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Abstract This paper applied the Revised Universal Soil
Loss Equation (RUSLE), remote-sensing technique, and
geographic information system (GIS) to map the soil erosion
risk in Miyun Watershed, North China. The soil erosion
parameters were evaluated in different ways: the R factor
map was developed from the rainfall data, the K factor map
was obtained from the soil map, the C factor map was
generated based on a back propagation (BP) neural network
method of Landsat ETM? data with a correlation coefficient
(r) of 0.929 to the field collected data, and a digital elevation
model (DEM) with a spatial resolution of 30 m was derived
from topographical map at the scale of 1:50,000 to develop
the LS factor map. P factor map was assumed as 1 for the
watershed because only a very small area has conservation
practices. By integrating the six factor maps in GIS through
pixel-based computing, the spatial distribution of soil loss in
the upper watershed of Miyun reservoir was obtained by the
RUSLE model. The results showed that the annual average
soil loss for the upper watershed of Miyun reservoir was
9.86 t ha-1 ya-1 in 2005, and the area of 47.5 km2 (0.3%)
experiences extremely severe erosion risk, which needs
suitable conservation measures to be adopted on a priority
basis. The spatial distribution of erosion risk classes was
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66.88% very low, 21.90% low, 6.19% moderate, 2.90%
severe, and 1.84% very severe. Among all counties and
cities in the study area, Huairou County is in the extremely
severe level of soil erosion risk, about 39.6% of land suffer
from soil erosion, while Guyuan County in the very low
level of soil erosion risk suffered from 17.79% of soil erosion in 2005. Therefore, the areas which are in the extremely
severe level of soil erosion risk need immediate attention
from soil conservation point of view.
Keywords Risk assessment  Soil erosion  RUSLE 
Remote sensing  GIS  Miyun Watershed

Introduction
The adverse influences of widespread soil erosion on soil
degradation, agricultural production, water quality, hydrological systems, and environments, have long been recognized as severe problems for human sustainability (Lal
1998). And it has far-reaching economic, political, social,
and environmental implications due to both on-site and offsite damages (Thampapillai and Anderson 1994; Grepperud 1995). Erosion and degradation not only decrease land
productivity, but can also result in major downstream or
off-site damage than on-site damage.
Many empirical models, based on geomorphological
parameters, were developed in the past to quantify the
sediment yield for assessing soil erosion from the watershed (Misra et al. 1984; Jose and Das 1982). Many other
methods are extensively used for prioritization of the
watersheds (Bali and Karale 1977; Wischmeier and Smith
1978). In practice, the Universal Soil Loss Equation
(USLE) and later the Revised Universal Soil Loss Equation
(RUSLE) have been the most widely used models in
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predicting soil erosion loss. Traditionally, these models
were used for local conservation planning at an individual
property level. The factors used in these models were
usually estimated or calculated from field measurements.
The methods of quantifying soil loss based on erosion
plots possess many limitations in terms of cost, representativeness, and reliability of the resulting data. They cannot
provide spatial distribution of soil erosion loss due to the
constraint of limited samples in complex environments. So,
mapping soil erosion in large areas is often very difficult
using these traditional methods.
The use of remote sensing and geographical information
system (GIS) techniques makes soil erosion estimation and
its spatial distribution feasible with reasonable costs and
better accuracy in larger areas (Millward and Mersey 1999;
Wang et al. 2003; Boggs et al. 2001; Bartsch et al. 2002;
Wilson and Lorang 2000). They showed that such methods
provided significantly better results than using traditional
methods. In general, remote-sensing data were primarily
used to develop the cover-management factor image
through land-cover classifications (Millward and Mersey
1999; Reusing et al. 2000; Ma et al. 2003), while GIS tools
were used for derivation of the topographic factor from
DEM data, data interpolation of sample plots, and calculation of soil erosion loss (Cerri et al. 2001; Bartsch et al.
2002; Wang et al. 2003).
The Miyun reservoir, which is situated on Chaobaihe
River, supplies drinking water for Beijing, the capital of
China, which has a population of 14.93 million. Sediments
and nutrients from agricultural, pastoral, and forestry lands
reaching the reservoir with soil erosion are the main
sources of pollution, and have an impact on the safety of
water supply for Beijing, and on the operation and life span
of the reservoir (Zhou and Wu 2005). In terms of erosion,
the soils are under a serious risk due to hilly topography,
soil conditions (i.e. fine texture, low organic mater, poor
plant coverage due to semi-arid climate), and inappropriate
agricultural practices (excessive soil tillage and cultivation
of steep lands). In order to protect the water quality, it is
necessary to reduce the soil erosion in the upper stream of
Miyun reservoir (Yang et al. 2005). The evaluation of
current situation of erosion is very important for determining the type of conservation measures to be applied; it
is very crucial to estimate the status of soil erosion, especially risk assessment, at regional-scale for sustainable
management and conservation of the agricultural areas. In
conclusion, the objective of this study was to use a simplified RUSLE model based on the integration of remote
sensing and GIS to directly assess the soil erosion risk and
to individuate areas susceptible to soil erosion requiring
soil conservation planning and its application in the upper
watershed of Miyun reservoir in China.
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Description of the study area
The Miyun reservoir watershed is located in the northern
area of Beijing (Fig. 1), between 40°190 –41°380 N and
115°250 –117°350 E with an area of about 15,788 km2,
including parts of Miyun, Huirou, and Yanqing Counties of
Beijing and Guyuan, Chicheng, Chongli, Luanping, Huilai,
Fengning, Xinglong, Chengde, and Zhangjiakou Counties
or Cities in Hebei Province.
The northwest part of the study area is gently mountainous, while the southeast part is mainly hilly and partially plain. The altitude varies between 150 and 1,800 m
above sea-level.
Climatic conditions in the area reflect the typical continental monsoon climate with 488.9 mm annual average
rainfall. Distribution of precipitation is generally decreasing from southeast to northwest, and precipitations are
concentrated between July and September. Annual average
temperatures in upper and lower watershed are 9 and 25°C,
respectively.
In this region, the soil layer is thin. According to
Chinese Soil Taxonomy (Chinese Soil Taxonomy
Research Group 1995), mountain meadow soil, brown
forest soil, and cinnamon soil are the main soil taxa. The
annual average soil erosion measured at the reservoir
(Chinese River Sediment Bulletin 2006) is 12–16 t ha-1
and the annual amount of bedloads is about 5.72 million tons. The region suffers a severe soil erosion and it is
considered a priority area for soil conservation project in
China in the 21st century (Chinese River Sediment
Bulletin 2006).

Satellite data image pre-processing
Four scenes of Landsat ETM? images at spatial resolution
of 30 m acquired on 14th and 21st November 2005 were
used in this study (Table 1). Besides geometric correction,
an atmospheric correction is required to keep images
consistent. The raw image data were processed by the
ENVI 4.4 software.
A digital elevation model (DEM) with a spatial resolution of 30 m was derived from topographical map at
1:50,000 scale, surveyed by State Bureau of Surveying and
Mapping in 1980s.
The land use/cover maps at 1:50,000 scale in the study
area were used to value the classes of the land cover
(Institute of Geographic Sciences and Natural Resources
Research, CAS in 1989s). The classes of land cover include
farmland, forest land, grass land, water area, construction
area, sandy land, meadow land, alkaline land, naked soil,
and naked rock.
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Fig. 1 Location of the study
area

Table 1 Landsat ETM? images used in the study

Table 2 Soil erosion risk level and intensity

Image no

Path/Row

Date

1

123-031

14 Nov 2005

2

123-032

14 Nov 2005

3

124-031

21 Nov 2005

4

124-032

21 Nov 2005

Materials and methods
Classification of soil erosion in China
The study area suffers from soil erosion with higher
intensity and is also at high-level risk of soil erosion. In the
national professional standard of SL190-96 Standards for
classification and Gradation of Soil Erosion, soil erosion
intensity was divided into six degrees. With SL190-96
Standards, the monitoring of soil erosion has been successively carried out at national and regional scales in
China (Zhao et al. 2002; Chen et al. 2005).
In this study, the soil erosion risk is also classified into
six levels according to water and soil erosion density in
SL190-96 (Table 2) (The Ministry of Water Resources of
the People’s Republic of China 1997; Qiao and Qiao 2002;
Li and Luo 2006).

Intensity

Soil loss (t ha-1 ya-1)

Very low

Slight

\10

Low

Light

10–25

Moderate

Moderate

25–50

Severe

Severe

50–80

Very severe

Very severe

80–150

Extremely severe

Extremely severe

[150

Erosion risk level

Revised Universal Soil Loss Equation
The RUSLE represents how climate, soil, topography, and
land use affect rill and interrill soil erosion caused by
raindrop impact and surface runoff (Renard et al. 1997). It
has been extensively used to estimate soil erosion loss and
to assess soil erosion risk. Moreover, the RUSLE can
indicate better development and conservation plans in
order to control erosion under different land-cover conditions, such as croplands, rangelands, and disturbed forest
lands (Millward and Mersey 1999; Boggs et al. 2001; Mati
and Veihe 2001; Angima et al. 2003). The RUSLE equation is:
A¼RKLSCP

ð1Þ
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where, A is the computed amount of the average soil loss in
t ha-1 ya-1, R the rainfall erosivity factor in
MJ mm ha-1 h-1 ya-1, K the soil erodibility factor in
t h MJ-1 mm-1, L the slope length (m), S the slope
steepness (%), C the crop management factor, and P the
erosion control practice factor. Factors C and P are
dimensionless.
Rainfall erosivity factor (R)
The rainfall erosivity index, R factor, in the USLE and
RUSLE models, is an index of rainfall erosivity which is
the potential ability of the rain to cause erosion.
A storm’s maximum 30-min precipitation intensity must
be known to compute the storm’s erosion index. If a
station has not recorded 30-min intensities and only
monthly and annual rainfall, the 30-min intensity of the
nearest station was assumed to be representative. From
long-term monthly and annual rainfall totals, and rainfall
intensities from the eight meteorological stations, the
rainfall R factor for each station was found by (2) (Bu
et al. 2003), and the location of the rain gauges is shown
in Fig. 2:
Rj ¼ 0:1281  I30B  Pf  0:1575  I30B

ð2Þ

where, Pf is annual rainfall (mm), R is mean annual erosivity (MJ mm ha-1 h-1 ya-1) and I30B is a storm’s maximum 30-min intensity (mm/h).

Fig. 2 Location of the rain
gauges and in situ sampling
sites
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Soil erodibility factor (K)
The soil erodibility factor (K), represents both susceptibility of soil to erosion and the amount and rate of runoff,
as measured under standard plot conditions. The soil data
used in this study were collected and derived from the
Second Soil Investigation in China. For each soil type,
percentages of clay, silt, and sand were used to estimate
K based on the class descriptions. K was estimated using
(3) (Wischmeier and Smith 1978):
K ¼ ½2:1  104  ð12  aÞ  ½Ss  ð100  ScÞ1:14
þ 3:25  ðb  2Þ þ 2:5  ðc  3Þ=100  0:1317
ð3Þ
-1

-1

where, K is the soil erodibility factor (t h MJ mm ), Ss
and Sc are the products of the dominant size component,
and the percentage of the clay, respectively. a is the percentage of organic matter in %, b the soil structure
(Table 3), c the soil saturation capability (Table 4).
Cover (C), and conservation practices (P)
In the USLE/RUSLE models, the cover factor (C) is an
index which reflects, on the basis of the land use, the effect
of cropping practices on the soil erosion rate. In this study,
the factor C was calculated from the predominant crops
using the back propagation (BP) neural network (Chen
et al. 2008).
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Table 3 Soil structure status criteria
a (%)

B0.5

0.51–1.5

1.51–4.0

C4.0

b

4

3

2

1

Table 4 Soil saturation capability criteria
Sc (%)

B10

10–15.9

16–21.6

21.7–27.4

27.5–39

[39.1

c

1

2

3

4

5

6

The BP algorithm is an error-based learning process
consisting of two phases. The network can be activated by
the input vectors in the first phase, and the output generated through the algorithm process. The error is defined
as the difference between the network output and the
desired output. The error is computed in the second
phase, and is then propagated backward. The total square
errors are fed from the output layer back through the
hidden layers to the input layer, and the connection
weights can be changed accordingly. This process is
repeated until the error is below a certain value, which
means the propagation reaches an acceptable precision.
Then the network is properly trained, and is ready for
prediction.
To achieve a proper training result, several parameters
need to be set up, such as the network topology structure,
the number of hidden layers, the number of nodes in each
hidden layer, the learning rate, the initial weight value
(evenly distributed in a small range to avoid the saturation
of neurons), and the training iteration times (momentum
factor to avoid partial minimization). Since the method is
always ambiguous, many trials are needed before the best
parameter values could be determined.
Many researchers built up the relationship between
vegetation index and the vegetation cover, and obtained
satisfied results (Dymond et al. 1992; Graetz et al. 1988;
Purevdorj et al. 1998). In this paper, three vegetation
indices and their different combinations were taken as
input layer to test the neural network, which were NDVI,
soil adjust vegetation index (SAVI), and modified soil
adjust vegetation index (MSAVI).
Finally, the network topology structure is shown in
Fig. 3. The number of nodes in hidden layer is six, and
the NDVI and SAVI images are taken as the input
values, and the C factors of Miyun reservoir watershed
are the output layer. As a consequence of the Stone–
Weierstrass theorem, all three-layer (one hidden layer)
feed-forward neural networks the neurons of which use
arbitrary activation functions are capable of approaching
any measurable function from one finite dimensional
space to any desired degree of accuracy (Homik et al.
1989).

Fig. 3 Structure of the BP neural network used for C factor
evaluation

Slope length and steepness factor (LS)
For LS calculations, the original USLE formula for estimating the slope length and slope steepness can be used
(Wischmeier and Smith 1978). LS may be calculated from
one of the three different functional forms of equation:
linear, power, and polynomial. In this study, equation in
power form is used. Liu et al. (2000) reported that an
increase in the slope steepness from 20 to 40 and 60%, the
slope length exponent did not change. Therefore, in the
present study separate equations for slope gradient \21%
as given in the USLE (4) and for areas with a slope gradient
[21% as incorporated in the RUSLE (5) have been used
(Renard et al. 1997; Deore 2005).
LS ¼ ðL=22:1Þm  ð65:41  sin2 h þ 4:56  sin h þ 0:065Þ
ð4Þ
LS ¼ ðL=22:1Þ0:7  ½6:432  sinðh0:79 Þ  cos h

ð5Þ

where L is slope length in m, h is angle of the slope, m is an
exponent that depends on slope steepness (0.5 for slopes
B5%, 0.4 for slopes B4%, and 0.3 for slopes B3%). m was
taken as 0.5 for slopes between 5 and 21% and as 0.3 for
slopes \5% in (4).

Results and discussion
By using (2), R values of each station were calculated.
Then the input maps of R factor of the whole watershed
were interpolated using a spline interpolation through GIS
(Fig. 4). This map shows the spatial distribution of R values of Miyun Watershed. From Fig. 4, we can see that
R values increased from northwest to southeast depending
on precipitation characteristics. The minimum and maximum R value for the study area was 0.351 and
206.214 MJ mm ha-1 h-1 ya-1, in 2005, respectively.
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Fig. 4 R factor map of the study area
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Fig. 6 Field measured C factor versus BP neural network-derived
C factor

Fig. 5 K factor map of the study area

R values of any place in the study area for USLE and
RUSLE can be obtained from this map.
K values can be obtained by using (3). K values ranged
from 0.117 to 0.3975 t h MJ-1 mm-1. The map of K values was generated to show spatial distribution of erodibility
(Fig. 5).
C values were generated from the remote-sensing data
by using BP neural network method and field survey validation. Figure 6 shows the scatter plot correlations
between the percentage of C values determined with the BP
neural network and the field data from 30 sampling sites.
The correlation coefficient (r) between the field measured
C factor and the one which is retrieved by the BP neural
network is 0.929 with the standard deviation (SD) of 0.048.
The C factor map derived using the BP neural network is
shown in Fig. 7. The C factor values ranged from 0.0041 to
0.1089, which were higher in the low-lying place, because
they can be affected by the man-made disturbance factor.
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Fig. 7 C factor map of the study area derived using BP neural
network method

C factor values of any place in the study area for USLE and
RUSLE can be obtained from this map. P factor values are
assumed as 1 for the watershed, because only a very small
area has conservation practices.
In this paper, a topography map with a spatial resolution
of 30 m was used to develop a map of the slope length and
slope steepness factor (LS) by using (4) and (5) which
depends on slope smaller than 21% or more. The map
obtained showed that LS values are directly related with
the surface relief. LS values were higher in the mountainous area of the Miyun reservoir (Fig. 8). The highest
LS value for the reservoir was calculated as 20.63.
After completing data input procedure and preparation
of R, K, CP, and LS maps as data layers, they were multiplied in GIS environment to draw up the erosion risk map
showing the spatial distribution of soil loss in the study
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area (Fig. 9). Average soil loss was calculated as the
product of each pixel value multiplied by pixel area.
Finally, the ‘administration boundaries’ map of the study
area was overlaid on the final erosion map in order to
determine erosion risk per administrative area, as shown in
Table 5. Annual average soil loss for the Miyun reservoir
watershed was estimated as 9.86 t ha-1 ya-1 in 2005.
In the study area, the loess hilly area has more erosion
risk due to its soil erodibility. More than half of the Miyun
reservoir watershed (66.88%) falls into very low erosion
risk class, where soil loss is lower than 10 t ha-1 ya-1.
Soil loss increases from southeast to the northwest of the
watershed. Maximum soil loss was found in the northwest
part of watershed (more than 150 t ha-1 ya-1). Huairou
County is in the extremely severe level of soil erosion risk
with about 39.6% of land affected by soil erosion, while
Guyuan County in the very low level of soil erosion risk,
with 17.79% of land affected by soil erosion.

Fig. 8 LS factor map of the study area

Conclusions

Fig. 9 Soil loss in the study area evaluated by the RUSLE method

The goal of this study was to assess the soil erosion risk in
the Miyun Catchment (North China) for planning appropriate conservation measures. The model used to calculate
average annual soil loss was the Revised Universal Soil
Loss Equation (RUSLE). With a good correlation relationship of 0.929, the method offers a reliable estimate of
the C factor on a pixel-by-pixel basis, which is useful for
spatial modeling of soil erosion using the RUSLE model.
Based on the BP neural network, the C factor values can be
easily estimated by remote-sensing data with its spatial
distribution.

Table 5 Soil erosion risk in the Counties of the upper watershed of Miyun reservoir in 2005
County

Total area (km2)

Very low
km

2

Low
%

km

2

Moderate
%

km

2

Serve
%

2

km

Very severe
%

km

2

%

Extremely severe
km2

%

Fengling

4,183.12

3,055.37

73.04

881.33

21.07

197.60

4.72

43.01

1.03

5.66

0.14

0.13

Chicheng

5,244.29

3,278.77

62.52

1,348.66

25.72

384.60

7.33

153.56

2.93

72.25

1.38

6.44

0.12

111.73

91.85

82.21

18.40

16.47

1.25

1.12

0.23

0.21

0.00

0.00

0.00

0.00

Chongli

0.00

Chengde

26.58

18.69

70.32

3.51

13.21

1.39

5.23

1.46

5.49

1.32

4.97

0.19

0.71

Guyuan

498.12

442.54

88.84

53.89

10.82

1.47

0.30

0.21

0.04

0.00

0.00

0.00

0.00

Huailai

16.77

11.97

71.38

2.36

14.07

1.12

6.68

0.75

4.47

0.56

3.34

0.00

0.00

Huairou

1,300.08

785.31

60.40

281.23

21.63

97.29

7.48

70.82

5.45

55.89

4.30

9.55

0.73

Luanping
Miyun

1,446.14
1,463.66

883.34
1,004.30

61.08
68.62

361.35
257.53

24.99
17.59

122.15
79.85

8.45
5.46

55.43
60.17

3.83
4.11

22.76
51.74

1.57
3.53

1.10
10.07

0.08
0.69
1.83

Xinglong
Yanqing
Zhangjiakou
Total

471.50

313.34

66.46

71.57

15.18

27.46

5.82

22.66

4.81

27.84

5.90

8.62

1,007.60

662.12

65.71

172.83

17.15

61.16

6.07

48.81

4.84

51.26

5.09

11.40

1.13

18.45

11.61

62.93

4.36

23.63

1.28

6.94

0.71

3.85

0.49

2.66

0.00

0.00

15,788.00

10,559.22

66.88

3,457.03

21.90

976.63

6.19

457.83

2.90

289.78

1.84

47.50

0.30
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Results from the soil erosion risk mapping show that the
soil erosion risk is higher in the northwest than in the
southeast of the watershed. The regional soil erosion risk
map showed that, the average soil loss found was
9.86 t ha-1 ya-1 in the watershed, and the spatial distribution of erosion risk classes was 66.88% very low,
21.90% low, 6.19% moderate, 2.90% severe, 1.84% very
severe, and 0.3% extremely severe. Soils susceptible to
erosion with a soil loss more than 10 t ha-1 ya-1 are found
primarily in the lower watershed, especially in Huairou
County. In this area, priority must be given for protection
of forest and afforestation of steep bare lands and maximize plant coverage by rotation practices in the agricultural
lands. Generated soil loss map is also able to indicate high
erosion risk areas to soil conservationists and decision
makers.
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