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Abstract Soil conservation planning often requires estimates of the spatial distribution of soil
erosion at a catchment or regional scale. This
paper applied the Revised Universal Soil Loss
Equation (RUSLE) to investigate the spatial distribution of annual soil loss over the upper basin
of Miyun reservoir in China. Among the soil erosion factors, which are rainfall erosivity (R), soil
erodibility (K), slope length (L), slope steepness
(S), vegetation cover (C), and support practice
factor (P), the vegetative cover or C factor, which
represents the effects of vegetation canopy and
ground covers in reducing soil loss, has been one
of the most difficult to estimate over broad geographic areas. In this paper, the C factor was estimated based on back propagation neural network
and the results were compared with the values
measured in the field. The correlation coefficient
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(r) obtained was 0.929. Then the C factor and the
other factors were used as the input to RUSLE
model. By integrating the six factor maps in geographical information system (GIS) through pixelbased computing, the spatial distribution of soil
loss over the upper basin of Miyun reservoir was
obtained. The results showed that the annual average soil loss for the upper basin of Miyun reservoir
was 9.86 t ha−1 ya−1 in 2005, and the area of
46.61 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
66.9% very low, 21.89% low, 6.18% moderate,
2.89% severe, and 1.84% very severe. Thus, by
using RUSLE in a GIS environment, the spatial
distribution of water erosion can be obtained and
the regions which susceptible to water erosion and
need immediate soil conservation planning and
application over the upper watershed of Miyun
reservoir in China can be identified.
Keywords Soil loss · RUSLE · BP neural
network · GIS · Remote sensing · Miyun reservoir

Introduction
Soil erosion is a widespread problem in agriculture in the developing countries. The problem has
far-reaching economic, political, social, and envi-
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ronmental implications due to both on-site and
off-site damages (Thampapillai and Anderson
1994; Grepperud 1995). The Miyun reservoir,
which sits on Chaobaihe River, is the main surface
source of the drinking water for Beijing, the capital of China, with the population of 14.93 million.
Water and soil loss from agricultural, pastoral, and
forestry lands is the main reason for sediment entering the reservoir, this process potentially has 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 facilitating water erosion (i.e., fine
texture, low organic mater, and poor plant coverage due to semi-arid climate), and inappropriate
agricultural practices such as excessive soil tillage
and cultivation of steep lands. This widespread
problem threatens the sustainability of agricultural productivity in Miyun reservoir watershed
where economically important diverse crops are
produced. In order to protect the water quality, it
is necessary to reduce the soil erosion and improve
the environment over the upper stream of Miyun
reservoir (Yang et al. 2005). Since the reservoir
operated, a series of environmental measures,
which have obvious effect, such as water protection, afforestation, conversion of farmland back to
forests or grassland, and so on (Gao 1999; Yu et al.
2004), have been taken to restore the deteriorated
land. As there is still a lot of land that suffered
or suffering from soil erosion, the evaluation of
the current situation of erosion is very important
for improvement of endangered areas, and determining the type of conservation measures to be
applied; it is very crucial to estimate the status of
soil erosion, especially for its spatial distribution,
at regional-scale for sustainable management and
conservation of the agricultural areas.
There are many researches of using soil erosion
models such as the Universal Soil Loss Equation
(USLE) (Wischmeier and Smith 1978) and its
subsequent Revised Universal Soil Loss Equation
(RUSLE) (Renard et al. 1997) and geographical information system (GIS) techniques to make
soil erosion estimation and its spatial distribution
(Wang et al. 2003a, b; López-Vicente and Navas
2009; Onori et al. 2006; Fu et al. 2005). In these
two widely used models, the effect of vegetation
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is accounted for in the vegetation cover factor or
C factor. In both models, the average soil erosion
per year is computed from the product of six factors, namely: rainfall erosivity (R), soil erodibility
(K), slope length (L), slope steepness (S), vegetation cover (C), and support practice factor (P).
From the standpoint of soil conservation planning,
the C factor is the most essential because the landuse changes that are meant to reduce soil erosion
are represented by this factor.
The C factor has been one of the most difficult
USLE or RUSLE factors to estimate over broad
geographic areas. Traditionally, spatial estimates
of vegetation cover, or C factor, have been done
by simply assigning C factor values from literature or field data into a classified land cover map
(cover classification method) (Folly et al. 1996;
Juergens and Fander 1993; Morgan 1995). This
method, however, resulted in C factor estimates
that are constant for relatively large areas, and
do not adequately reflect the spatial variation in
vegetation that exists within large geographic areas (Wang et al. 2002). Errors in classification are
also introduced in the C factor map. To increase
the spatial variability and decrease the influence
of classification errors, direct linear regression has
been performed between image bands or ratios
and C values determined in the field (Cihlar 1987;
Stephens and Cihlar 1982). Gertner et al. (2002)
and Wang et al. (2002, 2003a, b) used joint sequential co-simulation with Landsat TM images for
mapping the C factor from point values. However,
this method is costly and obtaining the appropriate number of sampling points for interpolation is
rather difficult.
Vegetation indices such as Normalized
Difference Vegetation Index (NDVI) have
also been explored for mapping the C factor
by relating it directly to USLE and RUSLE-C
factor by regression analysis. However, satellite
image-driven vegetation indices were found to
have low correlation with the C factor (De Jong
1994; Tweddales et al. 2000). De Jong (1994)
explained that the low correlation is due to
the sensitivity of vegetation to vitality, as the
condition of the vegetation is not always related
to its soil protective function. Despite these issues,
the NDVI is one of the commonly used methods
to determine the C factor using remote sensing
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for soil erosion assessment over regional or large
geographic area (e.g., Cartagena 2004; De Jong
et al. 1999; Hazarika and Honda 2001; Lin et
al. 2002, 2006; Lu et al. 2003; Najmoddini 2003;
Symeonakis and Drake 2004; Van der Knijff et al.
2002).
Other than the USLE and RUSLE, the C factor
is also applied to other erosion models such as the
Morgan and Finney method (Morgan et al. 1984),
ANSWERS (Beasley et al. 1980), WEPP (NSERL
1995), SEMMED (De Jong and Riezebos 1997),
and PCARES (Paningbatan 2001). Thus, it is important to improve the ways in which the C factor
is estimated using remote sensing. A reliable vegetation cover factor estimate is essential for accurate identification and estimation of soil erosion,
which in turn, is needed for sound conservation
planning.
In this paper, back propagation (BP) neural
network is used to map C factor values, and the
results are compared with the values measured in
the field. Then the C factor and the other factors
were used as the input to RUSLE model in GIS
through pixel-based computing to obtain the spatial distribution of soil loss over the upper watershed of Miyun reservoir. Therefore, the objective
of this study was to use remote sensing data and
GIS technique to estimate the spatial distribution
of soil loss over the upper watershed of Miyun
reservoir by using the RUSLE model. Then the
regions which are susceptible to water erosion and
need immediate soil conservation planning and
application over the upper watershed of Miyun
reservoir in China can be identified.

Materials and methods
Study area
The Miyun reservoir watershed is located in the
north area of Beijing (Fig. 1), between 40◦ 19 –
41◦ 38 N and 115◦ 25 –117◦ 35 E with an area of
about 15,788 km2 . 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.
Climate conditions in the area reflect the typical continental monsoon climate with 488.9 mm
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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◦ C
and 25◦ C, respectively.
In the 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 ton/ha and the annual
amount of bedloads is about 5.72 million tons.
The region suffers severe soil erosion and it is
considered a priority area for soil conservation
project in China in twenty-first 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 November 14,
2005, and November 21, 2005, were procured in
this study. 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 valid 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.
Field data collection
Fieldwork was conducted on several occasions
in the upper watershed of Miyun reservoir during the same month the images were taken. The
fieldwork basically involved the measurement of
the C factor estimation. Normally, the C factor
is evaluated from long-term experiments where
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Fig. 1 Location of the rain gauges and sampling sites

soil loss is measured from field plots. However,
in the absence of long-term experimental data, it
is possible to estimate the C factor by using subfactors, which are percentage of ground cover and
bare soil. Prior to the fieldwork, a detailed examination of False Color Composite of a Landsat
ETM+ image and a topographic map of the study
area was conducted to get an overall view and to
systematically identify and select sampling areas
for the C factor evaluation. A GPS was used to
locate and define the sampling areas. Using the
GPS, the Landsat ETM+ pixels that correspond
to a 90 × 90-m area on the ground were identified
(covering 9 pixels of Landsat ETM+). The distance error of the GPS is less than 5 m.
A total of 30 sampling sites were located and
established in the study area (refer to Fig. 1). At
each site, the percentage of vegetation cover and
bare soil were estimated using the overhead photograph method. Measurements were taken by
taking pictures at the sample plot with a vertical

angle by using digital camera while the location of
the sample plot were obtained by using GPS. An
unsupervised classified method, maximum likelihood method, was used to classify the pictures
into 10 classes. Then the 10 classes were classified
into vegetation and bare soil again to compute
the percentage of vegetation cover and bare soil.
More than one picture was taken at one sample
plot. Then the average value of the percentage
of vegetation cover of them was taken as the
measured C factor of the sample plot.

Methods
A model-based approach—RUSLE—was used to
assess soil loss, because it is one of the least data
demanding erosion models that has been developed and it has been applied widely at different
scales. The RUSLE model was chosen because of
its adaptability in estimating sheet and rill ero-
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sion in tropical watersheds (Millward and Mersey
1999). The RUSLE is an updated version that
retains the original structure of the USLE. Its
main advantage is that, although developed to
predict soil loss under temperate conditions, its
use in other regions is possible by the determination of its factors from local data (Lu et al. 2003;
Lufafa et al. 2003; Millward and Mersey 1999).
Additional advantages include data requirements
that are attainable under the limitations common
in developing countries, and its compatibility with
geographic information systems that allow for the
prediction of erosion potential on a cell-by-cell
basis (Millward and Mersey 1999).
In the RUSLE, the mean annual soil loss is
expressed as a function of six erosion factors:
A = R× K × L× S×C × P

(1)

where A is the computed amount of the average
soil loss in tons per hectare per year, R the rainfall
erosivity factor in megajoules per millimeter per
hectare per hour per year, K the soil erodibility
factor in tons per hour per megajoules per millimeter, L the slope length (meters), S the slope
steepness (%), C the crop management factor,
and P the erosion control practice factor. Factors
C and P are dimensionless.
It has been very difficult to calculate the soil
losses for the valley when a traditional sample
method was used to collect the data for the
RUSLE model. Based on field data, researchers in
China have modified parameters and computing
methods to suit reality. In this study, to develop
the monitoring of soil losses in upper watershed
of Miyun reservoir, remote sensing data, DEM,
and land use and land cover GIS data were used.
The values of parameters extracted from satellite
sensor data and generated by GIS for the RUSLE
model were pixel based (Table 1).

Table 1 Landsat ETM+ images used in the study
Image no.

Path/row

Date

1
2
3
4

123-031
123-032
124-031
124-032

Nov. 14, 2005
Nov. 14, 2005
Nov. 21, 2005
Nov. 21, 2005

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. The energy of a given storm depends on
all intensities at which the rainfall occurred and
the amount of precipitation is associated with each
intensity. However, among eight meteorological
stations, there are only five that recorded the
course of every storm. 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 five meteorological
stations, the rainfall R factor for each station is
found by Eq. 2 (Bu et al. 2003). Then R factor
of the whole watershed was interpolated using a
spline interpolation through GIS.
The computing formula is:
R j = 0.1281 × I30B × P f − 0.1575 × I30B

(2)

where P f 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). The
result for 2005 data in the form of an R erosivity
map is shown in Fig. 2.
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. This investigation uses data
on soil properties and maps of soil type distribution. Information on soil surface texture was
derived. For each soil type, percentages of clay,
silt, and sand were used to estimate K based on
the class descriptions. K was estimated using Eq. 3
(Wischmeier and Smith 1978):


1.14
K = 2.1×10−4 × (12 − a)× Ss×(100 − Sc)

+ 3.25×(b −2) + 2.5×(c−3) /100×0.1317
(3)
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Fig. 2 R factor map
of the study area

where K is the soil erodibility factor (t h MJ−1
mm−1 ), Ss and Sc are the products of the dominant
size component, and the percentage of the clay,
respectively. α is the percentage of organic matter
in %, b the soil structural (Table 2), and c the
soil saturation capability (Table 3). Figure 3 shows
spatially distributed of K values for different soil
types in the watershed.
Cover factor (C)
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 neural network (Chen et al.
2008).
The BP algorithm is an error-based learning
process consisting of two phases. The network can

Table 2 Soil structure status criteria
a (%)

≤0.5

0.51–1.5

1.51–4.0

≥4.0

B

4

3

2

1

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,
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Table 3 Soil saturation capability criteria
Sc (%)

≤10

10–15.9

16–21.6

21.7–27.4

27.5–39

>39.1

C

1

2

3

4

5

6

and obtained satisfied results (Dymond et al. 2005;
Graetz et al. 1988; Purevdorj et al. 1998). In this
paper, three vegetation indices and their different
combination were taken as input layer to test the
neural network, which were NDVI, soil adjust
vegetation index (SAVI) and modified soil adjust
vegetation index.
Finally, the network topology structure is
shown in Fig. 4. The number of nodes in hidden
layer is 6, 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) feedforward neural networks whose neurons 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 K factor map
of the study area

Conservation practices (P)
Because only a very small area has conservation
practices, P factor values are assumed as 1 for the
watershed.
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 Eq. 4

612

Environ Monit Assess (2011) 179:605–617

where L is slope length in meters; θ is angle of
the slope; m is an exponent that depends on slope
steepness (0.5 for slopes ≤ 5%, 0.4 for slopes ≤
4%, and 0.3 for slopes ≤ 3%). m was taken 0.5
for slopes between 5% and 21% and 0.3 for slopes
<5% in Eq. 4. Then the LS factor map is obtained
and shown in Fig. 5.
Spatial distribution of soil loss

Fig. 4 Structure of the BP neural network used for C factor
evaluation

and for areas with a slope gradient >21% as incorporated in the RUSLE, Eq. 5 have been used
(Renard et al. 1997; Deore 2005).
LS = (L/22.1)m × (65.41 × sin2 θ + 4.56
× sin θ + 0.065)
(4)




LS = (L/22.1)0.7 × 6.432 × sin θ 0.79 × cos θ
(5)

Fig. 5 LS factor map
of the study area

After completing data input procedure and preparation of R, K, CP, and LS maps as data layers,
they were multiplied in the GIS to provide erosion
risk map which shows spatial distribution of soil
loss in the study area. Average soil loss was calculated as the product of each pixel value multiplied
by pixel area.
In the China national professional standard of
SL190-96 Standards for classification and Gradation of Soil Erosion (The Ministry of Water Resources of the People’s Republic of China 1997),
soil erosion intensity was divided into six grades
as shown in Table 4. According to classification,
erosion risk map based on distribution of soil loss
over Miyun reservoir watershed was prepared.
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Table 4 Soil erosion risk
level and intensity
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Erosion risk level

Intensity

Area
(km2 )

Area
(%)

Soil loss
(t ha−1 ya−1 )

Lower
Low
Moderate
High
Higher
Highest

Slight
Light
Moderate
Severe
Very severe
Extremely severe

10,561.27
3,455.23
974.99
456.1
289.36
45.73

66.9
21.89
6.18
2.89
1.84
0.3

<10
10–25
25–50
50–80
80–150
>150

Results analysis and discussion
Results analysis
By using Eq. 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. 2).
This map shows the spatial distribution of R
values of the upper watershed of Miyun reservoir. From Fig. 2, 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.
K values can be obtained by using Eq. 3. Different K values assigned for the mountain meadow
soil, brown forest soil, and cinnamon soil groups
for upper watershed and lower watershed. K values ranged from 0.117 to 0.3975 t h MJ−1 mm−1
(Fig. 3).

Fig. 6 Field-measured C factor versus BP neural networkderived C factor

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
vegetation cover 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. C factor values of any place in the study
area for USLE and RUSLE can be obtained from
this map.
Because only a very small area has conservation
practices, P factor values are assumed as 1 for the
watershed.
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 Eqs. 4 and 5 which depending 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 mountains area than other place in Miyun reservoir
(Fig. 5). The highest LS value for the reservoir was
calculated as 20.63.
When R, K, CP, and LS factor maps were
obtained, the soil loss map were generated by
consideringR, K, CP, and LS data layers (Fig. 8).
Spatial distribution of soil loss with area is given
in Table 4.
Annual average soil loss for the Miyun reservoir watershed was estimated as 9.86 t ha−1 ya−1
in 2005. Almost half of the Miyun reservoir watershed (66.92%) falls into very low erosion risk
class where soil loss is lower than 10 t ha−1 ya−1 .
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Fig. 7 C factor map of
the study area derived
using BP neural network
method

Soil loss increases from east to west of the watershed. Sediment yield measurements in east
(station name, Xiahui) and west (station name,

Fig. 8 Spatial distribution
map of soil loss in the
study area evaluated by
the RUSLE method

Zhangjiafen) support our results (Table 5). Maximum soil loss was found more than 150 t ha−1 ya−1
at pixel level in the northwest part of watershed.
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Table 5 Measured sediment yields in the study area (Chinese River Sediment Bulletin 2006)
Station name

Location

Years of
observations

Area
(km2 )

Measured average
sediment yield
(t ha−1 ya−1 )

XiaHui

117◦ 9 29
40◦ 37 37
116◦ 47 49
40◦ 35 13

45

6,229.71

1.7

45

9,558.29

1.27

Zhangjiafen

The high range of estimated of average amount
of soil loss, more than acceptable soil loss tolerance (10 t ha−1 ya−1 ) is found primarily in the
lower area of the watershed. The study shows that
5.03% (793.83 km2 ) area is under severe, very
severe, and extremely severe erosion risk. This
part of the watershed also has the highest average
erosivity. Researchers using erosion simulation
models indicated that erosion response is much
more sensitive to rainfall amount and intensity
than the other environmental variables (Nearing
et al. 1990). In this area, priority must be given to
protection of forest and afforestation of bare lands
to reduce erosivity effects on soil loss.
An area about 0.3% (46.61 km2 ) experiences
extremely severe erosion risk, in this area soil
loss was calculated more than 150 t ha−1 ya−1 at
pixel level. This area needs suitable conservation
measures to be adopted on a priority. Lower watershed is situated in flat plains, where the soil erosion by water is not active, but large percentage of
these areas is located in regions with severe erosion potential, where the inappropriate cultivation
practices or crop rotation result in accelerated soil
erosion.
Results discussion
The results obtained are affected by some uncertainties which are associated with several factors.
The simplified Eq. 2 proposed by Bu et al. (2003)
was used in this paper to obtain R factor is the first
uncertainty. The second uncertainty is associated
with the K factor which was computed by means
of a general relationship Eq. 3. The C factor which
was generated by using BP network is the third
uncertainty.
Furthermore, setting the P factors to 1 means
that the Miyun reservoir catchment is an area

Amount of the
sediment
(t ya−1 )
902,000
1,080,000

without any specific support practice. Obviously,
this is not real and implies that soil loss is overestimated. Thus, further analysis is necessary so that
these factors are assigned more likely values.

Conclusion
The goal of this study was to assess the spatial
distribution of soil loss over 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. 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.
From the map of spatial distribution of soil
loss, it showed that the average soil loss found
9.86 t ha−1 ya−1 in the watershed. More than half
of the watershed area is under very low water
erosion risk. Soils susceptible to erosion with a
soil loss more than 10 t ha−1 ya−1 are found
primarily in the lower watershed with regard to
the spatial variation. The main reason for this
is the close relationship with vegetation cover,
rainfall–runoff erosivity, and also associated with
the slopes. Sediment yield measurements verified
the results. 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 conservationist and decision maker.
But, because of the limitation of RUSLE, spatial
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heterogeneity in the catchment, use of empirical data, and soil deposition in the catchment,
there are uncertainties in the predicated value, in
further studies, more attention should be on the
possibilities for coupling RUSLE with models of
routing sediments, such as the sediment delivery
ratio to overcome this limitation.
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