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Abstract

Purpose Soil erosion has received enormous attention from the scientific community and government across the world. This
study aims to detect those important driving factors and their potential interactions on soil erosion. Findings would facilitate the
rational development of soil and water conservation.

Materials and methods Here, soil erosion was simulated using the Revised Universal Soil Loss Equation (RUSLE) in the
Qiantang River catchment, southeast China, for the period of 2006-2015. Contributions to soil erosion by six driving factors
including land cover type, annual rainfall, elevation, slope, soil type, and vegetation coverage were quantitatively analyzed via
Qiantang River Catchment geographic detectors.

Results and discussions The results suggest that vegetation coverage explains 7.28% of soil erosion distribution, and the impact
of vegetation coverage on soil erosion is significantly larger than that of the other five driving factors (p < 0.05). In recent years,
the explanatory power of vegetation coverage to soil erosion has experienced a change from increasing to decreasing trend. The
interaction between vegetation coverage and slope explains up to 32.69% of soil erosion distribution, and an increasing trend has
been detected in the explanatory power of this interaction. The spatial heterogeneity of soil erosion can be well understood by
vegetation coverage and elevation. The high-risk areas are featured by elevation ranging from 1135 to 1777 m or vegetation
coverage between 50 and 62%. Changes in vegetation coverage and its spatial distribution at different elevations are the main
causes of the variations in the explanatory power.

Conclusions The spatial analysis and quantitative analysis of six driving factors in soil erosion have improved the understanding
of the heterogeneity in soil erosion. Measures in soil and water conservation should be strengthened in high-risk areas. The
interaction between vegetation coverage and slope is the dominating contributor to soil erosion. The study provides a scientific
basis for rational prevention of soil erosion in the Qiantang River catchment.
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1 Introduction

Soil erosion, one of the top risky environmental issues across
the world, has been an important research topic for scientific
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researchers (Borrelli et al. 2017). Like other environmental
problems, such as the decline of agriculture productivity, river
siltation, riverbed elevation, and water pollution (Lal 1998),
soil erosion can seriously threaten the sustainable develop-
ment of both nature and society. Soil erosion can be influ-
enced by many factors including rainfall, runoff, vegetation,
landform, anthropogenic activities, and soil anti-erosion sys-
tem (Wei et al. 2012). Therefore, to further implement mea-
sures in soil and water conservation, it is of great significance
to quantify the substantial contributions to soil erosion by
different driving factors as well as their interactions.
Extensive work has been conducted to identify the driving
factors of soil erosion in previous studies (El Kateb et al. 2013;
Sun et al. 2014; Yu et al. 2019). Rainfall simulation experiments
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(Mhaske et al. 2019) and runoff plot monitoring (Xu et al. 2016)
have been used on the slope scale to investigate the driving
factors of soil erosion. Khan et al. (2016) assessed the effect of
different simulated rainfall intensities with different slopes on soil
erosion. However, it is not reliable to extrapolate the results on
the slope scale directly to a watershed scale. On the other hand,
most existing studies have applied traditional statistical methods
such as correlation analysis or regression analysis to detect these
driving factors (Shi et al. 2013; Feng et al. 2018; Golosov et al.
2018). For example, Chen et al. (2014) analyzed the spatial pat-
tern of soil erosion and its relationship with different driving
factors on the watershed scale. However, few studies shed light
on the impact of interactions among different driving factors,
especially the quantitative contributions of these interactions to
soil erosion. Meanwhile, the spatial heterogeneity of soil erosion
is barely clear. Future efforts are still needed to answer the above
questions.

Geographic detectors are a set of statistical methods to
detect spatial heterogeneity and reveal potential driving forces
(Wang et al. 2010). It can analyze spatial heterogeneity, detect
any relationship between two independent variables, quantify
their relative contributions to dependent variables, and pro-
vide the interaction results. This approach has been widely
used in social and natural sciences (Yang et al. 2016; Ren
et al. 2016), but seldom in soil erosion studies with an excep-
tional work by Gao and Wang et al. (2018).

In the hilly regions of South China, the uneven distribution
of rainfall amount and intensity, strong weathering, rapid so-
cial and economic development, and high population density
have triggered severe soil erosion. Despite the wide-spread
forest coverage in some regions, soil erosion can still be a
serious issue (Zhu et al. 2013). Due to the thin soil layer, the
severity of soil erosion in these regions is just inferior to that in
the Loess Plateau (Liang et al. 2008; Ministry of Water
Resources of China 2010). The Qiantang River catchment
(QTC) in Zhejiang province is the most important freshwater
resources. In recent years, the stochastic rainfall events and the
combined effects of soil, topography, and land use resulted in
a higher risk of soil erosion in this catchment (Wei et al. 2009;
Rao et al. 2014). Because the natural and anthropogenic fac-
tors of this catchment are similar to those in South China, the
QTC is thus a representative hilly catchment in South China.

Modeling is an efficient method to study soil erosion
(Siswanto and Francés 2019). Process-based models are com-
plex and require substantial data, which usually preclude their
broad application. In contrast, a simple, physically plausible
empirical model such as the Revised Universal Soil Loss
Equation (RUSLE) is usually welcome, especially at regional
and/or global scales (Borrelli et al. 2018).

Therefore, The QTC in Zhejiang province was selected in this
study, and soil erosion rate of the QTC was first estimated by
RUSLE, and then the geographic detectors were applied to quan-
tify the contributions of each driving factor and their interactions
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to catchment soil loss. In this study, the driving factors vegetation
coverage, land cover type, elevation, slope, rainfall, and soil type
were selected in that they are the main factors influencing soil
erosion and widely used in soil erosion studies (Shi et al. 2013;
Yu et al. 2019).

2 Materials and methods
2.1 Study area

QTC (28° 00" —30° N, 117° 30" —120° 30" E) is located in
northwestern Zhejiang Province, Southeast China (Fig. 1).
Dominated by a subtropical monsoon climate, annual rainfall
in QTC varies from 1300 to 2300 mm from 2006 to 2015,
mainly happens in June and July. Annual average temperature
is around 17 °C, with the highest temperature record of 41 °C.

The slope in QTC ranges from 0 to 73.36° with an average
slope gradient of 18.7°. Mountains and hills account for over
70% of the total catchment area, and red sandstones with a
friable and easily eroded lithology dominate the hilly area.
Major soil types include humicacrisols, haplicalisols, and
dystricregosols. Forest, mostly distributed in mountainous
areas, is the primary land cover type with a proportion of
70% of the total area whereas dry land and paddy fields main-
ly distribute in flat areas.

2.2 Data

To simulate soil erosion, elevation from the Digital Elevation
Model with a spatial resolution of 30 m was retrieved from the
geospatial data cloud platform of the Computer Network
Information Center of the Chinese Academy of Sciences
(http://www.gscloud.cn). TM land cover type with a 30-m spatial
resolution in 2005, 2010, and 2015 were derived from the
National Earth System Science Data Sharing Service Platform
(http://www.geodata.cn). Furthermore, the soil type data with a
scale of 1: 1,000,000 was obtained from the Resources and
Environment Sciences of the Chinese Academy of Sciences
(CAS) with soil attributes including clay, silt, sand, and organic
carbon content checked from China Soil Species Database.
Meanwhile, rainfall data were collected from the “Hydrological
Yearbook of the People’s Republic of China”. The Moderate-
resolution Imaging Spectroradiometer (MODIS) 16-d maximum
Normalized Difference Vegetation Index (NDVI) with a spatial
resolution (250 m) were collected during 2006—2015.

2.3 Methods
2.3.1 The RUSLE model

RUSLE, a widely used model in calculating the amount
of soil erosion (Kinnell 2010), was applied to conduct
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Fig. 1 Location of the study area and meteorological stations

the simulation experiments of soil erosion in QTC,
which is shown as in Eq. 1.

A=RXKXLxSxCxP (1)

where, A is the average annual soil loss (t km 2 year_l); Ris
the factor of rainfall erosivity (MJ mm ha ' h™" year '); K is
the factor of soil erodibility (t hm> h hm > MJ ' mm '), L, §
are slope length and gradient (—); C is the factor of vegetation
and management (—); P is the factor of soil and water conser-
vation measures (—).

(1) Rainfall erosivity factor (R)

Rainfall erosivity (R) represents the external driving force
of soil erosion. Rainfall parameters, including rainfall intensi-
ty, daily, monthly, and yearly rainfall amounts, are often used
to estimate R (Cai et al. 2000). Zhou et al. (1995) proposed a
method for estimating R in Fujian Province based on monthly
rainfall amount. Zhang and Fu (2003) pointed out that R cal-
culated by monthly rainfall data was accurate in the southern
region. Given the fact that the climate, topography, and envi-
ronmental conditions in Fujian Province is similar to those in
our study area, the method (Eq. 2) proposed by Zhou et al.
(1995) was adopted in this study.

R =32 (-1.5527 +0.1792P)) (2)

where R is the rainfall erosivity (MJ mm ha' h™' year ),
and P; is the rainfall amount (mm) in month ;.

(2) Soil erodibility factor (K)

K is a parameter used to characterize the sensitivity and
resistance of soil to erosion. The method developed by

Sharpley and Williams (1990) for estimating K in the
Erosion-Productivity Impact Calculator (EPIC) model has
been validated by Zheng et al. (2010) in hilly areas by observ-
ing 15 runoff plots for five consecutive years. Therefore, the
method (Eq. 3) in EPIC was applied to calculate K.

[ (1-SIL/100)] SIL *
K — 02 03 —0.0256SAN(1-SIL /100

+0.0e “\CLA T sIL
0.25C 0.725N

x l_c+e(3272‘950)} X [ _SN+e(22A9SN5.51):| (3)

where, K is the soil erodibility factor (t hm? hhm > MJ ' mm™);
CLA, SIL, and SAN are clay, silt and sand content (%), respective-
ly; C is organic carbon content (%), and SN =1 —SAN/100.

(3) Topographic factor (L, S)

Slope length factor (L) and slope factor (S) indicate the
impact of different landforms on soil erosion. L and S are
usually extracted based on DEM on a watershed scale.
Given the steep catchment slope, L and S were estimated using
the methods proposed by Liu et al. (1994) and Liu et al. (2000)
(Egs. 4 and 5).

10.8sinf + 0.03 f<5°
S=1{ 168sin6-0.05 5°< 0 < 10° (4)
21.95in6-0.96 6>10°
02 ife<1e
w03 if1°<g<3°
L=O221%m =904 if3e < g<so (5)
05 iff>5°

where, A is slope length (m) and 6 is the slope (degree).
According to the D8 single-direction algorithm, the
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cumulative slope length was calculated using the method pro-
posed by van Remortel (2001), and then obtained L and S.

(4) Vegetation management factor (C)

Management factor (C) reflects the comprehensive effect
of crop management and vegetation coverage. It is highly
related to vegetation coverage and land cover type.
Therefore, based on the MODIS NDVI data, the annual
average vegetation coverage in the study area was extracted
by classical pixel dichotomy model, and then C was calculated
using the method by Cai et al. (2000) (Eq. 6).

1 fc=0
C =1 0.6508-0.3436 - 1g(fc) 0 < fc < 78.3% (6)
0 c>78.3%

where, fc is vegetation coverage (%), and C is the crop
management factor (dimensionless).

(5) Soil and water conservation factor (P)

P refers to the ratio of soil loss after taking measures of soil
and water conservation to that of downhill planting. P values
of different land cover types in the study area were obtained
based on previous studies (Huang et al. 2004; Chen et al.
2014; Jiang et al. 2014; Zha et al. 2015) (Table 1).

The spatial distribution of each factor in RUSLE is shown
in Fig. 2.

2.3.2 Geographic detectors

The g value of geographic detectors can clearly quantify any
relationships between the independent and dependent vari-
ables (Wang and Xu 2017). Four sub-detectors are included:

(1) Factor detector: It can detect the spatial heterogeneity of
the dependent variable (Y) and the explanatory power of
the independent variable (X). The explanatory power,
defined by ¢ (0 <g< 1), indicates that X can explain
q x 100% of the spatial heterogeneity of Y (Egs. 7 and
8). Here, factor detector indicated the explanatory power
of soil erosion by six driving factors and their
interactions.

Table 1 P values of

different land cover types Land cover type P values
in the study area

1 Forest 1

2 Grassland 1

3 Waterbody 0

4 Construction area 0

5 Wasteland 1

6 Paddy field 0.15

7 Dryland 0.4
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N,
. TN | SSW ™)
No? SST
SSW = Y% N,07SST = No* (8)

where, 4 is the stratification (classification or partition) of
the dependent variable Y or the independent variable X; N, and
N are the units of layer 4 and region; o;,> and o” are the
variances of layer 4 and region, respectively; SSW and SST
are the sum of intra-layer variances and the total variances of
region, respectively; g can be transformed to the non-central F
distribution and tested for significance.

N-L ¢

——— 3 _F@-1,N-L;
11 1y~ FUTL NN )

1 = 1 2
/\:;{ ﬁ:lyﬁ_ﬁ(ZleNth) }

(10)

where, ) is the non-central parameter; Y, is the mean value
of layer /.

(2) Ecological detector: It is used to confirm whether there is
a significant difference between the influences of two
independent variables X; and X, on the spatial distribu-
tion of dependent variable Y. The significance is tested
by F statistics:

_ N)(l (NXZ_l)SSWXl
Nx2(Nx1—1)SSWx»

SSWXl = ?:IN;,O%, SSWX2 = ZiilNhO%

F

(11)
(12)

where, Ny; and Ny, respectively represent the sample capacity
of two factors X; and X5; SSWy; and SSWy; respectively repre-
sent the sum of the intra layer variance of the stratification formed
by X, and X5; / is the stratification (classification or partition) of
the dependent variable Y or the independent variable X; L1 and
L2 respectively represent the number of variables X; and X.
Where H) is assumed to be null hypothesis: SSWy; = SSWy».
If Hy is rejected at the significance level of «, it indicates that
there is a significant difference between the two factors X; and X,
on the spatial distribution of attribute Y.

(3) Risk-detector: It judges whether the mean values of at-
tributes are significantly different between two sub-re-
gions. High-risk areas of soil erosion can be identified

by t statistics:
V1= Vi
t)_’hzl_)_/hzz = (13)
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Fig. 2 The map of RUSLE factor
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where, ¥ , represents the mean value of attributes in strat-
ification /; N, represents the number of samples in stratifica-
tion 4, and Var represents variance. The statistics ¢ approxi-
mately obeys the student’s ¢ distribution, where the calculation
method of degrees of freedom is:

Var (Y1) N Var(Y)-)

df = e RS —— (14)
1 |Var(Y—) L] Var(Y)-,)
np=1~1 Np=1 np=~1 Np=2

Null hypothesis Hy: Y;—1 = Y;_,, if H, is rejected under
the confidence level «, it is considered that there is a

significant difference in the attribute mean between the two
sub regions.

(4) Interaction detector: This sub-detector compares the
g values (¢ (X7) and ¢ (X>)) to the interaction ¢
value (¢ (X;NX3)) to identify their interaction. The
relationship can be described by 5 categories: non-
linear weakness (¢ (X1NX5)<Min(g (X7), ¢ (X»))),
single-factor non-linear weakness (Min(g (X;), ¢
() <g (XiNX;) < Max(g (X)), ¢ (X2))), two-
factor enhancement (¢ (X;NXp)> Max(q (X;), ¢
(X>))), independent (¢ (X;NX2)=g (X)+q (X)),
and non-linear enhancement (g (X,NX2)>¢q (X)) +
g (X2)).
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Geographic detectors require category variables as inputs.
The discretization method with the highest ¢ value are com-
monly used (Wang and Xu 2017; Cao et al. 2013). Thus, we
set the number of intervals depending on our experience, and
the ¢ value was used as an indicator of the effectiveness of
discretization methods. Cao et al. (2013) pointed out that the
natural breaks (Jenks) was a useful method once the range of
intervals was determined, which has been a widely and com-
monly used method (Jenks 1967; Fischer and Wang 2011).
Based on the method proposed by Cao et al. (2013), continu-
ous numerical variables, such as rainfall, elevation, slope, and
vegetation coverage, are classified into nine categories from 1
to 9 (Table 2). The driving factors are extracted to 26,309
points by a uniform sampling method of 1 km equidistant grid.

Above all, a linear regression model was adopted to quan-
tify the contribution of annual rainfall erosivity and vegetation
coverage to soil rate temporally using the goodness of fit (R).

3 Results

3.1 Spatial pattern of soil erosion

The average rate of soil erosion was 1605.82 t km ™2 year '
with a total 6375.74 x 10* t soil erosion at QTC in 2015. Soil
erosion mainly happened in mountainous areas in the south
and north parts of the catchment. Soil erosion in the central
part was less severe than in other regions.

According to the “Standards for classification of soil ero-
sion” proposed by the Ministry of Water Resources of China,
the soil erosion rate was classified into six categories from
slight to severe soil erosion (Table 3). The area of soil erosion
decreased with the increasing rate of soil erosion, and slight
soil erosion (i.e., < 500 t km 2 year ') basically dominated the
catchment (Fig. 3a), accounting for 75.64% of the total ero-
sion area (Fig. 3b). Moreover, severe soil erosion mainly dis-
tributed in northern mountainous areas, southwest, and

southeast of QTC. Extreme soil erosion accounted for only
2.36% of the total catchment area, but the amount of soil
erosion took up 41.91% of the total.

The rate of soil erosion increased sharply with a slope gra-
dient up to the stratification 3 (12—18°), and increased slowly
when the slope gradients were above 18° (Fig. 4a). Moreover,
it also increased with elevation within stratification 2 (128—
227 m). When elevation exceeded this level, the rate of soil
erosion decreased, and it started to increase if elevation
exceeded stratification 5 (Fig. 4b). Furthermore, the rate of
soil erosion went through a change from increasing to decreas-
ing trend with the increasing vegetation coverage (Fig. 4b),
and it was the highest when the vegetation coverage is be-
tween stratification 5 and 6 (50-73%).

The rate of soil erosion differed greatly over different land
cover types (Table 4). It was the highest in the wasteland
(8146.76 t km 2 year '), followed by those in grassland
(3657.04 t km 2 yearfl), forest (1944.57 t km 2 yearfl), dry
land (1305.49 t km 2 year '), and paddy field
(305.56 t km ™2 year '), respectively.

3.2 Spatial driving factors of soil erosion

According to the results from the factor detector, vegetation
coverage had the largest explanatory power of 7.28%, follow-
ed by land cover type (2.03%), elevation and slope (1.34%),
and soil type (0.31%), and the least explanatory power by
rainfall (0.29%) (Table 5). Moreover, the ecological detector
suggested that the impact of vegetation coverage on soil ero-
sion was significantly (p <0.05) larger from the other five
factors (Table 5).

The interaction between different factors can significantly
improve the explanatory power of soil erosion (Table 6).
Except for the bilinear mutual enhancement between land
cover type and slope, the mutual enhancement of other factors
was non-linear. The interaction between slope and vegetation
coverage was the dominating factor, with an explanatory

Table 2 Discretization of

continuous numerical variables Discretization Five driving factors
used in this study
Elevation (m) Annual rainfall (mm) Slope (degree) Vegetation coverage (%)

1 14-128 1810-1920 0-6 0-9
2 128-227 1920-2041 6-12 9-24
3 227-336 2041-2137 12-18 24-37
4 336454 2137-2229 18-23 37-50
5 454-583 2229-2335 23-27 50-62
6 583-731 2335-2438 27-33 62-73
7 731-910 2438-2541 33-38 73-82
8 910-1135 2541-2644 38-44 82-91
9 1135-1777 2644-2747 44-74 91-100
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Table 3 Classifications of soil

erosion rates according to the Classification ~ Soil erosion Area Mean soil Soil loss Ratio Ratio of

Ministry of Water Resources in rates (km?) erosion rates (10* tyear ') ofarea  annual soil

China (t km 2 yearfl) (t km? yearfl) (%) loss/(%)
Slight <500 30,031.28  16.77 50.36 75.64 0.79
Light 500-2500 3818.01 1333.09 508.98 9.62 7.98
Moderate 2500-5000 2171.86 3613.61 784.82 5.47 1231
Intense 5000-8000 1378.24 6344.75 874.46 347 13.71
Extreme 8000-150,000  1369.88 10,842.40 1485.28 345 23.30
Severe > 150,000 935.94 28,549.65 2672.06 2.36 4191

power of 32.69%. The interaction between vegetation cover-
age and land cover type, elevation reached 23.05% and
23.22%, respectively.

High-risk areas, defined as the regions with relatively
high soil erosion rates, were distributed in the regions
with land cover type as wasteland, or elevation between
1135 and 1777 m, or vegetation coverage between 50
and 61%, or annual rainfall from 2604 to 2709 mm, or
slope 32.51-37.68 or soil type as Yellow-brown earth.
There were also significant (p <0.05) differences be-
tween two stratifications for elevation and vegetation
coverage. Accordingly, the percentage of stratifications
with significant differences (PSD) between the two strat-
ifications showed that 86.11% of stratifications were sig-
nificantly different from others for vegetation coverage
and elevation (Table 7).

3.3 Temporal driving factors of soil erosion

Temporally, the rate of soil erosion fluctuated greatly with a
slight increase from 1164.63 t km 2 year ' in 2007 to
1605.82 t km 2 year ' in 2015 (Fig. 5a). The rainfall erosivity
also slightly increased from 3850.26 MJ mm ha ' h™! year !

N

Soil erosion rate
(tkm?2 yr')
<500
500-2500
I 2500-5000
[ s000-8000
I 3000-15000
Il >15000

80 Km

in 2007 to 6559.69 MI mm ha ' h™' yr ' in 2015. Vegetation
coverage increased from 64.59% in 2006 to 67.75% in 2008,
remained fluctuating around 67.5%, and finally increased
from 67.33% in 2013 to 69.26% in 2015 (Fig. Sb).

To further explore the changing contributions of rain-
fall, land cover type, and vegetation coverage to the tem-
poral heterogeneity of soil erosion, factor detectors were
used to detect soil erosion from 2006 to 2015. The ex-
planatory power of vegetation coverage was always
higher than the other five factors (p <0.05), and It went
through a transition from an increasing trend to a de-
creasing trend. The explanatory power of elevation pre-
sented a decreasing trend, no obvious changes were de-
tected over the remaining factors (Fig. 6).

The interactive detector was used to detect the tempo-
ral variations of interaction between two factors. The
explanatory power showed that three combinations with
strong interactions in the past 10 years were vegetation
coverage with slope, elevation, and land cover type
(Fig. 7). The explanatory power of the interaction be-
tween vegetation coverage and slope greatly improved
from 2006 (23.77%), reached a maximum of 35.17% in
2008, and then fluctuated about 33% in 2009-2015.
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Fig. 3 Spatial distribution of soil erosion rate (a) and the corresponding statistics (b) in 2015
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4 Discussions
4.1 Model validation

RUSLE is an empirical model, and it can be challenging to
validate it on the watershed scale. But methods used in estimating
the RUSLE factors have been used in QTC by other researchers
(Zhou et al. 2019) with a similar spatial distribution of soil ero-
sion rate. Besides, we validated the soil erosion rates via sediment
delivery ratio (SDR) in the sub-catchment (Lan river). The aver-
age SDR was 0.117 from 2006 to 2015, closed to the annual
average of 0.132 in Lan river sub-catchment (Li and Liu 2006).
Plus, SDR was 0.11 from 1996 to 2005 in QTC (Ministry of
Water Resources of China 2010). Therefore, RUSLE should be
applicable in QTC.

For further validation, the rate of soil erosion concluded in this
study was compared with previous studies. Through a field sur-
vey, Liang et al. (2008) proposed an average rate of soil erosion
of 3419 t km 2 year ' in the hilly region of southern China. Ye
and Yang (2007) suggested a rate of soil erosion of
2400 tkm 2 year ' in Zhejiang province through the field survey.
In the hilly region of south Anhui province, Zhao et al. (2016)
also obtained a rate of 730 t km > year ' using RUSLE. The
average rate of soil erosion is 1359 t km > year ' in the study
area during 2006-2015, which is within a reasonable range.

Differences in data and methods may justify the differences in
specific values. Therefore, the rate of soil erosion obtained by
RUSLE in this study is reliable.

4.2 Spatial heterogeneity of soil erosion

The simulated soil erosion rate is much higher than the soil
loss tolerance (200 t km 2 year ', provided by the Ministry of
Water Resources of China) in the hilly region of southern
China, and it shows great spatial heterogeneity in QTC influ-
enced by complicated natural and anthropogenic factors (e.g.,
slope, elevation, and land use type, etc.). Soil erosion rate
differed considerably over different land cover types in this
study. Higher rates of soil erosion over forest and grassland
are consistent with Yang et al.” s conclusion (2017).
Moreover, Wu et al. (2016) suggested that the rates of soil
erosion with 60%, 80%, and 90% vegetation coverage at 15°
runoff plots were 2433 tkm 2 year |, 2179 tkm * year ', and
2054 t km 2 year ', respectively. Therefore, rate of soil ero-
sion over forest (1944.57 t km 2 year ') in this study should
be reliable. The severe soil erosion over forest lies in the fact
that forest is mainly distributed in those steep areas. Soil ero-
sion increases sharply in areas with slope gradients below 18°,
which is highly related to vegetation pattern. Vegetation is

Table 4 Soil erosion rates over

different land cover types Land cover  Area/ Soil erosion Soil erosion amount/ Area Annual soil
types km 2 rate/t km™? year ! 10* t year™! ratio/% erosion ratio/%
Forest 28,683.17  1944.57 5577.64 72.24 87.35
Grassland ~ 1232.29 3657.04 450.65 3.10 7.06
Wasteland 12.74 8146.76 10.38 0.03 0.16
Paddy field  5886.53 305.56 179.87 14.83 2.82
Dryland 1276.24 1305.49 166.61 3.21 2.61
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Table 5 The explanatory power

of each driving factor derived Land cover Elevation ~ Vegetation Annual Slope  Soil
from geographic detectors type coverage rainfall type

Explanatory 2.03% 1.34% 7.28% 0.22% 1.34% 031%

Elevation N

Vegetation Y Y

coverage

Annual rainfall Y N Y

Slope N N Y N

Soil type Y N Y N N

All results were tested at 95% significant level. “Y” denotes a significant interaction and “N” otherwise

mostly distributed in mountainous areas with flat slope gradi-
ents and the plain is mainly occupied by arable land.

Soil erosion is likely to happen in regions with vegetation
coverage from 50 to 73%, which agrees with findings in previous
studies (e.g., Wang et al. 2013; Gao et al. 2018). On the one
hand, areas with less than 50% vegetation coverage in QTC are
mostly plain areas with the primary land cover type as paddy
field and construction land, which have small rates of soil ero-
sion. On the other hand, soil erosion may be affected by the
thickness of the available erodible soil layer (Kim et al. 2016;
Gao et al. 2018). When the vegetation coverage is below 50%,
the available eroded soil layer is thin and the amount of erosion is
small. With increasing vegetation coverage, the available eroded
soil layer becomes thicker and the amount of soil erosion in-
creases accordingly. When the vegetation coverage exceeds
73%, it can effectively prevent soil erosion. This highlights the
significant interaction between vegetation coverage and slope, as
well as that between land cover type and elevation.

Soil erosion increases with an increasing elevation be-
tween stratification 1-2 and 5-9. However, in areas with
elevation falling in stratification 3—4, the rate of soil
erosion decreases (Fig. 4b). As shown in Fig. 8, the
slope gradient and vegetation coverage increase with in-
creasing elevation since vegetation coverage is relatively
small at the low-elevation areas but decreases when ele-
vation exceeds stratification 5, and the slope gradient
always increases with elevation.

4.3 Spatial analysis on driving factors of soil erosion
heterogeneity

In this study, the impacts of six driving factors including an-
nual rainfall, land cover type, slope, elevation, vegetation
coverage, and soil type, as well as their interaction on soil
erosion were quantified. Wang et al. (2018) showed that land
cover type could explain 68.5% of the spatial distribution of
soil erosion in southwestern China. However, in our study,
single factor alone cannot explain much variability in soil
erosion. In QTC, vegetation coverage had the highest explan-
atory power (7.28%). This may be caused by the steep slope,
abundant annual precipitation, and relatively luxuriant vege-
tation in QTC. The complex interactions among these factors
can hardly be justified by one single factor. Moreover, vege-
tation can intercept rainfall and slow down runoff, which fur-
ther reduces runoff and sediment yield (Liu et al. 2015).
Therefore, the interaction between slope and vegetation cov-
erage is the dominating factor. Areas with steep slopes and
small vegetation coverage suffer from severe soil erosion,
which is in urgent need of reasonable land use regulation.
The risk detector showed that 86.11% of stratifications had
a significant difference within vegetation coverage and eleva-
tion stratifications. In the study area, higher elevation corre-
sponds to larger slope gradient, and the vegetation coverage
first increases and then decreases with increasing elevation.
Therefore, the lower vegetation cover and higher slope

Table 6 The explanatory power

of the interactions among Driving factors Land cover Elevation  Vegetation Annual Slope  Soil
different driving factors in soil type coverage rainfall type
erosion
Land cover type 2.03%
Elevation 3.65% 1.34%
Vegetation 23.05% 23.22% 7.28%
coverage
Annual rainfall 2.51% 2.25% 8.86% 0.22%
Slope 2.49% 3.58% 32.69% 2.06% 1.34%
Soil type 2.9% 2.08% 1291% 0.98% 281% 0.31%
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Table 7  Soil erosion rates (t km > a ') and high-risk areas, and the
percentage of stratification with significant difference (PSD) for each
driving factor

Driving factors High-risk areas Mean soil erosion PSD

Land cover type Waste land 8146.76 66.66%
Elevation 1135-1777 5555.38 86.11%
Vegetation coverage 50-62% 4995.39 86.11%
Annual rainfall 2644-2747 1922.45 55.56%
Slope 33-38 2453.61 44.44%
Soil type Yellow-brown earths 4947.21 54.55%

gradient in 13551777 had a higher soil erosion rate. In addi-
tion, the lower vegetation coverage range of 50-60% also
induced in a higher soil erosion rate (Fig. 9). Therefore, more
attention should be directed to regions with an elevation be-
tween 1135 and 1777 m or vegetation coverage between 50
and 62%. The results indicated that it also suggests that strat-
ification can well reflect the differences in soil erosion in dif-
ferent stratifications, which is largely due to the considerable
elevation difference since the stratification of elevation re-
flects differences in climate, topography, and vertical dynamic
of vegetation.

4.4 Temporal analysis on driving factors of soil
erosion heterogeneity

For the period of 2006-2015, factors such as geomorphology
and soil properties can be regarded as constant, whereas
changes in land cover type, vegetation coverage, and rainfall
can be relatively drastic. Therefore, they should be taken into
account when the driving factors of the temporal variations of
soil erosion are discussed.

A slight increase in soil erosion occurred in QTC from
2006 to 2015 (Fig. 5a) with a significant relationship between
annual rainfall erosivity and soil erosion rate (Fig. 5b; R* =

1. @

A

1.1F

soil erosion rate (10° t km™2 yr'l)
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2012 2014

2010 2016

Year
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[ —=— Land use type—e— Elevation—v— Annual rainfall
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Explanatory power(%)

1 1 J
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Fig. 6 Temporal variations of explanatory power of each driving factor
during 2006-2015

0.60). However, if the rainfall erosivity was assumed to be
constant, soil erosion showed a significant decreasing trend.
This could be attributed to the enhanced soil protection by
vegetation restoration since annual rainfall erosivity and veg-
etation coverage can temporally explain 60% and 32% of soil
erosion.

Moreover, conversions among different land cover types
were common in QTC (Table 8), mainly from paddy field to
construction land or water body, from forest to grassland or
water body, and from dry land to construction land. These
land cover changes are beneficial for reducing soil erosion,
still, they are insufficient to offset the erosion caused by
rainfall.

Temporal variation in the explanatory power of vegetation
coverage is different from the other five factors (Fig. 6). The
average vegetation coverage has increased in areas with ele-
vation less than 583 m but decreased in areas with an elevation
between 1135 and 1777 m from 2006 to 2015 (Table 9). The
soil erosion rate decreases at low and middle altitudes and
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Fig. 5 Temporal variation of soil erosion rate (a) and vegetation coverage, rainfall erosivity (b)
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Fig. 7 Temporal variations of explanatory power of interaction among
different driving factors

increased at high altitudes, which enhances the explanatory
power of elevation to soil erosion but weakens the explanatory
power of vegetation coverage. Therefore, the explanatory
power of elevation to soil erosion varies from decrease to
increase during 2006-2015. Impacted by the interaction be-
tween elevation and vegetation coverage, there is a threshold
in annual average vegetation coverage. Above the threshold,
the explanatory power of each factor to soil erosion will not
decrease with increasing vegetation coverage. Figure 9 pre-
sented a decreasing trend in soil erosion rate with increasing
vegetation coverage when the rainfall erosivity is assumed
constant. When vegetation coverage reaches 68%, the de-
crease in the amount of soil erosion slows down. Therefore,
vegetation coverage in high-altitude QTC should be increased
in the future to reduce soil erosion.

In addition, given the relationship between slope and ele-
vation (Fig. 8), interaction between vegetation coverage and
elevation is similar. The interaction between vegetation cov-
erage and land cover type shows a small upward trend during
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Fig. 9 Temporal variations of soil erosion rate with vegetation coverage
when rainfall erosivity is assumed constant in 2015

20062015, probably due to the conversion of paddy field and
forest to construction land and grassland. In this study, soil
erosion over construction land is not considered, so land cover
change is generally beneficial to conserve soil and water. On
the other hand, the plain areas are featured by small vegetation
coverage and vulnerable land cover type (e.g., dry land), and
rate of soil erosion differs slightly, resulting in the weak ex-
planatory power of the selected factors.

4.5 Uncertainty analysis

Thin soil layers tend to cause the outcrop of bedrocks
in the hilly region. Therefore, soil erosion rate might be
overestimated for the wasteland. Meanwhile, the gully
erosion and gravity erosion were not considered in the
RUSLE, which may bring in certain underestimation of
soil erosion rate. The modle could be modified to suit
the hilly region in the future.

Moreover, selecting a desirable discretization method can
be challenging in the application of geographic detectors (Cao
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Fig. 8 Change of soil erosion with different elevation and vegetation coverage (a) and change of slope and vegetation coverage with elevation (b)
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Table 8 Land use transition matrix from 2006 to 2015 (km?)

2015, 2006 Forest Grassland Waterbody Construction Wasteland Paddy field Dryland Total area 2006
Forest 26,211.57 413.44 184.09 247.62 8.61 1402.18 377.71 28,845.22
Grassland 354.75 707.27 5.42 19.45 0.77 61.05 15.68 1164.39
Waterbody 206.77 6.59 643.51 40.10 0.02 123.58 30.46 1051.03
Construction 80.72 5.75 21.61 638.60 0.17 179.70 29.08 955.64
Wasteland 4.48 0.06 0.01 0.27 2.53 0.39 0.52 8.26

Paddy field 1444.66 76.69 111.03 626.13 0.54 3888.18 285.56 6432.79
Dryland 35143 19.45 23.41 98.91 0.10 230.52 536.90 1260.71

Total area 2015 28,654.39 1229.25 989.08 1671.07 12.73 5885.61 127591 39,718.04

etal. 2013), which is beyond the scope of this study and needs
further research. Although the substantial impact of different
discretization methods on the results by geographic detectors
was not discussed in this study, the discretization method with
the largest q value we adopted has been used in previous
studies (Wang and Xu 2017; Cao et al. 2013). The results
should be regionally optimal and meaningful.

Although the specific value of the explanatory power could
be slightly different with different discretization methods, the
explanatory power reveals a reliable comparison of the rela-
tive contribution of each driving factor or the interaction be-
tween two driving factors, Therefore, this study can still pro-
vide a meaningful reference for future soil erosion control
measures in the study area.

5 Conclusions

Based on RUSLE and geographic detectors, driving factors
of soil erosion were quantified spatiotemporally in QTC,
southeastern China, from 2006 to 2015. Major conclusions

(1) The explanatory powers of six driving factors to
soil erosion are significantly different with the
maximum explanatory power of 7.28% by vegeta-
tion coverage.

Interaction between these factors can enhance the
explanatory power of soil erosion, and the interac-
tive explanatory power of vegetation coverage and
slope is 32.69%, and that of vegetation coverage
and elevation, vegetation coverage and land cover
type reach 23.22% and 23.05%, respectively. High-
risk areas are those areas with an elevation between
1135 and 1777 m or vegetation coverage of 50—
62%. Therefore, arcas with small vegetation cover-
age and high elevation call for implement of soil
and water conservation measures.

Vegetation coverage and its interaction with slope,
elevation, and land cover type are the dominating
factors in soil erosion during 2006-2015. The in-
creasing explanatory power is mainly caused by the
changing vegetation coverage and its spatial distri-
bution. Increasing vegetation coverage in high-
altitude areas can effectively protect the soils in

@

(€)

are as follows: the future.

Table 9 Changes of vegetation

coverage (%) at different Stratification, Year 1 3 4 5 6 7 8 9

elevations during 2006-2015
2006 29.71 57.2 7232 7888 8297 8557  87.12 86.07  84.75
2007 3058 6039 7557 8136  84.68 86.69  87.63 86.25 84.28
2008 3282 644 79.09 8298 8387 83.86 83.19 80.46  80.99
2009 3228 6228 7759 8231 84.12  84.88 85.01 82.62  80.86
2010 3348 6292 7848 83.33 8539  86.14  85.63 81.73 77.79
2011 3197 6196 777 83.25 85.66  86.67  86.95 84.47  81.56
2012 32775 6252 7867 8386 8595 86.48 85.92 8232  77.69
2013 3042 6026 7645 82.74  86.25 88.35 89.64  88.5 86.63
2014 33.61 65.28 80.06  84.19 8532 8524 8446  81.71 78.07
2015 3508  66.7 81.25 84.57  85.09  84.41 82.73 78.55 74.51
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