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• Both of particulate P (PP) pollution and
dissolved P (DP) pollution were considered in the assessment model.
• We used the quantiﬁed modeling factors based on the current status instead
of empirical value.
• Different soil P states were considered
as sensitive soil properties for NPS P
pollution

The study area, soil samples and different sub-basins were showed in this ﬁgure. The PP and DP loads were calculated based on different sub-basins.
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A B S T R A C T

The physicochemical properties of surface soil play a key role in the fate of watershed non-point source pollution.
Special emphasis is needed to identify soil properties that are sensitive to both particulate P (PP) pollution and
dissolved P (DP) pollution, which is essential for watershed environmental management. The Chaohu Lake
basin, a typical eutrophic lake in China, was selected as the study site. The spatial features of the Non-point Source
(NPS) PP loads and DP loads were calculated simultaneously based on the integration of sediment delivery distributed model (SEDD) and pollution loads (PLOAD) model. Then several critical physicochemical soil properties,
especially various soil P compositions, were innovatively introduced to determine the response of the critical soil
properties to NPS P pollution. The ﬁndings can be summarized: i) the mean PP load value of the different sub-basins was 5.87 kg, and PP pollution is regarded to be the primary NPS P pollution state, while the DP loads increased rapidly under the rapid urbanization process. ii) iron-bound phosphorus (Fe-P) and aluminum-bound
phosphorus (Al-P) are the main components of available P and showed the most sensitive responses to NPS PP
pollution, and the correlation coefﬁcients were approximately 0.9. Otherwise, the residual phosphorus (Res-P)
was selected as a sensitive soil P state that was signiﬁcantly negatively correlated with the DP loads. iii) The
DP and PP concentrations were represented differently when they were correlated with various soil properties,
and the clay proportion was strongly negatively related to the PP loads. Meanwhile, there is a non-linear relationship between the DP loads and the critical soil properties, such as Fe and Total Nitrogen (TN) concentrations. Speciﬁcally, a strong inhibitory effect of TN concentration on the DP load was apparent in the Nanfei river (NF) and
Paihe (PH) river basins where the R2 reached 0.67, which contrasts with the relatively poor relationship within
the other ﬁve basins. In addition, the degree of correlation between the Fe and DP loads severely degraded in
the basins that were mostly covered by construction land or those that underwent a rapid urbanization process.
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The ﬁndings indicate that land use/cover change (LUCC), especially the distribution of agricultural land and construction land, as well as the soil background information (TN, Fe and Soil organic matters, etc.) can be considered
as factors that inﬂuence NPS P pollution.
© 2018 Elsevier B.V. All rights reserved.

1. Introduction
Phosphorus (P) is an essential element for crop growth, and a primary nutrient of eutrophication of aquatic ecosystem (Norton et al.,
2012). Excessive discharge of watershed soil P loss via agricultural
non-point source (NPS) pollution has been recognized as a severe threat
to the aquatic environment. It is well known that a signiﬁcant portion
(80%) of P loss was in a particulate form (PP) (Evanylo et al., 2008;
Delpla et al., 2011). However, the dissolved form of P loads (DP) had
been more and more investigated by researchers due to rapid global urbanization process. Therefore, the accurate evaluation of NPS P loads
should include both particulate and dissolved states together, as well
as the main control factors of NPS P loads are of great signiﬁcance for
the management of NPS pollution (Van Dijk et al., 2016).
The NPS P loads spatial assessment is the fundamental topic of NPS
pollution management, and a large number of NPS assess models have
been developed in recent decades. With respect to PP loads assessment,
numerous models can be divided into classical empirical models
(RUSLE, SEDD, and PLOAD etc.), physically based models (SWAT, ANSWERS, and AGNPS etc.) (Laurent and Ruelland, 2011; Wang et al.,
2012; Shen et al., 2011; Gburek and Sharpley, 1998) and some intelligent data analysis methods such as Hybrid Double Feedforward Neural
Network and fuzzy Binary Comparison methods, which were used to estimate the Suspended Sediment Load (SLL) loads and water quality in
the inﬂowing river under the pressure of NPS Pollution (Wang et al.,
2014; Olyaie et al., 2015; Chen and Chau, 2016; Sefeedpari et al.,
2016). Comparing with all different kinds of models, the classical empirical models are widely used in relatively large spatial scales monitoring
when compared with physically based models, due to the advantages
including condensed structures, accessible parameters and simple and
efﬁcient operation (He et al., 2012). Specially, the sediment delivery distributed (SEDD) model has been wildly used by researchers (Fu et al.,
2006; Jain and Kothyari, 2000). The SEDD is developed based on the fundamental form of Universal Soil Loss Equation (RUSLE), which is used to
evaluate soil erosion modulus by integrating climate, land use, soil, topography and vegetation factors, as well as the sediment pollutants enrichment ratio and sediment delivery factors were also introduced in
SEDD (Terranova et al., 2009; Ouyang et al., 2010; Yang et al., 2012).
Therefore, the SEDD model is suitable in the large spatial scale monitoring than the other empirical and physically models because that SEDD
model has the advantage utilizing different kinds of spatial data. On
the other hand, the dissolved P loads has been attracted more attention
along with the rapid urbanization in eastern China since last decades.
The PLOAD model that proposed by U.S.-EPA (2003), could be an ideal
choice for dissolved P loss assessment, due to the advantage of GISbased and accessibility of runoff simulation and storm condition
(Kemanian et al., 2011). The spatial features of NPS P loads can be captured based on the integration of SEDD and PLOAD models and remote
sensing technologies, in which the critical modeling factors including
land use, vegetation coverage, elevation, slope and surface temperature
can be captured efﬁciently and simplify by using geography information
system science (GIS) and remote sense (RS) technology (Emili and
Greene, 2013; Hahn et al., 2014).
Based on the models above utilization, a large number of continuity
researches indicated that the NPS P pollution load is controlled by various environmental factors such as rainfall, topography, land use, soil
properties and hydrologic process (Razaﬁndrabe et al., 2010; Petrosell
et al., 2014). Furthermore, the soil erodibility factor (K), which is calculated by soil organic matter content and soil mechanical composition,

represented the impact of land use, topography and rainfall features
on soil physical and chemical properties. Therefore, the soil properties
has critical and direct inﬂuences on NPS P pollution (Recanatesi et al.,
2013; Lou et al., 2016). Moreover, a study conducted in Taihu Basin indicated that soil organic matter had the greatest inﬂuence on TP loads
in Taihu Basin, followed by the sand proportion, which represented
the soil particle size distribution from 2–0.02 mm (Lin et al., 2016).
However, the diversiﬁed P states, including the internal chemical composition of soil P, as well as different NPS P loads states have been rarely
considered in the previous studies, which limited the researches of watershed-lake P transportation. Therefore, some issues are needed to be
analyzed and discovered in order to explicit the impacts of soil properties on NPS P loads more deeply. First, the linkage between internal
composition of soil phosphorus (organic phosphors, Calcium-bound
phosphors, iron-bound phosphors etc.) and NPS P loads. Second, the differences of selected sensitive soil properties that related to different NPS
P loads states.
The Chaohu Lake basin was selected as the study site, which is the
ﬁfth largest freshwater lake in China, and meets the requirements of
large spatial scales for the introduced models. The spatial features of
the NPS P loads were calculated based on remote sensing data and
model integration, relative soil properties including soil organic matter,
soil partial size and internal chemical composition of soil phosphorus
were also captured based on ﬁeld sampling and laboratory analysis. Finally, the sensitive soil properties that related to different NPS P load
states were quantitatively indicated based on the dissimilarity of subwatershed units.
2. Material and methods
2.1. Study site
Lake Chaohu, the ﬁfth largest freshwater lake in China, is a
eutrophic shallow lake with an area of 770 km2 (31°25′–31°43′N,
117°17′–117°51′E) that is located in Anhui Province in eastern China.
The Chaohu Lake watershed is subject to a transitional subtropical to
warm temperate monsoon climate with an annual average temperature
of 16.1 °C and annual precipitation of 900.5 mm. The western region
(ca. 1/3 of the area) of the lake area is surrounded by Hefei City (the capital city of Anhui Province) and the eastern region (ca. 2/3 of the area) is
surrounded by Chaohu City. The watershed region crosses into Hefei
City, Wuhu City, Liuan City and Maanshan City, which cover the economic center of Anhui Province (Chen et al., 2013). The main soil
types in this area are yellow brown soil and paddy soil, and the average
background values of the SOM, TN and TP concentrations in the soil are
2.48 g kg−1, 1200 mg kg−1 and 500 mg kg−1, respectively.
Currently, the lake has suffered from a serious eutrophication status
(Zan et al., 2012). For instance, the TP concentrations in the western part
of the lake were 0.18 mg/L in 2014, and the TP concentrations in the
eastern part of the lake were 0.09 mg/L, which represent a moderate eutrophication level. The degradation of lake quality has largely resulted
from increasing anthropogenic nutrient inputs from the lake's watershed. The agricultural non-point source pollution is the most important
source of watershed nutrients loss. In 2014, the TP loads were 2.52 t/
km2 in Chaohu Lake watershed, and the ANPS accounted for 72.4% of
the TP loss. Excessive TP is constantly deposited into Chaohu Lake
through inﬂowing rivers, and the principal pollutant inﬂow to the lake
comes from the Nanfei River, which discharges untreated domestic
and industrial wastewater from Hefei City into the western portion of
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the lake. In this study, the TP loads throughout the Chaohu Lake watershed were assessed based on the sub-watershed scale, and the watershed was divided into sub-watersheds based on the distribution of the
inﬂowing rivers (Xue et al., 2017). Six major inﬂowing rivers and one
outﬂowing river that led to Chaohu Lake were distributed in the watershed area. The inﬂowing rivers are Zhegao River, Baishitian River, Pai
River, Nanfei River, Hangbu River, Tongyang River; the Yuxi River is
the only outﬂowing river that ﬂows into the Yangtze River.
2.2. NPS P loads assessment
The equations of NPS loads assessment were given as follows:
Tot ðP Þ ¼

n
X

PP þ

n
X

i

!
 AU

DP

ð1Þ

i

where Tot(P) is the introduction of NPS nutrients into the rivers
(kg·yr−1); AU is area of land use type (km2) within each sub-basin.
The model was implemented in ArcGIS 10.0 based on raster grid
(30 × 30), and then clustered into each sub-basin. For this case, the
SEDD model and PLOAD model were integrated in GIS environment,
in which the SEDD was used to evaluate to the spatial features of particulate P (PP) loads, as well as the PLOAD was used to represent the
spatial features of dissolved P (DP) loads.
2.2.1. PP loads assessment by SEDD model
The SEDD model was followed with the fundamental form of Revised Universal Soil Loss Equation (RUSLE), and the sediment factor
and sediment delivery ratio were attached into the formulation of
RUSLE (Yang et al., 2012).
PP ¼ Ai  P sed  SDRi

ð2Þ

where PP PPrepresents the PP loads per unit area (kg·km−2·yr−1); Ai is
the soil erosion modulus (kg·km−2·yr−1), Psed expresses the concentration status of sediment particulate P that deposited (g·kg−1), SDRi is the
sediment delivery ratio (%) for each grid.
The Ai is calculated by RUSLE
Ai ¼ Ri  K i  LSi  C i  P i

ð3Þ

where Ri is the rainfall-runoff erosivity factor (MJ mm·(ha h yr)−1); Ki
is the soil erodibility factor (Mg h MJ−1 mm−1); LSi is the slope length
and steepness factor; Ci is the cover management factor; and PLi is the
conservation support practice factor which is based on land uses
(Dabarl et al., 2008).
Three algorithms were used in the R factor calculation, including the
annual rainfall algorithm, monthly rainfall algorithm and the algorithm
based on certain typical rainstorm events (Ferro and Porto, 1999;
Capolongo et al., 2008; Bonilla and Vidal, 2011). Apparently, the annual
rainfall algorithm is suitable for this study since the annual NPS P load,
instead of month- or event-based NPS P load, is focus of this study.
Therefore, the classical annual rainfall algorithm that proposed by
Wischmeier and Smith, 1987 was introduced into this study, and the
basic form of the algorithm is given as the following:

R¼

12
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−0:8188

ð4Þ

n¼1

where Pi is the monthly average rainfall (mm) and P is the annual average rainfall (mm).
The K value was assigned by the soil type spatial distribution map
(1:1,000,000) and the algorithm of the K factor is also referenced by

Wischmeier and Smith, in which the soil organic matter (SOM) and
soil particle composition were considered in the algorithm.
LS factors include slope length and steepness factors. The extraction
from Digital Elevation Model and the ﬁeld measurement are the two
methods to acquire the LS factors. The coordinate measuring apparatus,
which method is time-consuming and relied on some complex mathematical parameter deduction process, were used to acquire the slope
and steepness data at ﬁrst (Liu et al., 2000). In comparison, the key parameters of the topography information can be extracted easily by DEM
data using GIS spatial-analysis toolbox. For this case, the DEM data in
high spatial resolution has been wildly used to acquire the slope and
steepness information. In this study, the L and S factor was extracted
from ASTER global DEM data, the spatial accuracy was 30 m. The LS
are calculated according to McCool et al., 1987 and Onyando et al.
2005, which are acknowledged as the most classical algorithms for
steepness value calculation. From the Eqs. (4) and (5), the θ and λ
means the slope degree and slope length value of each raster within
the DEM data.
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PL is determined as the ratio between the soil losses expected for
certain soil conservation practice and usually estimated based on land
use type. Two algorithms were used in the PL factor extraction. Firstly,
the ﬁeld sampling and simulation method, in which the sediment output under typical rainstorm events in the bare land was set to 1, and
the sediment amounts for the other land uses were given based on
their ratio to the bare land (Li et al., 2014). Secondly, the expert scoring
method, in which the PL value within different land uses were assigned
based on a great quantity of experts scores, and the values for nearly
thirty important land use types had been stipulated in the No. 703 documents of United States Department of Agriculture (USDA). For this
case, the PL factor in this study was assigned according to USDA since
this method has been wildly used in the Yangtze River Basin of China
(Xu et al. 2012), and the land use types were interpreted based on
Landsat 8 data (Table 1).
C is deﬁned as the cover-management factor, which express the protective effect of soil cover against the erosive action of rainfall. The expert scoring method and remote sensing method were used in the C
extraction (Keﬁ et al., 2011). And the C-factor mapping by remote sensing can provide essential information for improving the spatial modeling of soil erosion, due to that the normalized differential vegetation
index (NDVI) can be extracted by remote sensing images (Durigon et
al., 2014). For this case, the C factor is calculated using the approach proposed by Durigon et al., (2014), which involve the use of regression
equation derived from correlation analysis between the factor C measured in the ﬁeld and a satellite-derived NDVI.
With respect to the SDRi, the condition was similar with the LS factor, in which extraction from DEM data and the ﬁeld measurement
are the two major methods. The ﬁeld measurements were time-consuming since it was focused on the survey of many parameters including watershed area, length, width and river network bifurcations
(Roehl, 1962). For this case, the algorithm based on DEM data was

C. Lin et al. / Science of the Total Environment 628–629 (2018) 870–881

873

Table 1
The data source for NPS P loads calculation.
Modeling
factors

Data type

Data source

Description

Ri

Runoff amount

Three meteorological monitoring stations
located in Chaohu Basin, Anhui provincial

LSi

ASTER global DEM

Ci

Digital Elevation
Model (DEM)
Satellite images

Pi, Rn

Land use

Second National Land Survey of China

Ki

Soil type

bSoil Annals of Jiangsu ProvinceN

Psed, Pdis

rainfall-runoff
samples

Field sampling and laboratory measurements

The dairy runoff data information in 2016 had been acquired, as then the average annual rainfall
amount was calculated. Finally, the results were interpolated to fulﬁll the spatial scale of Chaohu
Basin.
Acquired from USGS, and the spatial accuracy was 30 m. The length-slope factor (LS) was
calculated from the length and slope spatial data which were extracted from DEM
The data with 30 m spatial accuracy was acquired from USGS, and the images for each season
were acquired in 2016, in which the satellites transit dates were Feb, 14th, Apr, 10th, Jul, 1th and
Nov, 15th, respectively. The NDVI values for each season were interpreted from the images and
averaged to acquire the yearly data production, and then the Ci spatial data can be extracted
according the model proposed by Durigon et al., (2014)
The land use types in the study area were interpreted in the second national land survey of
China, the data source were the Resource Satellite ST.3 (ZY-3) images, and the data production
were prepared in the end of 2014. The data were merged into six main types for the convenience
of the study (forestland, arable land, orchard land, wetland, construction land and other land)
(Fig. 3). Moreover, several modeling factors including conservation support practice factor (P),
runoff coefﬁcient (Rn)
Digitized from the publication of bSoil Annals of Anhui ProvinceN and the soil erodibility factor
(K) was calculated based on the soil type information.
The samples were obtained after four typical rainfall events in 2016, the speciﬁc data were Jan,
26, May, 1, Aug, 17 and Nov, 2, respectively. The samples were distributed corresponding to six
land use patterns for seven different sub-basins, 3–4 runoff samples for different land use types
and sub-basins were absolutely ensured for each rainfall events. Samples were ﬁltered through a
0.7-μm porosity, precombusted glass ﬁber ﬁlters (25-mm diameter; Whatman GF/F), the ﬁltrate
was used for Pdis and the residue was used for Psed. The Pdis and Psed concentrations were
analyzed with inductively coupled plasma-atomic emission spectrometry (ICP-AES), which
were conducted by soil and environment analysis center, Institute of Soil Science, Chinese
Academy of Sciences (Lin et al. 2008).

Landsat 8 data

convened as the general-purpose method, due to the watershed information can be extracted easily from DEM analysis. This algorithm is
showed in Eqs. (8) and (9):
SDRi ¼ expð−βt i Þ

ð8Þ

where ti is the travel time (h) from the grid i to the nearest river channel
along the ﬂow path and β is a coefﬁcient lumping together the effects of
roughness and runoff along the ﬂow path (Ferro, 1997). The sensitivity
of SDR to β is watershed-speciﬁc, and the value of 0.304 is suitable for
the watershed because this value produces smallest mean relative
square error between modeled and measured sediment yield (Guo et
al., 2004; Strauss et al., 2007; Zhou and Wu, 2008). Travel time can be
calculated based on the Eq. (5) (Jain and Kothyari, 2000), in which lj is
the ﬂow length and vj is a velocity factor derived from Smith and
Maidment (1995)
ti ¼

NP  
X
lj
j¼1

vj

ð9Þ

2.2.2. DP loads assessment by PLOAD
The PLOAD model was introduced into this study in order to estimate the DP loads using simple methods based on annual or seasonal
precipitation and land uses.
DP ¼ Ri  Pji  Rni  C run

ð10Þ

where DP is dissolved non-point source nutrients loads per unit area
(Kg·km−2·yr−1) for a grid pixel i; Ri is precipitation (mm·yr−1); Pji is
ratio of storm producing runoff (default = 0.9) (Cui et al., 2003); Rni is
runoff coefﬁcient for land use type; Crun is event mean concentration
(EMC) for different land use types (mg·L−1). The runoff coefﬁcient
(Rn) was evaluated based on each land use type within different sub-basins, and derived with the following equation:


Rni ¼ 0:05 þ 0:009  Iimp

ð11Þ

where Iimp is imperious factor for different land uses and the value is
selected from the guidelines provided by NRCCS, TR-55 user's manual
(U.S.EPA, 2001). Crun is represented by EMC, which occurs in the runoff
from speciﬁc event by taking the ﬂow sample at regular interval during
the event from runoff using following equation:
EMC ¼

X

P dis Q n =

X

Qi

ð12Þ

where Pdis is concentration of sample n and Qn and Qi is ﬂow rate. Flow
rate (Qn) of each example is obtained after the generation of surface
runoff from each event of rainfall using PLOAD simulation. Pdis were
assigned based on different sub-basins and land use types, the runoff
samples were obtained after typical rainfall events, and each sample
were corresponding to certain land use pattern for different sub-basins.
Surface runoff samples were ﬁltered through a 0.7-μm porosity,
precombusted glass ﬁber ﬁlters (25-mm diameter; Whatman GF/F),
and the ﬁltrate was used for the dissolved phosphorus. The dissolved
phosphorus concentrations were measured in soil and environment
analysis center, Institute of Soil Science, Chinese Academy of Sciences,
and analyzed with inductively coupled plasma-atomic emission spectrometry (ICP-AES) (Lin et al. 2008).
2.2.3. The model factors collection
The details of underlying dataset used for NPS P loads modeling are
listed in Table 1.
2.2.4. Model validation
To validate the model, the quantitative measures were used to compare the observed data with the simulated values. The monitoring sites
were located in the outlet of each sub-watershed, and they were used to
observe the actual sediment and runoff discharge of the sub-watershed
under severe rainfall conditions (four times per year, and the averaged
values were designated as observed values), as then the observed discharge amounts were used to compared with the simulation results of
the soil loss amounts within the corresponding watersheds by using
Nash-Sutcliffe efﬁciency coefﬁcient (Nash and Sutcliffe, 1970), which
exhibits the relative magnitude of the residual variance compared to
the observed data variance (Chen and Chau, 2016; Taormina et al.,

874

C. Lin et al. / Science of the Total Environment 628–629 (2018) 870–881

2015). The scatter plots given in Fig. 2 showed that the validation R2 between the simulation results and observed values reached 0.807. This
demostrated that the simulated sediment discharge results were trustworthy at the watersheds scale, nevertheless the simulation values
were lower than the actual values. Therefore, the spatial characteristics
of PP and DP loads can be calculated based on the simulation value of
soil and sediment discharge.
2.3. Soil sampling and measurements
Field soil sampling was conducted in Chaohu Lake basin during Oct
12–16, 2016, which immediately followed the freezing period and was
before the plowing season. The sampling strategy was designed to
cover all sub-basins and develop the relationship between NPS P loads
and the status of the soil properties. Among different sub-basins, the
sampling sites were distributed uniformly in each typical land use
types, such as forestland, arable land, orchard land and construction
land, and 3–4 samples were ensured in each land use type.
The sampling sites were 150 m to 200 m apart (measured using a
global positioning system) to ensure spatial uniformity (Fig. 1). Soils
in each site were sampled 9 times within a radius of 20 m apart from
the sample plot center and were then mixed into a single sample. Totally 72 surface soil samples were collected (0–10 cm depth). The soil
samples were air-dried and ground prior to chemical analysis in the laboratory. To represent the characteristics of each soil sample more

comprehensively, multiple soil properties, including soil organic matter
(SOM), soil total phosphorus, soil available phosphorous (AP), calciumbound phosphors (Ca-P), iron-bound phosphors (Fe-P), aluminumbound phosphors (Al-P), week-binding phosphors (Wb-P), residual
phosphorus (Res-P), occluded phosphorus (O-P), soil total iron contents
(Fe), total nitrogen (TN) and soil particle composition (sand, silt and
clay proportions) were measured in Soil and Environment Analysis Center, Institute of Soil Science, Chinese Academy of Sciences (ISSAS). Specially, the TP and TN concentrations were measured with inductively
coupled plasma-atomic emission spectrometry (ICP-AES) (Lin et al.
2008).
With respect to SOM, two kinds of methods including the 550 °C
loss-on-ignition (LOI) and hydrated heat potassium dichromate oxidation-colorimetry methods can be selected in the ISSAS Laboratory
(Houba et al. 1989). And the latter method was applied in this study
since we have long tradition and good experience in excelling this
method. Therefore, the SOC was determined after oxidation by potassium bichromate and a sulfuric acid solution and measured by an external heating method (Houba et al. 1989). The contents of sand (0.05 to 2
mm), silt (0.002 to 0.05 mm) and clay (0 to 0.002 mm) particles in the
soil were measured following the pipette method (Soil Science Society
of China, 2000). With respect to the chemical speciation of phosphorus,
the Standard Measurement Test (SMT) and Hupel methods can be applied in the ISSAS Laboratory, and the STM protocol was selected in
this study, due to the different soil P speciation including Al-P, Fe-P,

Fig. 1. The map of study area and soil sampling sites.
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Fig. 2. Comparison of observed and predicted values for sediment and soil discharge.

Ca-P etc. can be discriminated more explicitly than Hupel method
(Ruban et al., 2001a, 2001b). Therefore, the chemical speciation of soil
P was determined following the SMT, which is a sediment phosphorus
fractionation method harmonized and validated in the frame of the
‘standards, measurements and testing programmer’ of the European
Commission (Ruban et al., 2001a, 2001b), and the extraction process
of different soil P states was given in Fig. 3.
The soil properties measured in all samples were interpolated
throughout the Chaohu Lake basin in ArcGIS 10.0 by using the inverse
distance weighted (IDW) interpolation tool based on the watershed
boundaries. It is needed to mention that the spline function and separation distance between different samples were considered in IDW. According to Bishop and Lark (2006) and Zhu and Lin (2010), so that the
spatial simulation results of soil properties can be obtained more convincingly by using IDW than the other interpolation tool such as ordinary Kriging and Minimum Curvature methods. The correlation
coefﬁcients (r) were used to evaluate the relationships between the
NPS P loads and soil properties, and a multi stepwise regression analysis
(MSR) was conducted between the different NPS P loads (dependent
variable) and the multiple soil properties (independent variables) at
0.05 and 0.01 levels. The MSR supports the two-dimensional preparation, in which the useful variables can be introduced, as well as the invalid variable can be removed in a highly effective learning environment.
Finally, a t-test was used to identify the signiﬁcance of the independent
variable coefﬁcients (p ≤ 0.05) that were entered in the ﬁnal stepwise
model (Basnyat et al., 1999; Ferguson et al., 2008).
3. Results
3.1. Spatial features of NPS P loads
The spatial features of the PP loads and DP loads are represented in
Fig. 4 Notable differences can be seen between the PP loads and DP
loads. The spatial features of the PP loads are relatively balanced, and
the mean value was 4.87 kg; the values for the raster pixels did not exceed 6 kg·yr−1, and the Dabie Mountain and Hangbu River Basin (HB)
regions, which are located in the southwestern corner, had higher PP
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loads than the plain regions. Otherwise, remarkable spatial diversity exists in the DP load status. The mean value of the DP loads throughout
Chaohu Lake was 4.98 kg, which was equal to the average value of PP
loads. However, the Pai River Basin (PH) and the Nanfei River Basin
(NF) exhibited much higher loads than the other sub-basins; and the
values within these two sub-basins even reached 60 kg in some extremely eroded pixels. It is needed to mention that the construction
land is frequently suffered from more DP loads than the other land
use types, while more PP loads are always generated in the permeable
land surface such as arable land and forestland. The NF and PH basins
are located in Hefei City, which is the provincial capital of Anhui Province. Therefore, these two basins generate more DP loads and less PP
loads when compared with the other basins.
The average TP loads varied among the different sub-basins. The TP
value throughout the Chaohu Lake basin was 0.199 t/km2/year and
ranged from 0.106 to 0.341 t/km2/year for the different sub-basins. Speciﬁcally, the TP loads of the NF and PH basins were much higher than the
other sub-basins because these two sub-basins suffered from serious
NPS DP pollution, and the loads were 0.301 and 0.276 t/km2/year, respectively, whereas the DP loads in the other sub-basins were lower
than approximately 0.08 t/km2/year (Fig. 5). With respect to the PP
loads and DP loads, the PP loads were slightly higher than the DP
loads in the majority of the sub-basins expect for NF and PH.

3.2. Spatial pattern of soil properties
The selected soil properties and different P states concentrations
were clustered according to sub-basin boundaries (Table 2).
The SOM ranged from 1.41% to 2.49%, which represented the most
notable spatial variation among all soil properties, and the highest
SOM concentrations were located in the YX basin. In addition, the SOM
concentrations have decreased signiﬁcantly over the last 30 years, and
the background value of SOM proportion in the Chaohu Lake basin
was 2.24% in general, while the mean SOM proportion is currently
only 1.98%. The soil particles were concentrated in the 0.002–0.05 mm
size class, and the silt proportions reached approximately 60%, and the
sand and clay proportions were approximately consistent. In contrast,
the TN and TP concentrations have increased by nearly 2 times that of
the background concentrations, the average TP concentrations in different basins reached 770.80 mg kg−1, while the AP concentrations is relatively low, which values were kept around 27–37 mg kg−1 in most of
the basins, and the average AP concentration in the whole Chaohu
Lake basin is only 35.64 mg kg−1.
The cartogram of different soil P states was showed in Fig. 6, which
showed concentrations of different soil P states within seven basins,
the average value of the whole Chaohu Lake Basin was also given in
the bottom line of Fig. 6 and named as “WB”. The soil P largely existed
in the Ca-P, Al-P and res-P states, and the values were 133.63 mg kg−1
(82.01 mg kg−1–190.23 mg kg−1), 248.92 mg kg−1 (228.33 mg kg−1–
298.96 mg kg−1) and 151.4 mg kg−1 (101.39 mg kg−1–207.52 mg kg−1).
Speciﬁcally, the highest Ca-P and Al-P concentrations were located in
the HB sub-basin, and this tendency was inconsistent with the TP status.
Furthermore, the Ca-P showed more apparent spatial variation features
than Al-P status, as the Ca-P concentrations were even lower than 100
mg kg−1 in four basins including NF, ZG, PH and BST basins.

Fig. 3. Extraction process of different soil P states.
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Fig. 4. The spatial variation features of NPS PP and DP loads.

3.3. Relationship between NPS P loads and soil properties

properties and DP loads were un-neglectable, due to the ﬁtting effect
of power function was more ideal than the linear function. For this
case, in order to identify the soil properties that sensitive to NPS P
loads, it is necessary to make a distinction between DP and PP loads.

The PP loads were strongly correlated with the different soil P states,
especially with Ca-P, Fe-P and AP, and the correlation coefﬁcients
reached 0.9 (Table 3). Moreover, the PP loads were also closely related
to the soil Fe content and soil particle size. The correlation coefﬁcient
between the PP loads and the sand proportion reached 0.68, and the
correlation between PP loads and silt proportion even exceeded −0.7.
This implies that a coarser soil surface always had higher NPS PP loads.
In contrast, a relatively poor relationship between soil properties
and DP loads was found when compared with PP, and the correlation
coefﬁcients were mostly lower than 0.5, and TN was the only exception,
which was strongly negatively related to DP loads, and the correlation
coefﬁcients reached −0.77. In addition, the SOM was not strongly correlated with either the DP or PP loads, the correlation coefﬁcients were
only 0.51 for PP loads and decreased to 0.28 for DP loads. Overall, the
correlation between NPS P loads and soil properties was not ideal due
to the inﬂuence of the DP status (Table 3).
In order to discuss the relationship between NPS P loads and soil
properties, the multiple stepwise regressions were performed, in
which the different soil P states and the conventional physicochemical
properties were considered separately (Table 4).
The modeling of PP loads was more ideal than DP loads in general.
With respect to different P states, the Al-P was selected as the unique
sensitive indicator related to PP loads, as well as the Res-P was selected
to relate to DP loads. With respect to the other physicochemical properties, two suitable independent variables were included into the multiple
stepwise regression models for DP loads and PP loads prediction. The
soil Fe was included in both of these two regression models. However,
the non-linear relationships between the selected physicochemical

Soil TP and available P has been acknowledged as the most important soil properties that sensitive to NPS P loads (Chung et al., 2003).
This study further indicated that the inﬂuence of TP on NPS P loads
was greater than that of AP, especially on the PP loads.

Fig. 5. The statistical data and pie chart of NPS P loads within different basins.

Fig. 6. The cartogram of different soil P states within different basins.

4. Discussion
According to the existed relative studies, the construction land always endured with more DP loads, and the PP loads were largely occurred in forestland and arable land. Furthermore, the soil organic
matter, soil TP concentrations and soil particle composition were sensitive to NPS P loads in typical eutrophic lakes and watersheds in China
such as Taihu Lake and Northeastern plains (Ouyang et al., 2012; Lin
et al., 2016; Kim et al., 2009). This study partly proved the arguments
above. However, some inconsistent results, especially the differences
between DP and PP loads, as well as the unsatisfactory correlation between SOM and NPS P load, can also be found in this study. This diversity can be interpreted from the human activity and natural elements,
in which the LUCC, soil background, fertilization information are needed
to be considered in the following sections. Moreover, the speciﬁc soil P
states were also considered in this study. All of these issues were
worth to discuss more deeply.
4.1. Critical soil P states for NPS phosphorus pollution
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Fig. 7. The scatter plot graphs for the relationship between soil TN and watershed DP loads within different basins (a: the plots represented the sub-basins for NF and PH basins; b: the plots
represented the sub-basins for the other ﬁve basins).

The spatial features of the soil TP concentrations were similar to
those of the NPS PP loads. The NF TY, YX basins exhibited higher PP
loads than the other sub-basins, which always had higher soil TP concentrations (Table 2). Speciﬁcally, the most severely NPS PP polluted region was located in the NF basin, which is the only basin where the PP
loads reached 0.1 t/km2 and the soil TP concentrations reached 1000
mg kg−1. The similar variation among the different sub-basins proved
the ideal relationship between soil TP and NPS PP loading. However,
the correlation degree decreased obviously when the soil AP was considered instead of TP, and the r value of this correlation was only 0.4
(Table 3). This resulted from the insigniﬁcant spatial variation features
of the soil AP, and the concentrations were approximately 30–40 mg
kg−1 in most of the basins (Table 2). Soil AP concentrations are largely
inﬂuenced by fertilization, and AP can also be absorbed by surface vegetation growth (Weaver and Reed, 1998; Neufeldt et al., 2000). In this
case, the insigniﬁcant spatial variation of soil AP can be explained. In
particular, inorganic fertilizer that mainly contained urea and calcium
superphosphate was extensively applied in the Chaohu Lake Basin,
and the quantity and proration of the fertilization were also similar
throughout the basin, which is located in Anhui Province where traditional agricultural methods are used (Zhou et al., 2007; Wang et al.,
2011).
The speciﬁc phosphorus states were introduced in this study and related to both PP and DP loads. According to Table, Al-P and Fe-P were the
two most important soil P states that were sensitive to NPS PP pollution,

and the correlation coefﬁcients approached 0.9 (Table 3). In actuality,
soil active phosphorus, which is composed of Al-P and Fe-P, is the primary form of soil P that is easily migrated and transformed (Ruban et
al., 2001a, 2001b), which indicates that the soil TP distribution is largely
decided by Al-P and Fe-P, which showed similar spatial features that
were consistent with NPS PP loads. For this case, the AP proportions
reached 50% of the soil TP in the different sub-basins, and even when
the Al-P was the most primary soil P state, the concentrations remained
approximately 250 mg kg−1 (Fig. 3). In addition, the HB basin, which is
located near Dabie Mountain and is largely covered by secondary Masson pine forestland and artiﬁcial restoration forestland (Li, 2012), had
the highest Al-P and Fe-P concentrations and also had more intense
NPS PP pollution, which indicated that forest logging and plowing result
in higher soil active phosphorus concentrations, which ultimately results in soil nutrient loss under the control of geomorphological features
(Keitzer et al., 2016).
Interestingly, Ca-P was also strongly related to the PP loads, and this
has not been mentioned in previous studies, as soil Ca-P is largely generated from clastic rock, and the baseline Ca-P concentration was b90
mg kg−1 (Andrieuxf, 1997). However, the Ca-P concentrations increased signiﬁcantly in several basins, including HB, YX and TY, which
are dominated by agricultural land that is processed with a great deal
of urea and calcium superphosphate fertilizer. These ﬁndings indicated
that fertilizer applications resulted in higher Ca-P concentrations and PP
loads.

Fig. 8. The scatter plot graphs for the relationship between soil Fe and watershed DP loads within different basins (a: the plots represented the sub-basins for NF and PH basins; b: the plots
represented the sub-basins for the other ﬁve basins).
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Fig. 9. The land use maps in 2010 and 2015.

Res-P was the only sensitive soil P state that was negatively correlated with DP loads, which means that higher Res-P concentrations always correspond to a decrease in DP loading. Res-P is acknowledged
as the most stable soil P state and is composed of mostly insoluble phosphorus and organic phosphorus (Edlund and Carman, 2004). Inorganic
fertilizer has been excessively used and organic fertilizer has been rarely
applied throughout the Chaohu Lake basin, demonstrating an increase
in the proportion of insoluble phosphorus in Res-P, which further indicates that lower Res-P concentrations are always accompanied by
higher NPS DP loads in the study site (Jiang et al., 2014, 2014). Furthermore, it is worth mentioning that the DP loads in the watershed can be
inhibited under continuous organic fertilizer application (Withers et al.,
2014). In spite of that, previous studies have indicated that the PP loads
accounted for nearly 80% of the NPS phosphorus loads, our study
showed that the proportions of the DP loads were often not equal to
those of the PP loads in the Chaohu Lake watershed (Figs. 4 and 5),
and even higher DP loads can be found in the NF and PH watersheds.
4.2. Soil properties sensitive to NPS phosphorus pollution
The soil particle composition and soil organic matter largely determined the intensity of NPS particulate phosphorus pollution in several
previous studies (Vogel et al., 2010; Lin et al., 2016). This hypothesis
has been partly proven in this study, which further indicated that the
proportion of clay was negatively correlated with the PP loads, while a
positive correlation was found between the PP loads and the proportion
of sand. For this case, it can be inferred that more serious NPS particulate
phosphorus pollution may occur in the soil surfaces with coarser soil
particles. Higher silt proportions (0.002–0.05 mm diameter) restrict
the NPS PP loads. This effect is even more notable than the effect of
soil particles b0.002 mm in diameter (Table 3). However, the correlations between SOM and NPS P loads were not ideal (Tables 3 and 4),
and these results were inconsistent with those from related studies in
Taihu Basin, Dianchi Lake and other polluted lakes worldwide (Grabs

et al., 2009; Navas et al., 2012; Lou et al., 2016). In actuality, the SOM
concentrations in the Chaohu Lake basin remained relatively low.
Table 2 indicate that the SOM concentrations did not exceed 2.5 g kg−
1
within the different basins. Specially, the SOM concentrations in the
TY and ZG basins, which were the lowest in the Chaohu watershed,
were only 1.55% and 1.41%, respectively. The average SOM concentration was only 1.91%. By contrast, the soil type in Taihu Basin is similar
to that in Chaohu Lake Basin, and Taihu Basin has undergone lake eutrophication, while the SOM concentrations remained between approximately 2.2% to 2.6% in most of the sub-basins (Lin et al., 2016). In
addition, several studies have also indicated that the SOM concentrations reached higher levels in some typical basins including Dianchi
Basin and Xin'anjiang Basin, where the SOM concentrations reached
10% (Huang et al., 2014; Schindler et al., 2008). It has been acknowledged that the effects of SOM on soil conservation and crop growth
would be inhibited by other soil nutrients, such as TN, TN and Fe,
under the conditions of relatively lower SOM concentrations (Ben-Dor
et al., 1997). Therefore, a reasonable explanation for the poor relationship between the SOM and NPS P loads within Chaohu Lake is the low
concentration and downward tendency of SOM within Chaohu Basin.
With respect to DP loads, the data statistics in Table 4 seemingly indicated that there is not a linear relationship between DP loads and soil
properties, which is inconsistent with the relative studies that indicated
SOM and TN were sensitive to dissolved phosphorus loss in some typical
eutrophic lakes including Taihu Basin and Dianchi Basin (Wu et al.,
2012; Lin et al., 2016). The reasons for the non-linear relationship are
worth exploring. It is apparent that the NF and PH basins had much
higher DP loads than the other sub-basins (Figs. 4 and 5), and the average DP loads were approximately 0.3 t/km2/year in NF and PH, while the
DP loads in the other sub-basins did not exceed 0.1 t/km2/year. Thereby,
the DP loads and different soil properties of the sub-basins were compared, and these comparisons are represented in scatter plot graphs
(Figs. 7 and 8). Speciﬁcally, the two basins described above were considered separately.

Table 2
The statistical data of soil properties within different basins.
Basin

SOM (%)

Fe (mg kg−1)

Sand (%)

Silt (%)

Clay (%)

TN (mg kg−1)

TP (mg kg−1)

AP (mg kg−1)

YX
TY
HB
NF
PH
BST
ZG
Whole basin

2.49
1.55
2.45
1.73
1.92
2.44
1.41
1.98

1396.26
1057.39
659.74
1280.81
1107.73
1025.93
1392.93
1103.8

20.54
16.86
23.52
17.89
17.75
22.72
16.80
20.81

59.43
63.09
57.17
62.75
62.31
58.11
63.28
59.40

19.93
20.05
19.21
19.31
19.88
19.12
19.79
19.80

3989.83
3288.68
3591.85
2936.34
2884.49
3629.90
3349.64
3508.50

715.61
749.27
1007.34
589.92
521.03
662.95
515.42
770.80

35.85
34.30
40.92
37.10
39.87
32.83
27.10
35.64
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Table 3
The correlation coefﬁcients (r) between NPS P loads and soil properties.
NPS P loads

Fe (g kg−1)

TN (g kg−1)

SOM (g kg−1)

Sand (%) (0.05–2 mm)

Silt (%) (0.002–0.05 mm)

Clay (%) (b0.002 mm)

PP
DP
P
NPS P loads
PP
DP
P

−0.672
0.209
−0.222
TP
0.897
−0.478
−0.298

0.455
−0.774
−0.680
AP
0.368
0.470
0.503

0.506
−0.202
0.241
Wb-P
0.424
0.163
0.360

0.685
−0.394
−0.182
Al-P
0.896
−0.494
0.387

−0.707
0.424
0.229
Fe-P
0.889
−0.502
0.583

−0.321
−0.010
−0.102
O-P
0.757
0.162
0.204

The relationship between the TN and DP loads showed obvious diversity within the different basins. Speciﬁcally, signiﬁcantly negative
correlations were found in the NF and PH basins where the R2 reached
0.67, which contrasts with the relatively poor relationship within the
other ﬁve sub-basins. Therefore, the inﬂuence of soil TN on the dissolved
phosphorus pollution in the watershed can be concluded from two aspects. First, the strong inhibitory effect of the TN concentrations on the
DP loads became more apparent in the NF and PH basins, which had
higher DP loads than the other sub-basins. Second, the inhibitory effect
likely existed as the TN concentrations increased to a certain extent. For
instance, the negative tendency was gradually represented when the TN
concentrations exceeded 4000 mg kg−1, despite the fact that the relationship between the TN and DP loads was generally not ideal. For this
case, it can be inferred that TN concentrations inhibit the DP loads
when the TN and DP loads alternatively reached certain thresholds
(Owens et al., 2003). This hypothesis partly conﬁrmed the ﬁndings
from research in Taihu Basin, which showed that the TN was strongly
related to the DP loads, as the DP loads in the study site within Taihu
Basin were concentrated around 0.3–0.4 t/km2/year, which is much
higher than the DP loads in Chaohu basin (Lin et al., 2016).
The relationship between soil Fe concentrations and DP loads also
varied among different sub-basins. Fig. 8 shows that the DP pollution
was not inﬂuenced by the soil Fe in the NF and PH basins, where the
DP pollution intensity was high. Furthermore, signiﬁcant differences
can also be found in the other ﬁve basins (Fig. 8). It is apparent that
the degree of correlation was signiﬁcantly different in the BST and ZG
basins, and these two basins have the relatively lowest DP loads (Figs.
4 and 5), the plots were also distributed far from the tendency line.
For this case, the variation in the relationships between DP loads and
soil Fe concentrations in different basins were not entirely decided by
DP load intensities because of the non-linear relationship. Furthermore,
the land use constitutions of the different basins were considered to be
inﬂuencing factors in this study (Oguz et al., 2010; Lou et al., 2016).
The spatial distribution features of different land use types in 2015
within the Chaohu Lake Basin were displayed in Fig. 9(b). In general,
the construction land was concentrated in NF basin and the forestland
was largely located in the Southeast corner of HB basin. In order to reﬂect the land use types and change tendency for different basins in a
certain period, the land use map in 2010 was also given in Fig. 9(a), as
then the four land use change patterns were summarized in Table 5 according to the comparison of the two maps. Interestingly, the degree of

Table 4
The statistical data of the multiple stepwise regression results.
P loads
states

Independents

Model

X1

X2

PP loads

Soil P states
physicochemical
properties
Soil P states
physicochemical
properties

0.02* X1–0.324
5.8–5.883*10−5*
X1–0.007* X2
0.384–0.002* X1
6.563–0.775*ln (X1) +
0.064*ln (X2)

Al-P
Fe

–
0.69 0.33
Silt 0.61 0.605

DP loads

Res-P
TN
Fe

R2

RMSE

0.42 1.048
0.58 0.702

Ca-P
0.783
−0.440
0.307

Res-P
0.600
−0.732
−0.598

correlation between soil Fe concentrations and DP loads was signiﬁcantly different between the ZG, BST, NF and PH basins, and these four
basins were mostly covered by construction land or had recently undergone a rapid urbanization process. In other words, the DP loads in the
watershed are signiﬁcantly positively related to the soil Fe concentrations, especially in the agricultural land and forestland regions (Young
and Ross, 2001). In actual, the soil iron oxide concentrations increased
exponentially with the continuous fertilization application in paddy
soil. This resulted in the P sorption saturation loads (DPS) rising rapidly,
and thus this index is widely used in watershed NPS P loss risk assessments (Vadas et al., 2005; Rubak et al., 2013; Ishee et al., 2015). It is acknowledged that the soil P is prone to loss in dissolved state when the
DPS exceeded 20% (Vadas et al., 2005), and the relative study conducted
indicated that the DPS is even reached 30% since 2010yr in Chaohu Basins. These issues seems to be the reasonable explanation for the ideal
relationship between soil Fe concentrations and DP loads in agricultural
land and forestland.
5. Summary and conclusions
This study was conducted in the Chaohu Basin to reveal the spatial
relationships between the intensity of agriculture non-point source

Table 5
The summarized land use change patterns for different basins.
Type

Basins Characteristic

Relative stability

YX,
HB

Agricultural land
reducing

TY

Construction land
NF,
concentrated region PH

Construction land
increased rapidly

ZG,
BST

The main land use types including agriculture
land, forestland and construction land kept
relative stable from 2010 to 2015. The agriculture
land was dominated in these two basins, which
proportions were only decreased 2.17 and 2.02,
respectively. The construction lands were also
changed inconspicuously when compared with
the other basins.
The agriculture land had been occupied by
construction land and forestland from 2010 to
2015, which proportion decreased from 79.02 to
70.15 in the 5 years interval.
The construction land covered more broadly in NF
and PH, in which the two basins are located in
Hefei City, the economy center of Anhui
Provinces. Specially, the proportions of
construction land were kept around 30% in these
two basins, while the construction land
proportions were almost not exceeded 25% in the
other basins.
The construction land proportions of ZG and BST
were only 9.3 and 15.2 with in 2015, which values
were much lower than the proportions within NF
and PH. Nevertheless, the increasing rates of the
construction land within ZG and BST represented
most notable within all the basins from 2010 to
2015, in which the growth rates even exceed
100% with respect to BST basin. These showed
that the ZG and BST basins are undergoing with
rapidly urbanization process.
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phosphorus pollution (NPS-P) and various soil properties as well as different internal phosphorus compositions. Some universal conclusions
can be proposed based on comparisons with similar studies in other
typical eutrophic lake watersheds.
(i). The particulate P remained the main NPS P pollution state when
compared with the dissolved state, while the dissolved P should
attract more attention in future research due to the increasing
tendency of DP loads that became increasingly remarkable
under the rapid urbanization process.
(ii). The DP and PP were represented differently than the various soil
properties. Speciﬁcally, the clay proportion was negatively correlated with the PP loads, while the relationship between the DP
loads and the soil properties was not generally ideal.
Furthermore, some original perspectives were also concluded in
this study.
(iii). The different internal composition states of phosphorus were introduced in this study, which were used to discuss the mechanism of NPS P pollution more deeply. The results indicated that
the Al-P, Fe-P and Ca-P concentrations were sensitive to NPS PP
pollution. However, only the Res-P was selected as a sensitive
soil P state that was signiﬁcantly negatively correlated with the
DP loads.
(iv). A non-linear relationship exists between the DP loads and several critical soil properties, such as Fe and TN. The soil Fe and
TN concentrations were strongly correlated with the DP loads
under speciﬁc conditions, and the differences in land use/cover
change (LUCC) and soil background information (soil type, TN,
Fe and SOM, etc.) were considered to be inﬂuencing factors for
NPS DP pollution.

This study provides a deep understanding of the inﬂuence of soil
properties to non-point source pollution in a eutrophic lake watershed.
The effective utilization and distribution of agricultural land, forestland
and wetlands, as well as reasonable fertilization including organic fertilizer, nitrogen and phosphorus can be used as essential guarantees for
non-point source pollution management (Zhu et al., 2012). Some issues
are also needed to be improved in the further studies. Firstly, more detailed descriptions of watershed nutrients transport processes and
inﬂowing river SSL loads are necessary to discuss the relationship between soil properties and lake water quality more deeply (Taormina
et al., 2015). This means that more sophisticated data of P loads, P degradation in river network, P ﬂux amount into the lake entry are needed
to be assessed and acquired. Secondly, the extension of temporal and
spatial scales can be used to provide a deeper understanding of how
soil properties inﬂuence NPS P pollution, as this method was limited
in this study due to the deﬁciency of historical data, and some intelligent
algorithm can also be introduced in the further researches (Olyaie et al.,
2015).
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