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Abstract
This research used the improved export coefϐicient model to estimate non-point source load in sub-watersheds and a self-organizing map model to 

identify the correlation relationship of factors, that can be affected by non-point source load in Yangtze River Basin. Research results indicate that total 
nitrogen load is 4.87 - 15.53 kg/ha; total phosphorus load is 0.18 - 0.51 kg/ha; Dong Ting Lake sub-basin has the lowest contribution value of total nitrogen 
and phosphorus; Tai Lake sub-basin has the highest contribution load of total nitrogen and total phosphorus; Jinsha River sub-basin reveals the highest 
value of total nitrogen and phosphorus contribution on grassy land and desert land; Tai Lake sub-basin has the highest total nitrogen and total phosphorus 
load on forest, agricultural land, and urban construction land. The correlation relationship of factors reveals a very close correlation with each other as 
precipitation, total nitrogen load, and total phosphorus load factors have correlation in the highest value, in which total nitrogen load and total phosphorus 
load factors have a close correlation with each other from the lowest value to highest value; wetland and barren land factors correlate with the lowest value 
and the highest value; agricultural land, forestland, and grassy land factors correlate with one another in the high value and the highest value. The forest 
cover rate factor, as well as the population factor, does not correlate with other factors.
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As the runoff moves, it picks up and carries natural and 
anthropogenic pollutants, ϐinally depositing them into lakes, 
rivers, wetlands, coastal waters, and groundwater systems 
[3]. A small portion of chemicals is absorbed by crops, and the 
rest remains in the soil [9]. 

Non-point source pollution has become the main source 
of water environmental pollution in recent years [10] and 
its results are developed via several computer simulation 
models and model techniques [11] because they provide a 
quantitative description for the entire basin system, and aid in 
the analysis of spatial and temporal features of NPS pollution 
[3]. They also provide estimates of the different effects of 
various land use, management, and technical measures on 
NPS pollution [3]. Which, export coefϐicient model has been 
widely used in the identiϐication of pollution sources in basins 
and the estimation of non-point source pollution loads [12-
14] because of lower demand for input data and a simpler 
calculation process [3]. However, due to these simplicities 
only the calculation of non-point source load, they have not 
been revealed yet the correlative relationship of non-point 

Introduction

In the world, non-point source (NPS) has become one of 
the important factors affecting the water environment and 
water ecological security in the basin [1]. Non-point source 
(NPS) pollution refers to diffuse contamination, which is not 
discharged from a few localized points or single indeϐinable 
sources [2]. Unlike pollution from industrial and sewage 
treatment plants, non-point source (NPS) pollution comes 
from many diffuse sources [3] and the rapid development 
of urbanization and agriculture has accelerated nonpoint 
source (NPS) pollution that has led to the deterioration of 
surface water quality [4]. The nutrient input pathways include 
irrigation, fertilization, seeding, atmospheric deposition, and 
biological nitrogen ϐixation, while the output pathways consist 
of plant uptake, surface runoff, leaching, and other direct 
discharges of agricultural/rural wastes into the environment 
[5], in which NPS pollution from agricultural runoff is among 
the major causes of pollution found in water bodies [6]. NPS 
inputs, especially from agricultural activity, have resulted 
in large amounts of nitrogen (N) and phosphorous (P) [7,8]. 
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source pollutant factors. From that, this research, except for 
estimating non-point source load in each sub-watershed, also 
reveals the correlative relationship of NPS pollutant factors 
via a self-organizing map (SOM), which is a new, effective 
software tool for the visualization of high-dimensional data 
[15] and is a special type of neural network that can learn from 
complex, multi-dimensional data and transform them into 
visually decipherable clusters [16]. The self-organizing map 
is widely applied to clustering problems and data exploration 
in industry, ϐinance, natural sciences, and linguistics [17] 
and it implements an orderly mapping of a high-dimensional 
distribution onto a regular low-dimensional grid [15]. Unlike 
other neural network approaches, the SOM network performs 
unsupervised training with a physical location of points on 
the map showing the relative similarity between the points 
in the multi-dimensional space [16]. Therefore, this research 
aims: (1) to estimate the non-point source load of 11 sub-
watersheds in the Yangtze River Basin; (2) to identify the 
correlation of factors to NPS load via self-organizing maps. 
Via this research can be understood non-point source load 
at each sub-watershed and correlative factors with nutrient 
substances such as total nitrogen and total phosphorus in the 
Yangtze River Basin. From that, it will help environmental 
managers make plans and policies to decrease pollutant 
release into in Yangtze River Basin load and avoid conϐlict 
between different factors. 

Methodology

The research area is Yangtze River Basin, located 
in southern China about 1.8 million km2, lies between 
24.50°N-35.75°N and 92.43°E-122.45°E [18] (Figure 1). Most 
parts of the basin have a subtropical monsoon climate [19-
21] and the annual mean temperature in the basin is between 
15 °C and 19 °C [21] with its average annual precipitation of 
1067 mm [22].

All the data is extracted and classiϐied by ERDAS 9.2 
software from the Landsat 7 ETM+30 m resolution satellite 

imagery into different land uses, including forest, grassy land, 
agricultural land, built-up land, water, barren land, wetland, 
and desert land. Digital elevation model (DEM) data are also 
used and analyzed in topography (Table 1).

The Improved Export Coefϐicient Model (IECM), applied in 
the research from the development of the Export Coefϐicient 
Model (ECM) of Johnes [23], combines with precipitation and 
terrain impact factors. The Improved Export Coefϐicient Model 
[24,25] allows accurate estimation of nutrient pollutants is 
described as: 

 
n

L  Ei[Ai Ii ] P
i 1
 



Where: 

L is the loss of nutrients (kg);

α is the precipitation impact factor;

β is the terrain impact factor;

Ei is the export coefϐicient for nutrient source i (kg/km2yr);

Ai is the area of the catchment occupied by land use type i 
(km2);

Ii is the input of nutrients to source i (kg);

P is the input of nutrients from precipitation (kg).

The key parameters of the Export coefϐicient (Ei) are 
derived from literature sources and ϐield data in past research 
(Table 2).

Moreover, this research also applies self-organizing maps 

Figure 1: Distribution of sub-basins in the Yangtze River Basin.
(Source: http://www.geodata.cn/)

Table 1: Database in estimating non-point source load.
Data type Data description Data source

Digital elevation 
model (DEM)

At a spatial resolution of 
30 × 30 m

The Earth System scientiϐic data 
sharing platform 

http://www.geodata.cn/ 

Land use map 1:250000 Yangtze River Basin 
land use 

The Earth System scientiϐic data 
sharing platform 

http://www.geodata.cn/ 

Precipitation
Precipitation data on the whole 

stations in the Yangtze River 
Basin

China Meteorological Science Data 
Sharing service

Table 2: Export coefϐicient of NPS pollutant sources [24,25]

ID Land use pattern
Estimating non-point source

TN (kg/ha) TP (kg/ha)
1 Forest land 2.38 0.15
2 Grassy land 10 0.2
3 Agricultural land 29 0.9
4 Urban construction land 11 0.24
5 Wetland 0.2 0.01
6 Water area 0 0
7 Desert land 1 0.51
8 Barren land 2 0.08
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to expose the correlation of the factors affecting the NPS loads 
because SOM is a popular neural network model and can 
provide a topology-preserved map from the high dimensional 
space to map units and neighborhood relation by neighborhood 
relation. The simulation process is implemented as: First, 
identify the exact factors that affect non-point source pollution 
in the Yangtze River Basin. Some neurons are selected and the 
values of the components for each neuron are initialized too. 
Second, iterative training is performed where the neurons are 
adjusted in response to a set of training vectors; therefore, 
the neurons approximately minimize an integrated distance 
criterion. The last is visualization, where each neuron’s 
reference is displayed in lower dimensional space and plotted 
as a map. 

Results and discussion

Estimating non-point source load

The whole Yangtze River basin can be divided into 11 sub-
basins: (1) Jinsha River sub-basin; (2) Han River sub-basin; 
(3) River downstream sub-basin; (4) Tai Lake sub-basin; (5) 
Poyang lake sub-basin; (6) River middle stream sub-basin; (7) 
Dong ting lake sub-basin; (8) Wu River sub-basin; (9) River 
upstream sub-basin; (10) Jialing River sub-basin; (11) Min Tuo 
River sub-basin different land use types in 2010 and Figure 2 
indicates that average contribution of total nitrogen occupies 
from 4.87 kg/ha to 15.53 kg/ha, in which the least contribution 
value locates at Dong ting lake sub-basin. Followed by the 
Poyang Lake sub-basin (7.45 kg/ha); Jinsha River sub-basin 
(9.07 kg/ha); Wu River sub-basin (9.76 kg/ha); Min Tuo River 
sub-basin (10.04 kg/ha); River upstream (11.21 kg/ha); River 
middle stream (11.32 kg/ha); Jialing River sub-basin (11.66 
kg/ha); Han River sub-basin (13.75 kg/ha); River downstream 
(14.34 kg/ha); and the highest contribution value is at Tai 
Lake sub-basin with 15.53 kg/ha. Especially, at the Tai Lake 
sub-basin has both the highest average contribution and 
the highest TN load on forest, agricultural land, and urban 
construction land patterns, as well as the water area is the 
biggest. Moreover, with average contribution is low on the 
Jinsha River sub-basin, but the total nitrogen contribution 
on the grassy land and desert land pattern is the highest 
(Figure 2). 

Besides, phosphorus is also one of the elements that 
causes NPS pollution, and the contribution of total phosphorus 
load in different land-use types is presented in Figure 3. It 
indicates that the average contribution line is from the lowest 
value to the highest value, from 0.18 kg/ha to 0.51 kg/ha 
respectively, in which the lowest average total phosphorus 
contribution is 0.18 kg/ha on the Dong ting Lake sub-basin. 
Following by the Poyang Lake sub-basin (0.23 kg/ha); Wu River 
sub-basin (0.29 kg/ha); Jinsha River sub-basin (0.3 kg/ha);
Min Tuo River sub-basin (0.32 kg/ha); River upstream (0.36 
kg/ha); River middle stream (0.37 kg/ha); Jialing River sub-

basin (0.38 kg/ha); Han River sub-basin (0.46 kg/ha); River 
downstream (0.48 kg/ha); and Tai lake sub-basin with 0.51 
kg/ha is the highest average total phosphorus contribution. 
Showing on the ϐigure indicates very clearly that the Tai Lake 
sub-basin not only has the highest average total phosphorus 
contribution, but also has the highest total phosphorus 
contribution on the forest land, agricultural land, and 
urban construction land pattern. Besides, the highest total 
phosphorus contribution on the grassy land and desert land 
pattern belongs to the Jinsha River sub-basin with a medium 
total phosphorus average contribution (Figure 3).

Correlation of non-point source pollution with influence 
factors

Via simulation of the self-organized map, Figure 4 includes 
many factors, that have affected non-point source pollution 
in the Yangtze River Basin, such as land-use factors such as 
barren land, urban construction land, agricultural land, forest 
land, grassy land, and wetland because land carries loading 
content of the non-point source and with different land-use 
presents different pollutant carrying. Moreover, precipitation, 
forest cover rate, and fertilizer are considered in correlation 
with different factors with non-point source load because 
precipitation directly carries pollutants from the atmosphere 
into the land and erosion of pollutants in the land due to 

Figure 2: Contribution of total nitrogen load.

Figure 3: Contribution of total phosphorus load.
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rainfall intensity. Moreover, fertilizer increases the number 
of pollutants in the soil because of its residue in agricultural 
activities and the forest cover rate presents washing away 
pollutants from the air to land with high forest cover density. 
In factors correlation, neurons are displayed on the map with 
inϐluencing factors regarded as components of each factor. 
They are represented by values from low value to high value, 
made clusters, and distributed at different portions on the 
map. Low value is respectively with blue color, and light blue 
for higher value, to yellow color, red color, and brown color for 
the highest value. Seeing on Figure 4 U-matrix represents the 
average distance of neurons. The neurons in the near distance 
and far distance are distributed intersperse on the whole map. 
The near-distance neurons make large clusters, but the far-
distance neurons only make small clusters and locate between 
near-distance node clusters. Beside of U-matrix map is the 
precipitation factor map. On the map, the neurons create 
clusters clear. The lowest value neuron distributes in the large 
area on the upper right side and below the left side of the map. 
The Middle of the map is separated into three large clusters, 
made as a trip from the underside to the upper left side. They 
include high-value clusters and highest-value clusters. The 
high-value clusters are located in the middle of the map and 
the upper portion toward to upper left side of the map, but the 
highest-value cluster is created by two nodes and is located on 
under center side of the map. Surround those two nodes are 
neurons in lower value; they are displayed from yellow color 
to red color. Toward total nitrogen load and total phosphorus 
load factors, the distribution of neurons is the same as each 
other, but in different values. This meaning can show that 
those factors have a very close correlation with each other. 
The low-value neurons occupy most of the map. The medium 
neurons make two clusters and are located inside low-value 
node regions. Moreover, they are also distributed on the upper 

right side and under the right corner of the map. However, the 
highest value cluster is created by two nodes and located on 
under center side of the map. Surround those two nodes are 
neurons in lower value; they are displayed from yellow color 
to red color. 

Moving down to fertilizer factor shows the highest value 
neurons in fertilizer factor distributed under the right corner 
in a cluster including four neurons. The medium value neurons 
create a large area and are located at the below portion toward 
to right side of the map. The low-value neurons are distributed 
on the upper portion toward to upper left corner of the map. 
Next is the forest cover rate factor, low-value neurons are 
separated into two large clusters, which are located at the 
upper right corner and below the left corner of the map. 
Middle of the map are medium-value and high-value neurons. 
The medium-value nodes are created in different clusters, and 
the highest-value nodes are located at the center-left side of 
the map. Moving toward agricultural land, forest land, and 
grassland factors, the high-value neurons are distributed at the 
same position on the under-center side of the map, in which 
the highest value nodes include two neurons. The low-value 
neurons distribute almost on the map toward to upper portion 
of the map. However, in the agricultural land and forestland 
factors, medium-value neurons are made clusters and located 
in the middle of low-value node areas. However, in the grassy 
land factor, the medium value neurons are created clusters 
and distributed on the right side of the map. Next are wetland 
and barren land factors, they have a similar distribution of 
neurons from low value to high value. The low-value neurons 
locate most of the map, and toward to left side of the map. The 
high-value neurons are made of clusters in different colors 
and are located at the upper right side of the map, with the 
highest value displayed by two hexagons and located at the 

Figure 4: Factor correlation in the Yangtze River Basin.
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upper right side of the map. The difference between these 
two factors is medium value nodes are in blue and are located 
inside the low-value neurons toward to upper left portion of 
the map in the wetland factor, while in the barren land factor 
does not appear this feature. In the urban construction land 
factors, high-value neurons are distributed on the below 
portion toward the left of the map, and the low-value neurons 
are the upper portion of the map. The surroundings of high-
value neurons are medium-value nodes. Moreover, medium-
value nodes are also located inside the low-value neuron area 
on the upper portion of the map. 

Therefore, Figure 4 shows the distribution of neurons 
in different values on the map, and their correlations are 
presented as precipitation, total nitrogen load, and total 
phosphorus load factors correlate with the highest value, in 
which total nitrogen load and total phosphorus load factors 
have a close correlation with each other from the lowest value 
to the highest value. Wetland and barren land factors correlate 
with the lowest value and the highest value. Agricultural land, 
forestland, and grassy land factors correlate with one another 
in high value and the highest value. The forest cover rate 
factor, as well as the population factor, does not correlate with 
other factors.

Conclusion

From estimating non-point source load and identifying the 
correlation relationship of factors, this research has drawn 
some signiϐicant points: 

Total nitrogen load is 4.87 - 15.53 kg/ha; total phosphorus 
load is 0.18 - 0.51 kg/ha; Dong Ting Lake sub-basin has the 
lowest contribution value of total nitrogen and phosphorus; 
the Tai Lake sub-basin has the highest contribution load of total 
nitrogen The and total phosphorus; Jinsha River sub-basin 
reveals the highest value of total nitrogen and phosphorus 
contribution on grassy land and desert land; Tai Lake sub-
basin has the highest total nitrogen and total phosphorus load 
on forest, agricultural land, and urban construction land; 

The correlation relationship of factors reveals a very close 
correlation with each other; precipitation, total nitrogen load, 
and total phosphorus load factors correlate with the highest 
value, in which total nitrogen load and total phosphorus 
load factors have close correlation with each other from 
the lowest value to highest value; wetland and barren land 
factors correlate with the lowest value and the highest value; 
agricultural land, forestland, and grassy land factors correlate 
with one another in the high value and the highest value. The 
forest cover rate factor, as well as the population factor, does 
not have any correlation with other factors.
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