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Abstract: Rain gauge and satellite-retrieved data have been widely used in basin-scale hydrological
applications. While rain gauges provide accurate measurements that are generally unevenly
distributed in space, satellites offer spatially regular observations and common error prone retrieval.
Comparative evaluation of gauge-based and satellite-based data is necessary in hydrological
studies, as precipitation is the most important input in basin-scale water balance. This study uses
quality-controlled rain gauge data and prevailing satellite products (Tropical Rainfall Measuring
Mission (TRMM) 3B43, 3B42 and 3B42RT) to examine the consistency and discrepancies between
them at different scales. Rain gauges and TRMM products were available in the Poyang Lake Basin,
China, from 1998 to 2007 (3B42RT: 2000–2007). Our results show that the performance of TRMM
products generally increases with increasing spatial scale. At both the monthly and annual scales, the
accuracy is highest for TRMM 3B43, with 3B42 second and 3B42RT third. TRMM products generally
overestimate precipitation because of a high frequency and degree of overestimation in light and
moderate rain cases. At the daily scale, the accuracy is relatively low between TRMM 3B42 and
3B42RT. Meanwhile, the performances of TRMM 3B42 and 3B42RT are highly variable in different
seasons. At both the basin and pixel scales, TRMM 3B43 and 3B42 exhibit significant discrepancies
from July to September, performing worst in September. For TRMM 3B42RT, all statistical indices
fluctuate and are low throughout the year, performing worst in July at the pixel scale and January at
the basin scale. Furthermore, the spatial distributions of the statistical indices of TRMM 3B43 and
3B42 performed well, while TRMM 3B42RT displayed a poor performance.

Keywords: rain gauge data; TRMM products; discrepancy; basin scale; hydrological application

1. Introduction

Precipitation is an output flux of atmospheric processes and a driving force of hydrological
processes. It is a critical component of the hydrological cycle, regardless of whether one is
primarily concerned with global, regional, or local hydrology [1,2]. The significance of accurate
precipitation measurements is evident in the context of hydrological, meteorological and climatological
processes. There are three primary sources of precipitation observations, including surface networks,
ground-based radar and satellite estimations. Surface networks provided the only totally direct point
measurement of precipitation and likely provide the most accurate measurements with the help of
traditional rain gauges. In addition, disdrometers, another way to obtain point precipitation data at the
surface, have quickly been spreading in recent years [3]. The global distribution of surface networks is
uneven. Over landmasses, some regions have relatively high densities of gauges, while few gauges
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are available in others. Over the oceans, few gauges exist [4]. Ground-based radar observations are
excellent alternatives with relatively high accuracy [3]. However, these ground instruments are not
distributed globally, leaving many precipitation areas unsampled, such as high-altitude regions and
oceans, due to their fixed position, limited sampling range and relatively high costs of operation and
maintenance [5]. Satellites offer another practical approach for estimating precipitation, overcoming
the limitations of ground techniques, especially in places where ground instruments are sparsely
distributed or unsampled, at different spatial and temporal resolutions [3,6–8].

Satellite estimates of precipitation can be derived from a range of observations with many
different sensors. The retrieval approaches can be primarily categorized into visible/infrared
(VIS/IR) techniques, microwave (MW) techniques and multi-sensor combined techniques [9–11].
The Tropical Rainfall Measuring Mission (TRMM), which was launched on 27 November 1997,
provides an exceptional opportunity to monitor precipitation over tropical and subtropical regions,
particularly with the help of the TRMM Microwave Imager (TMI) and precipitation radar (PR) [12].
Many approaches have been proposed to retrieve precipitation from TRMM data [13–15]. One of the
best retrieval algorithms is TRMM Multi-Satellite Precipitation Analysis (TMPA), which is based on
TMI and geostationary IR data. It provides global coverage of precipitation over the 50˝ S–50˝ N
latitude belt at 0.25˝ ˆ 0.25˝ spatial and 3 h temporal resolutions for 3B42RT, 3B42 and monthly
temporal resolution for 3B43 [16]. TRMM 3B42RT includes merged satellite data while TRMM 3B42
and 3B43 are based on TRMM 3B42RT with gauge data.

The TMPA products have been widely used for various applications [17–21]. A prerequisite
for reliable use of satellite products is the accuracy of the products. Dinku et al. [22] compared the
TRMM 3B43 products with nine other satellite products using a rain gauge network over Ethiopia.
Their results showed that TRMM 3B43 performed very well with a bias of less than 10% and a root
mean square error (RMSE) of approximately 25%. Fleming et al. [23] evaluated TRMM 3B43 with
monthly 0.25˝ ˆ 0.25˝ values gridded from rain gauge data collected over Australia in 1998–2007.
The results indicated that TRMM 3B43 had a high correlation of >0.80 with the gridded data, which was
strongest in summer. Chokngamwong and Chiu [24] evaluated the TRMM 3B43 and 3B42 products
with daily and monthly 1˝ ˆ 1˝ values of gridded Global Precipitation Climatology Centre (GPCC)
data over Thailand in 1998–2002. The results indicated that TRMM 3B42 performed very well, with
a bias of less than ´0.12 mm¨day´1, while TRMM 3B43 exhibited low biases. As-Syakur et al. [25]
demonstrated that the 3B42 and 3B43 products showed the same levels of relationships at the monthly
scale during the wet season and dry season, and a poor relationship was found at the daily scale in
Bali islands in 1998–2002. Semire et al. [26] reported that TRMM 3B43 performed well, with an error
bias of ˘15% at the monthly scale, based on 22 rain gauges distributed over Malaysia in 2001–2010.
Accuracy assessment of the TRMM products has become a common research topic worldwide in recent
decades [27–31].

Most existing studies use rain gauge data, either in situ or gridded, as references to evaluate
satellite precipitation products. In situ and pixel scale precipitation is very important to meteorological
services, but larger scale and basin-scale precipitation is more meaningful for hydrological
applications [32,33]. While the products may have retrieval errors due to inherent limitations
in precipitation retrieval algorithms or the limited sensitivity of satellite sensors, they can also
be improperly evaluated due to unevenly or sparsely distributed rain gauge stations. Given the
advantages of satellite observations in capturing spatial distributions of precipitation, the accuracy of
basin-scale precipitation is often undocumented in existing validation studies. Seasonal and spatial
precipitation are also important to hydrological processes, yet the accuracy of different product, with
or without gauge adjustment procedures, is usually unstated at such different scales, resulting in
deficiency in hydrological studies.

This study evaluates the TRMM products (TRMM 3B43, 3B42 and 3B42RT) at different scales in
the Poyang Lake Basin, which is a part of the global terrestrial transects defined in the Global Change
and Terrestrial Ecosystems (GCTE) project of the International Geosphere–Biosphere Programme
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(IGBP) [34]. The paper is structured as follows. Section 2 details the study area, data, methods and
indices in the accuracy assessment. Section 3 presents the accuracy of the TRMM products at different
scales. Sections 4 and 5 summarize the useful and important points found in this article.

2. Materials and Methods

2.1. Study Area

The study area is the Poyang Lake Basin, lying between 24˝29’ N to 30˝04’ N and 113˝34’ E to
118˝28’ E. It has an area of 162,225 km2. The basin is a part of the global terrestrial transects defined in
the GCTE project of the IGBP [34]. The basin is located in a humid subtropical climate zone with a
mean annual precipitation of 1635.9 mm from 1960 to 2010 [33]. Precipitation is mainly distributed
from April to July, accounting for 50 percent of the annual precipitation. The Poyang Lake wetland is
well known as the first batch of the Ramsar List of Wetlands of International Importance [35]. It has
great hydrological, biological, ecological, and economic significance. The surface elevation of the basin
ranges from 5 to 2100 m above sea level. Most parts of the basin are dominated by hilly or mountainous
topography. The dominant land covers include forest, agricultural fields, grasslands, bare lands, and
water surfaces.

2.2. Data Acquisition and Processing

TRMM products (version 7, National Aeronautics and Space Administration, Washington, DC,
USA) data were obtained from 1998 to 2007 (3B42RT: 2000–2007) (ftp://disc2.nascom.nasa.gov).
They cover the 50˝ S–50˝ N belt at a spatial resolution of 0.25˝ ˆ 0.25˝ [16]. The temporal resolution
is one month for TRMM 3B43 while 3 h for 3B42 and 3B42RT. The datasets were retrieved from
the TRMM-calibrated multiple satellite microwave and infrared measurements using the TMPA
algorithm [36].

The TMPA algorithm combines IR (Infrared) data from geostationary satellites and Passive
Microwave (PMW) retrievals from different sources in four steps: (1) adjusting and combining the
different PMW estimates; (2) calibrating IR estimates using the PMW estimates; (3) merging PMW
and IR estimates; and (4) rescaling to monthly totals whereby gauge observations are used, indirectly,
to adjust the combined satellite product. The 3B42 product is available 2 days after the end of each
month. The near-real-time version (3B42RT) is a product of the third step above. Thus, 3B42RT does
not use gauge adjustment, and it is available with a lag time of a few hours after the IR and PMW
inputs are obtained. The TRMM 3B43 and 3B42 datasets were optimally corrected using global monthly
rain gauge data from the Climate Assessment and Monitoring System (CAMS) and GPCC. The data
covering the Poyang Lake Basin were extracted from the datasets.

Rain gauge data were obtained from the National Meteorological Information Centre of the China
Meteorological Administration (CMA) (http://cdc.cma.gov.cn/home.do). The datasets consist of daily
precipitation records from 1998 to 2007 at 82 rain gauge stations containing 13 gauge data sets from
GPCC (Figure 1). A strict quality control process has been applied by the CMA to check and validate
extreme values [37,38]. The daily data were adjusted to monthly precipitation values. In the case that
more than one station was located within the same grid/pixel, the values were averaged to represent
the 0.25˝ ˆ 0.25˝ or 1˝ ˆ 1˝ pixel (Figure 1). The gauge station that is inside the grid box (pixel) is
used in the pixel analysis. In the basin analysis, all gauge stations within the basin are averaged to
a reference value based on the Thiessen polygon method, and all grid boxes (pixels) were averaged
based on satellite values. Thus, TRMM and rain gauge data were not collected at the same scale for
basin analysis, which might influence the results [39,40]. Statistical analyses were performed to obtain
precipitation statistics, statistical relationships and error distributions.
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Figure 1. Geographical location of Poyang Lake basin and the spatial distribution of rain gauges.

2.3. Metrics for Accuracy Assessment

Several statistical scores were used for accuracy assessment in terms of consistency and
discrepancy [41–44]. Consistency refers to the proximity or similarity between the true and estimated
quantities, while the discrepancy is the difference or the ratio between the true and estimated
quantities [3,45]. The former includes the slope coefficient of linear regression and coefficient of
determination (R2). The linear regression can be described as follows [46]:

ys “ axg ` b (1)

where xg represents rain gauge precipitation and ys denotes the precipitation obtained by the linear
regression. The a and b are the linear regression coefficients. If a is close to unity, a high level of
consistency is expected between the satellite estimates and gauge measurements.

R2 is another widely used index for effective assessment of consistency. It measures the degree of
linear association between the estimates and measurements, which can be expressed as follows:

R “
řn

i“1 pGi ´ Gq pSi ´ Sq
b

řn
i“1 pGi ´ Gq2

řn
i“1 pSi ´ Sq2

(2)

where Gi denotes rain gauge precipitation, G represents the average of the gauge measurements,
Si denotes a satellite estimate, S represents the average of the estimates, and N is the number of
data pairs.

The discrepancy between satellite estimates and rain gauge measurements can be quantified by
the root mean square error (RMSE), mean absolute error (MAE), mean error (ME), normalized root
mean squared error (NRMSE) and normalized mean absolute error (NMAE) as follows [45,46]:

E “ Si ´ Gi (3)

RE “
Si ´ Gi

Gi
ˆ 100 (4)

ME “
1
n

ÿn

i“1
pSi ´ Giq (5)
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Bias “
ME
G
ˆ 100 (6)

MAE “
1
n

ÿn

i“1
|Si ´ Gi| (7)

RMSE “

c

1
n

ÿn

i“1
pSi ´ Giq

2 (8)

NRMSE “
RMSE

G
(9)

NMAE “
MAE

G
(10)

Among these scores, E (error) and RE (relative error) measure individual error, and others measure
overall error. The E representing the difference between an estimated value and a true value (gauge
measurement in this paper), is a measure of how far ‘off’ a measurement is from a true value, while
the RE (relative error) expresses how large the error is compared to a true value. The ME represents
the average discrepancy between satellite estimates and gauge measurements. The bias is computed
as the ME divided by mean precipitation of rain gauge data, and it can be used to evaluate the overall
deviation from the reference, reflecting the degree to which the estimate is over-or under-estimated.
The MAE is the average of the absolute errors for quantifying the overall error magnitude. The RMSE
measures the average difference between satellite estimates and gauge measures. The NRMSE (NMAE)
is computed as the RMSE (MAE) divided by the mean precipitation of rain gauge data, and they can
be used to evaluate the reliability of the estimates. These scores, R2, ME, bias, RMSE (NRMSE) and
MAE (NMAE), were used in comparing satellite products to rain gauge data (Sections 3.1 and 3.2)
and analysing seasonal pattern of TRMM accuracy (Section 3.4), while R2, RMSE (NRMSE) and MAE
(NMAE) in spatial characteristics of TRMM products performance (Section 3.5). E and RE were to
quantify TRMM accuracy according to rain rate (Section 3.3).

3. Results

3.1. Comparison for Grid Boxes with or without GPCC Reporting Gauges

Figure 2 compares the validation results between satellite products (TRMM 3B43, 3B42 and
3B42RT) and the rain gauge data with or without GPCC reporting gauges. For the reference data
with GPCC reporting gauges, TRMM 3B43, 3B42 and 3B42RT had R2 values of 0.87, 0.86, and 0.71,
respectively, with the rain gauge (Figure 2a,c,e). The linear regression coefficients (a = 0.91, 0.91, 1.04)
demonstrated good agreement between the two datasets. Meanwhile, the ME (bias) values were
7.73 mm¨month´1 (5.51%), 6.00 mm¨month´1 (4.29%) and 9.15 mm¨month´1 (6.83%), respectively,
indicating that TRMM slightly overestimated precipitation. The respective discrepancies were
42.83 mm¨month´1 (30.56%), 43.64 mm¨month´1 (31.23%) and 68.55 mm¨month´1 (51.16%) for RMSE
(NRMSE) and 28.45 mm¨month´1 (20.30%), 29.60 mm¨month´1 (21.18%), and 47.84 mm¨month´1

(35.70%) for MAE (NMAE).
For reference data without GPCC reporting gauges, TRMM 3B43, 3B42 and 3B42RT had

equally close relationships with the rain gauge data (R2 = 0.86, 0.85 and 0.71) (Figure 2b,d,f), and
the linear regression coefficient (a = 0.90, 0.91 and 1.04) also showed equally close correlations
between the two datasets. In addition, the respective discrepancies were 44.05 mm¨month´1

(31.43%), 44.85 mm¨month´1 (32.06%) and 84.12 mm¨month´1 (62.59%) for RMSE (NRMSE) and
29.20 mm¨month´1 (20.83%), 30.35 mm¨month´1 (21.69%) and 47.70 mm¨month´1 (35.49%) for MAE
(NMAE), all of which were slightly greater than those of reference data with GPCC reporting gauges,
indicating that TRMM products had a closer relationship with reference data with GPCC reporting
gauges than those without GPCC reporting gauges. The results indicated the TRMM products
performed slightly better in reference to the data with GPCC reporting gauges than that without the
reporting gauges. The reference data are used hereafter without GPCC reporting gauges.
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Figure 2. Scatter plots of monthly satellite products (Tropical Rainfall Measuring Mission (TRMM)
3B43, 3B42 and 3B42RT) versus monthly rain-gauge data at 0.25˝ ˆ 0.25˝ pixel scale for the period from
1998 to 2007 (3B42RT: 2000–2007), with (a,b) for TRMM 3B43; (c,d) for TRMM 3B42; (e,f) for TRMM
3B42RT; (a,c,e) for reference data with Global Precipitation Climatology Centre (GPCC) reporting
gauges; (b,d,f) reference data without GPCC reporting gauges.

3.2. Inter-Comparison between Satellite Produncts and Rain Gauge Data

Figure 3a,c,e shows the relationships between TRMM 3B42 and the rain gauge data at the daily
scale. At the 0.25˝ ˆ 0.25˝ pixel scale (Figure 3a), TRMM 3B42 had an R2 of 0.1748 with the rain
gauge. The linear regression coefficient (a = 0.44) demonstrated a very low agreement between the
two datasets. Meanwhile, the ME (bias) value was 0.32 mm¨day´1 (3.55%). The discrepancy was
18.10 mm¨day´1 (200.04%) for RMSE (NRMSE) and 10.03 mm¨day´1 (110.84%) for MAE (NMAE).
At the 1˝ ˆ 1˝ pixel scale, the TRMM data had an R2 of 0.2593 with the rain gauge data (Figure 3c).
In addition, the discrepancy was 14.27 mm¨day´1 (189.60%) for RMSE (NRMSE) and 7.59 mm¨day´1

(100.88%) for MAE (NMAE). At the basin scale, R2 was 0.4667 (Figure 3e). Meanwhile, the discrepancy



Water 2016, 8, 281 7 of 20

was 6.63 mm¨day´1 (143.41%) for RMSE (NRMSE) and 3.31 mm¨day´1 (71.63%) for MAE (NMAE),
both of which were smaller than those at the 1˝ ˆ 1˝ pixel scale. The results suggest that the accuracy
is highest at the basin scale, with the 1˝ ˆ 1˝ pixel scale second and the 0.25˝ ˆ 0.25˝ pixel scale
third at the monthly scale. The accuracy of 3B42RT is similar to that of TRMM 3B42 at the daily scale
(Figure 3b,d,f).
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Figure 3. Scatter plots of TRMM 3B42 or 3B42RT versus rain-gauge data for the period from 1998 to
2007, with (a,b) for 0.25˝ ˆ 0.25˝ pixel scale; (c,d) for 1˝ ˆ 1˝ pixel scale; (e,f) for basin scale; (a,c,e) for
TRMM 3B42; (b,d,f) for TRMM 3B42RT.

Figure 4a,c,e shows the relationships between TRMM 3B43 and the rain gauge data at the monthly
scale. At the 0.25˝ ˆ 0.25˝ pixel scale, the TRMM data had an R2 of 0.8593 with the rain gauge
(Figure 4a). The linear regression coefficient (a = 0.90) demonstrated a good agreement between the
two datasets. Meanwhile, the ME (bias) value was 7.52 mm¨month´1 (5.36%), indicating TRMM
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slightly overestimated precipitation. The discrepancy was 44.05 mm¨month´1 (31.43%) for RMSE
(NRMSE) and 29.20 mm¨month´1 (20.83%) for MAE (NMAE). At the 1˝ ˆ 1˝ pixel scale, the TRMM
data had a closer relationship with the rain gauge data (R2 = 0.90) (Figure 4c). In addition, the
discrepancy was 36.53 mm¨month´1 (26.43%) for RMSE (NRMSE) and 24.47 mm¨month´1 (17.71%)
for MAE (NMAE), which were both smaller than those at the 0.25˝ ˆ 0.25˝ pixel scale. At the basin
scale, R2 was 0.99 (Figure 4e). Meanwhile, the discrepancy was 13.66 mm¨month´1 (9.78%) for RMSE
(NRMSE) and 10.02 mm¨month´1 (7.17%) for MAE (NMAE), both of which were much smaller than
those at the 1˝ ˆ 1˝ pixel scale. These results suggest that the accuracy is highest at the basin scale,
with the 1˝ ˆ 1˝ pixel scale second and the 0.25˝ ˆ 0.25˝ pixel scale third at the monthly scale. Table 1
gives validation statistics at the annual scale. It demonstrates the highest performance at basin scale,
followed by that at 1˝ ˆ 1˝ and 0.25˝ ˆ 0.25˝ pixel scales, which is similar to those at the monthly scale.
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Figure 4. Scatter plots of TRMM 3B43 versus rain-gauge data for the period from 1998 to 2007, with
(a,b) for 0.25˝ ˆ 0.25˝ pixel scale; (c,d) for 1˝ ˆ 1˝ pixel scale; (e,f) for basin scale; (a,c,e) for monthly
scale; (b,d,f) for annual scale.
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Table 1. Validation statistics comparing satellite rainfall estimates with gauge data at the annual scale.

Products TRMM 3B43 TRMM 3B42 TRMM 3B42RT

– 0.25˝ 1˝ Basin 0.25˝ 1˝ Basin 0.25˝ 1˝ Basin

R2 0.80 0.85 0.96 0.79 0.85 0.96 0.59 0.67 0.83
RMSE 193.76 178.48 103.76 186.18 168.43 95.10 276.88 261.37 186.48
MAE 152.83 141.46 90.18 146.18 132.03 79.60 215.13 201.25 156.60
ME 90.18 114.94 90.18 69.69 96.13 77.00 127.72 168.53 152.26

NRMSE 11.52 10.76 6.17 11.09 10.16 5.66 17.41 16.66 11.72
NMAE 9.09 8.53 5.36 8.71 7.96 4.74 13.52 12.83 9.85

Bias 5.36 6.93 5.36 4.15 5.80 4.59 8.03 10.74 9.57

Figure 5 compares the validation indices for TRMM 3B43, 3B42 and 3B42RT at the 0.25˝ pixel
scale, 1˝ pixel scale and basin scale. For R2 (Figure 5a), TRMM 3B43 topped the group, with 3B42
second and 3B42RT third. Meanwhile, R2 generally increased with increasing spatial scale, which
was similar for both monthly and annual data. For NRMSE (Figure 5b), TRMM 3B42RT topped the
group, with 3B42 second and 3B43 third. In addition, NRMSE generally decreased with increasing
spatial scale at both the monthly and annual scales. For NMAE (Figure 5c), the result was same as that
of NRMSE.Water 2016, 8, 281  10 of 20 
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Figure 5. Comparison of validation indices for TRMM 3B43, 3B42 and 3B42RT at different spatial scale,
with (a) for R2; (b) for normalized root mean squared error (NRMSE); (c) for normalized mean absolute
error (NMAE).

In summary, the TRMM products (TRMM 3B43, 3B42 and 3B42RT) performed well with slight
overestimation at the monthly and annual scales. The accuracy is highest for TRMM 3B43, with 3B42
second and 3B42RT third. The accuracy is relatively low and similar for TRMM 3B42 and 3B42RT at
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the daily scale. Meanwhile, the results suggest that performance generally increased with increasing
spatial scale.

3.3. TRMM Accuracy for Different Rain Rates

At the daily scale, TRMM 3B42 generally overestimates rain rates for light and moderate
rain cases and underestimates for heavy rain cases (Figure 6a,b). In the wet season (June, July
and August, JJA), TRMM 3B42 generally overestimates precipitation by 183.15% when rain rate is
<20 mm¨day´1 and underestimates precipitation by 56.49% when the rain rate is >40 mm¨day´1

(Figure 6c). The overestimation (underestimation) is more significant at lower (higher) rain rate. In the
dry season (December, January and February, DJF), TRMM 3B42 generally overestimates precipitation
by 27.70% (Figure 6d) when the rain rate is <10 mm¨day´1 and underestimates precipitation by 35.61%
when the rain rate is 10–50 mm¨day´1. Additionally, it overestimates precipitation by 21.07% when
the rain rate fall is 50–70 mm¨day´1, demonstrating inconsistency compared to that in JJA.
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Figure 6. The relations between precipitation difference and rain rate at daily scale for TRMM 3B42,
with (a,c) for June, July and August (JJA); (b,d) for December, January and February (DJF). (The interval
for 0–20 mm¨ day´1 is subdivided into 0–1 mm¨ day´1 and 1–20 mm¨ day´1 for great value of relative
error (RE) under 0–1 mm¨ day´1).

At the daily scale, TRMM 3B42RT displays similar characteristics as TRMM 3B42 (Figure 7a,b).
In JJA (Figure 7c), TRMM 3B42RT overestimates precipitation by 206.17% at rain rates less than
20 mm¨day´1 and underestimates precipitation by 48.06% at rain rate larger than 40 mm¨day´1.
In DJF (Figure 7d), TRMM 3B42RT overestimates precipitation by 35.26% at rain rates less than
10 mm¨day´1, underestimates precipitation by 31.43% at rain rates from 10 to 50 mm¨day´1, and
overestimates precipitation by 36.39% at rain rates from 50 to 70 mm¨day´1.

At the monthly scale, TRMM 3B43 generally overestimates rain rates for light and moderate
rain cases and underestimates for heavy rain cases (Figure 8a). TRMM 3B43 generally overestimates
precipitation by 24.40% when the rain rate is <300 mm¨month´1 and underestimates precipitation by
13.54% when the rain rate is >400 mm¨month´1 (Figure 8c). The overestimation (underestimation)
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is more significant at lower (higher) rain rate. At the annual scale, TRMM 3B43 overestimates
precipitation by 9.07% when the rain rate is <2400 mm¨year´1 and underestimates by 10.52% when
the rain rate is >2800 mm¨year´1, demonstrating the consistency similar to that at the monthly scale
(Figure 8b,d).
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Figure 7. The relations between precipitation difference and rain rate at daily scale for TRMM 3B42RT,
with (a,c) for JJA; (b,d) for DJF. (the interval for 0–20 mm¨ day´1 is subdivided into 0–1 mm¨ day´1 and
1–20 mm¨ day´1 for great value of RE under 0–1 mm¨ day´1).
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To quantitatively understand the discrepancies between the TRMM products (TRMM 3B43, 3B42
and 3B42RT) and the rain gauge data at the pixel scale. Figure 9 illustrates the histogram distribution of
E. At the daily scale, most Es between TRMM 3B42 and gauge data are greater than 0 mm¨day´1, and
fall within 0–20 mm¨day´1 (Figure 9a,b). In JJA (Figure 8a), approximately 81% of E values fall within
0–50 mm¨day´1, and 16% fall within ´50–0 mm¨day´1. Similarly, In DJF (Figure 9b), approximately
79% of E values between TRMM 3B42RT and gauge data fall within 0–50 mm¨day´1, and 16% fall
within ´50–0 mm¨day´1 (Figure 9c). In DJF (Figure 9d), approximately 78% of E values fall within
0–50 mm¨day´1, and 21% fall within ´50–0 mm¨day´1. The high frequency of overestimation of light
and moderate rain cases is the major reason for the overall overestimation at the daily scale in both JJA
and DJF.
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Figure 9. The distribution of histogram of E, with (a,c) for TRMM 3B42; (b,d) for TRMM 3B42RT;
(e,f) for TRMM 3B43.

At the monthly scale, most E values are greater than 0 mm¨month´1 and fall within
0–40 mm¨month´1 (Figure 9e). Approximately 81% of E values fall within 0–100 mm¨month´1, and
16% fall within´100–0 mm¨month´1. The high frequency of overestimation of light and moderate rain
cases is the major reason for the overall overestimation. At the annual scale, most E values fall within
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50–250 mm¨ year´1 (Figure 9f). Approximately 78% of E values fall within 0–400 mm¨ year´1, and 27%
fall within ´400–0 mm¨year´1. Similar to the trend at the monthly scale, most E values are greater
than 0 mm¨year´1. Therefore, the same results are obtained at the monthly scale and annual scale.

In summary, TRMM products generally overestimate precipitation because of high frequency
overestimation of light and moderate rain cases. At the daily scale, the performance of TRMM
products is considerably different in different seasons. Approximately 80% of E values fall within
0–50 mm¨day´1, and 16% fall within´50–0 mm¨day´1 in both JJA and DJF. At the monthly and annual
scales, TRMM 3B43 generally overestimates precipitation when the rain rate is <200 mm¨month´1

(2400 mm¨year´1) and underestimates precipitation when the rain rate is >400 mm¨month´1

(2800 mm¨year´1). Approximately 81% of E values fall within 0–100 mm¨month´1 at the monthly
scale, and approximately 78% fall within 0–400 mm¨year´1 at the annual scale.

3.4. Seasonal Pattern of TRMM Accuracy

Figure 10 compares the seasonal patterns of statistical indices between the two datasets at the
pixel scale and basin scale. At the pixel scale, TRMM 3B43 (the first solid line in Figure 10) had an
R2 > 0.75 except in July (R2 = 0.74), August (R2 = 0.64) and September (R2 = 0.56). The coefficient of
determination remains stable form November to June (R2 = 0.81–0.90), but it experiences a change from
July to September (R2 = 0.61–0.90). The NRMSE shows a unimodal distribution. The peak values occurs
in September. The NMAE also exhibits the same pattern. Overall, significant discrepancies (NRMSE:
36%–50% and NMAE: 25%–31%) can be found between the two data sets from July–September at
the pixel scale. The largest discrepancy occurs in September. TRMM 3B42 (the second solid line
in Figure 10) had a similar seasonal pattern. The coefficient of determination remains stable from
November to June (R2 = 0.73–0.81), but it experiences a change from July to September (R2 = 0.55–0.91).
Significant discrepancies (NRMSE: 38%–51% and NMAE: 29%–37%) can be found between the two
data sets from July to September. The largest discrepancy occurs in September. TRMM 3B42RT (the last
solid line in Figure 10) generally had an R2 from 0.00 to 0.88. The coefficient of determination fluctuates
throughout the year, and is relatively low from June to August (R2 = 0.00–0.01). The NRMSE shows a
unimodal distribution. The peak value occurs in July (90%). The NMAE also has the same pattern.
Overall, significant discrepancies (NRMSE: 65%–90% and NMAE: 50%–71%) can be found between the
two data sets from June to August at the pixel scale. The largest discrepancy occurs in July.

At the basin scale, the seasonal patterns of statistical indices of TRMM 3B43 (the first dotted
line in Figure 10) and 3B42 (the second dotted line in Figure 10) are similar to those at the pixel
scale. The coefficient of determinations are closer to unity (>0.9), indicating a higher proximity to
the reference data, and all indices representing discrepancy are lower than those at the pixel scale.
Additionally, the largest discrepancies (for 3B43, NRMSE: 17% and NMAE: 12%; for 3B42, NRMSE: 19%
and NMAE: 14%) can be found in September. For TRMM 3B42RT (the last dotted line in Figure 10),
the seasonal pattern of the coefficient of determination is similar to that at the pixel scale, except in
June and July. NRMSE and NMAE fluctuate throughout the year are lower than those at the pixel scale.
The largest discrepancy occurs in January (NRMSE: 40% and NMAE: 36%).

In summary, TRMM products perform better in different seasons at the basin scale than at the
pixel scale. For TRMM 3B43 and 3B42, significant discrepancies can be found from July to September,
and the worst performance occurs in September at both the basin scale and pixel scale. For TRMM
3B42RT, all statistical indices fluctuate throughout the year, and the worst performance occurs in July
at the pixel scale and January at the basin scale.
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3.5. Spatial Characteristics of TRMM Product Performance

Figure 11 shows the spatial distributions of R2, NRMSE, and NMAE at the monthly scale.
The TRMM 3B43 (the first line in Figure 11) correlated best with the rain gauge observations, with
R2 values larger than 0.74 (most >0.80). NRMSE values mainly ranged between 21% and 35%, while
NMAE was between 15% and 25%. TRMM 3B42 (the second line in Figure 11) trends are similar to
those of TRMM 3B43. TRMM 3B43 performed relatively poorly in the south-east, while TRMM 3B42
performed relatively poorly in the north-west. TRMM 3B42RT (the last line in Figure 11) had a poorer
relation with the rain gauge data (R2: 0.51–0.75). NRMSE values mainly ranged between 45% and
65%, while NMAE ranged from 30% to 40%, indicating a larger discrepancy with rain gauge data
than those of TRMM 3B43 and 3B42. TRMM 3B42RT performed relatively poorly in the northern
areas. The south, west and east marginal region are dominated by hilly or mountainous topography
with high surface elevation, especially in northwest and southeast regions. The average surface
elevation of the basin is about 2000 m in northwest area, while in the southwest area of about 1700 m.
Therefore, TRMM products performance is negatively related with surface elevation. Figure 12 shows
the relationships between statistical indices and elevation. The regressions demonstrated a negative
relationship between R2 and surface elevation, and a positive relationship between RMSE and surface
elevation. The results further confirmed the negative effect of surface elevation on the performance of
TRMM products.
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4. Discussion

The analysis presented in this study provides a quantitative comparison between TRMM
precipitation products (TRMM 3B43, 3B42 and 3B42 RT) and gauge based precipitation data at different
scales in the Poyang Lake Basin, showing that different products perform differently at different scales.
The basin is located in a humid subtropical climate zone, and the surface elevation of the basin ranges
from 5 to 2100 m above sea level. Many efforts have been devoted to evaluating TRMM precipitation
products in different research areas [22–27]. However, the results in this paper provide important
evidence that TRMM precipitation data sets are comparable to rain gauge measurements. Additionally,
the findings support the considerable potential for the application of satellite products not only in the
Poyang Lake basin but also in other similar regions.

This paper first compares the validation results between satellite products (TRMM 3B43, 3B42 and
3B42RT) and rain gauge data with or without GPCC reporting gauges at the monthly scale. The result
showed that TRMM products performed slightly better using reference data with GPCC reporting
gauges than did data without GPCC reporting gauges (Figure 2). Nevertheless, reference data used
hereafter are all without GPCC reporting gauges. Most existing studies use rain gauge data, either in
situ or gridded, as references to evaluate satellite precipitation products at the pixel scale, which is
very important for meteorological services. However, basin-scale precipitation is more meaningful for
hydrological applications [32,33]. Here, we first evaluates satellite precipitation products at different
scales (Figures 3–5), demonstrating that performance generally increases with increasing spatial scale.
The accuracy is relatively low and similar for TRMM 3B42 and 3B42RT at the daily scale, while the
accuracy is highest for TRMM 3B43, with 3B42 second and 3B42RT third at both the monthly scale and
annual scale.

It should be noted that TRMM products generally overestimates rain rates for light and moderate
rain cases and underestimates for heavy rain cases [22,27]. Our results (Figures 6–9) also support this
point well, and provide quantitative values for light and moderate rain cases and heavy rain cases.
At the daily scale, the rain rate threshold for light and moderate rain cases (heavy rain cases) is defined
as less than 20 mm¨day´1 (larger than 40 mm¨day´1) in JJA. In DJF, TRMM products overestimate
precipitation at rain rates less than 10 mm¨day´1, underestimate precipitation at rain rates from
10 to 50 mm¨day´1, and overestimate precipitation from 50 to 70 mm¨day´1. The performance varies
considerably in different seasons, potentially due to different rain cloud types. There are mainly
two rain cloud types, including convection clouds and stratiform clouds. Further analysis suggests
that TRMM products generally overestimate precipitation because of the high frequency and degree
of overestimation for light and moderate rain cases (different definition at different scales and in
different seasons). The current study is limited regarding in-depth analysis of inherent limitations
in precipitation retrieval algorithms. Meanwhile, it could be meaningful to analyse several types of
precipitation events if hourly gauge precipitation data were available, allowing comparative analyses
under various situations.

TRMM products perform better in the dry season than in the wet season [25]. Our results
(Figure 10) are consistent with these findings. Furthermore, we compare the performance of monthly
TRMM data at the basin scale and pixel scale. The results further suggest that they perform better at
the basin scale than at the pixel scale in different seasons. It further provides evidence that TRMM
products can be applied to basin-scale hydrological processes, especially in ungauged or sparsely
gauged basins, despite the relatively poor performance of TRMM 3B42RT. In addition, the spatial
distribution of statistical indices at the monthly indicated TRMM 3B43 and 3B42 performed well while
TRMM 3B42RT exhibited a poor performance. TRMM products performance is negatively related with
surface elevation.

The breakthrough point in this paper is the analysis at different scales. Researchers face a
difficult challenge associated with different scales of measurements and gridded precipitation data.
Gauges provide point measurements of precipitation, while satellite precipitation data are spatially
gridded. Validation is most often based on comparing data from gauges with satellite precipitation
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products at the pixel scale [47], which suffers from scale mismatch issue. Further validation methods
are needed to overcome this problem. Furthermore, this study focuses on the performance of
satellite-based precipitation products, providing evidence for the application of TRMM products
to basin-scale hydrological processes. Additionally, this study relates TRMM product performance
with surface elevation.

5. Conclusions

This paper mainly evaluates TRMM products (3B43, 3B42 and 3B42RT) at different scales in the
Poyang Lake Basin by employing a large data set comprising rain gauges and TRMM products from
1998 to 2007 (for 3B42RT, 2000–2007) and using the associated scatterplot distributions, statistical
relationships and the error values.

This paper first compares the validation results between satellite product (TRMM 3B43, 3B42 and
3B42RT) and rain gauge data with or without GPCC reporting gauges at the monthly scale. The TRMM
products performed slightly better using reference data with GPCC reporting gauges than did data
without GPCC reporting gauges. Both TRMM 3B43 and 3B42 merge GPCC gauges; thus, the reference
data used hereafter are without GPCC reporting gauges. The results show that the TRMM products
(TRMM 3B43, 3B42 and 3B42RT) performed well, with slight overestimation at the monthly and annual
scales. The accuracy is highest for TRMM 3B43, with 3B42 second and 3B42RT third at both the
monthly and annual scale. The accuracy is relatively low and similar for TRMM 3B42 and 3B42RT at
the daily scale. Meanwhile, the performance generally increased with increasing spatial scale, which is
more meaningful for hydrological applications.

Then, we quantitatively analysed discrepancies between the TRMM products and the rain gauge
data at the pixel scale. TRMM products generally overestimate precipitation because of the high
frequency and degree of overestimation in light and moderate rain cases, despite different thresholds
of rain rate. At the daily scale, the performance of TRMM products considerably varies in different
seasons. The threshold of rain rate for light and moderate rain cases (heavy rain cases) is defined
as less than 20 mm¨day´1 (larger than 40 mm¨day´1) in JJA. In DJF, TRMM products overestimate
precipitation for rain rates less than 10 mm¨day´1, underestimate precipitation for rain rates falling
from 10 to 50 mm¨day´1, and overestimate precipitation from 50 to 70 mm¨day´1. Approximately 80%
of E values fall within 0–50 mm¨day´1, while 16% fall within ´50–0 mm¨day´1 in both JJA and DJF.
At the monthly and annual scales, TRMM 3B43 generally overestimates precipitation when the rain rate
is <200 mm¨month´1 (2400 mm¨year´1) and underestimates for the precipitation when the rain rate
>400 mm¨month´1 (2800 mm¨ year´1). Approximately 81% of E values fall within 0–100 mm¨month´1

at the monthly scale while approximately 78% fall within 0–400 mm¨year´1 at the annual scale.
Finally, we compare seasonal patterns and spatial characteristics of TRMM accuracy. The results

further suggest that there is a better performance at the basin scale than at the pixel scale in different
seasons. It further provides evidence that TRMM products can be applied to basin-scale hydrological
processes, especially in ungauged or sparsely gauged basins, despite the relatively poor performance
of TRMM 3B42RT. For TRMM 3B43 and 3B42, significant discrepancies can be found from July
to September, and the worst performances occur in September at both the basin and pixel scale.
For TRMM 3B42RT, all statistical indices fluctuate throughout the year, and the worst performance
occurs in July at the pixel scale and January at the basin scale. In addition, the spatial distributions
of statistical indices at the monthly scale indicated that TRMM 3B43 and 3B42 perform well while
TRMM 3B42RT displayed a poor performance. TRMM product performance is negatively related with
surface elevation.
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Abbreviations

The following abbreviations are used in this manuscript:

TMPA TRMM multi-satellite precipitation analysis
TMI TRMM microwave imager
PR precipitation radar
RMSE root mean square error
GCTE global change and terrestrial ecosystems
IGBP project of the International Geosphere–Biosphere Programme
CAMS Climate Assessment and Monitoring System
GPCC Global Precipitation Climatology Centre
CMA Center of the China Meteorological Administration
ME mean error
E error
RE relative error
RMSE root mean square error
MAE mean absolute error
NRMSE normalized root mean squared error
NMAE normalized mean absolute error
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