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Abstract: Soil erosion is a global issue that threatens food security and causes environmental

degradation. Management of water erosion requires accurate estimates of the spatial and temporal

variations in the erosive power of rainfall (erosivity). Rainfall erosivity can be estimated from rain

gauge stations and satellites. However, the time series rainfall data that has a high temporal resolution

are often unavailable in many areas of the world. Satellite remote sensing allows provision of the

continuous gridded estimates of rainfall, yet it is generally characterized by significant bias. Here

we present a methodology that merges daily rain gauge measurements and the Tropical Rainfall

Measuring Mission (TRMM) 3B42 data using collocated cokriging (ColCOK) to quantify the spatial

distribution of rainfall and thereby to estimate rainfall erosivity across China. This study also used

block kriging (BK) and TRMM to estimate rainfall and rainfall erosivity. The methodologies are

evaluated based on the individual rain gauge stations. The results from the present study generally

indicate that the ColCOK technique, in combination with TRMM and gauge data, provides merged

rainfall fields with good agreement with rain gauges and with the best accuracy with rainfall erosivity

estimates, when compared with BK gauges and TRMM alone.

Keywords: TRMM; rain gauge; merged rainfall; collocated cokriging; rainfall erosivity

1. Introduction

Water erosion is one of the most important environmental threats worldwide in addition to soil

degradation, food security, and natural ecosystem deterioration [1]. The rainfall erosivity factor (R) in

the Revised Universal Soil Loss Equation (RUSLE) is one the most important indicators of potential

water erosion which combines the effects of the duration, magnitude, and intensity of rainfall events.

High resolution precipitation data are essential for the evaluation of rainfall erosivity. Traditionally,

rainfall erosivity is determined by a function of a storm’s kinetic energy, E, and its maximum 30 minute

rainfall intensity, I30, known as the EI30 [2], and is observed with conventional instruments such as rain

gauges. High temporal resolution rainfall measurements, for example 15 min or 30 min, are important

for the calculation of erosivity since heavy rainfall and extreme events are typically rare events of

short duration [3–6]. However, information on these records is rarely available with good spatial and

temporal coverage, especially in developing countries, and processing these data is time-consuming

and laborious [7–9]. Statistical relationships were subsequently established between R and precipitation

in order to solve this problem, based on annual precipitation [1,10], monthly precipitation [11], daily

precipitation [9,12], and storm events [13,14]. Compared to annual and monthly rainfall data, daily

rainfall data include more detailed and accurate information about ground rainfall characteristics,
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and the accuracy of the R factor calculated from daily rainfall data has been widely verified and

applied [7–9].

Rain gauges provide valuable information about the amount and frequency of rainfall. However,

uneven spatial distribution and spatial incoherencies limit the implication of rain gauges in the

estimation of precipitation [15]. In this context, precipitation retrievals from a satellite provide

an alternative solution to this problem by providing spatially distributed precipitation estimation

over large areas. Various aspects of remotely-sensed rainfall have been explored and reported [16–20].

Among them, Tropical Rainfall Measuring Mission (TRMM) multisatellite precipitation analysis

(TMPA) has been used, since the launch of TRMM in November 1997, to produce a range of

quasi-global precipitation products. These products are widely used in various climate and

hydrological applications [17,19,21–24], and have been considered for the spatial assessment of

erosivity [20,25,26]. Numerous studies have evaluated the performance of TRMM by comparing

precipitation estimates from TRMM products with rain gauge precipitations or ground-based radar

estimates [27–29]. However, it is well recognized that rainfall estimates from TRMM satellites involve

their own uncertainties. De Goncalves et al. [30] used three satellite-derived products to estimate

daily rainfall across South America and found that TRMM tends to underestimate areas without

rainfall and overestimate areas with small amounts of rainfall. Tang et al. [31] reported that the

TRMM-based precipitation estimates show obvious overestimation over most inland water bodies,

which is caused by the systematic anomalies of the TRMM product stemming from deficiencies in

the TRMM’s assumptions about water surface emissivity. The uncertainties of TRMM products that

are encountered when measuring ground level rainfall therefore influence the accuracy of rainfall

erosivity estimates.

The merging of rain gauge and satellite measurements offers considerable potential for

improvement of the quality of rainfall data. Several attempts have previously been made to merge

rain gauge observations with satellite rainfall data [32–36]. Among them, one popular and simple

alternative approach for spatial modelling and mapping of sparsely sampled (rain gauge) data, which

makes use of extensive gridded (satellite) data, is collocated cokriging (ColCOK) [37]. This approach

makes estimates at a spatial resolution of the gridded data. In this case, the outcome would be at

approximately 25 × 25 km2—the spatial resolution of the satellite product. However, none of the

studies has measured and mapped rainfall erosivity with merged rainfall data by ColCOK technique

at a national scale.

The aim of this study is to assess the improvement of the estimation of daily rainfall by merging

TRMM 3B42 and rain gauge data using the ColCOK technique and thereby estimate rainfall erosivity

in China at a fine resolution. To achieve this aim, this study employed three approaches that use

TRMM 3B42 and/or rain gauge data as supporting information: (1) use TRMM 3B42 only to define

the spatial variability of daily rainfall and to estimate rainfall erosivity; (2) use rain gauge data to

estimate the rainfall and rainfall erosivity with the same support as in (1) by using block kriging (BK);

and (3) use TRMM 3B42 fields as in (1) but also include rain gauge observations at the target pixels in

the estimation equations by using ColCOK. The analysis involves estimated daily rainfall maps and

thereby estimates mean annual rainfall erosivity across China using the three alternative methods and

assesses improvements introduced by the ColCOK technique. The performance of each one of these

estimators was analyzed, compared, and discussed using several independent rain gauges in China.

2. Materials and Methods

2.1. Rain Gauge Measurements

Daily observed precipitation data are provided by the National Climate Centre of the China

Meteorological Administration (CMA). The homogeneity and reliability of the daily meteorological

data are checked and filtered by the CMA to remove spurious data before its release [33]. A day is

defined as from 20:00 of the previous day to 20:00 of the current day in local time (i.e., 12:00 UTC
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previous day to 12:00 UTC current day). Although the number of stations in service has changed over

the years, 650 of the 752 stations in the original data set have maintained daily rainfall data since the

1960s. Thus, daily rain gauge data at 650 stations across China for the 12-year period from 2002 to 2013

are used (Figure 1).

Figure 1. Spatial distribution of rain gauges used in this study and their relation to the climate zones.

The black circles show the locations of 433 training rain gauges and the red circles represent the

locations of the 217 testing rain gauges used in our study.

The rain gauges are separated into two parts as described in the following steps: (1) rain gauges

are divided according to the four climate regions; (2) rain gauges in each climate region are ordered

according to the mean daily precipitation over the 2002–2013 period; (3) the training data set is

randomly selected and consisted of two-thirds of the rain gauges in each climate region; (4) the

remaining third of rain gauges in each climate region is used as an independent set against which to

test the performance of the results. The training data set used in this study consists of 433 rain gauges

in China. The remaining 217 rain gauges are used as the testing data set (Table 1).

Table 1. Number of rain gauges in each climate region and each region’s percentage of total number of

rain gauge stations across China.

Climate Region Training Gauges Testing Gauges Total Gauges Percentage (%)

Humid 200 100 300 46.15
Semi–humid 88 45 133 20.46

Semi–arid 87 44 131 20.15
Arid 58 28 86 13.23

China 433 217 650 100.00
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2.2. Satellite-Based Rainfall Measurements

The Tropical Rainfall Measuring Mission (TRMM) satellite is designed to measure tropical and

subtropical precipitation and to estimate its associated latent heat using passive and active microwave

sensors [38]. The TRMM multisatellite precipitation analysis (TMPA) is produced by the NASA Goddard

Space Flight Center (GSFC), and is the result of a combination of precipitation-related instruments

(precipitation radar, PR; TRMM microwave imager, TMI; visible and infrared scanner, VIRS, with

the special sensor microwave imager, SSM/I) [39]. It is designed to combine precipitation estimates

from various satellite systems, in addition to rain gauge data. Rainfall estimates from TMPA provided

by algorithm 3B42 Version 7 were used in this study, with a spatial resolution of 0.25◦ × 0.25◦ and

a temporal resolution of 3 h (00:00, 03:00, 06:00, ..., 21:00 UTC) for coverage between 50◦ S and 50◦ N.

Huffman et al. [40] provides details of this product.

To be consistent with daily rain gauge data, it is necessary to construct daily 3B42-based estimates

of precipitation for China using a consistent 24 h accumulation period. That is, the estimation of

TRMM-derived daily precipitation for China is the accumulation of the rainfall falling in the 12:00 UTC

previous day to 12:00 UTC current day.

2.3. Merging Daily Rain Gauge and Satellite Data

One of the main objectives of this study is to map the primary and sparsely sampled rain gauge

data using the secondary, collocated TRMM gridded rainfall estimates. ColCOK uses the single

collocated secondary variable (Z2) directly in the kriging equation for each estimation. The means of

the primary variable (m1) and secondary variable (m2) are used in rescaling the secondary variable

to eliminate potential bias. The ColCOK estimator of the primary variable (Z1) at location u follows

Goovaerts [41]

Z∗ColCOK
1 (u) =

n(u)

∑
α=1

λColCOK
α (u)Z1(uα) + λColCOK

2 (u)[Z2(u)− m2 + m1] (1)

where n(u) is the number of measurements at location u; λColCOK
α are weights associated with the

n(u) known rainfall values of the rain gauges, Z1(uα), and λColCOK
2 is the weight related to the known

rainfall value of the TRMM field [Z2(u)− m2 + m1] at the target point and the single constraint that all

weights must sum to one
n(u)

∑
α=1

λColCOK
α (u) + λColCOK

2 (u) = 1 (2)

The weights of this estimator can therefore be computed by solving the following linear

equation system

n(u)

∑
β=1

λColCOK
β (u)C11

(

uα − uβ

)

+ λColCOK
2 (u)C12(uα − u) + µColCOK(u) = C11(uα − u), α = 1, 2, . . . , n(u) (3)

n(u)

∑
β=1

λColCOK
β (u)C21

(

u − uβ

)

+ λColCOK
2 (u)C22(0) + µColCOK(u) = C21(0) (4)

n(u)

∑
β=1

λColCOK
β (u) + λColCOK

2 (u) = 1 (5)

where C11(·) and C22(·) are the spatial covariances of gauge and TRMM, respectively; C12(·) is the

cross-variance between gauge and TRMM; and µColCOK(u) is the Lagrange multiplier.

Covariances C11(h) and C22(h) and the cross-covariances C12(h) = C21(h) can be obtained by

developing cross-variograms under a valid linear model at lag distance h. However, this linear model

is an unattractive procedure because variogram models cannot be built independently from each other.
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By applying a Markov–type approximation, the requirement for the secondary data variogram and

full cross-covariance C21(h) can be defined as a factor of the correlogram of the primary data [41]

ρ12(h) = ρ12(0)·ρ11(h) (6)

where ρ11(h) is the standard primary covariance of gauges Z1(u), ρ12(h) is the cross-correlogram

function between gauge and TRMM data, and ρ12(0) is the linear correlation coefficient inferred from

collocated data Z1(u), Z2(u).

The experimental (semi-)variogram of the rain gauge point data is calculated and fitted with

a range of authorized functions. The best fit is chosen using least squares weighted to the number of

comparisons at each lag separation n(u). The spatial correlation of the rain gauge data and collocated

TRMM is established to provide the spatial correlation model of the merged rainfall. The TRMM

correlation map approximates the cross-correlogram model using the Markov approach. Following

Equation (4), the cross-correlogram can be estimated directly from Z1 correlogram and from the

correlation coefficient between Z1(u) and Z2(u).

The main assumption underlying the Markov–type model is that the variogram of the gauge

data is proportional to the cross-variogram. The results section shows how this proportionality

assumption holds.

2.4. Estimation of Gauge-Based Rainfall by Block Kriging

In this study, block kriging (BK) was used to upscale the rain gauge observations (from points to

approx. 25 km2 blocks). BK uses a moving neighborhood—or block—of given dimensions to estimate

the average Z value over a surface. The average value of attribute Z over a block V centered at u,

the block mean value Zv(u) is defined as

Zv(u) =
1

N

N

∑
i=1

Z(ui) (7)

The block value Zv(u) is a linear average of the N point estimators and has a minimum variance

of estimation error. The block ordinary kriging system is written as [41]



















n(u)

∑
β=1

λβV(u)C
(

uα − uβ

)

+ µV(u) = C(uα, V(u)) f or α = 1, . . . , n(u)

n(u)

∑
β=1

λβV(u) = 1

(8)

where µ is a Lagrange multiplier, C(uα, V(u)) is approximated by the arithmetic average of the point

support covariances C
(

uα − u′

i

)

defined between location uα and the N points u′

i discretizing the

block V(u).

2.5. Calculation of Rainfall Erosivity from Merged Daily Rainfall Data

The rainfall erosivity in the RUSLE is calculated from the total kinetic energy and the maximum

30 min intensity of individual events. However, continuous long-term rainfall data with high temporal

resolutions are often unavailable in many areas of the world. For that reason, many efforts have been

made to estimate rainfall erosivity by using daily rainfall data [42,43]. Zhang et al. [44] developed

a power function model to estimate rainfall erosivity based on daily rainfall data that is widely used

in China, including in the First National Water Conservancy Survey [8,12,45,46]. Zhang and Fu [47]

estimated rainfall erosivity from daily, monthly, and annual rainfall and verified each model by

EI30. Their results indicated that the performance of a daily-based model was obviously better with
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an average coefficient of determination of 0.718 and an average relative error of 4.2% [44]. This method

obtains annual and monthly rainfall erosivity by aggregating rainfall erosivity of each half-month

Mi = α
k

∑
j=1

(Di
j)

β
(9)

where Mi is the rainfall erosivity of the i half-month (MJ mm ha−1 h−1); k is the number of days in the

i half month; Di
j is the effective rainfall for day j of the i half-month, which is equivalent to the actual

rainfall if the rainfall is larger than the threshold value of 12 mm, which has become a standard value

widely used for China’s erosive rainfall [12,48]. Otherwise, Di
j is equal to zero. The parameters α and

β are defined as

α = 21.586β−7.1891 (10)

β = 0.8363 +
18.114

Pd12
+

24.455

Py12
(11)

where Pd12 is the average daily rainfall that is larger than 12 mm and Py12 is the yearly average rainfall

for days with rainfall larger than 12 mm.

The R factor for each year is calculated as the sum of the half-month rainfall erosivity in a year

and, in this study, is subsequently averaged to obtain the long-term mean R value for the period from

2002 to 2013. Using the daily rainfall formula (Equation (9)), the mean annual rainfall erosivity is

calculated for each of the 0.25◦ × 0.25◦ pixel as well as for 650 rain gauges across China and for each

time step. As mentioned above, TRMM is a rainfall product with a global coverage between 50◦ S and

50◦ N. The use of TRMM with the proposed methodology excludes a small part of China. To facilitate

direct comparisons with the TRMM data, all the analysis in this study will be consistent with the

spatial resolution and coverage of TRMM.

2.6. Uncertainty Estimation

Rain gauge measurements at 217 rain gauges are used as the testing data set for assessment of

the performance of the BK-based rain gauge data (hereafter BK gauges) and the TRMM and ColCOK

rainfall data. Comparison criteria are calculated, including root mean square error (RMSE), bias, and

coefficient of determination (R2).

RMSE =

√

1

n

n

∑
i=1

(P̂i − Pi)
2

(12)

Bias =
n

∑
i=1

P̂i/
n

∑
i=1

Pi − 1 (13)

where n is the total number of gauges in the analysis, and P̂i and Pi represent the observed and

estimated rainfall at a particular rain gauge, respectively.

3. Results

3.1. Spatial Distribution of Daily Rainfall

In this study, collocated cokriging (ColCOK) was used to merge the rain gauge and TRMM

measurements to improve the quality of the daily rainfall data for the period from 2002 to 2013.

Two days (3 June 2012 and 9 November 2012) are chosen to show the type of outcomes from the

methodology and to make comparisons of the rainfall datasets. On these two days rainfall occurs

in every climate region across China. The variograms of the BK gauges rainfall data are shown in

Figure 2a,b. The cross-correlogram between the BK gauges and TRMM data are shown in Figure 2c,d.
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Figure 2. Semi-variogram of block-kriging (BK) gauges rainfall data for (a) 3 June 2012 and

(b) 9 November 2012; cross-correlogram between the BK gauges and TRMM data for (c) 3 June 2012

and (d) 9 November 2012.

The spatial distribution maps of daily rainfall for 3 June 2012 and 9 November 2012 are shown

in Figure 3. On 3 June 2012, large areas of southwest China—for example Hengduan Mountain and

Sichuan Basin—have recorded rainfall. Heavy rainfall also occurs in the areas around the border of

the Northeast China Plain and in southern China (Figure 3a–c). On 9 November 2012, rainfall mainly

occured in the humid regions of southeastern China. There is a broadly similar pattern of rainfall

estimated by BK gauges, TRMM, and ColCOK (Figure 3d–f). The inclusion of the TRMM data using

ColCOK does not change the general pattern of BK gauges. However, it improves the visual impression

of the rainfall map estimates, particularly in the arid areas (Figure 3c,f). This pattern suggests that the

TRMM rainfall data provide important information in areas where the rain gauge network is sparse.

Notwithstanding those similarities, there is a difference between these three measures over China and

the uncertainty of these data sets should be estimated.

Table 2 presents the validation results of the BK gauges, TRMM, and ColCOK estimates in

comparison with the 217 rain gauge measurements (Figure 1) for the 3 June 2012 and 9 November 2012

across China. The technique explicitly improves the estimation accuracy compared with that of the BK

gauges and TRMM data alone (Table 2) and the patches of rainfall evident in the gauge and satellite

data are matched by the merged estimates (Figure 3). Overall, there are differences between daily

rainfall estimates produced with and without the ColCOK method. The highest correlation between

BK gauges and testing rain gauges was obtained in the humid regions, while the lowest correlation

between them was obtained in the arid regions. TRMM estimates alone are likely to underestimate

rainfall (evident by the positive biases for these two days), especially for the semi-humid and semi-arid
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regions, while ColCOK tends to overestimate daily rainfall only slightly for nearly all the climate

regions and China as a whole (Table 2). The rainfall estimates from ColCOK produce less error than

those from BK gauges and TRMM with respect to error statistics. Compared with estimates from

TRMM alone, ColCOK improved the value of R2 by more than 40% from 0.47 to 0.66 across China for

3 June 2012, and decreased the value of bias by more than 16 times from 2.67 to −0.16 across China for

9 November 2012.

Figure 3. Maps of daily rainfall (mm) measured at (a) BK gauges, (b) Tropical Rainfall Measuring

Mission (TRMM), and (c) collocated cokriging (ColCOK) for 3 June 2012; and (d) BK gauges, (e) TRMM,

and (f) ColCOK for 9 November 2012 at 0.25◦ × 0.25◦ grid across China.

Table 2. Overall performance of the validation results of TRMM and ColCOK estimates in comparison

to rain gauge measurements for 3 June 2012 and 9 November 2012 for each of the 217 testing rain

gauges across China.

Climate
Region

BK Gauges TRMM ColCOK

RMSE Bias R2 RMSE Bias R2 RMSE Bias R2

3 June 2012
Humid 38.61 −0.30 0.67 18.48 1.72 0.34 33.11 −0.27 0.73

Semi-humid 42.64 −0.03 0.53 8.58 2.88 0.83 39.76 −0.03 0.55
Semi-arid 22.27 0.13 0.15 9.76 2.89 0.18 21.00 0.01 0.21

Arid 9.40 −0.54 0.09 4.34 0.04 0.53 7.71 −0.69 0.17
China 35.01 −0.21 0.61 14.18 2.00 0.47 30.63 −0.20 0.66

9 November 2012
Humid 29.57 0.14 0.79 19.31 2.64 0.55 28.05 −0.07 0.84

Semi-humid 4.54 −0.30 0.19 0.38 24.41 0.22 2.36 −0.74 0.29
Semi-arid 5.75 −0.16 0.77 3.60 4.02 0.00 8.05 −0.65 0.56

Arid 1.51 0.94 0.04 7.33 0.75 0.01 0.39 −0.69 0.01
China 20.78 0.11 0.76 13.32 2.67 0.53 18.15 −0.16 0.83

3.2. Mean Annual Rainfall Erosivity over China

The maps of spatial distribution of mean annual rainfall erosivity (2002–2013), estimated by BK

gauges, TRMM, and ColCOK at 0.25◦ × 0.25◦ resolution are shown in Figure 4a–c. Based on the

estimation of BK gauges, TRMM, and ColCOK, the largest erosivity (>10,000 MJ mm ha−1 h−1 yr−1) is

found in areas where the rainfall is most intense and frequent, for example along the southern coast

of humid regions, on the Hainan Island, and in parts of Guangdong Province. Medium erosivity
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(5000–10,000 MJ mm ha−1 h−1 yr−1) occurs in the south of the Yangtze Plain (Figure 4c). Arid areas,

such as Tarim Basin and Qaidam Basin, show the smallest erosivity below 100 MJ mm ha−1 h−1 yr−1.

A map of interquartile range (IQR; 75th minus 25th percentile) of rainfall erosivity that was calculated

by ColCOK for each 0.25◦ × 0.25◦ pixel is shown in Figure 4d. The map of IQR shows the spatial

uncertainty of rainfall erosivity. Figure 4d shows that rainfall erosivity over China, estimated by

ColCOK, has a minimum uncertainty (IQR < 10 MJ mm ha−1 h−1 yr−1) in the northwest and increases

gradually towards the southeast of China.

−

− − − − − − − −

− − −

− − − − − − − − −

− − −

Figure 4. Spatial distribution maps of annual rainfall erosivity based on: (a) BK gauges, (b) TRMM,

(c) ColCOK, and (d) interquartile range (IQR) of rainfall erosivity based on ColCOK at 0.25◦ × 0.25◦

for the 2002 to 2013 period, across China.

The yearly time series of precipitation and rainfall erosivity during 2002–2013 across the climate

regions of China are shown in Figure 5. The yearly precipitation and rainfall erosivity values are

calculated based on 650 rain gauges stations across China. Rainfall in humid regions has a larger

erosivity value than that in the other regions. Generally, winter and summer monsoons are distinctly

developed in the humid regions. The monthly and inter-annual variations in precipitation are obvious

over these regions, which in turn contribute to the highest annual rainfall erosivity. The annual

rainfall erosivity value estimated by BK gauges, TRMM, and ColCOK is 3204.26 MJ mm ha−1 h−1 yr−1,

3425.29 MJ mm ha−1 h−1 yr−1, and 2838.63 MJ mm ha−1 h−1 yr−1, respectively, while the value

calculated by rain gauges is 2854.48 MJ mm ha−1 h−1 yr−1. TRMM based rainfall erosivity shows

larger values than that calculated by BK gauges and ColCOK in the humid, semi-humid, and semi-arid
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regions. Rainfall erosivity calculated by ColCOK is less than that estimated by BK gauges and TRMM

and is similar to the values calculated by rain gauges.

Figure 6 provides a summary of the evaluation by comparing the estimates of the BK gauges,

TRMM, and ColCOK in this study and the calculated annual rainfall erosivity at the location

of the 217 testing rain gauges. The IQR of rainfall erosivity that was estimated by BK gauges,

TRMM, and ColCOK is 4189.51 MJ mm ha−1 h−1 yr−1, 4334.07 MJ mm ha−1 h−1 yr−1, and

4189.03 MJ mm ha−1 h−1 yr−1, respectively, while the IQR of gauge-based rainfall erosivity is

4365.3 MJ mm ha−1 h−1 yr−1. Table 3 shows the overall performance of the estimated results in

this study. In general, ColCOK improves R2 and decreases RMSE in each climate region and across

China. ColCOK underestimates rainfall erosivity values in the humid regions.

 
(a)

 
(b)

− − −
− − −
− −

− −

Figure 5. Temporal distribution of (a) annual precipitation and (b) rainfall erosivity in different climate

regions and across the whole of China for 2002–2013.

Table 3. Overall performance of validation results of the BK gauge-, TRMM-, and ColOCK-based

yearly rainfall erosivity estimates in comparison with the 217 testing rain gauges.

Climate
Region

BK Gauges TRMM ColCOK

RMSE Bias R2 RMSE Bias R2 RMSE Bias R2

Humid 1298.97 0.06 0.70 2185.74 0.02 0.50 1063.08 0.03 0.80
Semi-humid 556.09 −0.10 0.76 1253.92 −0.20 0.28 465.12 −0.12 0.81

Semi-arid 233.17 −0.02 0.75 731.86 −0.19 0.11 207.59 −0.19 0.74
Arid 84.39 −0.32 0.58 82.39 0.10 0.52 55.91 −0.69 0.59

China 988.37 0.03 0.86 1649.71 −0.02 0.72 796.62 −0.01 0.91
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Figure 6. Scatter plot between the rain gauge calculated annual R factor and the estimated annual R

factor from: (a) BK gauges, (b) TRMM, and (c) ColCOK, based on the 217 testing data set for 2002–2013.

4. Discussion

The spatial characteristics of rainfall are essential for the mapping of its erosive force and

should be considered before calculating rainfall erosivity. Few studies have assessed rainfall

characteristics using gauge-satellite merged products [32–35,49] and none of these studies have

measured and mapped rainfall erosivity using precipitation estimates obtained from these merged

techniques. Several attempts have been made to evaluate and map rainfall erosivity on a national

scale using gauge data, for example in Brazil [50–52], Korea [1] and the United States [53]. Due to the

limitations of field measurements and surveys, most efforts have been made to estimate regional

rainfall erosivity in China [12,39,45,54,55] and only a few studies have focused on the national

scale of China [3,46,56]. The spatial pattern of our R factor in China is similar to that of Zhu

and Yu [56] and Qin et al. [46]. The relationship between our estimates and those of Zhu and

Yu [56]—who estimated the R factor using the mean annual precipitation for 22 locations in mainland

China—has an R2 of 0.84 and an RMSE of 1211 MJ mm ha−1 h−1 yr−1. Compared to Qin et al. [46]

(R = 2434 MJ mm ha−1 h−1 yr−1) and Panagos et al. [3] (R = 1600 MJ mm ha−1 h−1 yr−1), our estimates

of rainfall erosivity (R = 2838.63 MJ mm ha−1 h−1 yr−1) are larger because we used a different rainfall

dataset for the estimations of rainfall erosivity. Daily rainfall data from 756 stations and hourly rainfall

records from 387 stations were used by Qin et al. [46] and Panagos et al. [3], respectively. However,

the rainfall data that we used was based on the daily gauge-satellite merged products.

The results from the present study indicate that the ColCOK provides an appropriate method to

estimate daily rainfall. The technique explicitly improves estimation accuracy compared to TRMM data

(Table 2) and the patches of rainfall evident in the gauge and satellite data are matched by the merged

estimates (Figure 3). TRMM tends to severely underestimate daily rainfall, especially for humid and

semi-humid regions, while ColCOK tends to overestimate daily rainfall only slightly for all climate

regions and China as a whole (Figure 3 and Table 2). The ColCOK estimates provide more reliable

results than TRMM alone at the rain gauge locations (Table 2). However, the BK gauge estimates are

subject to measurement errors, particularly over semi-arid and arid regions, due to the difficulty of

interpolating sparse rain gauge measurements. The inclusion of the TRMM data using ColCOK does

not change the general pattern of BK gauges. However, it improves the visual impression of the rainfall

map estimates, particularly in the semi-arid and arid areas (Figure 3c,f). This pattern suggests that the

TRMM rainfall data provide important information for areas where the rain gauge network is sparse.

Figure 5a shows a concentration of heavy rainfall in the wet season, overlapping with the tropical

monsoon period, and contributing more than 80% of the annual rainfall. Evidently, wet seasonal

rainfall strongly influences rainfall erosivity across China. Winter and summer monsoons are distinctly

developed in the humid regions of southern China. The monthly and inter-annual variations in

precipitation are striking over these regions, which in turn contribute to the highest annual rainfall
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erosivity (Table 3). Rainfall in the semi-humid region has a similar temporal distribution trend to the

rainfall for the whole of China (Figure 5). The rainfall records during the winter and spring months

come from several precipitation events of relatively small intensity. In contrast, the precipitation in

summer and autumn is typically caused by a few very intense events (Figure 5a). The intense summer

rainfall in the humid regions, especially along the East Asian monsoon climate zone, should be a focus

for soil conservation to prevent soil erosion and ensure food security.

The areas around the China–India border, the southern Himalayas and Hengduan Mountains,

are located in the subtropical monsoon humid climate region and have a complex topography.

Fan et al. [57] investigated the characteristics of rainfall erosivity in Tibet and found a peak value

of annual rainfall erosivity (about 1600 MJ mm ha−1 h−1 yr−1) in these regions. The large rainfall

erosivity is likely caused by the intense rainfall between May and September. However, compared

with ColCOK based annual rainfall erosivity, the annual rainfall erosivity calculated using the TRMM

data showed large overestimates over this region (Figure 4b). These results suggest that TRMM may

not provide a precipitation estimate suitable for these regions due to the complex effects of wind,

wetting loss, and other factors. Similar annual rainfall erosivity was estimated in the arid regions

by both ColCOK and TRMM. For these regions, annual rainfall erosivity was estimated at less than

100 MJ mm ha−1 h−1 yr−1. As mentioned above, the rain gauge data is not evenly distributed over

the arid regions (Figure 1). This similarity is attributed to the spatial overlap between ColCOK and

TRMM data at unsampled locations in the cokriging procedure. In addition, it may also be caused by

the limited rainfall in these areas.

5. Conclusions

This study explored and mapped rainfall erosivity based on merged daily rainfall data at

0.25◦ × 0.25◦ spatial resolution across China (2002–2013). The application of ColCOK is an attempt to

produce improved daily rainfall data at a finer spatial resolution with higher accuracy. The merged

daily rainfall was applied to estimate rainfall erosivity across China, in which precipitation is

highly variable in time and space. The rainfall data used are the most up-to-date and rigorously

quality-controlled data available for China. Daily rainfall estimates based on the merged rainfall

data have a higher accuracy than BK gauges and TRMM alone. Compared with estimated rainfall by

TRMM alone, ColCOK improved the value of R2 by more than 40% from 0.47 to 0.66 across China for

3 June 2012, and decreased the value of bias by more than 16 times from 2.67 mm to −0.16 mm

across China for 9 November 2012. Compared with estimated rainfall by BK gauges, ColCOK

improved the performance of validation results for almost all the climate regions for 3 June 2012

and 9 November 2012. The limited rain gauges, particularly in western China, influence the accuracy

of rainfall estimates by BK gauges. The ColCOK estimates, which incorporate the TRMM data, improve

upon BK estimates in the regions where gauge densities are less than one gauge per pixel.

The average annual rainfall erosivity across China, based on the ColCOK, is estimated to be

2838.63 MJ mm ha−1 h−1 yr−1. Humid regions affected by the tropical climate in China have the

largest average annual rainfall erosivity values, while the arid regions have the smallest average annual

erosivity values. The striking changes of rainfall amount, rainfall intensity, and rainfall spatio-temporal

distribution in the humid regions contribute to the highest annual rainfall erosivity. The estimates of

rainfall erosivity based on the ColCOK methodology showed a strong correlation with those estimates

based on the testing data set (R2 = 0.91). The overall performance of the estimated rainfall erosivity in

comparison to the testing rain gauges showed that ColCOK improved the value of R2 from 0.86 and

0.72 to 0.91 in China, and decreased the value of RMSE from 988.37 MJ mm ha−1 h−1 yr−1 and

1649.71 MJ mm ha−1 h−1 yr−1 to 796.62 MJ mm ha−1 h−1 yr−1. The rainfall erosivity maps and

technique used in this study provide a useful tool for erosion assessments, especially in the otherwise

data-poor environments of China and elsewhere in the world.
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