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IDENTIFICATION OF PHOSPHORUS LOSS SPATIAL FEATURES 

IN TYPICAL LAND USE PATTERNS COUPLED 
WITH REMOTE SENSE AND SOIL ANALYSIS 

C. Lin,  R.H. Ma 

ABSTRACT. The soil phosphorus (P) assessment is of great significance for agricultural non-point source pollution 
management in watersheds. Many of current studies provided data with limited accuracy and at relatively small spatial 
scale, due to the low spatial resolution of available remote sense data. This study used solid pollutants loss equation and 
high-resolution remote sense data source to determine the spatial characteristics of P loss, and then identified the critical 
polluted areas and corresponding underlying surface conditions within each land use type. Results showed that non-
eroded region and slightly loss region covered more than 65% of the entire area. Although the severely-eroded region 
only accounted for 12.8% of the area, this region was distributed in the vicinity of downstream of two major inflow 
drainages. Hence, the harmful effect of this region on the watershed environment should not be neglected. The P loss 
varied significantly among different land use types, including forest land, arable land and orchard land. The forestland 
exhibited the lowest loss intensity, while the arable land exhibited the highest loss intensity. And the variation degree of P 
loss intensity within orchard land was probably greater than the other two land use patterns. Furthermore, this diversity 
in P loss largely resulted from different underlying surface features including topography, vegetation status, and key soil 
properties. The result from this study is suitable for practical use in different management strategies for non-point source 
pollution (NPS) management. 

Keywords. Non-point source pollution, Remote sense, Soil Phosphorus, Spatial characteristics. 

hosphorus (P) is an essential element for crop 
growth, and a primary nutrient of eutrophication of 
aquatic ecosystem (Norton et al., 2012). In recent 
decades, soil P loss via agricultural non-point 

source (NPS) pollution in watershed has been recognized as 
a severe threat to the aquatic environment, and a significant 
portion (80%) of P loss was in a particulate form (PP) 
(Evanylo et al., 2008; Castoldi et al., 2009). Therefore, the 
accurate evaluation of PP loss in watersheds and the 
identification of critical polluted areas (CPAs) are of great 
significance for the management of NPS pollution (Yang, 
2009). 

Soil P loss occurs through a complex hydrological 
processes and is influenced by various anthropogenic and 
geographical factors, including land use, soil erosion, 
agricultural fertilization, atmospheric conditions, 
hydrological factors, etc. Although a large number of 
physical and exponential models have been developed to 
identify and quantify the main factors responsible for PP 
loss from NPSs, including SWAT (Laurent and Ruelland, 

2011); ANSWERS (Beasley et al., 1980), solid pollutants 
loss model (Wang et al., 2012), and APPI (Gburek and 
Sharpley, 1998; Shen et al., 2011), many of them are 
physics-based models, use complex parameters, and rely on 
detailed field observations, causing them unsuitable at-
large spatial scales due to high cost of field observation 
(McDowell et al., 2002). Compared with physical models, 
the classical empirical models are more suitable and widely 
used in watershed scale monitoring due to the advantages 
of condensed structures, accessible parameters, and simple 
and efficient operation (Bechmann et al., 2009; He et al., 
2012). In particular, the most recognized exponential model 
is the Revised Universal Soil Loss Equation (RUSLE), 
which has been widely applied to evaluate soil erosion 
modulus by integrating several factors, including climate, 
land use, soil and topography (Ouyang et al., 2010; Ouyang 
et al., 2012; Yang et al., 2012). Based on the fundamental 
form of RUSLE, the sediment delivery distributed (SEDD) 
model has been recently improved by researchers. One of 
the improvements is to take the sediment delivery factor 
and soil P status factor into account, and thereby, the loss 
of the absorbed nutrients in soil sediment can be 
quantitatively and more precisely monitored (Fu et al., 
2006; Jain and Kothyari, 2000). In addition, the spatial 
information of some modeling factors including land use, 
vegetation coverage, elevation, slope and surface 
temperature can be captured efficiently using geography 
information system science (GIS) and remote sense (RS) 
technology, which can further simplify the model 
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processing (Sridhar et al., 2009; Cheng et al., 2012; Emili 
and Greene, 2013). Currently, the RUSLE and SEDD 
models have been applied in several major freshwater lake 
watersheds in China, such as Chaohu and Taihu Lake 
watershed (Zhou and Gao, 2008). 

However, this approach also has some limitations. The 
first limitation is land use data source. The spatial 
distribution of land use is critical to the solid pollutants loss 
model, in which many model factors including soil 
erodibility, soil and water conservation factor were needed 
for the calculation. Many previous studies interpreted the 
land use from low-medium spatial resolution data sources 
that are only supposed to be suitable for large-scale 
research. The spatial data resolution is not fine enough for 
small spatial-scale analysis because the existence of mixed 
pixels always results in inaccurate identification of some 
typical land use types such as forestland and orchard land 
(Li et al., 2007). For this case, the high spatial resolution 
remote sense data are needed at relative small spatial scale, 
especially for some typical sub-catchments. The second 
limitation is soil P data. Soil P concentration is an 
important model factor, and is basically assigned by the 
background P level of each soil type. However, as the land 
use type and cropping patterns are transformed dramatical-
ly in recent decades, soil properties have been changed 
greatly. Therefore, the field sampling based on different 
land use and soil types may be needed to more accurately 
evaluate the current status of soil P (Zhang et al., 2013). 
Therefore, further improvement is needed in the spatial 
accuracy of soil P loss in small spatial scale. 

The watershed of Meiliang Bay has experienced the 
most severe eutrophication level within the Taihu Lake. 
The watershed area covered 486.2 km2, where witnessed 
significant land use change and cropping pattern 
adjustment in recent 30 years due to rapid economic growth 
in this area, resulting in a substantial increase of non-point 
source pollution and soil PP loss. Therefore, the objectives 
of the present study were: i) to evaluate spatial characteris-
tics of soil PP loss using solid pollutants loss model and 
high-resolution remote sense data source; ii) to extract and 

identify critical polluted areas and corresponding 
underlying surface conditions within selected typical land 
use patterns (forestland, arable land, and orchard land). The 
results of this study should be applicable to the manage-
ment of NPS pollution. 

MATERIAL AND METHODS 
THE STUDY AREA 

The Meiliang Bay has experienced severe eutrophication 
level within Taihu Lake, China. The watershed region of 
Meiliang Bay is located in China’s eastern coast, south of 
the Yangtze River Delta. The area covered 456.2 km2, and 
this region is located in a peri-urban area between Wuxi, 
Changzhou city, which are famous for its natural conditions 
and advantageous economic development with most 
extensive agricultural, urban, and industrial areas in the 
Jiangsu province. The study area is undergoing the 
dramatic land use adjustment and rapid urbanization in 
recent 30 years, a large number of arable land and 
forestland was replaced by construction land. The average 
annual precipitation at the study site is 1035 mm, and the 
main rainfall season is from May to October, and the 
annual mean runoff depth is 688 mm and the annual 
average temperature is 15.6°C. The main soil type is 
bleached paddy soil, which covered more than 85% of the 
entire study site (Gong et al., 2003; Li et al., 2007). 
Moreover, the sub-watershed is densely covered by water 
network consisting of three trunk streams with their 
tributaries such as Wujin Port and Yangxi Rivers 
which flows into Meiliang Bay of Taihu Lake. Sixteen sub-
basins were generated by ArcGIS 10.0 (ESRI) based on the 
three inflow rivers, in which the Hydology module of 
Spatial Analyst Tools were applied (fig.1) 

LAND USE CLASSIFICATION BY HIGH-RESOLUTION 

REMOTE SENSE DATA 
Land use map in 2012 was interpreted from Resource 

Satellite ZY-3 image, this Resource Satellite was launched 
on 9 January 2012. The image product was integrated with 

Figure 1. Location of study site. 
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four multi-spectral bands that covered the spectral region 
from 0.45 to 0.89 μm, which owned the spatial resolution 
of 2.1 m. The land use data product was developed in the 
Data Center for Geography and Limnology Science, 
Chinese Academy of Science in Nanjing, China. Before the 
classification, the data preprocessing such as atmospheric 
correction and geometric correction were conducted by 
Envi (The Environment for Visualizing Images) #5.0, a 
remote sensing image processing software. And then the 
object oriented interpretation was carried out to create land 
cover maps by eCognition #8.0, which is an intelligent 
image analysis software. Finally, the interpretation results 
were validated by field work, which was organized by the 
Institute of Geographic Sciences and Natural Resources 
Research Chinese Academy of Science in Beijing, China 
(75 actual survey points were located in the study site of 
this study, the field points were used to compare the actual 
land use pattern with the interpreted land use pattern), and 
there are 68 samples owned with the consistent land use 
pattern, which showed that the overall users accuracy 
reached 90.7%. This study focused on three typical land 
use patterns: orchard land, forestland and arable land. 
During the interpretation process, some more detailed land 
use patterns were identified, and these patterns were 
clustered into the three land use types to simplify the 
research. Figure 2 shows the land use map of 2012. 

 

SOIL SAMPLING AND MEASUREMENTS 
In order to assess the current status of PP and provide 

basis for pollutants loss model, the field sampling and 
investigation was conducted. The study area was divided 
into three sections based on selected typical land use 
patterns, and total of 75 soil samples were collected 
uniformly in the study site (fig. 2). The soil samples were 
air dried and ground prior to chemical analysis. 

Basic soil properties were measured in State Key 
Laboratory of Soil and Sustainable Agriculture, Chinese 

Academy of Science in Nanjing, China. Some other critical 
soil physicochemical parameters such as soil organic matter 
(SOM), total phosphorus (TP), total nitrogen (TN), 
available P (Olsen-P), and soil texture with composition of 
sand, silt, and clay were also measured. To measure the TN 
and TP, soil samples were digested with HNO3–HF–
HClO4. To determine Olsen-P (available P), 1 g air-dry soil 
(sieved < 2 mm) was shaken in 20 mL 1 M sodium 
hydrogen carbonate, (NaHCO3, pH 8.5) for 30 min 
(Osborne et al., 2002; Lin et al., 2008), and the supernatant 
was measured for P concentration. The soil organic matter 
(SOM) of each sample was determined after oxidation 
using potassium dichromate (K2Cr2O7) and sulphuric acid 
(H2SO4), and also measured by 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 soil were measured using pipette method (Soil Science 
Society of China, 2000). 

CALIBRATION AND VALIDATION OF POLLUTANTS LOSS 

MODEL 
The solid pollutant loss model should include three key 

modules: soil erosion, content of P and sediment transport. 
The SEDD model, which is optimized based on the 
fundamental form of Revised Universal Soil Loss Equation 
(RUSLE), has the capability to incorporate the P 
concentrations and sediment delivery ratio, in addition to 
the factor of soil erosion. (Cui et al., 2003; Yang et al., 
2012). The model was calculated in ArcGIS using 30 × 30 
m spatial grids: 

 ( )     i sed iPar P A P SDR= × ×   (1) 

where Par(P) is the particulate P loads per unit area  
(t·km-2·yr-1); Psed expresses the sediment total P concentra-
tion status (g·kg-1); SDRi is the sediment delivery ratio (%) 
for each grid, Ai is the soil erosion modulus (t·km-2·yr-1). 

Psed were assigned based on different sub-basins and 
land use types, the runoff samples were obtained after 
typical rainfall events based on three lane use patterns for 
different sub-basin, 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). The particulate phosphorus concentra-
tions 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). 
SDRi is the sediment delivery ratio (%) for each grid, which 
is calculated based on the following model: 

 ( )i iSDR exp t= −β   (2) 

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 β is watershed-specific, 
and the value of 0.304 is suitable for the Taihu watershed 
because this value produces smallest mean relative square 

Figure 2. Spatial distribution map of land use patterns and soil
samples. 
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error between modeled and measured sediment yield (Guo 
et al., Strauss et al., 2007). ti can be calculated based on the 
equation (3)(Jain and Kothyari, 2000), in which lj is the 
flow length and vj is a velocity factor derived from Smith 
and Maidment (1995)  
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Ai was calculated by RUSLE. 

         i i i i i iA R K LS C P= × × × ×   (4) 

where Ri is the rainfall-runoff erosivity factor [MJ mm· (ha 
h yr)-1]; Ki is the soil erodibility factor (Mg h MJ-1mm-1); 
LSi is the slope length and steepness factor; Ci is the cover 
management factor. Specially, R was calculated using the 
formula proposed by Xu et al. (2007): Ri=0.689Pi

1.474, 
where Ri is the yearly rainfall erosivity (MJ·mm·km-2· 
h-1·month-1) and Pi is the monthly precipitation, the 
averaged values of monitored precipitation for each month 
were designated as the yearly value. The K value can be 
calculated by soil properties in different soil types, using 
the Wischmeier’s soil erodibility nomograph (Wischmeier 
and Smith, 1978; Xu et al., 2012). And in this study, the 
soil type was assigned by the soil type spatial distribution 
map (1:1000000), and the K value for each soil type was 
referenced to the study of Bu et al. (2002), which was 
conducted in Taihu Basin. The factor LS reflects the effects 
of topography on soil erosion and is the acceleration factor 
of erosion power. LS factors include slope length and 
steepness factors, which were extracted from ASTER 
global DEM data, the spatial accuracy was 30 m. P is 
determined as the ratio between the soil losses expected for 
certain soil conservation practice and usually estimated 
based on land use type. In this study, the P assignment was 
referenced Xu et al. (2012), which was determined by local 
investigation in Taihu basin. C is defined as the cover-
management factor, which express the protective effect of 
soil cover against the erosive action of rainfall. C-factor 
mapping by remote sensing can provide essential 

information for improving the spatial modeling of soil 
erosion (Durigon et al., 2014). In this study, the C factor is 
calculated referenced 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. To facilitate the spatial 
expression and calculation, the non-point particulate P loss 
modulus were calculated in ArcGIS 10.0 environment for 
each pixel, and then the spatial distribution feature of 
Par(P) were analyzed from sub-basin scale as well as the 
scale of different land use patterns. 

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). 
The Nash–Sutcliffe coefficient (ENS) was used to assess the 
performance of the model in this study (Nash and Sutcliffe, 
1970), and it is defined as: 
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       (5)  

where Qobs,i and Qsim,i are the observed and predicted 
values, respectively. Qobs is the mean observed values 
within 18 sub-basins, and the Qsim,I is the mean simulated 
values within 16 sub-basins. The observed and predicted 
values for phosphorus and sediment loss within the 16 sub-
watersheds with respect to 1:1 line were plotted graphically 
in figure 3, in which figure 3(a) represented the relationship 
between observed sediment discharge amount and 
predicted sediment discharge amount, the figure 3(b) 
represented the relationship between observed phosphorus 
loads in sediment and predicted PP loss amount which were 
calculated by SEDD model. The ENS statistical data for the 
entirely watershed were demonstrated in table 1. 

Figure 3. Scatter diagram of observed and predicted values within 18 sub-basins (a) relationship between observed sediment discharge amount 
and predicted sediment discharge amount; (b) relationship between observed PP loads and predicted PP loss amount. 



 

32(5): 521-530  525 

The figure 3 illustrated that the observed and simulated 
values for PP and sediment loss amount were distributed 
uniformly along the 1:1 line. From table 1, the R2 and ENS 
were also achieved an ideal score, in which the score of the 
indicators mentioned in table 1 were reached 0.9 
simultaneously. The validation results indicated that the 
model has simulated accurately the Phosphorus and 
sediment loss for the watershed for the entire year, and a 
close agreement between the observed and simulated 
phosphorus and sediment discharge amounts were also 
revealed during the model validation. 

ANALYSIS OF UNDERLYING SURFACE CONDITIONS UNDER 

CRITICAL LOSS REGION 
Based on the Par(P) calibration results, the PP loss 

status was divided into four grades: non-eroded, slightly 
loss, moderate loss and severely loss. The classification 
was executed in ArcGIS 10.0 by Jenks natural break 
method. The surface features such as vegetation status, 
topography and soil properties of each grade were analyzed 
to identify the critical factors of PP loss using discrepancy 
analysis between different loss grades and land use 
patterns. Specially, the elevation and slope data were 
extracted from ASTER global DEM, which were acquired 
from U.S. Geological Survey (USGS), and the spatial 
accuracy was 30 m. The normalized differential vegetation 
index (NDVI) data were extracted from Landsat Enhanced 
Thematic Mapper (ETM+) data, which were launched by 
National Aeronautics and Space Administration(NASA), 
the spatial accuracy was 30 m, and the ETM+ were also 
sourced from USGS (http://www.usgs.gov/). The satellites 
transit date were obtained for each month of 2013, the 
cloud coverage of each satellite image was lower than 10%. 
And the NDVI value within different months was averaged 
to represent the NDVI status. Table 2 shows the selected 
underlying surface indicators. Finally, in order to validate 
the statistical significance between different eroded groups, 
the t-tests were introduced into the study. The significance 
tests were conducted in SPSS 18.0 and the default 
significant value were designated as 0.05. 

 
 
 

RESULTS AND DISCUSSION 
THE PP LOSS STATUS 

Figure 4 shows the general spatial features of PP loss 
according to the solid pollutants loss model realized in GIS 
environment. The simulated PP loss amount for the entire 
watershed ranged from 0-111.783 t/km2·a. To further 
understand the spatial features of PP loss status, the 
statistical results of particulate P loss modulus and the land 
use configuration within typical sub-basins were shown in 
table 3. The significance value (P) for severely eroded 
group and slightly eroded group were 0.01(<0.05), which 
showed that the differences between the two eroded regions 
meet the significance level. 

The results showed: (i) The PP loss mainly occurred in 
areas of non-eroded grade and slightly eroded grade, which 
covered 37% and 30% of the entire area, respectively. 
These two classes accounted for more than 2/3 of the total 
area. Conversely, none of the areas of mid-eroded and 
severely-eroded grades exceeded 20%. In general, PP loss 
condition was not severe in the entire area although some 
notable spatial heterogeneity existed (fig. 4). (ii) The area 
of severely-eroded grade comprised only 12.8% of the 
entire area, which was significantly less than the slightly 
eroded and mid-eroded grades. However, the severely-
eroded region was obviously aggregately distributed in the 
vicinity of downstream of two major inflow drainages, and 
the harmful effect of this region on the watershed 

Table 1. Goodness-of-fit statistical data for model’s validation. 
  Annual Mean Yield 

R2 ENS Observed Simulated 
PP (t·yr-1) 16.464  14.037  0.925 0.878 
Sediment (104 t·yr-1)  1.694  1.524  0.984 0.901 

Table 2. The data source and assessment method of selected underlying surface indicators. 
Indicators Data Source Method 

Elevation ASTER global DEM Extracted by ArcGIS 
Slope ASTER global DEM Extracted by ArcGIS using ‘Slope’ tool 
NDVI Landsat Enhanced Thematic Mapper (ETM+) data Extracted by ArcGIS using ‘Raster Calculation’ tool 

Model: (NIR-VIS)/(VIS+NIR) 
Soil organic matter(SOM) Measurement of soil samples The experimental method was showed above 
Soil mechanical composition Measurement of soil samples The experimental method was showed above 
Soil Total Nitrogen Measurement of soil samples The experimental method was showed above 

Figure 4. PP loss status assessed by solid pollutants loss equation. 
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environment should not be neglected, due to the this region 
located at nearby downstream, the pollutants can be 
discharged into the aquatic environment directly. (iii) The 
16th, 15th, and 14th sub-basins experienced with the severest 
PP loss status, whereas the 12th, 3rd, and 6th sub-basins 
exhibited the slightest PP loss (table 3). These two regions 
of severely and slightly loss status had distinctive spatial 
distribution characteristics; the severely loss region was 
located and concentrated in the surrounding or in junction 
of Yangxi River, while the slightly loss region was 
scattered in the southern edge of the study site. (iv) The 
mean loss amounts of severe loss sub-basins exceeded 
25 t/km2•a, and even reached 33.30 t/km2•a in 16th sub-
basin, whereas the amounts in slightly loss sub-basins were 
less than 10 t/km2•a. In addition, the SD value were also 
differenced notable between the two groups (18~19 for 
severely loss region and 6.96~10.04 for slightly loss 
regions). The results demonstrated that the severely loss 
status were only appeared in some specific areas within 
severely loss sub-basins, and the other areas were not 
eroded severely at all, which resulted in the high spatial 
variability within the severely loss region. 

THE PP LOSS AMONG DIFFERENT LAND USE PATTERNS 
Based on the spatial visualization of PP loss, we further 

analyzed PP loss variation characteristics among three 
typical land use patterns. 

Forestland exhibited the most remarkable differences 
between the severely loss region and the slightly loss 
region; the forestland in the slightly loss region was 
significantly higher than that in the severely loss region. 
Within the severest loss region, almost no forest land was 
distributed in 14th and 16th sub-basins, and forestland only 
occupied 5% of the area in the 15th sub-basin, whereas, the 
proportion of arable land and orchard land reached 
approximately 50%, far more than the forestland area in 
this region. In the slightly loss region, however, forestland 
coverage reached 15%, which was the highest among 
sixteen sub-basins. The only exception was 6th sub-basin, 
which only had 1.79% forestland but exhibited the slightest 
PP loss, possibly because the sub-basin was apart from the 
inflowing river and was located on the edge of the study 

area. These results indicated that various land use types had 
significant impact on soil PP loss. 

Table 4 shows the statistical results related to PP loss 
among three patterns for the entire study area. The 
differences of PP loss among three land use types 
suggested that forestland experienced the slightest PP loss. 
The average PP loss of the forestland was less than 
10 t/km2•a, and some areas showed completely no PP loss 
at all. Moreover, the non-eroded area and slightest loss area 
accounted for 97% of the total forestland region, and areas 
of severely loss rarely appeared. These results indicate that 
forestland plays a prominent role in watershed conserva-
tion. It can enhance the soil stability and alleviate the 
nutrients loss from agriculture non-point source pollution to 
some extent. In contrary, the PP loss within arable land and 
orchard was much more severe than that within forestland. 
The maximum loss amount of these two land uses exceeded 
100 t/km2•a. The differences between these two types were 
needed to discuss. In general, the PP loss amount of arable 
land seemed slightly higher than orchard as the maximum 
and mean values of arable land exceeded those of orchard 
land (table 4). However, the coefficient of variations of 
orchard land (49.8%) was higher than arable land 
significantly. The higher degree of variation coefficient 
may be due to variety of planting patterns in the orchard 
land, including tea plantations, peach orchards and citrus 
orchards. This kind of diversity obviously differentiated 
from arable land, where was substantially covered by wheat 
fields in our study (Zhang et al., 2009). The diverse 
cropping patterns can also lead to variations in the amounts 
of chemical fertilizer and pesticides used, which most 
likely leads to the variations of non-point pollution 
intensity within orchard land (Gburek et al., 2000; Simon 
and Makarewicz, 2009). In this study, the proportions of 
non-eroded area and severely loss area within orchard land 
were 44.4% and 16.9%, respectively, and both of them 
were greater than in arable land. 

In conclusion, the PP loss within forestland was 
absolutely the slightest among three typical land use 
patterns. With respect to the other two land use patterns, the 
differences were not notable from figure 3, while the 
statistical data indicated that the mean loss amount in 

Table 3. Statistical results of PP loss within typical sub-basins (P<0.05). 
  Loss Amount (t/km2•a)  Land Use Composition (%) 

Intensity Sub-Basin ID Min Max Mean SD[a]  Forestland Arable Land Orchard Land 

Severely 
16 0 89.98 33.30 19.32  0.12 72.19 5.32 
15 0 91.56 26.20 18.97  5.12 32.08 16.58 
14 0 88.03 25.44 18.46  0.33 43.02 4.75 

Slightly 
12 0 58.08 9.24 9.86  15.69 34.23 21.29 
3 0 57.51 9.01 10.04  15.77 12.37 5.71 
6 0 59.46 6.74 6.96  1.79 57.04 6.04 

[a] SD: Standard Deviation 

Table 4. Statistical data of PP loss amount within three land use patterns in study site (P<0.05). 
 Loss Amount (t/km2•a)  Loss Intensity Grades (%) 

Land Use Min Max Mean Cv (%)[a]  Non-eroded Slightly Moderate Severest 
Forestland 0 36.472 7.31 11.9  79.31 18.37 2.09 0.23 
Arable land 2.33 110.78 25.75 23.3  32.76 30.65 20.55 16.04 
Orchard 1.76 100.3 19.15 49.8  44.43 27.13 11.54 16.94 
[a]  Cv (%): Coefficient of variation. 
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arable land was slighter greater than in orchard (table 4), 
and the orchard land owned more non-eroded and severely 
loss region proportions. These results showed that although 
land use greatly affected PP loss, the influence cannot be 
oversimplified, especially with respect to arable land and 
orchard land. 

CRITICAL UNDERLYING FEATURES FOR DIFFERENT PP 

LOSS GRADES 
Various land use patterns greatly affected PP loss. 

However, the diversity of PP loss among different patterns 
was not simply linear. Moreover, the loss intensity also 
varied greatly within a single land use pattern. Therefore, 
the relative underlying surface features need to be 
identified to clarify the critical factors causing PP loss 
variations among different land use patterns. This may also 
be helpful in identifying the factors impacting on PP loss 
variations within single land use pattern. The selected 
underlying surface features included topography indicators, 
which were relatively stable, and several soil and 
vegetation indicators, which were influenced largely by 
anthropogenic activities. 

The value range of topographical elements, including 
elevation and slope within different land use patterns and 
loss grades, are showed in table 5. Elevation was closely 
related with PP loss. The mean elevation exceeded 100 m 
within non-eroded area, with the maximum value reached 
309 m. However, the mean elevation within the severest 
loss area was only 39.7 m. Similarly, the elevation of arable 
land and orchard land also varied widely in non-eroded 
area and severe loss area. All of the three land use patterns 
showed that the increased elevation, which was always 
accompanied by the slighter PP loss intensity. The results 
were partly due to the human encroachment and always 
occurred in plain areas, which is more likely to result in soil 
erosion and non-point source pollution. 

Compared with elevation, the impact of slope feature on 
PP loss was relative indirect. With respect to forestland, the 
mean of slope was 10.58° and 16.92° for non-eroded area 
and severest loss area, respectively, indicating that the 
topography of severely loss region was slightly steeper than 
non-eroded area. However, the slope did not varied notable 
in arable land and orchard land. Obviously, the majority of 
the study area had little topographical relief. The slopes 
were similar in these two land use types, and consistently 
less than 20°. In the arable and orchard land, the mean 
value never exceeded 10°. Typically, the flat terrain area is 
suitable for human encroachment, and the slope was 
preferably less than 25°. A strong positive relationship was 

observed between slope and erosion intensity when the 
slope exceeded 25°. Our results showed that the slope were 
less than 20° in most cases except for a some small portion 
of forestland, inferring that the PP loss variation might be 
resulted from human encroachment including tillage, 
fertilization, pesticide application and mechanical 
cultivation. The influence of slope was probably minimal 
and insignificant when the slope was under 25° 

Soil P concentration was also influenced by vegetation 
conditions and soil properties including SOM and 
soil mechanical composition. Therefore, the measured 
properties of totally 75 samples were also clustered by each 
land use type and PP loss grade (table 6). 

A significant negative relationship was found between 
NDVI and PP loss, especially in orchard land. The 
differences among NDVI values were notable between 
non-eroded region and severe loss region. The maximum 
value of severe loss region was 0.332, which was close to 
the minimum value of non-eroded region. These results 
indicated that decreased tendency of NDVI always 
accompanied by aggravated PP loss intensity. Moreover, 
the Standard deviation of NDVI within orchard land was 
reached 0.09, much greater than the values within 
forestland and arable land, which values were tended to 0. 
This feature was consistent with the results that PP loss of 
orchard owned the highest spatial variability, and also 
further proved that diversified cropping pattern had a 
profound effect on PP loss (Wu et al., 2012). 

Soil organic matter was closely related to P loss in 
arable land and forestland. In those areas, the conditions of 
overlapping PP loss value rarely occurred in non-erode and 
severely loss region. For instance, the forestland contained 
a higher SOM content (the mean content was 2.62 g/kg and 
the maximum value was 3.22 g/kg) than arable land and 
orchard land, and the maximum value was almost as much 
as the minimum value for non-eroded grade within 
forestland. In addition, although the SOM content in arable 
land was generally less than forestland, a similar tendency 
of increased PP loss with decreasing SOM concentration 
was observed. These results also indicated that the SOM 
can be designated as a critical indicator for PP loss within 
forestland and arable land. In contrast, TN concentration 
and PP loss seems not closely correlated. This probably 
resulted from that lower nitrogen used in fertilizer than 
phosphate in arable land and orchard land, and the nitrogen 
in soil was in a relative stable form when compared with 
Phosphate, which resulted in the nitrogen status changed 
not obvious when compared with the background status. 

Table 5. Statistical data of topography features vs. PP loss grade and land use pattern. 
  Arable Land  Forestland  Orchard Land 

Indicators Non-Eroded Severest Loss  Non-Eroded Severest Loss  Non-Eroded Severest Loss 

Elevation (m) 

Min 6.0 3.0  58 17  15.0 7.0 
Max 88.0 8.0  309 101  134 31.0 
Mean 19.0 3.71  113.94 39.71  27.77 11.94 

SD 9.66 1.93  38.53 11.44  11.33 5.44 

Slope (°) 

Min 0 0  4.417 3.258  0 0 
Max 12.46 8.85  25.78 32.68  17.10 12.53 
Mean 5.74 3.60  10.58 16.92  8.03 7.57 

SD 6.55 8.93  5.93 1.25  3.23 0.34 
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According to Gong et al. (2003), the silt proportion in 
Alfisols and Histic soils should exceed 78%. It is 
acknowledged that erosion intensity and PP loss amount 
increase as silt proportion decreases and sand proportion 
increases because the tiny particles of silt are prone to be 
displaced. Consequently, the surface soil simultaneously 
becomes rougher due to increased sand content (Montgom-
ery et al., 1997; Luleva et al., 2011). Our results (table 6) 
showed consistent patterns with previously published data. 
In arable land, PP loss was closely related to soil 
composition; the high proportion of sand and low 
proportion of silt allowed this relationship to be more 
evident than those in forest land and orchard land (table 6). 
Moreover, the differences between non-eroded grade and 
severely loss grade were also significant (table 6), and the 
difference was most remarkably attributed to the 
proportions of sand and silt. 

In plains and low hill areas, the topographical features 
such as slope did not directly affect PP loss status, while 
the elevation was strongly and negatively related to PP loss 
in all land use patterns, due to the elevation is directly 
related with the frequency of human activities. The soil 
properties including SOM and composition were key 
factors that influenced PP loss within arable land. Both 
SOM content and silt proportion were strongly and 
negatively related to PP loss, and the maximum value of 
SOM content and silt proportion could be designated as a 
threshold value and used to distinguish between severely 
loss region and other loss grades. Nevertheless, the NDVI 
index would be identified as the most critical factor related 
to PP loss within orchard land duo to its strong and 
negative relation to PP loss. The variation of NDVI was the 
highest in orchard land among the different land use 
patterns probably because of diverse crops grown in 
orchards. Therefore, it can be inferred that the PP loss 
within arable land was controlled by soil SOM and soil 

mechanical composition, and the status of these properties 
would be impacted by human encroachment, especially by 
fertilizer application, whereas the PP loss status within 
orchard land was mainly controlled by NDVI priority, 
which varied due to the different varieties of crops in the 
orchard land. 

CONCLUSION 
To better understand soil PP loss status under typical 

land use patterns, this study assessed the spatial 
characteristics of PP loss using solid pollutants loss model 
and based on high-resolution remote sense data source. Our 
results analyzed differences of PP loss intensity within each 
land use pattern, and clarified critical factors that affected 
PP loss from the following aspects such as terrain, 
vegetation s and soil properties. In general, PP loss in this 
area was moderate, the no-eroded grade and slightly-eroded 
grade covered most of the study area. PP loss varied 
significantly in different land use patterns. The forestland 
had the slightest PP loss among all land uses, whereas the 
arable land exhibited the highest loss intensity. The non-
eroded region and severely loss region within orchard land 
accounted for higher proportions than those in arable land, 
which indicated that variations of PP loss intensity within 
orchard land were probably greater than those in arable 
land. The differences among different land use patterns 
might be partly due to differences in critical underlying 
factors. Specially, several soil properties including SOM 
and mechanical composition were identified as key factors 
for PP loss within arable land. The NDVI index, which 
varied significantly due to different cropping patterns, was 
the most critical negative factor of PP loss within orchard. 

In conclusion, as NPS P loads survey by remote sensing 
and GIS is becoming more accessible, researchers should 
make full use of this technology for more accurate and 

Table 6. Comparative data of soil properties and vegetation status vs. land use pattern and PP loss grade. 
  Arable Land  Forestland  Orchard Land 

Indicators Non-Eroded Severest Loss  Non-Eroded Severest Loss  Non-Eroded Severest Loss 

SOM 
(g/kg) 

Min 1.88 0.52  2.87 1.38  0.51 0.32 
Max 3.70 2.05  5.59 3.22  3.12 2.64 
Mean 2.79 0.94  3.72 2.62  1.64 1.12 

SD 0.10 0.11  0.09 0.22  0.22 0.15 

Sand 
(%) 

Min 8.66 13.57  9.6 10.01  4.53 5.55 
Max 16.2 30.30  16.4 17.1  16.32 20.4 
Mean 10.32 24.33  12.24 12.88  10.22 13.58 

SD 1.02 3.44  1.77 0.98  3.98 1.99 

Silt 
(%) 

Min 69.5 62.5  70.2 72.9  69.2 67.6 
Max 80.7 71.6  77.2 76.1  71.1 74.1 
Mean 74.6 65.9  72.01 72.60  70.30 70.4 

SD 0.22 0.88  0.23 0.34  0.09 1.16 

Clay 
(%) 

Min 2.26 2.04  2.78 2.44  3.78 2.77 
Max 13.45. 11.48  15.52 10.02  11.11 7.94 
Mean 5.72 10.09  7.02 5.63  6.08 4.94 

SD 0.98 1.02  0.11 0.83  0.42 0.62 

TN 
(g/kg) 

Min 0.12 0.05  0.06 0.08  0.11 0.13 
Max 0.23 0.19  0.17 0.20  0.23 0.21 
Mean 0.173 0.08  0.11 0.11  0.08 0.11 

SD 0.02 0.04  0.06 0.08  0.11 0.08 

NDVI 

Min 0.456 0.090  0.602 0.387  0.290 0.083 
Max 0.877 0.774  0.862 0.668  0.760 0.332 
Mean 0.573 0.402  0.596 0.422  0.600 0.195 

SD 0.02 0.01  0.02 0.02  0.09 0.06 
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updated information. Moreover, a longer temporal 
sequence as well as a better quantification of seasonal and 
inter-annual nutrients loads is needed in order to provide 
more accurate information for the watershed management. 
In addition, rather than relying solely on historical data, 
updated soil properties and land use data are necessary for 
effective watershed pollution management. 
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