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a b s t r a c t
We established successfully the Location-weighted landscape Contrast Index (LCI) with three factors of landscape
pattern (land-use type, composition and conﬁguration) in the view of the source–sink structures of three organic
carbon format loss processes. To reveal the relations between soil organic carbon loss and landscape indicators,
we should ﬁrstly quantify the variables that denote organic carbon loss status. The sediment delivery distributed
model and the Pollution Load (PLOAD) model (R2 N 0.9; ENS N 0.9) were integrated to simulate sediment yield,
total organic carbon (TOC) loss, adsorbed organic carbon (AOC), and dissolved organic carbon (DOC). Results
by Pearson correlation analysis indicate that the dominant factor in the integrated model is the rainfall factor
explaining N 80% of the variations in both sediment and organic carbon loss. Aside from precipitation, landscape
pattern is also a principal factor that correlates with sediment yield and organic carbon loss. Landscape indicators,
namely, LCITOC and LCIAOC, are signiﬁcantly related to the sediment delivery ratio, and they explain 87% and 81% of
the variation in sediment yield rate, respectively; however, they do not consider precipitation, with the rainfall
factor dropped. LCITOC, LCIAOC, and LCIDOC explain 91%, 89%, and 87% of the variation in the corresponding organic
carbon formats, respectively. The landscape indicators show that the landscape pattern is generally unfavorable
to AOC loss in most sub-watersheds, whereas it is favorable to DOC and TOC format losses in the whole watershed. These differences among loss formats are considerably attributed to different sink–source compositional
structures. Flow length derived from the paddies and rural settlements along river networks is the most unfavorable factor related to spatial conﬁguration of organic carbon source–sink. In this regard, this study proposes the
further optimization of the landscape pattern to increase or prevent the ﬂow path of soil and organic carbon from
source land-use types to river channels. This goal can be achieved through the development of protection forest
belts in hilly areas and around agricultural lands.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Non-point source (NPS) organic carbon is transported across terrestrial ecosystems and eventually to aquatic systems mainly by sediment
and runoff; the fate of NPS organic carbon can consequently result in a
series of environmental problems, such as land degradation, NPS pollution, acidiﬁcation, and eutrophication (Neff et al., 2003; Ning et al.,
2006), and pose potential risks to human health. NPS organic carbon
is derived from urban street runoff, agriculture, road and railways,
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mine sites and atmospheric deposition. Many studies on NPS organic
carbon loss in forested/peaty upland and agricultural watersheds have
been reported over the past decades (Dawson and Smith, 2007; Vidon
et al., 2008). In peri-urban areas, agricultural/rural NPS and urban NPS
are two particular types of sources that have gained considerable concern because urban expansion and agriculture intensiﬁcation may act
as a source or sink for contaminants to move toward surface water bodies (Ongley et al., 2010; Gooddy et al., 2014). Therefore, the identiﬁcation and management of NPS organic carbon loading are some of the
major goals to minimize pollution in peri-urban watersheds.
Several NPS pollution models can be used to simulate NPS organic
carbon in the sediment and runoff transport process in a watershed.
The export coefﬁcient method (ECM), an empirical model, has been
widely used to predict the NPS pollution export from the watershed
consist of individual sources. Compared with the model based on the
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physical process, ECM was generally more easily-operated and robust to
model the NPS nutrients loads (Chen et al., 2011). Among the major empirical models, revised universal soil loss equation (RUSLE) can be used
to evaluate soil sediment and absorbed nutrient loss by integrating six
factors, namely, climate, soil, topography, vegetation, management,
and the enrichment ratio of pollutants in the sediment (Wang et al.,
2012). Soil loss by water involves two processes: soil erosion and sediment delivery (Nearing et al., 1989), which can severely affect organic
carbon loss through the direct transfer of encapsulated carbon via the
displacement of soil particles (Blair and Aller, 2012). Sediment delivery
plays a role in the dynamics and fate of particle-absorbed carbon in
aquatic environment (Jain and Kothyari, 2000). Sediment export
coupled with the sediment delivery distributed (SEDD) model was successfully applied to quantitatively monitor the soil loss process in the
upstream of Min River, China (Yang et al., 2012). However, the natural
soil surface is replaced with impermeable surfaces because of high population density and intensive human activities (Shon et al., 2012). Surface runoff is the main carrier of the NPS organic carbon complex
through the active organic carbon in soil and anthropogenic sources in
rural–urban settlements. Basing on the ECM, USEPA (2001) developed
PLOAD, a generic GIS-based NPS screening model, to simulate different
time-step NPS nutrient loads in runoff. This model has been widely applied because of its low data requirement and visualization of NPS pollution control and watershed management at different scales (Cai et al.,
2000; Chen et al., 2003; Lee et al., 2008; Shi et al., 2012).
NPS pollutant losses through sediment and runoff processes are
highly related not only to land use/cover characteristics, but also to topography (Chen et al., 2003; Yang et al., 2012). At watershed scale, the
spatial pattern of land use/cover (e.g., type, area and conﬁguration) involves closely with NPS pollution loads by inﬂuencing the hydrologic
connectivity between the source and sink landscapes (De Vente et al.,
2007). Currently, some researchers have developed many common
landscape indicators such as shape, connectivity, fragmentation, and diversity metrics to depict relationships between landscape pattern and
NPS loss process (Hu et al., 2008).
However, these landscape indicators only focused on land cover type
or conﬁguration, but not on the spatial arrangement of topographical
features, which made it difﬁcult to identify the speciﬁc relationships between variables representing soil loss and runoff processes and common landscapes indicators (Hu et al., 2008; Liu et al., 2011). Given
that few reports have incorporated characteristics on spatially topographical elements into landscape pattern inﬂuencing on soil and NPS
pollutant losses, it is urgent to directly investigate the linkages between
ecological progress and landscape pattern with multiple spatial
information.
Source–sink theory states that the landscape pattern can be categorized as sink or source landscape based on the role of the landscape
playing in the functions during the NPS pollution process. A sink landscape is not favorable to the process of sediment erosion and the NPS organic carbon losses, whereas landscape deﬁned as source is helpful to
the process of sediment erosion and NPS organic carbon losses (Chen
et al., 2003). If the spatial source–sink structure of landscape is balanced
and reasonable, few pollutants will be produced. On the basis of source–
sink theory, NPS nutrients and sediments losses depend not only on the
source–sink types of landscapes, but also on space features (e.g., elevation, slope, and distance from the surface water) (Jiang et al., 2013). Previous studies (Mayor et al., 2008; Chen et al., 2009) have drawn ﬂow
length that can be used to quantify the runoff connectivity and potential
soil loss in dry land, relying to the assumption that the ﬂow path ends at
a geomorphic sink or vegetation zone. Afterwards, an improved grid
landscape contrast index (GLCI ) was integrated into the NPS model to
assess the inﬂuence of landscape features on sediment yield and the
contribution of landscape images to NPS pollution of water (Chen et
al., 2009; Yang et al., 2012; Jiang et al., 2013). However, the relationships
between NPS organic carbon loss and landscape patterns have been
rarely assessed under the context of multiple source–sink structures.

Therefore, this study aims to (1) quantitatively evaluate NPS organic
carbon loss through the coupling of the SEDD and PLOAD models and
(2) show the contribution of landscapes to NPS organic carbon loss on
the basis of three different source–sink structures in a peri-urban
watershed.
2. Study area
The study area was located in the Yangtze River Delta in the southeast part of China, covers a total area of 486 km2 and represents the upstream watershed area of Taihu Watershed (Fig. 1). The sub-watershed
is densely covered by a water network consisting of three trunk streams
with their tributaries, such as the Wujin Port and the Yangxi and Liangxi
Rivers, which ﬂow into Meiliang Bay of Taihu Lake. The elevation of the
study area ranges from 4 m to nearly 311 m. The climate in this region is
classiﬁed as subtropical moist monsoonal; the average annual meteorological indices are 1535 mm for precipitation, 688 mm for runoff depth,
and 15.6 °C for temperature, respectively. The main rainfall season is
from May to September, and the ﬂood season is from July to August.
The study area stretches across two prefecture-level cities, Changzhou
and Wuxi, which are famous for their natural environment and advantageous economic development; they have the most extensive agricultural, urban, and industrial areas in Jiangsu Province. The water
system of Wujin Port and Yangxi River is located in a peri-urban area between the two cities. Approximately 55% of the area is covered by agricultural land, 35% is settlement area, 15% is water area, 5% is wetland,
and the remainder is residential land and transportation area. The
Liangxi River system is located in an urban area in the northeast of
Wuxi City.
3. Data and methods
3.1. Field survey data
In this study, the data regarding meteorology, hydrology, and NPS
pollution export were mainly collected by the ﬁeld monitoring. The
monthly monitoring data (e.g., precipitation, sediment, and runoff)
were divided into two sets (Fig. 1). Set I (calibration data) was selected
in 20 locations which represent the whole area with a diversity of landuse and soil types as well as a wide range of geomorphology in order to
determine model parameters. Set II (validation data) was selected in the
outlets of 18 sub-watersheds for assessing model performances. The diversity of geographic landscapes, such as cultivated lands, grasslands,
forests, orchards, tea gardens, rural and urban settlements, and wetlands, is a very good representation of the majority of the land-use in
the study area. Selected nutrients, such as NPS organic carbon, were
also observed in the sediment and surface water during a single event
of storm runoff from 2014 to 2015. The mixed samples were separated
into absorbed and dissolved parts with a 0.45 μm membrane ﬁlter (cellulose acetate), and then stored in a plastic jar for further analysis. Carbon element was detected by dry combustion using a C/N analyzer (GESievers-860) according to the method of Wu et al. (2014). The spatial
annual precipitation was interpolated according to the thin plate
smoothing spline method (Hutchinson, 2001) as shown in Fig. 2a.
3.2. Spatial data
Land-use and cover parameters, which were originally derived from
the Second National Land Survey of China, were inversed from high-resolution remote sensing images (SPOT) and then updated with ﬁeld
land-use survey from the Land and Resources Department of Jiangsu
Province. In this study, land use landscapes were categorized into 14
types according to the Chinese land use classiﬁcation standard (GB/T21010-2007). (Fig. 2b). DEM data with a resolution of 30 m were collected from ASTER global DEM data (http://www.usgs.gov/). Soil data,
such as soil particle size, soil organic carbon, and total nitrogen, were
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Fig. 1. Location of study area and monitoring station (model calibration: purple stars; model validation: green stars).

Fig. 2. The spatial distribution of land use, precipitation and soil type in the peri-urban watershed in 2014. (a) Annual precipitation; (b) land use and land cover; and (c) soil type.
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Fig. 3. Framework for model integration applied in this study.

derived from soil map (1:1,000,000 scale) from the Second National Soil
Survey, China. The Genetic Soil Classiﬁcation System was derived from
the Soil Annals of Jiangsu Province, China. The map of soil types is
shown in Fig. 2c.
3.3. Quantitative simulation model of NPS organic carbon loss and
approach
In this study, we integrated the SEDD and PLOAD models to simulate
NPS nutrient loads in the peri-urban area, due to simplifying the identiﬁcation and measurement of NPS pollution. The SEDD–PLOAD model incorporated ﬁeld measurement and RS/GIS data to quantify NPS organic
carbon loss at the basin scale. The diagram of research approach was
shown in Fig. 3.
3.3.1. Adsorbed NPS organic carbon component by the SEDD model
The adsorbed organic carbon was estimated at the cell level with the
following equations:
Li;

Ads

¼ Ai  SDRi  C sed

Ai ¼ Ri  K i  LSi  C i  P i

ð1Þ
ð2Þ

where Li, ads is the adsorbed NPS nutrient load rate (kg km−2 yr−1)
for a grid pixel i, Ai is the amount of soil erosion rate (kg km−2 yr−1),
SDRi is the sediment delivery ratio (−), Csed is the organic carbon in
the sediment (mg kg−1) (Table 1), Ri is the erodible factor of the rainfall-runoff (MJ mm·(km−2 h yr)−1) gained according to the method
of Wischmeier and Smith (1965) and Ki is the erodible factor of soil
[t h·(MJ mm)−1] calculated by using the EPIC model (Williams et al.,
1983); the K values for different soil types are listed in Table 2. Li and
Si are the slope-length factor (−) and the slope steepness factor (−), respectively, and they are calculated according to Yang et al. (2012). Ci, the
cover management factor (−), is calculated by the method (Cai et al.,
2000), and Pi is the conservation support practice factor (−). The P
values resulting from the local investigation are listed in Table 3.

The sediment delivery ratio representing the percentage (0–100%)
of sediment yield into the surface water in soil erosion process, was
used for the adsorbed components. The equations are given by
SDRi ¼ expð−βt i Þ

ð3Þ

where SDRi is the sediment delivery ratio (%) for grid i, ti represents
the shortest travel time (h) along the ﬂow path from the ith cell to the
river channel and is calculated according to the method of Shen et al.
(2011), and β is a coefﬁcient in the combination with runoff along the
ﬂow path and the inﬂuence of roughness, to which the sensitivity is watershed-speciﬁc (Ferro, 1997). The value of β = 0.304 with the smallest
square error between the modeled and the measured results was used
for the watershed.

Table 1
Export concentration for adsorbed and dissolved NPS organic carbon components.
Adsorbed organic carbon g
−1

Land-use type

kg

Forest land
Grass land
Transport land
Paddy land
Dry land
Orchard
Tea garden
Ponds and reservoirs
Salt marsh
Rivers and channels
Lakes
Facility agriculture
Urban residential land
Rural residential land
Industrial and mining
land

11.066
8.537
7.145
6.135
3.631
3.974
0.952
1.352
13.423
1.018
3.759
0.000
3.935
0.000
0.000

Dissolved organic
carbon
mg L−1
2.845
2.900
1.713
1.519
0.873
0.835
1.232
1.900
1.633
1.259
2.895
1.270
1.570
1.303
1.258
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3.3.3. The total NPS nutrients discharge
Fluvial nutrients in different sub-watersheds in this study were considered as dissolved and adsorbed components as follows:

Table 2
Values of factor K for soil types in the study area.
Soil types

K value

Yellow brown soil
Water loggogenic paddy soil
Acid skeleton soil
Brown calcareous soil
Bleached paddy soil (A)
Bleached paddy soil (B)
Calcareous alluvial
Degleied paddy soil (A)
Degleied paddy soil (B)

0.273
0.3344
0.2277
0.3066
0.4268
0.5752
0.4603
0.2907
0.3107

Q sum ¼

Dis

Xn
i

Li

;

Ads

þ

Xn
i

PLAi;


Dis

ð7Þ

 AU

where Qsum is the total NPS nutrients into the rivers (kg yr−1), and
AU is the area of each land-use type (km2).
3.4. Landscape contrast index(LCI) based on grid

3.3.2. Dissolved NPS organic carbon component
We used a GIS-based PLOAD model developed by CH2M-HILL to
model NPS nutrients loss in the peri-urban watershed on the basis of annual or seasonal precipitation land uses (USEPA, 2001). In this study, the
PLOAD model was designed to estimate the dissolved NPS nutrient load
with the equation:
PLAi;

19

¼ P i  P ji  RUV;i  C run

ð4Þ

where PLAi, Dis is the dissolved NPS nutrient load rate (kg km−2 yr−1)
for a grid pixel i, Pji is the ratio of storm-produced runoff (0.9), RUVi is the
runoff coefﬁcient for each land-use type, and Crun is the event mean concentration (EMC) for each land-use type (mg L−1). The value of each parameter was obtained by manipulation of the input data.
The runoff coefﬁcient (RUV) for each land-use type was derived with
the following equation:


RUV ¼ 0:05 þ 0:009  Iimp

ð5Þ

At ﬁrst, the sediment and organic carbon source and sink must be
speciﬁed in order to calculate this indicator. In this study, the speciﬁc
land cover was designated as either sink or source according to sediment and NPS organic carbon loss rate calculated by the coupling of
the SEDD and PLOAD models. If the spatial distribution of source–sink
landscape is reasonable, it will tend to produce less pollutants. Second,
we must quantify the landscape pattern including the contribution of
each land cover type to sediment and NPS organic carbon loss, and
land-use composition and conﬁguration.
As for the contribution of each land-use type to NPS organic carbon
loss processes in LCI, the weight of each land-use type (0–1) was evaluated by the standardization of either source or sink landscape. The standard source (or sink) land-use was characterized as the highest (or
lowest) organic carbon loss rate, to which the ratio of the organic carbon
loss rate of other source (or sink) land-uses was regarded as the weight
value. In addition, the source–sink landscape composition stands for the
variety of landscape pattern. To account for the contribution of land-use
types to NPS organic carbon loss and the composition of the source and
sink into LCI, LCIw and LCIp were calculated as follows:
0 Xm

w
i¼1 i

LCI w ¼ log@Xn
where Iimp is the imperious factor for different land uses (Table 4),
the value of which was selected from the guidelines provided by
NRCCS, TR-55 user's manual (USEPA, 2001).
The EMC table was developed with an average concentration that occurred in the runoff from a speciﬁc event. The ﬂow sample was taken at
a regular interval during the event with the following equation:

j¼1

1
A

ð8Þ

wj

0 Xm
1
Pi
LCI P ¼ log@Xni¼1 A
P
j¼1 j

ð9Þ

where Cn is the concentration of sample n, and Qn is the ﬂow rate of
sample n. The ﬂow rate (Qn) of each sample was obtained after generation of the surface runoff from each event of rain with the use of PLOAD
simulation. The EMC values (mg L−1) of organic carbon in the surface
water are shown in Table 1.

where w and P are the weight and area percent of each land use type,
respectively, subscripts i and j refer to the ith source and jth sink type,
respectively, and m and n are the number of sediment and organic carbon loss sources and sink types, respectively.
In practice, the contribution of landscape in a single cell to NPS organic carbon loss is closely related to the landscape elevation, slope,
and distance from the watershed outlet (Leitão et al., 2012). If the elevation is lower, the slope is steeper, and the distance to the outlet is
shorter, the contribution of NPS organic carbon in water or sediment

Table 3
Values of factor P for land-use types in the study area.

Table 4
Values of imperious factor and runoff coefﬁcient for land-use types in the study area.

X
X
EMC ¼
CnQ n= Q i

ð6Þ

Land-use types

P value

Land-use type

I value (%)

Ruv

Forest land
Grass land
Transport land
Paddy land
Dry land
Orchard
Tea garden
Ponds and reservoirs
Salt marsh
Rivers and channels
Lakes
Facility agriculture
Urban residential land
Rural residential land
Industrial and mining land

0.75
0.25
1
0.15
0.35
0.65
0.7
0
0.2
0
0
0.55
1
0.8
0.1

Forest land
Grass land
Transport land
Paddy land
Dry land
Orchard
Tea garden
Ponds and reservoirs
Salt marsh
Rivers and channels
Lakes
Facility agriculture
Urban residential land
Rural residential land
Industrial and mining land

15
10
85
5
15
5
5
0
2
0
0
25
65
35
10

0.185
0.140
0.815
0.095
0.185
0.095
0.095
0.050
0.068
0.050
0.050
0.275
0.635
0.365
0.140
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Fig. 4. Comparison observed and simulated of annual organic carbon loss: total organic carbon (TOC) (a); sediment (b); adsorbed organic carbon (AOC) (c) and dissolved organic carbon
(DOC) (d).

increases and is greater and vice versa. In this study, the landscape ﬂow
length substituted for the elevation and distance from the watershed
outlet to simplify the LCI formula. According to Chen et al. (2009) and
Yang et al. (2012), the landscape conﬁguration related to ﬂow length
LCIS,ﬂ and slope LCIS,sl in LCI is calculated as follows:
0 Xm

1

LCIS;fl ¼ log@Xn

A

S
i¼1 fl;i

S
j¼1 fl; j

0Xm
LCI S;sl

j¼1
¼ log@ Xn

Ssl; j

S
i¼1 sl;i

LCI fl ¼ log@Xn

j¼1

0Xm

w j  P j  Sfl; j
wi  P i =Ssl;i

w  P j =Ssl; j
j¼1 j

ð10Þ

1
A

ð13Þ

1
A

ð14Þ

where LCI is near 0, an LCI smaller than 0 stands for an unfavorable
landscape conﬁguration for NPS organic carbon loss, and an LCI larger
than 0 stands for a favorable landscape conﬁguration.
ð11Þ

where ﬂ and sl stand for ﬂow length and slope, respectively, and S is
the integral area of the ﬂow length and slope based on the Lorenz curve.
The value of LCIS,ﬂ or LCIS,sl close to 0 represents a more balanced landscape conﬁguration that can make a neutral effect on the NPS organic
carbon loss rate. When the value is larger than 0, the spatial pattern related to conﬁguration is more inferior, because of a less optimal distribution of the NPS organic carbon source, and vice versa. The two
indicators-ﬂow length and slope related to landscape conﬁguration
were described respectively as follows:
LCI ¼ LCI fl þ LCIsl

w  P i  Sfl;i
i¼1 i

LCI sl ¼ log@ Xi¼1
n

1
A

0 Xm

ð12Þ

3.5. Analyzing the correlation between landscape indicators and NPS
nutrients
Pearson correlation analysis was conducted with SPSS 19.0 to illustrate the relationships between LCI and the three organic carbon loss
Table 5
Statistics for the observed and simulated annual organic carbon and sediment loss.
Annual mean yield

2

−1

TOC (10 t yr )
Sediment (103 t yr-1)
AOC (102 t yr-1)
DOC (102 t yr−1)

Observed

Simulated

R2

ENS

3.308
1.694
0.912
1.553

3.479
1.524
0.883
1.767

0.935
0.966
0.958
0.967

0.903
0.911
0.948
0.903
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processes. In order to clarify the inﬂuence of other variables on NPS organic carbon loss processes, the correlation between organic carbon loss
rate and other variables was also analyzed. Pre-analysis indicated that
precipitation with signiﬁcant spatial-temporal variances is a principal
factor to NPS organic carbon loss processes in the study area. After the
dropping of factor R as a proxy of the annual precipitation, we can highlight the inﬂuence of landscape pattern on the organic loss progresses
by analyzing the relation between NPS organic carbon loss rate and LCI.
In this study, the performance of the SEDD–PLOAD model was estimated based on the Nash–Sutcliffe coefﬁcient as follows (Nash and
Sutcliffe, 1970):
XN 
ENS ¼ 1−

2
Q obs;i −Q sim;i
i¼1
2
XN 
Q obs;i −Q obs
i¼1

ð15Þ

where i stands for the ith sample, and N stands for the total number
of samples. Qobs,i and Qsim,i stand for the observed and simulated values,
respectively. Q obs stands for the arithmetic mean of the observed
values.
4. Results
4.1. Comparison of the simulated and monitored annual organic carbon
and sediment loss
The monitoring station located at the outlet of each sub-watershed
(Fig. 1) was used to observe the sediment and runoff discharge of the
sub-watershed. The distributions of the modeled and measured organic
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carbon and sediment loss of the 18 sub-watersheds as shown on the 1:1
plotted line are given in Fig. 4 and the Nash–Sutcliffe coefﬁcient for
model validation are shown in Table 5.
The scatter diagram showed a uniform distribution along the 1:1 line
for all the observed and simulated TOC, AOC, and DOC values (Fig. 4a, c,
and d). The distributions of the predicted and monitored annual sediment yields, the lower values of the observed sediment were close to
the 1:1 line, while the higher values were below the 1:1 line indicating
an under-predicted model for the range of high values (Fig. 4b). High
determination coefﬁcient with R2 scores of 0.935 (TOC), 0.958 (AOC),
0.967 (DOC), and 0.966 between the observed and simulated organic
carbon and sediment loss indicated that the SEDD–PLOAD model accurately predicted the organic carbon and sediment in the watershed for
the entire year (Table 5). High Nash–Sutcliffe model efﬁciency
(ENS N 0.9) for the annual organic carbon and sediment loss showed
that the modeled results have a close consistency to the observed
values.

4.2. Simulation of NPS organic carbon loss
The yearly spatial distributions of organic carbon loss for 2014 in the
study area are shown in Fig. 5. The model results showed that the average loss rate of the adsorbed organic carbon (AOC) ranged from
0 t km− 2 to 13.940 t km− 2, whereas that of the DOC ranged from
0.045 to 2.552 t km−2. The annual TOC loss rates, including both the dissolved and adsorbed parts, were 0.045 and 14.232 t km−2.
The annual organic carbon loss, including the dissolved and
adsorbed parts, was simulated by sub-watershed in Table 6; the loss intensities are presented in Fig. 6. The yearly TOC loss from the mixed

Fig. 5. Spatial distributions of annual organic carbon loss in the peri-urban watershed in 2014. (a) Adsorbed organic carbon; (b) dissolved organic carbon; and (c) total organic carbon loss.
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Table 6
Annual organic carbon loss in different sub-watersheds in 2014.
Annual organic carbon loss (t yr−1)
Sub-watershed no.

Area km2

AOC

%

DOC

%

TOC

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
Total

27.280
35.178
36.486
22.312
22.629
37.794
18.940
21.093
29.418
19.060
30.246
6.198
7.346
39.599
27.542
44.568
35.416
24.764
485.868

99.804
261.284
85.611
96.135
203.339
143.148
102.267
90.686
128.374
92.767
208.164
60.076
79.446
91.479
34.559
88.489
95.785
93.167
2054.579

34.60
54.82
23.09
40.39
62.68
42.58
52.56
44.53
48.18
45.93
47.36
59.82
61.89
26.28
12.11
24.15
26.78
44.27
39.99

188.660
215.322
285.230
141.892
121.055
193.075
92.287
112.973
138.073
109.198
231.349
40.346
48.912
256.681
250.880
277.993
261.854
117.279
3083.058

65.40
45.18
76.91
59.61
37.32
57.42
47.44
55.47
51.82
54.07
52.64
40.18
38.11
73.72
87.89
75.85
73.22
55.73
60.01

288.465
476.606
370.840
238.027
324.394
336.223
194.554
203.659
266.448
201.964
439.512
100.422
128.358
348.160
285.439
366.482
357.639
210.446
5137.638

landscapes ranged substantially from 100.422 t yr−1 to 476.606 t yr−1,
the AOC loss ranged from 34.559 t yr−1 to 261.284 t yr−1, and the DOC
loss ranged from 40.346 t yr−1 to 285.230 t yr−1. In the entire study
area, the annual loss of AOC and DOC was 2054.579 t yr−1 and
3083.058 t yr−1, respectively. The two formats of organic carbon loss
contributed approximately to 40% and 60% of the total yield, respectively. The land-use distribution of the sub-watersheds showed that a large
proportion (N50%) of the AOC loss mainly occurred in the sub-watersheds (e.g., 2, 5, 7, 12, and 13) which were dominated by agricultural
areas, such as dry lands, paddy ﬁelds, and gardens, whereas the large
proportion of DOC loss in the sub-watersheds (e.g., 1, 3, 14, 15, 16,
and 17) was dominant in developed areas, such as urban and rural settlements. In addition, the simulation results (Fig. 6) indicated that the
total loss intensity of organic carbon was 8.240 t km− 2 to
17.469 t km−2 in different sub-watersheds. The AOC loss intensity for
the two pathways was 1.259 t km− 2 to 10.808 t km− 2, whereas the
DOC loss intensity was 4.710 t km−2 to 9.129 t km−2.

4.3. Effect of landscape pattern on NPS organic carbon loss
4.3.1. Land-cover types
In the whole watershed, the annual average AOC loss of orchards in
2014 was 16.55 t km−2 (standard deviation: 0.68 t km−2), which was
slightly higher than that of dry ﬁelds (Fig. 7). Orchards and dry ﬁelds
were speciﬁed as an AOC source because of their high loss rate. Urban
residential areas were speciﬁed as a standard AOC sink because they
showed the lowest adsorbed organic carbon load rates. Forests and
grasslands, where soil was protected by vegetation and had a low AOC
loss rate, were also considered as an AOC sink (Fig. 7).
However, the source–sink structure of DOC loss in the overall watershed was different from that of AOC loss. Transport land was designated
as the standard source type for DOC loss because of the highest DOC
concentrations in surface runoff. Urban and rural residential areas
were also identiﬁed as a DOC source because of their high loss intensity
in runoff, where the natural soil surface was replaced with impermeable
surfaces and suffered from intensive human activities (Shon et al.,
2012). Agricultural lands, such as dry lands and agriculture facilities,
were speciﬁed as a standard AOC source because of their high active organic carbon loss rates. On the other hand, wetlands, including reservoirs and salt marshes, which are generally regarded as buffers of

pollutants, had a low DOC loss rate and were considered as a DOC sink
(Fig. 7), followed by orchards and tea gardens. For total organic carbon
loss, wetlands, forests, and grasslands were recognized as a TOC sink,
whereas agricultural lands and built-up lands were regarded as a source
(Fig. 7).
After standardization, the weight of the speciﬁc source or sink type
to the three formats of organic carbon loss was determined (Table 7),
which was also able to explain the contribution of each land-use type
to organic carbon loss in LCI. The LCIw values were then obtained with
formula (8). The LCIw value was smaller than 0 in the watershed,
where the sink contributed more to soil erosion and NPS organic carbon
loss processes than the source.
4.3.2. Composition of land cover types
The high NPS pollution load area with a mixed land landscapes was
considerably ascribed to the critical land use with the high export (Shen
et al., 2011). Based on the cluster analysis, the 18 sub-watersheds were
classiﬁed as ﬁve different land-use structures groups: sub-watershed 14
characterized as residential area and forest land; sub-watershed 7 characterized as crops and gardens. The area of developed land, such as settlements, occupied N 65% of sub-watersheds 3, 15, and 17 (Table 8). The
main regions of AOC loss are located in agricultural lands with intensive
farming because of the high soil and NPS organic carbon loss. The large
proportion of developed land, such as settlements and transport land, is
the main source of DOC loss in most of the sub-watersheds.
For AOC loss, the percentage of watershed area composed of agricultural land was 40% to 70% in cluster group IV (Table 8). Agricultural land
was the main sediment source, and the areas larger than the AOC sink
made the value of LCIP larger than 0 (Table 9). This value represented
the unhelpful landscape composition of the AOC sink and source for
soil organic carbon conservation. However, in the other groups (I, II,
III, and V), the larger percentage of sink pattern composing the watershed area made the value of LCIP smaller than 0, which is conducive to
soil conservation. With regard to DOC and TOC loss, all LCIP values
were larger than 0, which suggested an approved source–sink composition for organic carbon loss (Table 9).
4.3.3. Conﬁguration of land-use types
Paddy ﬁelds were characterized as the shortest ﬂow length (Fig. 8a)
because they were distributed along drainage networks (Fig. 3d).
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Fig. 6. Annual organic carbon load intensity of (a) adsorbed organic carbon, (b) dissolved organic carbon and (c) total NPS organic carbon in different sub-watersheds in 2014.

Similar to paddy ﬁelds, the ﬂow lengths of agriculture facilities and
grasslands were only b20% of the largest value, and organic carbon
loss tended to need a short travel time to enter the river channels (Fig.
8a). Tea gardens were located on the foothills, with ﬂow lengths of
not N 30% of the longest value. The land cover types with N90% value
of the longest ﬂow length were mainly found to be forests, orchards,
urban settlements, and dry lands, resulting in a long distance to be travelled at river networks for organic carbon loss (Fig. 8a). Among the

different land-use types, forests and grasslands were distributed on
hilly areas with a steep slope. The other types were located on a gentle
slope; N 40% of the areas of each land-use type were located in ﬂat areas
(Fig. 8b).
The major AOC sources (paddy ﬁelds, tea gardens, and agriculture
facilities) with the short ﬂow lengths were favorable for soil organic carbon loss. Therefore, the LCIS_ﬂ was a positive value in group IV, where
agricultural land accounted for a higher proportion than the other

Fig. 7. Annual organic carbon loss intensity of (a) adsorbed organic carbon (AOC), (b) dissolved organic carbon (DOC) and (c) total organic carbon (TOC) in different land-use types in 2014.
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Table 7
Contribution of land-use types to soil organic carbon loss.
Format

“Source” of landscape types

Weight

“Sink” of landscape types

Weight

AOC

Paddy land
Dry land
Orchard
Tea garden
Facility agriculture
Industrial and mining land
Transport land
Paddy land
Dry land
Facility agriculture
Urban residential land
Rural residential land
Industrial and mining land

0.373
0.826
1.000
0.451
0.515
0.306
1.000
0.272
0.520
0.762
0.838
0.731
0.293

Transport land
Paddy land
Dry land
Orchard
Tea garden
Facility agriculture
Urban residential land
Rural residential land
Industrial and mining land

0.836
0.481
1.000
0.849
0.441
0.972
0.692
0.615
0.451

Forest land
Grass land
Transport land
Salt marsh
Urban residential land
Rural residential land
Forest land
Grass land
Orchard
Tea garden
Ponds and reservoirs
Salt marsh
Rivers and channels
Lakes
Forest land
Grass land
Ponds and reservoirs
Salt marsh
Rivers and channels
Lakes

0.178
0.188
0.623
0.151
1.000
0.766
0.396
0.476
0.397
0.458
0.873
0.597
0.897
1.000
0.197
0.190
0.873
0.195
0.897
1.000

DOC

TOC

groups (Table 9). The major DOC sinks (forests, orchards, and urban settlements) with the long ﬂow lengths were unfavorable for soil erosion,
with a negative value of LCIS_ﬂ in groups I and V. The TOC loss LCIS_ﬂ
values were larger than 0 in all groups. The sink–source structure for organic carbon loss related to slope was unfavorable for AOC loss in all
groups (except for group IV), so the LCIS_sl values were larger than 0.
However, for DOC and TOC loss, the slope for forests area was steeper
than that of other land-use types (Fig. 8b). Most of paddies and dry
ﬁelds was situated in ﬂat areas in groups I and V, so the LCIS_sl values
were larger than those of the other groups (Table 9).

DOC and TOC loss into water bodies. The spatial landscape conﬁguration
related to slope was helpful to elevate soil and AOC loss but to reduce
DOC and TOC loss in most of the watersheds. However, the landscape
conﬁguration related to ﬂow length was mostly favorable for DOC and
TOC conservation, mainly because of the crops (e.g., paddy ﬁelds) and
rural settlements located along river nets. The landscape pattern was
also unsatisfactory for soil erosion, which was the important source of
AOC and TOC loss.

5. Discussion
4.3.4. Results of the LCI
The ﬁnal LCI was calculated on the basis of three kinds of spatial
characteristics. As exhibited by Fig. 9, the “source” of non-point source
AOC loss was distributed in mid-western watersheds (agricultural
area), while NPS DOC and TOC losses were mainly derived from the
eastern watersheds (rural and urban residential area). At different
sub-watersheds, the LCI values for AOC loss were larger than 0 in
group IV but lower than 0 in the other groups (Table 9). Therefore, the
spatial landscape patterns in our study area were helpful to reduce
AOC loss (except for group IV). However, the LCI values for DOC and
TOC loss were higher than 0 in the entire study area, a result indicating
that the landscape patterns of the land-use types were favorable for

5.1. Model analysis
The coupling of SEDD and PLOAD was applied to predict NPS organic
carbon loss and sediment yield in this study, and the modeled results
were satisfactory (Fig. 4 and Table 5). The approach incorporating
RUSLE and SDR to model sediment yield and AOC loss is applicable in
gentle-slope watersheds where soil erosion is dominated by surface
erosion in the area. Previous studies also have investigated sediment
yield by using the SEDD model in the Three Gorges Reservoir region
and the Upper Min River watershed (Chen et al., 2011; Yang et al.,
2012).

Table 8
Clustered land use structure and average load intensities of AOC, DOC and TOC from land use.
Average loss intensity (t·(km−2
yr−1))
Cluster

Subwatersheds

I

1, 10

II

2, 4, 11, 12, 16

III

3, 15, 17

IV
V

Total area km2

Proportion %

46.340

9.537

138.502

28.506

99.445

20.467

5, 6, 7, 8, 9,
13, 18
14

161.984

33.339

39.599

8.150

All

485.868

Description of land use structure

AOC

DOC

TOC

Forest and grass (10–20%); developed land (35–50%)
Crop land (15–20%); garden land (10–15%)
Forest and grass (b5%); developed land (40–50%)
Crop land (30–40%); garden land (5–20%)
Forest and grass (b10%); developed land (65–90%)
Crop land (1–20%); garden land (b5%)
Forest and grass (b10%); developed land (20–40%)
Crop land (30–50%); garden land (b20%)
Forest and grass (27.3%); developed land (58.9%)
Crop land (b2%); garden land (b8%)

4.258

6.323

10.581

6.062

6.579

12.640

2.107

8.119

10.226

5.916

5.258

11.174

2.315

6.494

8.809

4.937

6.289

11.226

100

Notes: agricultural land includes dry ﬁeld, paddy ﬁeld, orchard, tea garden and facility agriculture.
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Table 9
LCI values of ﬁve cluster groups in the watershed.
Group

AOC

DOC

TOC

LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCI
LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCI
LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCI

I

II

III

IV

V

−0.357
−0.277
0.534
−0.435
−1.167
0.324
0.495
0.260
−0.003
1.894
0.593
0.857
0.062
0.215
3.175

−0.160
−0.176
0.120
−0.081
−0.633
0.641
0.617
−0.806
0.958
2.668
0.899
0.818
−1.359
1.976
4.050

−0.840
−0.889
1.004
−0.839
−3.293
0.747
0.830
−0.302
0.660
3.513
0.860
0.901
−0.345
0.771
3.947

0.003
0.090
−0.020
0.103
0.269
0.394
0.287
−0.331
0.543
1.574
0.597
0.529
−0.604
0.909
2.558

−0.971
−0.834
1.070
−0.737
−3.277
0.189
0.454
0.253
−0.171
1.369
0.336
0.727
0.144
0.061
2.332

Our study also successfully integrated PLOAD and SEDD to model
DOC, AOC, and TOC loss progress in a peri-urban watershed. Recently,
some researchers have evaluated NPS pollutant load in an urban–rural
mixed area through the coupling of ECM and L-THIA and the fuzzy
membership-based approach (Zhuang et al., 2013; Wang et al., 2014).
Compared with the previous approach, the integration model of
PLOAD and SEDD is simpler, more ﬂexible, and more accurate in describing organic carbon loss, and it improves the precision of the
modeled result on the basis of the formats of organic carbon loss. The results successfully showed the contributions of loss format in an urban–
rural mixed watershed.

different loss formats (TOC, AOC, and DOC), with Pearson's r values of
0.35 (p = 0.16), 0.23 (p = 0.36), and 0.05 (p = 0.85), respectively
(Table 10). This result indicated that precipitation disrupted signiﬁcantly the inﬂuence of landscape pattern on soil erosion and NPS organic
carbon loss progress, particularly in monsoon regions (Faran Ali and
de Boer, 2008; Ongley et al., 2010). However, LCI was remarkably well
related to SDR, as a proxy for the sediment delivery and AOC loss

5.2. Inﬂuence of rain variation on organic carbon loss
Precipitation controls soil erosive and organic carbon loss processes
in monsoon regions (Faran Ali and de Boer, 2008). To recognize the effect of the spatial–temporal change of rain on soil erosion and organic
carbon loss, correlations between rainfall and AOC loss intensity
(AOCLI), DOC loss intensity (DOCLI), TOC loss intensity (TOCLI), and sediment yield rate (SYR) were conducted. The results showed that rainfall
played a key role in organic carbon loss and sediment yield; the temporal change of rainfall particularly exhibited a signiﬁcant effect. The correlations of runoff volume, SYR (Pearson's r = 0.684, p b 0.05), AOCLI
(Pearson's r = 0.899, p b 0.05), TOCLI (Pearson's r = 0.829, p b 0.05),
and annual precipitation in different sub-watersheds were also signiﬁcant. The measured runoff volume, sediment yield rate, and NPS organic
carbon loss rate (e.g., AOCLI and TOCLI) corresponded primarily with the
annual precipitation from the 18 sub-watersheds (Fig. 10). All the NPS
nutrients loss rate (SYR, AOCLI, DOCLI and TOCLI) were signiﬁcantly correlated with monthly precipitation in the entire watershed, and the correlation (Pearson's r = 0.864, p b 0.01) between DOC and monthly
rainfall was the highest. Overall, monthly precipitation can predict substantially the seasonal variations of soil erosion and NPS organic carbon
loss based on the regression analysis.
AOCLI, TOCLI, and SYR were indirectly related to factor R through
rainfall, which in turn was signiﬁcantly related to factor R (Table 10).
The factor R can explain 89%, 88%, and 83% of the variation in AOCLI,
TOCLI, and SYR, respectively (Table 11), a result indicating that rainfall
accounted for a large variation in sediment yield and organic carbon
loss.
5.3. Inﬂuence of landscape pattern on sediment yield and organic carbon
loss
We built the correlations between landscape indicator LCI and SYR,
SDR, AOCLI, DOCLI, and TOCLI simulated by the combined SEDD–PLOAD
model. The predicted SYR had a poor relationship with the LCI of

Fig. 8. Spatial distribution of land-use types as related to (a) slope and (b) ﬂow length in
the study watershed in 2014.
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Fig. 9. The “source” and “sink” distribution of NPS (a) adsorbed organic carbon (GLCIAOC), dissolved organic carbon (GLCIDOC) and total organic loss (GLCITOC) losses on grid level in this
study.

processes in the SEDD model. The correlation coefﬁcient between
LCITOC, LCIAOC and SDR was 0.818 and 0.759 (p b 0.001), respectively
(Table 10). With LCI separated into its components, SDR was signiﬁcantly correlated to LCIP and LCIW. On the other hand, AOCLI, DOCLI, and TOCLI
were signiﬁcantly correlated with the corresponding LCI values (Table
10).
To discriminate the effect of precipitation, monthly precipitation
was not considered by the dropping of factor R in RUSLE. Both LCITOC
and LCIAOC were signiﬁcantly correlated with sediment yield rate without climate factor (e.g., precipitation) (Table 10), and they can explain
81% and 87% of the variance in soil loss rate, respectively (Table 11).
The predicted AOCLI, DOCLI, and TOCLI had a signiﬁcant relationship
with the corresponding LCI values, with Pearson's r values of 0.951
(p b 0.001), 0.938 (p b 0.001), and 0.899 (p b 0.001), respectively
(Table 10). LCITOC, LCIAOC, and LCIDOC can explain 91%, 89%, and 87% of
the variation in the corresponding organic carbon formats, respectively
(Table 11). Moreover, AOCLI, DOCLI, and TOCLI were signiﬁcantly correlated to the relevant LCIP and LCIW derived from LCI.
The above results showed that landscape pattern was also a principal factor for soil and NPS organic carbon loss processes in the studied
watershed. The LCI results showed that the spatial landscape distribution was helpful to improve soil and AOC conservation in most sub-watersheds, where the proportion of crops and gardens was low, and (or)
the proportion of forests was high. By contrast, the landscape patterns
were favorable for DOC and TOC loss in the entire watershed. In our
study area, the average annual sediment yield rate in the study area
was approximately in the value of 217.41 t·(km−2 yr−1), which was
signiﬁcantly lower than the average level of the Taihu lake basin [c.a.
467 t·(km−2 yr−1)] (Zeng, 2008). Compared with that of the hilly watershed in the west of the Taihu lake basin, the relative contribution

sediment load in the study area was smaller; however, the NPS pollutant load is higher in water bodies because of intensive agricultural activities and urban development (Zhang, 2009).
In the study area, the landscape composition of land-use types (LCIP)
as a single independent variable was the most signiﬁcant factor that affected sediment yield and NPS organic carbon loss. It can explain over
85% of the variation in progress. In most of the sub-watersheds, the
values of LCIP for AOC were smaller than 0, a result indicating that the
sink–source composition tended to reduce for soil and AOC loss (Table
9). Similarly, Yang et al. (2012) found that over 90% of the variation in
sediment yield for the Upper Min River was speciﬁcally accounted for
by the land-use type factor based on a regression model. Where the watershed area composed a larger percent of AOC source the landscape
tended to produce a greater AOC loss rate. The percentage of AOC
source, especially crops and gardens, was larger in group IV than in
the other groups (Table 8). However, the LCIP values for DOC and TOC
were larger than 0, a result indicating that the sink–source landscape
structure was helpful to increase DOC and TOC loss because of agricultural and rural–urban runoff. Dry lands and orchards were the major
drivers of total organic carbon loss (Zhang, 2009). About 91% of the variance in LCIP for TOC loss can be speciﬁcally accounted for by the percentage of orchard and dry land (as a single variable), followed by
rural and urban settlements explaining 73% of the variance. In the watershed, the developed area increased by about 30% from 1980 to
2000, and the land-use changes increased the entire watershed runoff
volume (Li et al., 2007). In addition, forests were the dominant land
cover in the study area, and it was an important sink of organic carbon
loss in the study. Forests were mainly distributed in steep hilly areas;
however, the forest area slightly decreased because of the substitution
of crops and gardens (e.g., orchards and tea gardens). Therefore,
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Fig. 10. The measured runoff volume, sediment yield rate and NPS organic carbon loss rate and annual precipitation in 2014 from 18 sub-watersheds.

conservation measures, such as afforestation in the hilly areas and
protected forests around agricultural land, are important to preserve
soil and organic carbon loss.
The second critical factor of the spatial landscape element
explaining 68% of the variance was landscape conﬁguration related to ﬂow length (LCI S_ﬂ ) for organic carbon loss rate. The deﬁnition of SDR states that when the overland ﬂow length increases,
sediment and runoff will have difﬁculty reaching the channels
over longer traveling distances (Jain and Kothyari, 2000). Paddies
and rural settlements with a short ﬂow path from the corresponding stream waters were able to increase the organic carbon and
sediment export to aquatic environments. The trend was obviously found in the group IV sub-watersheds (Table 8 and Fig. 8).
Therefore, decision makers should optimize the landscape

pattern by increasing the ﬂow path from the paddy lands to the
river channels.
Our results showed the successful development of the speciﬁc correlation between LCI and variables that denote organic carbon status.
However, the correlation between LCI and organic carbon loss processes
in different landscape environments must still be testiﬁed. Watersheds
characterized as a large range value of LCI should be examined because
the export of runoff and sediment has a non-linear correlation with the
spatial landscape characteristics at times (Bakker et al., 2008).
6. Conclusions
We successfully integrated PLOAD and SEDD to model sediment,
DOC, AOC, and TOC loss progress in a peri-urban watershed. The
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Table 10
Pearson correlation coefﬁcients between NPS organic carbon loss rate and its controlling factors.
Pearson's r
TOC

AOC

DOC

R
LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCITOC
LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCIAOC
LCIp
LCIw
LCI S_sl
LCI S_ﬂ
LCIDOC

SDR

SYR

TOCLI

AOCLI

DOCLI

SYR(NR)a

TOCLI(NR)

AOCLI(NR)

DOCLI(NR)

–
0.625⁎
0.285⁎⁎
0.191
−0.217
0.818⁎⁎
0.823⁎
0.865⁎

0.873⁎⁎
–
–
–
–
0.345
–
–
–
–
0.231
–
–
–
–
0.048

0.872⁎
–
–
–
–
0.472⁎
–
–
–
–
–
–
–
–
–
–

0.765⁎⁎
–
–
–
–
–
–
–
–
–
0.614⁎⁎
–
–
–
–
–

0.356
–
–
–
–
–
–
–
–
–
–
–
–
–
–
0.889⁎⁎

–
0.634⁎
0.873⁎⁎
0.355⁎
0.416
0.842⁎
0.523⁎
0.632⁎⁎

–
0.695⁎⁎
0.853⁎⁎

–
–
–
–
–
–
0.820⁎⁎
0.935⁎⁎

–
–
–
–
–
–
–
–
–
–
–
0.977⁎⁎
0.982⁎⁎
0.417⁎
0.178⁎
0.938⁎⁎

0.510
−0.456
0.759⁎⁎
0.324
0.215
−0.235
0.102
−0.015

0.559
0.439⁎⁎
0.974⁎⁎
0.765⁎⁎
0.655⁎⁎
0.321⁎⁎
−0.041
0.312

0.515
0.559⁎
0.899⁎⁎
–
–
–
–
–
–
–
–
–
–

0.375
0.831⁎⁎
0.951⁎⁎
–
–
–
–
–

Notes:
⁎ Indicates a signiﬁcant level in values (P b 0.05).
⁎⁎ Indicates a signiﬁcant level in values (P b 0.01).
a
“NR” indicates not considering precipitation.

Table 11
Results of regression analysis relating sediment yield rate and NPS organic carbon loss rate (dependent variable) to factor R and landscape index LCI (independent variable).
Dependent variable

Independent variable

Regression equation

Explained variation

SYR
TOCLI
AOCLI
SYR(NR)
SYR(NR)
TOCLI(NR)
AOCLI(NR)
DOCLI(NR)

R
R
R
LCITOC
LCIAOC
LCITOC
LCIAOC
LCIDOC

SYR = 0.057 × R − 1.2176
TOCLI = 0.00294 × R − 0.437
AOCLI = 0.00129 × R − 0.0402
SYR(NR) = 0.257 × LCITOC − 2.218
SYR(NR) = 0.187 × LCIAOC + 1.0184
TOCLI(NR) = 0.532 × LCITOC + 1.007
AOCLI(NR) = 0.327 × LCIAOC − 0.0267
DOCLI(NR) = 0.435 × LCIDOC + 0.0892

83%
88%
89%
81%
87%
91%
89%
87%

coupled model not only simpliﬁes the process of physical–hydrological,
but also reduces the complexity and magnitude of input data.
Aside from climate factor, the spatial landscape feature at the watershed played a principal role in organic carbon and sediment loss. The
improved landscape indicator (LCI) with the factor R dropped can explain over 90% of the variation in SYR, AOC, DOC, and TOC. Landscape
patterns with negative values of LCIAOC increase the ability of soil and
AOC conservation in only two sub-watersheds, whereas landscape patterns with the positive LCIDOC and LCITOC values were, in most sub-watersheds, more favorable for TOC and DOC loss. Distributions related
to slope were an unfavorable factor, mainly because of the gardens
and urban settlements located in the upland. However, the most adverse factor for landscape pattern in our study area was the spatial distribution related to ﬂow length, because of the paddies and rural
settlements along the river networks.
On the basis of results of landscape pattern indicator, decisionmaker in the study area should realize that the management optimization of the land-use landscape pattern is critical to increase or prevent
ﬂow path from the source land-use types to the river channels. This
goal can be achieved through the development of protected forests in
the hilly areas and around agricultural lands to preserve soil and organic
carbon loss.
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