3B42, version 6 (3B42V6),

with higher skill scores in the Wangchu basin in Bhutan.

Despite these widespread applications, the under-

performance of the TRMM 3B42V7 product is still

obvious, especially in mountainous areas (Meng et al.

2014). For instance, Zhao et al. (2013) found that the

3B42V7 product is insufficient in reflecting the strong

impacts of topography on rainfall over mountainous

basins in northwestern China. The coarse spatial res-

olution poorly captures rainfall variability over re-

gions with strong topographic transitions and thus

may misrepresent extreme rain events (Castro

et al. 2015).

As the successor of TRMM, the Global Pre-

cipitation Measurement (GPM) mission, led by the

National Aeronautics and Space Administration

(NASA) and the Japan Aerospace Exploration

Agency (JAXA), has begun to provide the next gen-

eration of rainfall products (Hou et al. 2008). The

GPM mission consisted of one Core Observatory sat-

ellite and nine constellation satellites over the study

period. The GPM Core Observatory was successfully

launched on 28 February 2014. This Core Observatory

carries a dual-frequency precipitation radar (DPR; the

Ku band at 13.6GHz and Ka band at 35.5GHz) and a

multichannelGPMMicrowave Imager (GMI), which will

be used together to develop a new calibration standard

for other microwave radiometers on the constellation

satellites (Tapiador et al. 2012; Yong et al. 2015). In

particular, the Core Observatory will extend the mea-

surement range attained by TRMM to include light-

intensity precipitation (,0.5mmh21; Hou et al. 2014).

One of the GPM products is based on the Integrated

Multisatellite Retrievals for GPM (IMERG), which is

the unified U.S. algorithm and provides a multi-

satellite rainfall product (Kidd and Huffman 2011;

NASA 2015). The algorithm system is run twice in

near–real time, that is, the ‘‘Early’’ multisatellite

product approximately 6 h after observation time and

the ‘‘Late’’ multisatellite product approximately 18 h

after observation time, and once after the monthly

gauge analysis is received, that is, ‘‘Final’’ satellite–

gauge product approximately 3 months after the ob-

servation time (Huffman and Bolvin 2015). The Early

run only performs forward propagation of the micro-

wave data, whereas the Late run and Final run have

both forward and backward propagations of the mi-

crowave data. All of the three runs generate half-

hourly products at a spatial resolution of 0.18 3 0.18,
and the final post-real-time run additionally creates a

monthly dataset. The near-real-time early and late

half-hourly estimates are calibrated with climatolog-

ical coefficients, whereas the final post-real-time, half-

hourly estimates are adjusted based on satellite–gauge

combined monthly data.

It is expected that the first retrospectively reproc-

essed IMERG products using TRMMwill be released

in early 2017, which will provide a long IMERG re-

cord for hydrological application. Thus, it is neces-

sary and meaningful to conduct ground validation of

IMERG data and to investigate how the retrieval

algorithm performs based on recently released

products. Worldwide, projects focusing on ground

validation of GPM products are underway, for ex-

ample, the Integrated Precipitation and Hydrology

Experiment (IPHEx; Barros et al. 2014). Early com-

parisons have preliminarily revealed the perfor-

mance differences between TRMM-era products and

IMERG. For instance, the IMERG monthly product

can capture major heavy-rainfall regions in the

Northern and Southern Hemispheres reasonably

well, and differences between IMERG and 3B42V7

vary with surface type (land or ocean) and rainfall

rate (Liu 2016). At the regional scale, the Day-1

IMERG considerably outperforms 3B42V7 at both

subdaily and daily time scales in mainland China
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(Tang et al. 2016a). Prakash et al. (2016) showed that

the IMERG product is superior in capturing heavy

rainfall over India. However, limited studies have

focused on the performance of the IMERG product

over mountainous basins.

In this study, we expect to provide useful insights into

the performance of the IMERG retrieval algorithm over

mountainous regions and examine how the newly re-

leased GPM product differs from its predecessor

TRMM 3B42V7. Specific questions that will be exam-

ined include the following:

1) Does the IMERG product produce a lower system-

atic bias value than the 3B42V7 product over moun-

tainous basins?

2) How does the performance of the IMERG product

depend on rainfall intensity?

3) What is the potential of the IMERG product in

hydrological application over mountainous basins?

Our study region is the upper Mekong River basin

(UMRB), which is on the southwestern border of

mainland China. A high-density network of rain gauges

provides an exceptional resource for the ground vali-

dation of satellite rainfall products. To the best of our

knowledge, this study is among the first to evaluate

GPM rainfall products over mountainous regions, and

we expect to shed light on the subsequent improvement

of GPM rainfall retrieval algorithms over regions with

similar topographic characteristics.

The paper is organized as follows. In section 2, we

describe the study region and introduce rainfall data

used in this study. Methods for the intercomparisons of

the IMERG and 3B42V7 products, as well as a brief

description of the hydrological model, are provided in

section 3. Section 4 presents the evaluation results ob-

tained for different rainfall products. Finally, section 5

provides a summary of our findings and concluding

remarks.

2. Study area and data

The UMRB (also known as Lancang River in China)

is located in southwestern China. It comprises 24% of

the Mekong River basin and provides 15% of the

total annual flow volume (Manh et al. 2015; He

et al. 2017). The UMRB serves as the most important

freshwater source for the downstream riparian coun-

tries (including Myanmar, Laos, Cambodia, Thailand,

and Vietnam). The upper Mekong River flows from

north to south and drains an area of approximately

1.53 105 km2 (Fig. 1a). The UMRB is characterized by

strong geomorphologic gradients, with an elevation

ranging from 516 to 6457m MSL. The average eleva-

tion is approximately 3325mMSL (Shi et al. 2013). The

FIG. 1. Study area and locations of the 503 rain gauges.
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upstream region of UMRB has an average elevation of

4500m MSL, covered by 18 rain gauges (Fig. 1a). The

midstream region shows the sharpest topographic tran-

sition and has an average elevation of 2980m MSL, with

162 rain gauges located in this region. The downstream

region contains 323 rain gauges and has an average ele-

vation of 1580m MSL. Precipitation concentrates in the

rainy season from May to October because of the prev-

alence of the East Asian monsoon.

The entire UMRB features 503 rain gauges (see Fig. 1a

for spatial distribution), which are not included in the

GPCC gauge network used in both of IMERG and 3B42

ground calibrations. The rain gauge network is deployed

and maintained by the Hydrology Bureau, Ministry of

WaterResources, China, and has provided observations of

daily rainfall since 2014. A day is defined as from 0800 to

0800 of the following day in local time (i.e., 0000–

0000 UTC of the following day). Strict quality control

procedures have been implemented, ensuring no missing

or erroneous records. In the downstream and midstream

regions, the densities of rain gauges are approximately

10 per 1000km2 and 4 per 1000km2, respectively. The

density of rain gauges then decreases to 0.24 per 1000km2

in the upstream region. Our densities of rain gauges are

exceptionally higher than those in previous studies con-

ducted in the UMRB [e.g., less than 70 gauges over the

entire basin, and less than 10 gauges in the upstream re-

gion used by Zhang et al. (2011), and Zeng et al. (2013)].

Both the TRMM 3B42V7 product (3-hourly; abbrevi-

ated as 3B42 hereinafter) and the GPM level-3 final

product based on the IMERG algorithm (half-hourly; ab-

breviated as IMERG hereinafter) were integrated into the

daily scale to facilitate comparisonswith rain gauges. These

two products here refer to the corresponding adjusted es-

timates based on the GPCC gauge network. We dis-

aggregated the original 3B42 product (will be referred to as

‘‘3B42r’’), with a gridbox resolution of 0.258 3 0.258, into
the same gridbox frame as the original IMERG product

(with a gridbox resolution of 0.18 3 0.18). We also aggre-

gated the original IMERG product (will be referred to as

‘‘IMERGr’’) into the same grid frame as the original 3B42

product. Interpolating 3B42 from 0.258 3 0.258 to 0.18 3
0.18 may not be able to describe the higher rain rates and

variability in finer resolutions. We used this disaggregated

product only for a benchmark comparison on the original

IMERG grid boxes. The disaggregation/aggregation

strategies were implemented based on a distance-weighted

average of the four nearest input grid boxes. The rainfall

products were then intercompared in two separate groups:

IMERG/3B42r and IMERGr/3B42.

Previous studies have reported that TRMM products

perform poorly in winter months because of the presence

of snow (Condom et al. 2011; Chen et al. 2013). It is also

well known that snowfall causes erroneous records in rain

gauges, especially when snowfall constitutes a large por-

tion of precipitation (Legates and Willmott 1990). We

thus excluded the winter months from our study [see also

Yin et al. (2008)], focusing on two rainy seasons (from

1 May to 31 October) over 2014 and 2015. Considering

that peak streamflow mainly occurs during the rainy

season in this region, it is critical to evaluate the utilities

of IMERG and 3B42 products in driving hydrological

simulations during this period.

3. Methodology

a. Statistical comparisons of satellite rainfall products
against gauge observations

Rainfall estimates at satellite grid boxes with at least one

rain gauge were compared with the gauged rainfall value

within the grid box. Overall, 393 IMERG grid boxes and

169 3B42 grid boxes contain at least one rain gauge over the

entire basin. Several widely used statistical metrics were

applied to quantify the performance of the satellite rainfall

products (Table 1; see also Yong et al. 2010): probability of

detection (POD) assesses how well the satellite estimates

detect the occurrence of rain events (daily rainfall accu-

mulation greater than zero), frequency of hit (FOH)

measures how often the satellite products detect rainfall

when there is actually rainfall, false alarm ratio (FAR)

measures how often the satellite products detect rainfall

when there is actually no rainfall, critical success index

(CSI) measures the fraction of satellite rain events that are

correctly predicted, andHeidke skill score (HSS)measures

the accuracy of the rainfall estimates considering matches

due to random chance. All of these indices were calculated

based on a contingency table (see Table 1; Mashingia et al.

2014). Additionally, a relative bias was adopted tomeasure

the systematic difference between satellite and gauged

rainfall accumulations. The coefficient of determination

(RR) was used to measure the consistency between time

series of satellite and gauged rainfall data.

b. Intercomparison of capture capability of rainfall
variability in local domains

We evaluated satellite rainfall products in selected

densely gauged local domains (consisting of four 3B42

grid boxes, with at least 10 gauges, and each 3B42 grid

box is gauged). Considering that the original spatial

resolutions of the 3B42 and IMERG products are

0.258 3 0.258 and 0.18 3 0.18, respectively, every local

domain correspondingly contains 25 IMERGgrid boxes.

To ensure each gridbox rainfall value can be compared

with a referenced gauged rainfall value, only IMERG

grid boxes that contain rain gauges were selected for the

evaluation, whereas other grid boxes without rain gauges
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in each domain were simply discarded. Therefore, rainfall

variability derived by the IMERG gridbox values was

compared with the real rainfall variability derived by rain

gauges in the identical measurement area. Figure 1c

shows an example of a selected ‘‘local domain.’’ It

should be noted that the satellite gridbox rainfall value

was repeated for multiple rain gauges within the same

satellite grid box for the evaluation.

The representations of spatial rainfall variability within

each ‘‘local domain’’ by satellite rainfall products were

first measured by the bias values of the estimates (BE) of

minimum daily rainfall (min), maximum daily rainfall

(max), and the standard deviation of daily rainfall (std

dev) [see also Liu (2015)]. Each statistical variable was

calculated over all the evaluated grid boxes or gauges

within each domain at the daily scale. Table 1 shows the

equation used to compute the BE value for estimates of

minimum daily rainfall (similar for maximum daily rain-

fall and standard deviation of daily rainfall). Additionally,

the representations of spatial rainfall variability within

each ‘‘local domain’’ were further measured by the de-

tections in occurrence probabilities (OP) and amounts for

different rain ranks.

We classified rainfall intensities into four categories

(with six ranks): light-rain events, defined as 0–

1mmday21; moderate-rain events, defined as 1–5 and

5–10mmday21; heavy-rain events, defined as 10–50 and

50–100mmday21; and extreme heavy-rain events, de-

fined as .100mmday21 [see also Tan et al. (2015) and

Liu et al. (2015) for similar classification schemes]. The

detection of OP was measured by the goodness of fit

between the estimated and gauged OP for different rain

ranks in the two rainy seasons, and the detection of rain

amount was evaluated by the bias values obtained from

satellite products for various rain ranks.

c. Hydrological evaluation of areal daily rainfall
series

We further evaluated the utilities of IMERG and 3B42

rainfall products in hydrological simulations. The semi-

distributed Xinanjiang (XAJ)model was adopted for this

evaluation, which was first developed by Zhao (1992) and

has been implemented successfully in a variety of hy-

drological settings (e.g., Tian et al. 2013; Zhuo et al. 2015),

including cold mountainous basins such as the Tianshan

in China (e.g., Jiang 1987; Mu and Jiang 2009).

TABLE 1. List of the statistical metrics used to quantify the performance of the satellite rainfall estimates (Mashingia et al. 2014). Note

that Si is the daily rainfall estimated by satellite products, Gi is the gauged daily rainfall, n is the total number of evaluated rain events

obtained by timing the number of evaluated gauge station with the days in the study period, S/G are the mean rainfall estimates generated

by satellite/gauges over all the evaluated daily rain events,m is the number of rain gauges in each local domain, and t is the total number of

days spanning the study period.

Statistical index Equation Perfect value

POD N11

N11 1N01

1

FOH
N11

N11 1N10

1

FAR
N

N11 1N10

0

CSI
N11

N11 1N01 1N10

1

HSS
2(N11 2N00 2N10N01)

(N11 1N01)(N01 1N00)1 (N11 1N10)(N10 1N00)
1

N11 Satellite is .0 and gauge is .0

N10 Satellite is .0 and gauge equals 0

N01 Satellite equals 0 and gauge is .0

N00 Satellite equals 0 and gauge equals 0

Bias (%) 1003
�
n

i51

(Si 2Gi)

�
n

i51

Gi

0

RR

�
�
n

i51

(Si 2S)(Gi 2G)

�2

�
n

i51

(Si 2 S)2 �
n

i51

(Gi 2G)2
1

BE (%) 1003
�
t

i51

[min(S1
i , ::: , S

m
i )2min(G1

i , ::: , G
m
i )]

�
t

i51

[min(G1
i , ::: , G

m
i )]

0

FEBRUARY 2017 HE ET AL . 417



The XAJ model adopts a tension water capacity curve

to describe the nonuniform distribution of water capacity

within a subcatchment. The tension water capacity curve

is described by two parameters: spatial-averaged storage

capacity and shape coefficient. The subcatchment tension

water storage is conceptualized as the sum of tension

water storages in the upper, lower, and deepest vertical

layers, respectively. Overland runoff is generated by

tension water storage release in the upper layer. The re-

mainder of rainfall infiltrates and contributes to soil

moisture and groundwater. Interflow and base flow are

characterized by an exponential store (He et al. 2015).

The model was calibrated during the rainy season of 2014

and then validated over the rainy season of 2015.

Three different parameter scenarios were designed to

evaluate the performance of different rainfall inputs in

hydrological simulation with the XAJ model (see also

Sun et al. 2016; Tang et al. 2016b).

Scenario I: Model parameters were first calibrated

using gauged rainfall data in the calibration period,

and then the model was rerun using gauged rainfall

data and the two satellite rainfall products in both of

the calibration and validation periods. This calibra-

tion approachwas designed to examine how IMERG

and 3B42 products perform in streamflow simulation

using gauge-calibrated parameters.

Scenario II: Model parameters were first calibrated

using the 3B42 rainfall product in the calibration

period, and then the model was rerun using gauged

rainfall data and the two satellite rainfall products

in both of the calibration and validation periods.

This calibration scenario was used to investigate

how IMERG performs differently from 3B42 in

streamflow simulation.

Scenario III: Model parameters were first calibrated

using IMERG rainfall data in the calibration period,

and then the model was rerun using gauged rainfall

and the two satellite rainfall products in both of the

calibration and validation periods. This scenario was

adopted to complement the two aforementioned

scenarios, considering the potential impact of un-

certainty in rainfall inputs on model calibration.

The «-Nondominated Sorting Genetic Algorithm II

(«-NSGAII) was used to automatically calibrate the

model parameters (Deb et al. 2002; Kollat and Reed

2006). The objective function was to minimize the dif-

ference between the simulated and observed hydrographs

at the outlet [or maximize the value of Nash–Sutcliffe

efficiency coefficient (NSE); Nash and Sutcliffe 1970].

4. Results

a. Evaluation of rainfall products over the entire
basin

Figure 2 shows the box plots of rainfall-detecting skill

scores, including POD, FOH, FAR, CSI, and HSS. In the

0.18 3 0.18 group, IMERGoutperforms 3B42r with respect

to three indices, FOH, FAR, and HSS, indicating that

IMERG yields a higher frequency of successful hits when

rainfall really occurs and a lower erroneous detection rate

when there is actually no rainfall. In the 0.258 3 0.258 group,
IMERGr outperforms 3B42 with respect to three indices,

POD, CSI, andHSS. An intercomparison between the two

groups shows that the disaggregated/aggregated rainfall

FIG. 2. Box plots of rainfall-detecting skill scores for the 503 rain gauges during the two

rainy seasons.
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products tend to produce more frequent false alarms in

rainfall estimates compared with the corresponding origi-

nal rainfall products, potentially due to the overestimation

of rain occurrence produced by the weighted average–

based disaggregation/aggregation procedures.

Figure 3 shows the density-plot scatter diagrams of

daily rainfall derived by various rainfall products. In the

0.18 3 0.18 group, the differences between the RR values

estimated by IMERG and 3B42r are consistently small

across the entire basin, whereas the differences between

bias values differ from the upstream region to the

downstream region. The 3B42r shows smaller bias

values over the entire basin but much larger bias values

in the upstream, midstream, and downstream regions

compared with IMERG. It is noted that both of the two

satellite products present positive bias values in the

upstream and midstream regions but negative bias

values in the downstream region. The offset effect be-

tween the positive and negative bias values in subregions

leads to the smaller bias value for 3B42r over the entire

basin. Results are extremely similar in the 0.258 3 0.258
group (including IMERGr and 3B42 products).

Figure 4 and Table 2 summarize the bias value for

each rain gauge produced by various satellite products.

FIG. 3. Intercomparisons of daily rainfall intensities between rain gauges and satellite rainfall estimates during the two rainy seasons.
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FIG. 4. Spatial distribution of the bias values for total rain amount in the two rainy seasons.
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We found that positive bias values prevail in the up-

stream and midstream regions for both of the IMERG

and 3B42r products (NOG . NUG, Table 2). In the

downstream region, positive bias values still prevail for

IMERG, whereas negative bias values prevail for

3B42r. NBG in Table 2 presents the number of gauges

that obtained smaller bias values for the corresponding

product compared with the other product with the

same gridbox scale and indicates that IMERG out-

performs 3B42r on most of the rain gauges. A com-

parison between IMERGr and 3B42 reveals a similar

situation. The spatial distributions of bias values ob-

tained by IMERG and 3B42r could be related to the

topographic features and distribution of rainfall accu-

mulations over the basin. The terrain varies signifi-

cantly over the midstream region, which would exert a

strong topographic effect on rainfall processes (e.g.,

Giovannettone and Barros 2009). Comparisons for this

region indicate that IMERG tends to capture the to-

pographic effect on rainfall better than 3B42r. In the

downstream region, rainfall accumulation is much

higher than those in the midstream and upstream re-

gions. IMERG tends to capture the rain amount better

than 3B42r on gauges with higher rainfall accumula-

tions (see NBG in Table 2). Differences in intrinsic

characteristics, such as rainfall retrieval algorithms and

sensors used, between satellite datasets should poten-

tially contribute to the differences in performance of

satellite rainfall products across rain gauges.

To explore the dependence of product performance

on rainfall accumulation, we further evaluated the re-

lationship between rain product performance and

mean gauged daily rainfall during the two rainy seasons

on each gauge (Fig. 5). As expected, RR values de-

crease with an increase in mean gauged daily rainfall,

showing significant trends (Fig. 5a). This could be at-

tributed to the fact that frequent rain events on wet

gauges may increase the possibility of miss represen-

tation in satellite products. The results indicate that the

consistency between the satellite and gauged rainfall

time series tends to be lower on wetter gauges. How-

ever, with respect to the bias values, the dependence of

product performance on rainfall accumulation differs

between dry and wet gauges. Figure 5b shows that the

bias presents primarily positive values on gauges with a

mean gauged daily rainfall lower than 4.5mmday21,

whereas it shows predominantly negative values on

gauges with mean gauged daily rainfall above this

threshold. An intercomparison of RR values obtained

by IMERG and 3B42r indicates that there is no sig-

nificant trend between the RR difference (DRR) and

mean gauged daily rainfall (Figs. 5c,e). Regarding the

bias values (Figs. 5d,f), there is a threshold of mean

gauged daily rainfall (around 4.5mmday21), below

which IMERG outperforms 3B42r, and the improve-

ment obtained by IMERG decreases with the increase

in the mean gauged daily rainfall. For gauges where

mean gauged daily rainfall exceeds that threshold,

IMERG outperforms 3B42r with an increasing trend

whenmean gauged daily rainfall is increasing. Products

in the 0.258 3 0.258 group (including IMERGr and

3B42 products) show highly similar trends and will

not be elaborated. Results indicate that IMERG tends

to outperform 3B42 more significantly on extreme

wet/dry gauges, which should be attributed to the in-

trinsic characteristics of the retrieval algorithms and

sensors used.

Figure 6 compares the spatial patterns of mean daily

rainfall estimated by various datasets over the two rainy

TABLE 2. Statistical summary of rainfall products performance

in Figs. 4, 7, and 8. The number of gauges that obtained positive

and negative bias values is indicated by NOG and NUG, re-

spectively, during the two seasons. The number of gauges that

obtained lower bias values for the corresponding dataset com-

pared with the other rain dataset possessing the same spatial

resolution is represented by NBG. Finally, the number of local

domains that obtained better performance for rain occurrence

probability/accumulation for the corresponding dataset com-

pared with the other rain dataset possessing the same spatial

resolution is indicated by NBDp/NBDa.

IMERG 3B42r IMERGr 3B42

Upstream

NOG 11 15 14 15

NUG 7 3 4 3

NBG 10 8 11 7

Midstream

NOG 102 128 104 131

NUG 60 34 58 31

NBG 90 72 85 77

Downstream

NOG 179 129 179 135

NUG 144 194 144 188

NBG 187 136 181 142

Total (NOG/NUG/NBG)

292/211/287 272/231/216 297/206/277 281/222/226

0–1mmday21

NBDp/NBDa

15/8 5/12 11/0 9/20

1–5mmday21

NBDp/NBDa

16/18 4/2 11/11 9/9

5–10mmday21

NBDp/NBDa

17/18 3/2 15/16 5/4

10–50mmday21

NBDp/NBDa

8/8 12/12 8/8 12/12

50–100mmday21

NBDp/NBDa

10/10 10/10 10/10 10/10

.100mmday21

NBDp/NBDa

15/15 2/2 15/15 1/1
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seasons. Rainfall patterns of gauge data were obtained

by interpolating point rain gauges via the inverse dis-

tance weighting scheme. In the downstream region,

IMERG captures heavy-rainfall areas better than

3B42, especially for the heavy-rainfall areas on the

southwestern boundary of the basin. In the midstream

region, the IMERG patterns are also more similar to

the gauged patterns and show higher spatial variability

than those derived from 3B42r. Because of the limited

number of rain gauges in the upstream region, we are

not able to determine which rainfall product is better

than the other one. However, it is noteworthy that

IMERG patterns show much higher spatial variability

than those derived from 3B42r. Differences in rainfall

patterns obtained by IMERG and 3B42r should again

be related to the topographic features and distribution

of rainfall accumulations over the basin. A compari-

son between IMERGr and 3B42 patterns yields simi-

lar results.

b. Detection of rainfall variability within local
domains

Twenty ‘‘local domains’’ were selected over the entire

basin (see Fig. 1b for locations), which are mainly lo-

cated in themidstream and downstream regions. Table 3

presents the BE values for the minimum, maximum, and

standard deviation of daily rainfall during the two rainy

seasons, as well as the numbers of evaluated rain gauges

and the IMERG grid boxes in each domain. For the

minimum daily rainfall, all of the satellite products ex-

hibited overestimation over all local domains. The

maximum and standard deviation of daily rainfall were

systematically underestimated by all of the satellite

products. However, it is noteworthy that IMERG

(IMERGr) tends to yield smaller BE values for all of the

three statistical variables than 3B42r (3B42) in all local

domains, indicating a higher ability to capture the spatial

rainfall variability.

We further compared the abilities of the rainfall

products in reproducing the occurrence probabilities

and accumulations of rain events with different in-

tensities. IMERG tends to overestimate the occurrence

probability of rainfall with an intensity of 0–1mmday21,

whereas 3B42r tends to underestimate the occurrence

probability of these rain events (Fig. 7). Regarding the

rain events falling into the 1–5mmday21 category, de-

tections of various rain datasets are similar and tend to

match the gauged results well. For the rain events with

an intensity of 5–50mmday21, IMERG underesti-

mates the probability of rain occurrence, whereas

3B42r overestimates the probability of rain occurrence

in more than 10 local domains. For rain ranks higher

than 50mmday21, IMERG overestimates the rain oc-

currence probability, whereas 3B42r underestimates

the rain occurrence probability. Overall, for rain ranks

lower than 10mmday21 and higher than 100mmday21,

IMERG agrees with the rain gauges better than

3B42r does in most local domains, whereas for rain

FIG. 5. Relationships between satellite products performance and mean daily rainfall on gauges.
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rank falling into the 10–50mmday21 category, 3B42r

tends to outperform IMERG in most local domains

(see NBDp values in Table 2). Comparisons between

IMERGr and 3B42 yield similar results (figure not

shown).

Figure 8 shows that IMERG tends to overestimate the

amounts of rain events lower than 5mmday21 and rain

events higher than 50mmday21 but underestimate the

amounts of rain ranks falling into the 5–50mmday21 cat-

egory, whereas the opposites tend to be true for 3B42r,

apart from the similar overestimation for 0–5mmday21

rain events obtained by 3B42r. In terms of the absolute bias

values (see also NBDa in Table 2), IMERG outperforms

3B42r on rain ranks of 1–5, 5–10, and.100mmday21, but

not on rain ranks of 0–1, 10–50, and 50–100mmday21. It is

noted that 3B42r fails to detect extreme heavy-rain events

(.100mmday21) in all local domains, whereas IMERG

does present these rain events, even though the corre-

sponding rain amounts tend to be overestimated.

Overall, significant differences between the IMERG

(IMERGr) and 3B42r (3B42) products mainly occur with

respect to the detections of occurrence probabilities and

amounts for extreme rain events, that is, 0–1mmday21

and.100mmday21. Thedifferences in the performance of

the satellite rainfall products over various rain ranks could

be attributed to differences in rainfall retrieval methods as

well as the satellite sensors used in the two products

(Huffman and Bolvin 2015). The IMERG Core Observa-

tory helps to extend the measurement range attained

by TRMM and contributes to the better performance of

IMERG in reproducing the occurrence probabilities of

light- and heavy-rain events. However, the rain amounts

derived by the IMERG retrieval algorithm significantly

overestimate the light- and heavy-rain accumulations.

c. Comparison of performance in hydrological
simulation

We applied the semidistributed XAJ model over the

upstream region of UMRB, with a total drainage area of

78 277km2 (total discharge is gauged by the Changdu

hydrologic station; see its location in Fig. 1a). We chose

the upstream region of the basin as our test bed simply

FIG. 6. Rainfall patterns represented by mean daily rainfall. Shown are the patterns in the (top) 2014 and (bottom) 2015 rainy seasons.
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because the stream is less affected by anthropogenic

regulation (e.g., hydropower generation). An inverse

distance interpolation method was used to derive areal

rainfall from rain gauges. For the satellite rainfall

products, we used 3B42 and IMERG only.

Figure 9 shows the hydrological simulations under

three parameter scenarios in both of the calibration and

validation periods. The corresponding simulated NSE

values are presented in Table 4. For scenario I, the NSE

obtained by gauge data in the calibration period reached

0.63 but was negative in the validation period. Using the

gauge-calibrated parameter set for IMERG and 3B42

products, streamflow simulations performed worse than

those driven by gauge data in both of the calibration and

validation periods. Overall, both of the IMERG and

3B42 products produced significant overestimation in

the simulated streamflow time series.

Under parameter scenario II, 3B42 data produced an

NSE value of 0.65 in the calibration period but a nega-

tive value in the validation period. Forced by gauge data,

the model clearly underestimated the streamflow time

series in both of the calibration and validation periods,

particularly for peak flows, indicating a much lower

rainfall accumulation in the sparse gauged input. Forc-

ing the model by IMERG data, the NSE value was 0.63

in the calibration period, close to that obtained by 3B42

data, but was also negative in the validation period.

Figure 9b indicates a sound agreement between the

3B42- and IMERG-driven hydrographs when using the

3B42-calibrated parameters, apart from the much larger

overestimation in peak flows produced by IMERG.

When using parameters from scenario III, IMERG

obtained NSE values of 0.76 and 0.53 in the calibration

and validation periods, respectively. Driving the model

by gauge data, streamflow time series were clearly

underestimated, similarly to those in scenario II. The

NSE values produced by 3B42 were 0.64 and 0.49 in the

calibration and validation periods, respectively, in-

dicating simulations comparable to those of IMERG.

The areal average daily rainfall in Fig. 10a illustrates

the dominances of different daily rain ranks with respect

to various rainfall inputs. IMERG and rain gauge inputs

are characterized by the largest rainfall accumulation

from 2 to 5mmday21 events, whereas 3B42 input is

characterized by the largest rainfall accumulation from 5

to 8mmday21 events. It is noted that only IMERG con-

tains rain events with intensity higher than 20mmday21.

In general, IMERG contains the largest input rainfall

accumulation, followed by 3B42. Simulated bias values

for ranked streamflow observations during both of the

calibration and validation periods were investigated in

Figs. 10b–d. We ranked the streamflow events into seven

quantiles, that is, 5, 10, 25, 50, 75, 90, and 95 quantiles, in

the combined streamflow time series. When using the

gauge-calibrated parameters in scenario I, both of the

IMERG and 3B42 products significantly overestimated

TABLE 3. Bias values for estimates (100%) of statistical variables of daily rainfall (includingmin, max, and std dev) by satellite products in

20 local domains.

No. of

domain

No.

of

gauge

No. of

IMERG

grid box

Min Max Std dev

IMERG 3B42r IMERGr 3B42 IMERG 3B42r IMERGr 3B42 IMERG 3B42r IMERGr 3B42

1 16 14 13.27 26.28 16.01 26.45 20.20 20.29 20.29 20.30 20.33 20.55 20.37 20.41

2 10 9 2.11 6.35 3.52 6.53 20.22 20.33 20.33 20.35 20.29 20.55 20.46 20.48

3 13 11 1.74 5.31 2.73 5.74 20.34 20.36 20.47 20.40 20.37 20.51 20.51 20.47

4 11 10 3.36 8.48 4.69 8.65 20.07 20.22 20.18 20.25 20.19 20.50 20.29 20.48

5 10 9 2.14 5.05 2.68 5.32 20.26 20.33 20.35 20.37 20.35 20.55 20.41 20.48

6 12 14 17.33 21.32 23.15 21.90 20.42 20.52 20.56 20.52 20.53 20.64 20.63 20.59

7 15 13 7.80 10.93 8.42 11.51 20.28 20.42 20.37 20.44 20.40 20.59 20.50 20.55

8 22 15 17.94 22.95 23.76 20.61 20.44 20.57 20.54 20.55 20.51 20.69 20.60 20.59

9 16 14 2.82 4.83 3.61 4.93 20.38 20.55 20.46 20.57 20.45 20.67 20.53 20.63

10 14 12 — — — — 20.41 20.54 20.49 20.56 20.51 20.66 20.57 20.61

11 12 10 4.01 4.92 4.90 5.07 20.43 20.56 20.52 20.58 20.49 20.67 20.59 20.56

12 11 11 1.27 1.96 1.82 1.95 20.35 20.54 20.44 20.54 20.40 20.65 20.51 20.55

13 11 10 2.92 3.85 3.35 4.24 20.47 20.60 20.53 20.62 20.49 20.67 20.54 20.62

14 21 16 4.23 6.27 5.55 6.60 20.34 20.54 20.46 20.55 20.38 20.66 20.49 20.59

15 11 11 3.41 4.52 4.06 4.21 20.47 20.58 20.53 20.57 20.57 20.72 20.62 20.68

16 14 13 7.02 10.50 9.56 10.96 20.48 20.60 20.57 20.60 20.55 20.72 20.61 20.67

17 25 15 10.59 13.97 13.04 14.44 20.49 20.63 20.57 20.64 20.57 20.73 20.64 20.71

18 17 12 4.44 5.53 5.81 5.32 20.51 20.64 20.60 20.64 20.57 20.73 20.65 20.65

19 27 16 57.79 74.95 61.32 73.64 20.45 20.55 20.48 20.56 20.58 20.72 20.59 20.69

20 12 10 7.39 8.97 8.50 9.73 20.44 20.57 20.51 20.59 20.53 20.68 20.57 20.65

Mean 15 12 9.03 13.00 10.87 13.04 20.37 20.50 20.46 20.51 20.45 20.64 20.53 20.58
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all of the streamflow ranks. Bias patterns in scenario II

show that IMERG produced larger bias values for mod-

erate flows but smaller bias values for low and peak flows

compared with 3B42, whereas IMERG outperformed

3B42 on all of the streamflow ranks in scenario III.

Overall, simulations in scenarios I and II indicate

that IMERG and 3B42 mainly produce different sim-

ulations for extreme streamflow events, which is con-

sistent with the results of statistical comparisons

discussed in previous subsections. Results in scenarios

FIG. 7. Comparisons of the occurrence probabilities of six rain ranks detected by satellite products in twenty local domains.

FIG. 8. As in Fig. 7, but for the bias values of amounts of six rain ranks.

FEBRUARY 2017 HE ET AL . 425



II and III clearly demonstrate sound agreement in hy-

drological simulations driven by 3B42 and IMERG,

which tends to be independent of the calibrated pa-

rameters. Moreover, simulations in three parameter

scenarios reveal that IMERG outperforms 3B42 and

sparse gauge data when calibrating model parameters

using each rainfall input.

5. Summary and conclusions

In this study, we performed an early quantitative eval-

uation of error characteristics of IMERG product for

daily rainfall estimates in a mountainous basin. The

IMERGwas also intercompared with its predecessor, the

TRMM 3B42V7 product. We examined the dependences

of the two satellite rainfall products’ performance on daily

rainfall intensities and investigated their utilities in driving

hydrological simulations. Our study provides unique in-

sights by focusing on a mountainous region with an ex-

ceptionally dense rain gauge network. The main results

are summarized as follows.

1) The IMERG product tends to produce systemati-

cally lower bias values for daily rainfall estimates and

indeed outperforms the 3B42 product in capturing

spatial rainfall variability and the estimates of

moderate-rain events with an intensity of 1–

10mmday21.

2) There are strong dependences on rainfall intensi-

ties for the performance of both of the IMERG

and 3B42 rainfall estimates. For rain ranks lower

than 10mmday21 and higher than 100mmday21,

IMERG detects rain occurrence probability better

than 3B42r does, whereas for rain rank falling into the

10–50mmday21 category, 3B42r tends to outperform

IMERG. IMERG outperforms 3B42r on rain ranks

of 1–5, 5–10, and .100mmday21 but not on rain

ranks of 0–1, 10–50, and 50–100mmday21 for the

estimates of rain amount. The different performances

FIG. 9. Streamflow simulations using different rain inputs under three parameter scenarios in

the upstream region of the UMRB.

TABLE 4. NSE values of streamflow simulations driven by vari-

ous rainfall products, that is, gauge, IMERG, and 3B42, in three

parameter scenarios.

Calibration period Validation period

Gauge IMERG 3B42 Gauge IMERG 3B42

Scenario I 0.63 20.19 0.18 20.28 23.09 22.55

Scenario II 0.44 0.63 0.65 0.31 20.60 20.06

Scenario III 0.54 0.76 0.64 0.43 0.53 0.49

426 JOURNAL OF HYDROMETEOROLOGY VOLUME 18



observed for different rainfall intensities could be

attributed to the intrinsic features of the two satellite

products produced by algorithmic and sensor dis-

crepancies. Benefiting from advanced satellite sen-

sors, IMERG detects the occurrences of light-rain

and extreme heavy-rain ranks better than 3B42 does.

However, the IMERG algorithm tends to produce

significant overestimation of the amounts of extreme

rain events.

3) Streamflow simulations performed under three

different parameter scenarios show that IMERG

generally produces simulations comparable to

those produced by 3B42. IMERG tends to be able

to ‘‘fill the gaps’’ in driving hydrological models

well after the TRMM-era product. This result

provides a basis for the further application of

upcoming retrospectively generated IMERG prod-

uct using TRMM products. Additionally, IMERG

tends to outperform 3B42 when calibrating model

parameters with each rainfall dataset, indicating

the promising utility of IMERG for driving hydro-

logical models in mountainous basins where the

rain gauge network is sparse.

To make the gridbox resolutions identical, we dis-

aggregated the original 3B42 product into one with a

resolution of 0.18 3 0.18, the same resolution as the

original IMERG, in the first group. In the second group,

we aggregated the original IMERG product into one

with a resolution of 0.258 3 0.258, the same resolution of

the original 3B42. Our results show that the gridbox size

has significant effects on the gridbox rainfall values.

However, intercomparisons of satellite products in the

two groups yielded the extremely similar results, in-

dicating that our aforementioned findings are not sub-

ject to the gridbox scale.

Even though our evaluation is based on a 2-yr dataset,

we believe the performance of IMERG rainfall estimates

as revealed by the recently released product could provide

timely and useful implications on the improvement of

rainfall retrieval algorithm. At the earlier stage of TRMM

rainfall products, improvement of the TMPA retrieval al-

gorithm also benefited from vast timely ground validations

(e.g., Wolff et al. 2005; Shige et al. 2006; Seto et al. 2011).

Some of these early studies provided useful information

pertaining to the error characteristics of original TRMM

products based on a short time series (e.g., Barros et al.

FIG. 10. Comparisons of various rain inputs for hydrological modeling in the upstream region

of UMRB, and simulated bias values for various streamflow ranks by three different

rain inputs.
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2000; Negri et al. 2002; Harris et al. 2007). Our findings

regarding the differences between IMERG and 3B42

products could provide useful feedback for IMERG al-

gorithm developers for potential improvement.

Our results show that integrating new satellite sensors

and algorithms leads to mixed performance regarding

various rainfall intensities by IMERG. We believe that

our results could be further validated by a future com-

parison between retrospectively generated IMERG

products and TRMM products and contribute to dif-

ferentiating algorithmic and satellite sensor differences.
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