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a b s t r a c t
Accelerated soil erosion, rocky desertiﬁcation and land degradation are three major threats to sustainable agricultural and regional development in karst landscapes, especially in developing countries. Soil erosion mapping is
indispensable for monitoring such environmental changes. In Chahe town, Guizhou, southwest China, the karst
area has suffered severe soil erosion in the second half of the twentieth century. In order to understand the erosion situation and conduct risk evaluation, erosion factors such as rainfall, vegetation cover, slope, land cover and
soil type were integrated by combining spatial data of four different years and using GIS and remote sensing (RS)
techniques to evaluate and map erosion risks. The soil erosion hazard analysis indicates that an average of 42% of
the study area was covered by the moderate erosion throughout the study period. Understanding the spatial and
temporal patterns of accelerated erosion helps to identify appropriate mitigation measures, and suggests that remediation of the karst landscape is progressing slowly, with considerable potential for further recovery.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Anthropogenic soil erosion is a form of soil degradation that accelerates the geomorphic processes of natural soil erosion (Lal, 2001). Rocky
desertiﬁcation is a result of accelerated anthropogenic soil erosion.
Rocky desertiﬁcation can refer to the processes that collectively transform an area previously covered by vegetation and soil into a barren,
rocky landscape (Yuan, 1997). According to Lal (2001), accelerated anthropogenic soil erosion and rock desertiﬁcation are the major environmental problems in developing countries. Deforestation, overgrazing
and unsuitable cultivation practices in developing countries accelerate
the soil erosion rate, especially the rate of water induced soil erosion.
Soil erosion becomes the most important land degradation problem
worldwide (Eswaran et al., 2001) and creates a long-term negative impact on the soil properties (e.g. nutrient losses and reduction of waterholding capacities).
In Southeast Asia and the southwestern part of China, rock desertiﬁcation is a serious issue accompanied with soil erosion in the karst areas.
Socioeconomic factors such as poverty, irrational/intensive land use and
local agriculture practice (Wang et al., 2004) increase the erosion rate,
resulting in increased depletion of topsoil and exposure of rocky debris.
This issue is a serious threat to the long-term sustainability of
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agricultural productivity and regional development. In order to solve
this problem, accurate soil erosion assessment is needed to qualify
and quantify the risks of land degradation from land use change and regional development.
Traditional soil erosion assessment is limited by its data quality and
model structure (Van Rompaey and Govers, 2002). It is ineffective to
predict soil risks over a large spatial extent (e.g. regional scale). Increasing sophistication and cost-effectiveness of spatial technologies enhance soil erosion assessment, monitoring and control. In particular,
remote sensing provides homogeneous data over large spatial extent
with a revisit capability at multi-temporal scale (King and Delpont,
1993; Siakeu and Oguchi, 2000).
Previous GIS-based soil erosion assessments on karst landscapes
were often done using quantitative models that calculated the volume
of soil loss (Drzewiecki et al., 2013; Peng et al., 2008; Xu et al., 2008;
Xu et al., 2009). The approach included the Universal Soil Loss Equation
(USLE) (Wischmeier and Smith, 1978) and Revised Universal Soil Loss
Equation (RUSLE) (Renard et al., 1997) to assess the land degradation.
ULSE and RUSLE are the models using lumped-parameter statistical
methods for estimating net erosion on individual slopes. These models
can generally evaluate the erosion risks in regional landscapes, but
may not be practical in speciﬁc environment due to the lack of detailed
data to ﬁt the model parameters (Kheir et al., 2008). Some of the parameters of USLE and RUSLE are ﬁxed data that highly depend on regional,
spatial, and environmental contexts. These might be invalid in certain
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Fig. 1. Location of Chahe Town in Guizhou Province, China.

circumstances that local hydrological and agricultural data are not available (Warren, 2002).
Different from the quantitative approach, the qualitative method assigns weights to various spatial units to express intensity of the erosion.
The qualitative model generally considered same erosion controlling
factors as the quantitative models (e.g. slope, soil properties, vegetation
cover and rainfall) but it assigned a speciﬁc weight to each erosion controlling factor based on the judgment or knowledge of local erosion processes from the researchers, and the importance of each factor in
inﬂuencing the erosion process (Khan et al., 2001; Kheir et al., 2008;
Vrieling, 2006). After the determination of weight, the value of all erosion factors are overlaid and multiplied with assigned weight to demonstrate the hazard condition (Rahman et al., 2009). This process is also
known as the multi-criterion evaluation (MCE) approach, a fuzzy logic
model that can be easily adapted to any environment and involves the
determination of the spatial criteria, by assigning the weights and aggregating predeﬁned rules to estimate the overall level of the hazard
(Malczewski, 2004; Chen et al., 2010). The application of MCE has
been extended to major research ﬁelds (e.g. geology, land use studies)
in combining with geographic information system (GIS) in recent
years (Beucher et al., 2014; Elaalem, 2013; Ho et al., 2014; Van Ranst
et al., 1996), and has been successfully applied to classify the erosion intensity in a Mediterranean karst environment (Kheir et al., 2008). The

results from the previous studies such as Kheir et al. (2008) suggested
that qualitative erosion assessment can be adapted to local setting and
is able to assess soil erosion risks in karst environments. However, because of a particular social-economic and environmental settings (e.g.
population density, social structure, governmental policy, type of agricultural practices, and karst landscapes) in the Southwest China karst
environment, European-based soil model, such as Beucher et al.
(2014) and Kheir et al. (2008) may not be the suitable approach to assess soil erosion risks in this study. Nevertheless, due to limited data
availability, highly variable and complex erosion processes in different
regional scale, most of current soil erosion studies in China are still in
the primitive stage of erosion assessment (Peng et al., 2008). Speciﬁcally, in the remote rural karst areas of southwest China, the knowledge of
local erosion processes is insufﬁcient and the ancillary data are often unavailable. Therefore, it is recommend that qualitative method should be
applied in the early stage of erosion assessment and quantitative method can be applied thereafter when abundant information of local erosion process has been collected (Vrieling, 2006).
The objective of this study is to 1) develop a GIS-based qualitative
model based on local erosion processes to assess soil erosion risks of
karst environments, 2) calculate a soil hazard index based on the qualitative model and 3) evaluate the distribution and intensity of local soil
erosion. This study includes using GIS and remotely sensed data to

Fig. 2. (a) Rocky desertiﬁcation in Chahe, (b) Northern Chahe, where severe erosion is now under control.
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Table 1
Details of the satellite imagery used in the study.
Satellite sensor

Spatial resolution

Scene date

Original Projection System

Other details

Landsat TM
Landsat TM
Landsat ETM+
Aster VNIR
SRTM

30 m
30 m
30 m
15 m
90 m

Sep 15, 1988
Dec 27, 1999
May 14, 2002
Feb 21, 2003
2001

UTM
Space oblique Mercator B
UTM
Geographic (Lat/Lon)
Geographic (Lat/Lon)

Orthorectiﬁed
Orthorectiﬁed
Orthorectiﬁed
L1B product Orthorectiﬁed

develop high quality dataset as the input data of the model. Relevant
techniques are also employed to derive the parameters inﬂuencing the
occurrence of erosion process over the study site.

(Liu and Huang, 2004). Some measure of the current situation is
depicted in Fig. 2b.
3. Material and method

2. Study area

3.1. Data sources and pre-processing of satellite imagery

Study site of this research is in Chahe Town, China. Situated in the
southwestern suburb of Bijie City in Guizhou Province, it has a total
area of 129.4 km2. This area is covered with an extensive karst landscape
and located at 27°05′-27°14′N and 105°17′-105°25′E (Fig. 1).
The climate of Chahe town is subtropical, with an average annual
rainfall of 1150 mm and a mean annual temperature of 15 °C (Zhang,
1999). The area has a long history of agriculture, particularly growing
tobacco and corn (Compilation Committee of Bijie Chronicles, 1994).
Because of intensive agricultural practices and deforestation from the
radical government campaign, severe soil erosion and rocky desertiﬁcation occurred in Chahe Town for decades following deforestation beginning in 1958 (Liu and Huang, 2004). Excess amounts of steel production,
and extensive areas of deforestation to provide fuel for furnaces and
rapidly expanded agricultural programs caused massive soil disturbance. The nature of the karst landscape accentuated the erosion and
makes it more difﬁcult to control and recover from the accelerated erosion. As a result, deforestation dramatically accelerated soil erosion
throughout the ensuing decades. Therefore, Bijie city ranked as the
most severe soil erosion region in Guizhou Province (Zhang, 1999)
and Chahe Town faced serious rocky desertiﬁcation prevalent within
the karst landscape (Fig. 2a).
Beginning in the 1980s, local government realized the seriousness of
problem. It established an experimental area in 1988 (Zhang, 2013) and
launched a campaign of planting trees and other plants suitable for this
region, together with terracing and other soil conservation measures.
With the purpose of recovering the vegetation and restoring the ecological system, the campaign has made considerable progress in parts of
the region, although long-term and persistent efforts are still necessary

Four satellite images, acquired from Sep 15, 1988; Dec 27, 1999; May
14, 2002 and Feb 21, 2003 respectively, were included in the study. The
timeline of these images was corresponded with the winter and summer season. Landsat TM imageries of 1988 and 1999, and Landsat
ETM + of 2002 were acquired from the Global Land Cover Facility
from the University of Maryland (http://glcf.umd.edu/). ASTER Visible
Near Infrared Bands (Band 1, 2, 3b and 3n) of 2003 was acquired from
ASTER GDS web site (http://gds.aster.ersdac.jspacesystems.or.jp).
Digital elevation model was derived from the SRTM (Shuttle Radar
Topography Mission) (Reuter et al., 2007) data via the web site of USGS
(http://srtm.usgs.gov). Details of the remotely sensed data are shown in
Table 1.
Preprocessing work was conducted before the formal image processing. First, the projection of all images was converted to UTM and
WGS84 datum with Zone 48N. Then the study area was subset from
the original satellite imagery. The sensor calibration and atmospheric
correction was also conducted to eliminate possible distortion or error
of the imagery.
3.2. Post processing
The general procedure ﬂow was as demonstrated in Fig. 3. There are
several major steps in this approach.
First, slope information was extracted from DEM data. The DEM used
in this study came from SRTM (Shuttle Radar Topography Mission)
2001 imagery generated by NASA and the National Imagery and Mapping Agency (NIMA). In this study, the SRTM 3 arc sec was used, having
a horizontal grid spacing of 3 arc sec (approximately 90 m). Using
ERDAS Imagine 9.1, the original DEM was processed and developed
into slope map. All slopes were classiﬁed into 5 categories with the
unit of angle degree: 0–8, 8–15, 15–25, 25–35, and 35–55.
Land cover is an indicator of land occupation, land use, soil utilization and resource distribution. It permits interpretation of the interactions of material and energy between human society and the natural
environment. In this capacity, it is an important factor that inﬂuences
the distribution and extent of soil erosion if it changes frequently within
a short period of time. Land cover classiﬁcation in this research was
based on the ﬁeld survey and supervised classiﬁcation of the remote
sensing images using ERDAS Imagine 9.1. All the images were divided

Table 2
Classiﬁcation of vegetation coverage according to NDVI value.

Fig. 3. Methodology of the study. SRTM data was converted to the slope map for terrain
analysis. Satellite images was used to derive land cover and vegetation cover maps.
Rainfall and soil type datasets were digitalized from the ﬁeld data. The variables above
were used in the spatial model to evaluate levels of local soil erosion hazard.

Vegetation coverage

NDVI value

b10%
10–30%
30–45%
45–60%
N60%

0.1029
0.1029–0.3123
0.3123–0.5513
0.5513–0.7371
N0.7371
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Table 3
Assigned value for soil erosion controlling factors.
Erosion factor
Annual rainfall (mm)

Vegetation Coverage (percentage)

Slope (angle gradient)

Land cover

Soil type

Assigned value

b300
300–600
600–900

N60
45–60
30–45

0–8
8–15
15–25

Forest
Shrub land
Farmland

1
2
3

900–1200
N1200

10–30
b10

25–35
35–55

Bare land
Stony bare land

Calcaric regosols
Haplic alisols
Haplic luvisols,
Chromic luvisols
Cumulic anthrosols
Dystric cambisols

into 5 land cover classes: forest, farm land, shrub land, bare land, and
stony bare land (bare land with stony desertiﬁcation). In the image of
2000, the class of river/pond was included because there was a storm
event prior to the acquisition of satellite imagery (Wu, 2002) and the
ﬂooding zones on the satellite image for this year was very distinct
and cannot be neglected.
The Normalized Difference Vegetation Index (NDVI) is one of the
most widely used vegetation indices. NDVI is deﬁned by the following
equation (Tucker, 1979):
NDVI ¼

NIR−RED
NIR þ RED

ð1Þ

NIR—Near infrared Band, RED—Red light wave Band.
For the Landsat Thematic Mapper (TM) sensor, Multi-spectral sensor
and Enhanced Thematic Mapper Plus (ETM +) Multi-spectral sensor,
the equation is:

4
5

Annual rainfall data was based on the average rainfall between 1988
and 2003. The rainfall and soil type information were converted from
local meteorological and geological reports into GIS shape ﬁle format,
using digitization and related ﬁle manipulation in ArcGIS 9.2.
Evaluation of soil erosion hazard was based a multi-criteria decision
process. UNEP (1997) deﬁned a framework for mapping and measurement of rainfall-induced erosion in which soil type, land use, vegetation
cover, and slope were integrated to generate an erosion risk map. Five
erosion factors were used to determine and categorize soil erosion
and each factor is also divided to ﬁve different levels with assigned
values. The assigned value of the ﬁve factors was shown in Table 3, in
which soil erosion risk is graded into ﬁve levels deﬁned as not apparent,
low, moderate, high and severe. The erosion risk of the study area is calculated by using the following equation:

Ei ¼

n
X

W j  Eij

ð4Þ

j¼1

NDVI ¼

Band4−Band3
:
Band4 þ Band3

ð2Þ

For the Aster Visible and Near-infrared Radiometer (VNIR), the
equation is:
NDVI ¼

Band3N−Band2
:
Band3N þ Band2

ð3Þ

Vegetation plays a fundamental role in controlling soil erosion, and
vegetation coverage is frequently used as an indicator of extent and
change in vegetation efﬁcacy (Stow et al., 2004). In addition, soil loss
tolerance varies considerably with different vegetation cover types
(Zhang et al., 2003). Previous studies indicated that there is strong linear
relationship between NDVI values and vegetation cover (Stow et al.
1993; Shippert et al. 1995). Therefore, NDVI has been used as a direct indicator of the protective vegetation cover (Gay et al., 2002; Jain and
Goel, 2002; Cyr et al., 1995; Thiam, 2003). To derive the vegetation
cover on the ground in the four scenes, NDVI values was ﬁrst calculated.
Then with the statistical function in ArcGIS 9.2, the NDVI values of vegetation were found to range from 0.1029 to 0.8 throughout the study
area. Based on this, vegetation coverage was classiﬁed into ﬁve different
categories, ranging from b10% to N 60% (Table 2).

Table 4
Weight assignment based on Rank Sum Method.
Erosion factor
(n = 5)
Annual rainfall
Vegetation coverage
Slope
Land cover
Soil type
Sum

Straight rank
(rj)
1
2
3
4
5

Weight
(n − rj + 1)
5
4
3
2
1
15

where Ei is the erosion risk index of a place in the study area; Wj is the
weight of factor j; Eij is the erosion risk value under factor j and n is
the total number of factors.
In order to determine the weight for each erosion controlling factor,
the study used the rank sum method (Stillwell et al., 1981). The weights
were calculated with the following equation:

wj ¼

n−r j þ 1
n 
X

n−r j þ 1

ð5Þ

j¼1

where wj is the normalized weight of factor j; rj is the rank position of
n

factor j; ∑ðn−r j þ 1Þ is the total sum of all normalized weights and n
j¼1

is the total number of factors. The normalized weight is calculated
from the ratio of individual weight to the sum of all weights. Erosion
factors are ranked according to their relative importance of inﬂuencing
local erosion occurrence. The calculated weights are displayed in
Table 4.
After calculating the weight for each factor, the study converted each
layer of the factors to raster format and used raster calculators to generate the value for erosion risk index with the following equation derived

Table 5
. Land cover patterns and their correspondent area percentage.
Normalized
weight
0.33
0.27
0.2
0.13
0.07
1

Weight
(%)
33
27
20
13
7
100

Year
Type

1988

1999

2002

2003

Forest
Shrub land
Farm land
Bare land
Stony bare land

5.27%
30.47%
17.53%
23.46%
23.27%

10.38%
11.62%
20.95%
30.82%
26.23%

9.75%
10.19%
20.48%
31.59%
27.99%

10.23%
15.67%
23.95%
26.29%
23.86%
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Fig. 4. Land cover map of 1988, 1999, 2002 and 2003. There are forest, shrub land, farm land, bare land and stony bare land in each map. The map of 2002 has one additional type of river
and pond resulting from a storm event.

from Eq. (1) and Table 5:

4.2. Accuracy assessment of land cover classiﬁcation

Erosion risk index ¼ 0:33  rainfall þ 0:27  vegetation coverage
þ 0:2  slope þ 0:13  landcover þ 0:07
 soil type:

Accuracy assessment for the classiﬁcation of land cover was conducted in ERDAS IMAGINE 9.1, using a total of 75 sample points in different land cover types across the study area. The overall accuracy for
the four scenes was higher than 80% and the Kappa statistics showed
a value higher than 0.7 (Table 6).

ð6Þ

The overlay operation was completed in ArcGIS 9.2. Areas covered
by ﬂood in 2002 were excluded in the overlay process.
In order to validate the result of erosion risk analysis, a ﬁeld survey
was conducted on May of 2003, using a total of 215 sample points.
4. Result and discussion
4.1. Land cover and land cover change
The area percentage of each land cover category was derived from
the land cover map (Fig. 4). The numeric results were compared in
Table 5.
Table 5 shows a signiﬁcant change of land cover over the year from
1988 to 2003. First, for forest, its area coverage increased from 5.27% in
1988 to 10.38% in 1999. After a slight decrease in 2002, it reached
10.23% in 2003. Second, shrub land reached its lowest levels in 2002
and showed steady recovery thereafter. Meanwhile, farm land also increased from 1988 to 1999 due to agricultural development. The comparison between the change of forest, shrub land and farm land
indicate that recovering forest is far more difﬁcult than other plants
due to the thinness of top soil and loss of organic matter. Also, the
shrub land is the only type that shows the rate of change N10% from
1988 to 2003. Bare land and the stony bare land occupied almost half
of the land cover, they reached the highest levels in 2002, and have decreased thereafter.

4.3. The relation between NDVI and vegetation cover
The vegetation cover map (Fig. 5) shows that the vegetation coverage percentage reached its lowest value in 1999, and increased from
2002 to 2003.
To evaluate the efﬁciency and accuracy of the division rule deﬁned in
Table 2, the correlation between the NDVI and vegetation coverage
needs to be examined and assessed. Twenty sample points were used
for the statistical analysis between previous surveys (Compilation
Committee of Bijie Chronicles, 2005) and NDVI values. Each sample
was retrieved from each sample site across the study area (Fig. 9). The
result indicated that the vegetation coverage and NDVI had a high degree of positive correlation with over 0.7 of R square for all scenes
(Fig. 6). Because the time of image acquisition corresponds with the
winter and summer season and NDVI detects the vegetation vitality,
the deciduous plants will not present their existence in winter season.
On the other hand, both evergreen and deciduous plants can be detected on the satellite imagery in summer season. The general pattern of the
chart showed that NDVI values appear higher than vegetation cover in
summer than winter, and the overall area land cover also inﬂuence
the NDVI value. In addition, the correlation chart for the September of
1988 also showed more outliers above the trend line than other years.
Compared with Table 5, it also indicated that NDVI values appear higher
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Table 6
Accuracy report for total land cover classiﬁcation.
Class name

Reference
totals

Classiﬁed
total

1988 (Kappa statistics = 0.71)
Forest
5
5
Shrub land
20
25
Farm land
10
10
Bare land
10
10
Stony bare
30
25
land
total
75
75
Overall Classiﬁcation Accuracy = 87%
1999 (Kappa statistics = 0.75)
Class name
Reference
Classiﬁed
totals
total
Forest
20
30
Shrub land
10
10
Farm land
5
5
Bare land
15
10
Stony bare
25
20
land
total
75
75
Overall Classiﬁcation Accuracy = 80%
2002 (Kappa statistics = 0.72)
Class name
Reference
Classiﬁed
totals
total
River, pond
10
10
Forest
10
10
Shrub land
5
5
Farm land
10
10
Bare land
25
30
Stony bare
15
10
land
total
75
75
Overall Classiﬁcation Accuracy = 87%
2003 (Kappa statistics = 0.75)
Class name
Reference
Classiﬁed
totals
total
Forest
10
10
Shrub land
5
5
Farm land
10
10
Bare land
35
30
Stony bare
15
20
land
total
75
75
Overall Classiﬁcation Accuracy = 87%
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Table 8
Category of erosion hazard rank.
Number Producers User
correct accuracy
accuracy
5
20
5
10
25

100%
100%
50%
100%
83%

100%
80%
50%
100%
100%

Producers
accuracy
100%
100%
100%
67%
60%

User
accuracy
67%
100%
100%
100%
75%

Producers
accuracy
100%
100%
100%
50%
100%
67%

User
accuracy
100%
100%
100%
50%
83%
100%

60

Number
correct
10
10
5
5
25
10
65

Number
correct
10
5
5
30
15

Calculated index

Not apparent
Low
Moderate
High
Severe

1
1–2
2–3
3–4
4–5

Table 9
Confusion matrix of soil erosion classiﬁcation.

65

Number
correct
20
10
5
10
15

Erosion hazard rank

Producers
accuracy
100%
100%
50%
86%
100%

User
accuracy
100%
100%
50%
100%
75%

65

than vegetation cover in that year, which is due to the pronounced response from both evergreen and deciduous plants in the summer season and the overall higher area percentage of all vegetation (forest,
shrub land, and farm land together) than other years.
4.4. Slope, rainfall, and soil type
The slope map (Fig. 7a) showed that steep slopes, characteristic of
mountainous areas are mainly concentrated in the southern section of
Chahe town. The annual rainfall map (Fig. 7b) showed that the regions
in the south and southeast receive more precipitation than the north.
The soil type map (Fig. 7c) was based on the soil classiﬁcation taxonomy
in China (Shi et al., 2006) and converted to the World Reference Base

Classiﬁed
survey

Not
apparent

Low

Moderate High

Not apparent
Low
Moderate
High
Severe
Producer's
accuracy (%)

21
5
1
0
0
77.78

10
3
77
10
2
68
0
3
0
1
86.52 80

Severe User's
accuracy (%)

0
0
0
0
1
0
7
1
1
4
77.78 80

61.76
83.70
94.44
63.64
66.67
82.33

(WRB) soil classiﬁcation (FAO, 1998). The result shows that haplic
alisols have the highest area percentage of all soils in the study area,
followed by haplic luvisols, dystric cambisols, chromic luvisols, cumulic
anthrosols, and calcaric regosols, respectively.
4.5. Assessment of soil erosion risk
The erosion hazard index was calculated by using Eq. (6) and
reclassiﬁed with the rule deﬁned in Table 8. The result (Fig. 8) indicates
that most high and severe erosion occurred in central and south of the
study area. In addition, high and severe erosion have gradually decreased in the north and moved to the south. In order to validate the result of erosion risk analysis, a ﬁeld survey was conducted on May of
2003, using a total of 215 sample points. The samples were collected
from 20 locations across the study area (Fig. 9). In each site, 10 samples
were collected in a radius of 30 m with the exception that 17 samples for
location 10 and 18 samples for location 11, respectively. The result
(Table 9) showed that, for low and moderate erosion, they occupy
most of the study area and the user's and producer's accuracy level are
over 80% and the overall accuracy reached 82.33%. The user's accuracy
for the level of not apparent was relatively lower than other levels because there are considerable amounts of samples were misclassiﬁed as
the level of low erosion, which is a typical error due to the fact that
the presence of the two levels are sometimes difﬁcult to differentiate
from each other.
The area index of different erosion risk level was derived from the
erosion hazard map. It was used to compare various risk categories in
terms of the area coverage. The result (Table 10) revealed that low
and moderate erosion risks characterize most of the study region and
both displayed signiﬁcant changes from 1999 to 2003. The moderate
erosion appeared to be under control since 1999, although the steadily
increasing low erosion risk warrants caution. Speciﬁcally, an average
of 42% of the study area was covered by the moderate erosion throughout the study period. The high erosion sections remained under 10 km2

Table 7
Statistic correlation between NDVI and vegetation cover.
Statistics
year

Pearson correlation

Sample number

Lower bound
under 95% conﬁdent interval

Upper bound under 95% conﬁdent interval

Standard
error

1988
1999
2002
2003

0.8879
0.9687
0.9571
0.9547

20
20
20
20

0.734
0.921
0.893
0.887

0.955
0.988
0.983
0.982

0.108
0.058
0.068
0.070
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Table 10
Area index of different erosion levels from 1988 to 2003.
Area of year
Erosion risk (km2)

1988

1999

2002

2003

Not apparent
Low
Moderate
High
Severe

28.121
47.583
46.737
6.852
0.107

25.125
36.453
65.237
2.411
0.174

23.157
43.731
53.457
8.947
0.108

15.746
53.459
53.295
6.806
0.094

and decreased since 2002. The severe erosion ranked as the lowest percentage among all categories and remained relative stable. For areas
with erosion that appeared to be not apparent, they demonstrated a
steady decrease over the study period.
Kappa statistics = 0.65.
4.6. Source of error and uncertainty for the estimation
Possible errors in the estimation of soil erosion come primarily from
land cover classiﬁcation and vegetation cover derivation. For land cover,
the methodology of classiﬁcation was based on supervised classiﬁcation. It categorizes the images with a pixel by pixel approach, in the
way that training site was designated before every pixel is compared
with its nearest neighbor to ﬁnd the matched pixels. This approach assumes that pixels in the image are pure and only stand for speciﬁc
land cover. However, the pixels in the image are often mixtures of different land cover. Therefore, result of land cover is inﬂuenced by the
pixel by pixel approach.
For vegetation cover, the uncertainty comes primarily from the
NDVI. The satellite imageries were acquired from Sep 15, 1988; Dec
27, 1999; May 14, 2002 and Feb 21, 2003, respectively. This time line
corresponds with the winter and summer season. Since NDVI detects

the vegetation vitality, the deciduous plants will not present their existence in winter season. For this reason, the vegetation cover in winter
season (1999 and 2003) was underestimated. This also explains why
NDVI values appear higher than vegetation cover in summer than winter, and the overall area land cover also inﬂuence the NDVI value.
5. Conclusion and future prospects
Chahe Town suffered severe soil erosion and rocky desertiﬁcation
for decades following deforestation beginning in 1958. The exposure
of bedrocks from thin soils, developed joints and fractures of the outcrops, and quick inﬁltration of surface ﬂow due to lack of abundant vegetation characterize this area. These features of local landform
accentuated the erosion and make it more difﬁcult to control and recover from the accelerated erosion. Local people have been aware of the seriousness of this issue and the potential consequences if effective
counter measures are not taken, and their endeavors merit technological support.
The application of remote sensing and GIS technology efﬁciently estimates risk level of soil erosion in the study area. The model provides
justiﬁcation that the areas of high and severe erosion in Chahe Town
have remained relatively stable in the past 20 years, necessitating continuous control and mitigation efforts, but overall the situation has not
worsened, and has improved locally. Thus, the soil map can use for future environmental monitoring, such as making plan for crop rotation
and tree planting.
In this context, studies of the karst geomorphology and hydrology
will be complemented by further analysis of satellite imagery using
GIS techniques. For example, image fusion could assist in allowing advantageous combination of the merits of original images. The ASTER
image has higher resolution, providing detailed local information,
while the LANDSAT images cover a broader time frame over the past

Fig. 5. Vegetation cover map of 1988, 1999, 2002 and 2003. The maps indicate that vegetation cover once decreased from 1988 to 2002, and proportionally increased thereafter.
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Fig. 6. Correlation between vegetation cover and NDVI, The charts indicate that overall correlation between NDVI and vegetation cover are higher than 0.7. Detailed statistics were
described in Table 7. The table showed that NDVI and vegetation cover in 1999 have the highest Pearson correlation and the lowest stand standard error. The data in all other years
have Person correlation higher than 0.8 and standard error lower than 0.2.

Fig. 7. (a) Slope map, (b) annual rainfall map, (c) soil type map. The maps show that southern part of the Chahe Town has steeper slope and higher annual rainfall.
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Fig. 8. Soil erosion hazard map of 1988, 1999, 2002 and 2003. Green indicates area in low risk from soil erosion, yellow area is the location with moderate soil erosion risk, orange indicates
area with high soil erosion risks, and red is the locations with severe soil erosion risks.

20 years. In addition, hydrological analysis can also help to conduct a
quantitative assessment when related local data becomes available in
the future. Such technological applications can only contribute to the

resolution of soil erosion and rocky desertiﬁcation in southwest China
and elsewhere.
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