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Abstract

Context The impact of landscape structure—often

described by landscape composition and configura-

tion—on ecological processes is well-known. Appro-

priately quantifying landscape structure that critically

affect nutrient processes within watersheds remains

challenging.

Objective A precipitation-weighted landscape struc-

ture model (LSM) was developed to predict nutrient

concentrations at a large number of watersheds.

Methods The LSM was developed based on the

landscape location features including topography and

precipitation within the watershed. The inequality

function of Lorenz curve was used to quantify the

spatial structure of different landscape types. The

LSM was fitted and validated using the measurements

of total nitrogen (TN) and total phosphorus (TP) in 132

watersheds. Regression models predicted the spatial

patterns of TN and TP concentrations in 1578

watersheds of the Haihe River Basin, China.

Results (1) Predictive models can explain 64 and

52% of the variation in total TN and TP, respectively.

(2) Agricultural and residential lands served as

nutrient sources. The contributions of agricultural

land were 18 and 21% while those of residential land

were 46 and 38% to TN and TP concentrations,

respectively. (3) Grassland and forest land were

nutrient sinks. Grassland had major contributions of

22 and 30% to TN and TP concentrations, respec-

tively. The contributions of forest land were 7 and

11% to TN and TP concentrations, respectively.

Conclusions The LSM focuses on the nutrient

processes and is feasible to implement across a large

number of watersheds. This study provides useful

implications for quantifying landscape structure and

predicting potential pollution under different land-

scape scenarios.

Keywords Landscape configuration � Landscape

composition � Landscape structure � Nutrient process �
Non-point pollution � Landscape planning

Introduction

Maintaining the quality of surface water has become

an important environmental concern, particularly in

developing countries, where rapid urbanization is

changing the landscape (Uriarte et al. 2011; Pernet-
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Coudrier et al. 2012). Process-based water-quality

models have a very complicated mass-balance struc-

ture that is used to predict non-point pollution risks,

such as BASINS, HSPE, and SWAT models (Ouyang

et al. 2010; White et al. 2011; Bonuma et al. 2014;

Serpa et al. 2017). The data demanded for model

construction and calibration use complicated model

parameters (Volk et al. 2007). However, obtaining

sufficient data on water quality and biogeochemical

processes that will reliably support the general use of

such complex descriptions of water processes may

prove to be difficult.

Landscape structures within a watershed—often

described by landscape composition and configura-

tion—are critical factors influencing nutrient transport

from lands to rivers (Ouyang et al. 2010; Liu et al.

2012; Xiao et al. 2016; Sonne et al. 2017). Modeling

the spatial variation of surface water quality based on

landscape structures is useful in the development of an

effective water management system (Serpa et al.

2017). Some types of landscapes serve as pollutant

sources, while others may make few contributions to

the generation of pollutants (Uriarte et al. 2011;

Gonzales-Inca et al. 2015; McLellan et al. 2015;

Sonne et al. 2017; Baker et al. 2018). Landscape

composition within a watershed plays a large role in

regulating stream water quality (Wu et al. 2015).

Previous studies have shown that forests and grass-

lands often play the role of mitigating some pollutant

processes (Kandler et al. 2017). However, there

remains uncertainty regarding the effect of spatial

configuration of different landscape types on water

quality.

It is commonly reported that landscape configura-

tion affects nutrient processes, although results widely

varied among different studies and different regions

(Lofvenhaft et al. 2004; Ouyang et al. 2010; Gemesi

et al. 2011; Sun et al. 2013; Filoso et al. 2015; Liu et al.

2017, 2018). For example, more complex landscape

shapes within a watershed can considerably relieve the

negative effects on water quality in areas adjacent to

rivers (Hwang et al. 2007). Agricultural landscapes

with higher patch density and more complex shape

contribute relatively greater pollutant loads to receiv-

ing waters (Lee et al. 2009; Clement et al. 2017; Liu

et al. 2017). A negative relationship between patch

density and the TN concentration was found in rivers

of Estonia (Uuemaa et al. 2005), while positive

relationship was significant in South Korea (Lee

et al. 2009). These diverse contributions of landscape

structures are controversial when they are used for

landscape design and land-use planning with the goal

of improved watershed management.

The controversy of landscape influence on nutrient

transport is mainly derived from the lack of appropri-

ate quantification of landscape structures. Current

landscape metrics were initially developed based on

the geometry of patches and their spatial relationships

(Lowicki 2012; Uuemaa et al. 2013). Frequently-used

metrics include landscape size, shape, diversity, and

connectivity features (Lee et al. 2009; Ouyang et al.

2010; Gemesi et al. 2011). Many studies have

combined these metrics to correlate landscape struc-

tures with hydrologic processes and related ecosystem

services. However, some of these metrics are highly

correlated with each other, creating redundancy and

difficulty in interpretation when they are used together

(Uuemaa et al. 2013; Clement et al. 2017). Although

the effects of landscape structure within a watershed

on nutrient transport are broadly recognized, quanti-

fying them appropriately remains a challenge (Larsen

et al. 2017). Nutrient transport has clear directions

from the upstream to the downstream within a

watershed (Bunzel et al. 2014). In this case, current

landscape metrics without topographic information

cannot capture the influence of landscape structures on

nutrient processes (McConaghie and Cadenasso 2016;

Clement et al. 2017).

Topography influences water distribution within a

watershed and the hydrological condition of a site is

particularly important for nutrient transport (Arvola

et al. 2015). Constructing process-specific landscape

metrics has be a focus in landscape ecology. Recent

studies have developed landscape metrics based on the

concept of source and sink to quantify the directions of

ecological processes (Chen et al. 2009, 2016; Sun et al.

2012; Jiang et al. 2013; Wu et al. 2016). For example,

landscape patches that have a positive contribution to

the concentration of a nutrient are defined as sources.

In contrast, landscape patches with a negative contri-

bution are designated as sinks, which exert mitigation

effects on nutrient processes (Sun et al. 2012; Li et al.

2018). Quantifying the landscape structure based on

the topographic features would be useful to reveal the

‘‘source’’ and ‘‘sink’’ effects of landscapes on nutrient

processes. The landscape structures were generally

characterized unequally according to the location

within a watershed. Lorenz curve, commonly used in
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economics, provides a qualitative representation of the

degree of spatial inequality. Recent studies have used

the Lorenz curve to quantify the spatial structures of

ecological and environmental phenomenon (Gall et al.

2013; Valbuena et al. 2014; Saha et al. 2018). In the

present study, we developed a precipitation-weighted

landscape structure model (LSM) associated with the

nutrient processes. The hypothesis used with this

model states that a source landscape close to the outlet

of a watershed would contribute more to the nutrient

transport. Similarly, a source landscape with a steep

slope may contribute more to nutrient transport than

that of the same landscape with a gentle slope. If a

source landscape located at a relative low position, it

may contribute more to the measurement at the outlet

of a watershed. Thus, the effects of landscape structure

on nutrient transport can be simplified based on the

nature of landscape location including distance, ele-

vation, and slope. Lorenz inequality was used to

represent the disproportionate contribution of land-

scape structures within a watershed. The LSM can

reflect the combined effect of landscape composition

and configuration on nutrient processes within a

watershed.

This study selected the Haihe River Basin (HRB) as

a study case to fit and validate the model. The HRB is

one of the largest basins in northern China and has

experienced rapid urbanization and intensification of

land use (Wang et al. 2010; Pernet-Coudrier et al.

2012; Shan et al. 2016). This basin has unique features

when compared with other basins of China, including

complex topography, numerous watersheds, diverse

landscapes, severe water pollution, and important

economic and social contributions in China. The HRB

should therefore be an ideal site to examine the

efficacy and accuracy of the model. We conducted this

study to (1) quantify the landscape structure based on

the precipitation and topography for each watershed;

(2) assess the contributions of different landscape

structures to the concentrations of total nitrogen (TN)

and total phosphorus (TP); and (3) predict the

pollution risks of TN and TP in the HRB.

Methods and materials

Study area

The HRB is located between 35–43�N and

111–120�E, covering an area of 31.8 9 104 km2.

The typical continental monsoon climate characteriz-

ing this region results from the dominant effects of the

East Asian monsoons. The mean annual precipitation

totals 509.9 mm and predominantly falls in the short

rainy season from June to August (Chu et al. 2010).

The HRB has a complex topography with 60% of the

area being mountainous and 40% composed of plain

areas. The Yanshan and Taihangshan mountains along

with the loess plateaus lie in the northern and western

parts of the HRB, whereas the hilly regions as well as

the alluvial and coastal plains are located in the central

and eastern parts. Diverse types of landscapes occupy

this basin. Natural meadows and cultivated crops serve

as the dominant vegetation types on the plateaus while

in the mountains the dominant vegetation types

include natural shrublands as well as coniferous and

deciduous forests. The plains also support cultivated

crops and urbanized landscapes. The agricultural

planting includes wheat, maize, cotton, orchard, and

other quick-growing crops, such as beans, potatoes,

and peanuts. Wheat is the staple crops and is rotated in

1 year by the summer maize and the cotton (Sun and

Chen 2016). The HRB consists of numerous water-

sheds and is divided into several large river systems,

such as the Luan, Yongding, Daqing, Ziya, Zhangwei,

Beisan, and Tuhaimajia river basins. The Yongding,

Daqing, and Ziya rivers converge near Tianjin City to

form the Haihe River. These rivers all flow east into

the Bohai Sea, the innermost gulf on the coast of

northeastern and northern China.

The HRB has important economic and social

contributions in China because it includes eight

provinces and municipalities, including the capital

Beijing, Tianjin City, and all or parts of the provinces

Hebei, Shandong, Shanxi, Henan, Liaoning, and the

Inner Mongolia Autonomous Region. About 10.7% of

the total population of China lived in the region in

2010 or approximately 146 million residents. The

gross domestic product in 2010 comprised approxi-

mately 13% of China’s total GDP. As one of China’s

most important food bases, the HRB produced 10% of

the total grain yield, despite occupying only 3.3% of

the nation’s overall land area. The annual water
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availability per capita was only 305 m3, merely 1/7 of

the average in China and one twenty-fourth of the

world’s estimated mean value (Xia et al. 2006). Rapid

economic development and urbanization have caused

significant water pollution in the region (Shan et al.

2016). About 80% of river water was not even

suitable for irrigation of agricultural land in the plain

regions (Wang et al. 2010; Pernet-Coudrier et al.

2012).

Data collection and processes

The data of landscape types in 2010 were derived from

Landsat Thematic Mapper images at a 30-m resolution

(National Aeronautics and Space Administration,

Washington, D.C., U.S.). Landscape types were

classified and validated by the Chinese Research

Academy of Environmental Sciences. We reclassified

the landscape data into six categories based on the data

availability and our research objectives: agricultural

land, forest land, grassland, residential land, water,

and bare land. Agricultural land occupied 41.8% of the

total area of the HRB, followed by forest land (32.5%),

grassland (12.1%), residential land (10.3%), water

(3%), and bare land (0.3%).

A digital elevation model from the 1:50,000

national topographical databases was used to delineate

the watersheds using the hydrology module of ArcGIS

software (ESRI, Redlands, CA, USA). A total of 1578

watersheds were obtained in the HRB. We selected

132 sampling watersheds based on the representative-

ness of spatial location and topographic features as

well as the ease of access. The watersheds cover the

major rivers of Luan (34 watersheds), Yongding (14),

Daqing (16), Ziya (14), Zhangwei (19), Tuhaimajia

(11), and Beisan (24). The sampling sites were

distributed near the outlet of each watershed. To

obtain the mean value of water quality, each site was

sampled in May and again in September 2013. The

data in each site were averaged to represent the annual

value of water quality. Water sampling and sample

preservation were conducted in accordance with

Chinese national experimental standards. Water sam-

ples were collected in 200 mL plastic bottles from

50 cm below the water surface. These samples were

preserved in a refrigerator prior to laboratory analysis

which occurred within 24 h. Water quality parameters

of total nitrogen (TN, mg/L) and total phosphorus (TP,

mg/L) were measured by an ultraviolet

spectrophotometer (PhotoLab S12, WTW Company,

Weilheim, Germany). Before using the spectropho-

tometer, an alkaline potassium persulfate solution was

used to oxidize the nitrogen compounds to nitrates for

TN measurement. Phosphorus of the water samples

was fully oxidized to orthophosphate by using a

potassium persulfate solution under neutral condi-

tions. In the acidic medium, orthophosphate reacted

with ammonium molybdate to produce phospho-

molybdic acid in the presence of antimony salt; this

was then reduced by ascorbic acid to form a blue

complex for TP measurement. The mean concentra-

tion of TN in 132 watersheds was 6.7 ± 3.7 mg/kg

(range 2.3–19.7 mg/kg). The mean concentration of

TP was 1.9 ± 0.8 mg/kg (range 0.3–3.4 mg/kg). The

kurtosis values were 2.4 and - 0.8 for TN and TP,

respectively. The skewness values were 1.6 and - 0.2

for TN and TP, respectively (Fig. 1).

Model development

We first quantified the landscape structures for each

watershed based on the Lorenz curve. Then, the

landscape structures were used to fit and predict the

TN and TP concentrations in the HRB. The Lorenz

curve is a plot of the cumulative percent of landscape

units versus the cumulative percent of the topographic

features ranked from lowest to highest. To calculate

the spatial inequality of landscape structure, the

landscape units from each landscape location (dis-

tance, elevation, and slope) were summed cumula-

tively according to different landscape types. The

degree of spatial inequality of landscape structure is

presented as various curves with different concave and

convex slopes (Fig. 2). The line of equality represents

a hypothetical structure in which landscape units

distribute equally in all location features; the greater

the gap between the Lorenz curve and the line of

equality, the greater the distribution inequality.

Quantification of the landscape structure involved

the following four steps. (1) Calculating landscape

topographic features. The topographic features of each

landscape unit were delineated and calculated based

on the 30-m raster data. The horizontal distance (D) of

each landscape unit to the outlet of a watershed was

calculated based on the distance of stream network

from the upstream to downstream. The relative

elevation (E) and slope (S) was the difference between

the landscape unit and the outlet. (2) Developing
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Lorenz curves. The Lorenz curves were plotted to

reflect the distributions of landscape units in a

watershed. These curves f(x) were generated based

on the values of distance, elevation, and slope. The

cumulative percent of landscape units versus the

cumulative percent of the topographic features was

quantified for each landscape type. The values of

landscape proportion and topographic features were

normalized with a range from 0 to 1. (3) Quantifying

the degree of spatial inequality. The cumulative

distribution function F(X) was used to quantify the

spatial inequality magnitude by comparing the area

between the line of equality and that corresponding to

the Lorenz curve (Eq. 1) (Gall et al. 2013; Valbuena

et al. 2014; Saha et al. 2018). The degree of the

curvature of the Lorenz curve gives a visual charac-

terization of the inequality index of landscape struc-

ture. For example, the cumulative distribution area of

landscape i (polygon OiMN in Fig. 2) is larger than

that of landscape j (polygon OjMN). This indicates

that the units of landscape i lie at a shorter distance

from the outlet than those of landscape j. Similarly, the

units of landscape i have a lower elevation and slope

compared with those of landscape j. We designed a

MATLAB algorithm to calculate the values of

F(X) for the quantitative comparison among different

Fig. 1 Landscape types (a) and sampling sites (b) in the Haihe River Basin of China

Fig. 2 Conceptual Lorenz diagram defined as the cumulative

proportion of the landscape units against the cumulative

proportion of landscape location features
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landscape types. (4) Precipitation-weighted landscape

structure index (L). The landscape inequality function

F(X) was multiplied by landscape area proportion

(A) to give a combined effect of landscape composi-

tion and configuration. On the other hand, precipita-

tion can promote surface runoff and mobilization of

nutrients from land to rivers. The effect of landscape

structures on nutrient transport was then weighted by

the annual precipitation of the watershed. We simpli-

fied the relationships among the effects of distance,

elevation, and slope on nutrient transport. The land-

scape distances (near–far) and elevations (low–high)

had positive effects while the slope (flat–steep) had a

negative effect. The topographic factors were overlaid

linearly based on their contributions to the nutrient

transport (Eq. 2).

FðXÞ ¼
Z 1

0

f ðxÞdx ð1Þ

L ¼ P� A� ½FðDÞ þ FðEÞ � FðSÞ� ð2Þ

where f(x) is the Lorenz curves of cumulative land-

scape units based on distances (D), elevations (E), and

slopes (S); F(X) is the inequality function of the

Lorenz curve which represents the landscape struc-

ture; L is the precipitation-weighted landscape struc-

ture index, P is the annual precipitation, A is the land

area proportion of a specific landscape type at the

watershed.

A stepwise regression model was used to correlate

the landscape structures and the TN and TP concen-

trations (Eq. 3). The model was fitted and validated

based on water quality data and landscape structure

indices from 132 watersheds. Three fourths of them

(99 watersheds) were used for the model fit and one

fourth (33 watersheds) were used for the model

validation. Then, we used the model parameters to

predict the TN and TP concentrations in 1578

watersheds in the HRB. All the regression statistics

in the models were calculated using SPSS software.

Y ¼ b0 þ ba � La þ bg � Lg þ bf � Lf þ br � Lr

þ bw � Lw þ bb � Lb þ e

¼ b0 þ ba � P� Aa � FðDaÞ þ FðEaÞ � FðSaÞ½ �
þ bg � P� Ag � FðDgÞ þ FðEgÞ � FðSgÞ

� �
þ bf � P� Af � FðDf Þ þ FðEf Þ � FðSf Þ

� �
þ br � P� Ar � FðDrÞ þ FðErÞ � FðSrÞ½ �
þ bw � P� Aw � FðDwÞ þ FðEwÞ � FðSwÞ½ �
þ bb � P� Ab � FðDbÞ þ FðEbÞ � FðSbÞ½ � þ e

ð3Þ

where b0, ba, bg, bf, br, bw, and bb represents the model

parameters; La, Lg, Lf, Lr, Lw, and Lb represents the

landscape structure indices for agricultural, grass,

forest, residential, water, and bare land, respectively;

Aa, Ag, Af, Ar, Aw, and Ab represents the land area

proportion of agricultural, grass, forest, residential,

water, and bare land in the watershed, respectively;

F(Da), F(Dg), F(Df), F(Dr), F(Dw), and F(Db) is the

value of spatial inequality under Lorenz curves of

distance for agricultural land, grass, forest, residential,

water, and bare land, respectively; similarly, F(E) and

F(S) represent the values of spatial inequality under

Lorenz curves of elevation and slope, respectively;

and e is the random disturbance.

The root mean squared error (RMSE) between the

prediction and observation exhibited the spread of the

data around the regression line.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

m

Xm
i¼1

Yi �Mið Þ2

s
ð4Þ

where Yi is the predicted values of TN and TP

concentrations; Mi is the measured values; m is the

number of analytical units.

Results

Landscape structure features

The precipitation-weighted landscape structures were

quantified based on the Lorenz curves of different

landscape types in each watershed. The values of

landscape structures showed less correlations among

different landscape types (Table 1). In contrast, the

correlations of landscape area proportions were

significant among different landscape types. The
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results indicate that the independence of landscape

structures is higher than that of the landscape area

proportion.

Figure 3 shows examples of Lorenz curves and

landscape structure calculation in three different

watersheds (Fig. 3). The landscape structure indices

for each landscape type were compared based on these

Lorenz curves. Finally, we calculated the landscape

structure indices of 1578 watersheds in the HRB

(Fig. 4).

Precipitation-weighted landscape structure model

A step-wise regression model was developed based on

the landscape structures and the TN and TP concen-

trations in 99 watersheds (Table 2). All indicators

were significant in the prediction models (p\ 0.05).

The determination coefficients (R2) represented the

proportion of the variation in TN and TP concentra-

tions explained by the regression models. In the step-

wise regression of TN concentration, the model with

five variables explained 64% of the variation. Com-

paratively, 52% of the variation was explained when

four variables were included in the prediction model of

TP concentration. The model accuracy was validated

by other 33 watersheds. The RMSE of the TN model

was 1.98 mg/kg and the RMSE of the TP model was

0.48 mg/kg. Figure 5 compared the measured to the

predicted TN and TP concentrations of the 33

watersheds.

The standardized coefficients of the prediction

models represented the relative contributions of inde-

pendent descriptors to the dependent variable. The

contributions of the agricultural land, grassland, forest

land, residential land, and water to the TN

concentrations were 18, 22, 7, 46, and 7%, respec-

tively. Specifically, agricultural and residential lands

were positively correlated with the TN concentration,

while the grassland, forest land, and water had

negative correlations. This indicated that the agricul-

tural and residential land served as the nutrient sources

while grassland, forest land, and water were the

nutrient sinks. The relative contributions of agricul-

tural land, grassland, forest land, and residential land

were 21, 30, 11, and 38%, respectively to the TP

concentrations. The agricultural and residential land

were found to be positively correlated with the TP

concentration and served as the nutrient sources. In

contrast, the grass and forest land served as the

nutrient sinks. The results indicate that the effects of

landscape structure on nutrient transport are different

in relation to the TN and TP. For example, residential

land contributed more to the TN concentration than to

TP. Grassland had more negative effects on TP than

TN concentrations (Fig. 6).

Prediction of non-point pollution risks

The model parameters were used to predict the TN and

TP concentrations at the outlets of 1758 watersheds.

The prediction model was developed using Eqs. (5)

and (6):

Yn ¼ 6:07 þ 0:007 � La � 0:017 � Lg � 0:003 � Lf
þ 0:042 � Lr � 0:031 � Lw

ð5Þ

Yp ¼ 1:901 þ 0:002 � La � 0:005 � Lg � 0:001 � Lf
þ 0:005 � Lr

ð6Þ

Table 1 Pearson correlation coefficients among different landscape types according to their area proportions (italics) and precipi-

tation-weighted landscape structure values (roman) in 132 watersheds

Agricultural Grass Forest Residential Water Bare

Agricultural 1.00 - 0.36** - 0.80** 0.27** 0.03 - 0.12

Grass - 0.11 1.00 - 0.04 - 0.35** - 0.16 0.21*

Forest - 0.20* 0.18 1.00 - 0.46** - 0.25** - 0.08

Residential 0.22* - 0.12 - 0.21* 1.00 0.09 - 0.08

Water - 0.03 - 0.16 - 0.10 0.01 1.00 0.10

Bare - 0.03 0.02 - 0.07 - 0.05 0.07 1.00

**p\ 0.01; *p\ 0.05
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where Yn and Yp are the predicted concentrations of

TN and TP, respectively; La, Lg, Lf, Lr, and Lw
represent the precipitation-weighted landscape struc-

ture indices for agricultural land, grassland, forest

land, residential land, and water, respectively.

The predicted values of TN and TP concentrations

showed the spatial heterogeneity in the HRB. For

example, the high values of TN concentration were

mainly located in the eastern part of the HRB. The

mountainous regions in the northern and western parts

of the basin had lower TN concentrations. The

watersheds around mega cities showed high values

of TN concentration, such as the cities of Beijing,

Tianjin, Tangshan, Shijiazhuang, Baoding, Cangzhou,

Handan, and Xinxiang. The spatial pattern of TP

concentrations was similar to that of TN concentra-

tions and had relatively high values in the eastern

region while low values were observed in the western

and northern parts of the basin. However, two hot

spots of TP concentrations were found in the predicted

map. One is in the upstream watersheds of the

Tuhaimajia River (Xinxiang, Puyang, Liaocheng,

et al.) that serves as an important crop base of China.

The other is in the region of Beijing–Tianjin–Tang-

shan–Baoding that is a highly urbanized area in the

HRB.

Fig. 3 Examples of landscape structure calculation in three

watersheds of Haihe River Basin. F(D), F(E), and F(S) are the

inequality function under the Lorenz curves of distance,

elevation, and slope, respectively. La, Lg, Lf, Lr, Lw, and Lb
represent the landscape structure indices for agricultural, grass,

forest, residential, water, and bare land, respectively
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Discussion

Advantages and applicability of the model

The LSM quantifies the spatial structure of source and

sink landscapes in a watershed, which has advantages

of the water quality modeling at watershed scales.

First, the LSM is a feasible tool to correlate the

landscape structure with a specific ecological process.

The model only uses the data of landscape types,

topography, precipitation, and water quality. Each

watershed has one LSM value in relation to a specific

landscape type which facilitates the comparison

among different watersheds. Second, the LSM is a

process-oriented method. The landscape structures are

quantified by combining their topographic effects on

the nutrient transport. The topographic effects can be

summarized that the shorter distance and steeper slope

can promote nutrient transport to the outlet of a

watershed. The contribution of landscape structures to

the TN and TP concentrations is fitted and validated by

the water quality data. Thus, the value of LSM can be

used to predict the potential pollution at multiple

watersheds. We should note that the LSM values may

vary with regards to different nutrients at the same

watershed because the LSM is affected by the weights

Fig. 4 Landscape structure indices in 1578 watersheds of Haihe River Basin. La, Lg, Lf, Lr, Lw, and Lb represent the landscape structure

indices for agricultural, grass, forest, residential, water, and bare land, respectively

123

Landscape Ecol (2018) 33:1603–1616 1611



of landscape types to a specific nutrient process. Last,

the LSM is scale-independent. This model is devel-

oped based on the inequality degree of source and sink

landscapes within a watershed. The LSM can be

compared among a large number of watersheds

because the LSM is calculated by the normalized

indicators. The model has the potential to predict the

pollution risks by comparing different scenarios of

landscape change, including the landscape composi-

tion and configuration.

Implications for watershed management

The results may provide useful implications for

watershed management. First, the mitigation strate-

gies of non-point pollution should be improved from

Table 2 Regression results with the landscape structure indices as predictor variables and the TN and TP concentrations as response

variables in 99 watersheds

Unstandardized

coefficients

Standardized coefficients t p value Tolerance VIF R2 F DW

B SE Beta

TN

(Constant) 6.07 0.755 8.037 0.00 0.64 26.23 1.64

A 0.007 0.004 0.180 1.694 0.02 0.359 2.785

G - 0.017 0.006 - 0.221 - 2.821 0.00 0.661 1.514

F - 0.003 0.004 - 0.074 - 0.90 0.04 0.604 1.656

R 0.042 0.009 0.459 4.705 0.00 0.424 2.357

W - 0.031 0.025 - 0.070 - 1.253 0.04 0.936 1.069

TP

(Constant) 1.901 0.177 10.747 0.00 0.52 16.02 2.11

A 0.002 0.001 0.209 1.705 0.03 0.359 2.785

G - 0.005 0.001 - 0.297 - 3.293 0.00 0.661 1.514

F - 0.001 0.001 - 0.114 - 1.204 0.04 0.604 1.656

R 0.005 0.002 0.381 2.157 0.03 0.424 2.357

The values of Tolerance and VIF (Variance Inflation Factor) are used to identify the severity of multicollinearity. The DW (Durbin–

Watson) value is a test statistic to detect the presence of autocorrelation in residuals. F statistic is used to quantify the overall

statistical significance of the model

TN total nitrogen, TP total phosphorus, A, G, F, R, and W refer to the agricultural land, grassland, forest land, residential land, and

water, respectively

Fig. 5 Comparison of the measured and predicted total nitrogen (TN) and total phosphorus (TP) concentrations for 33 watersheds in

the Haihe River Basin. The dashed line is the 1:1 line, indicating a perfect correlation
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the riparian control to landscape planning at the scale

of whole watershed. Previous studies have attempted

to reveal the efficacy of constructed stream-wetland

complexes in reducing the flux of suspended solids in

streams and wetlands (Filoso et al. 2015; Windolf et al.

2016). The estimation of the sizes and locations of

riparian buffers have been the main focus in relation to

the nutrient control within a watershed (Lofvenhaft

et al. 2004; Stutter et al. 2012; Bunzel et al. 2014; Hille

et al. 2018). However, the scientific basis for judging

the impact of landscape structure at the whole

watershed remains unclear. Even with the same

landscape composition, the different spatial configu-

ration of landscapes could produce different non-point

pollution (Houet et al. 2010). The LSM of the present

study provides a feasible method for assessing the

influence of landscape composition and configuration

on nutrient processes at watershed scales. Second, the

landscape planning within a watershed should be

aimed at specific nutrient type. This study shows that

the sources of TN and TP in landscapes include

agricultural and residential lands while the sink

landscape includes grasslands and forest lands. This

finding is consistent with most previous studies (Lee

et al. 2009; Uriarte et al. 2011; Kandler et al. 2017;

Sonne et al. 2017; Li et al. 2018). Furthermore, this

study quantifies the source and sink contributions of

different landscape types to specific nutrient type.

Therefore, this study indicates that the strategies of

landscape planning should be focused on specific

watersheds associated with the characteristics of

pollution. Last, the appropriate proportion of grassland

and forest land can be beneficial to the pollution

control. The contributions of grassland to TN and TP

are larger than those of forest land in the HRB.

However, the area proportion of forest land is 32.5% in

the basin which is larger than that of grassland

(12.1%). Therefore, the conversion of forest land to

grassland can raise the mitigation function of grass-

land related to nutrient transport. In the HRB, the

unreasonable landscape structures are partly due to the

separate management by different administrative

authorities within individual watersheds. The land-

scape structures in this basin are therefore should be

Fig. 6 Predicted total nitrogen (TN) and total phosphorus (TP) concentrations for 1578 watersheds in the Haihe River Basin
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improved by the cooperative watershed management

based on the governmental agency—the Haihe River

Water Conservancy Commission.

Limitations and potential improvements

While the model developed in the present study has

been quite efficient in quantifying the influence of

landscape structures on nutrient processes, it has some

limitations. First, this study aims to develop a feasible

and practicable model based on topographic factors

for the comparison of nutrient processes among

multiple watersheds. We combined the effects of

distance, elevation, and slope in a linear formula to

create the LSM. Further research on the nonlinear

relationships among topographical factors would be

useful to improve the scientific basis of the model.

Second, the prediction of the TN and TP can be

affected by the fertilizer input and other point-source

pollutants (Zhou et al. 2016). Although this study

quantifies the contribution of agricultural land to

nutrient transport, the explanation ratios of the

prediction model could be improved by more detailed

information on land management and agricultural

practices. For example, the spatial data of planting

types and crop rotation represents the intensity of

agricultural activities which is useful to improve the

model’s explanation in the future research. Third, the

background characteristics of soil and climate are also

important influencing factors to the nutrient process

modeling. The soil conditions are not included in the

model but they can affect the nutrient processes, such

as the nutrient leaching and absorption. In addition, the

annual and between-years variations in climatic fac-

tors will also affect nutrient processes substantially

(Carpenter et al. 2018; Motew et al. 2018). We should

quantify the correlation between the nutrient processes

and the soil and climate characteristics in the future

studies. Last, the timing of water sampling can affect

the model accuracy. We use the mean value of TN and

TP concentrations in two sampling. In the future, we

plan to measure the water quality based on different

precipitation events. In addition, the water quality is

affected by the hydrological interrelationship among

different watersheds. An appropriate indicator of

nested-hydrological interrelationship would be useful

to improve the ability of the landscape model to

predict pollution.

Conclusions

This study presented a LSM that was used to predict

the nutrient transport at watershed scales. This model

was developed by the accumulative proportions of

landscape units based on the Lorenz curves of

distance, elevation, and slope in relation to the outlet

of watershed. We fitted and validated this model in

132 watersheds and quantified the relative contribu-

tions of different landscape types to the TN and TP

concentrations. This model was used to predict the

potential TN and TP concentrations in 1578 water-

sheds of the HRB. The present study indicates that

agricultural and residential lands are nutrient sources,

while grass and forest lands are nutrient sinks. The

contributions of different landscape types to nutrient

processes depend on the specific nutrient types.

Although the present study might be enhanced by

supplementation with more detailed information on

soil features and precipitation events, these results

expand our scientific understanding of the influence of

landscape on the nutrient processes. This study

provides useful implications for identifying the

rationality of landscape structure and generates useful

results for predicting potential pollution risks under

future scenarios of landscape change.
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