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Abstract: Large scale mining has resulted in large area of
Abandoned Mine Land (AML), which refers to land that has
been disturbed or contaminated by mining and thus cannot be
utilized without remediation. Therefore, transforming AML
into other land-use type (i.e., forest or cultivated land), and
achieving higher ecological services values, has become
necessary for the ecologically sustainable development of
mining cities. This paper combines the Linear Programming
(LP) and the Conversion of Land Use and its Effects at Small
region extent (CLUE-S) modelling to simulate land-use
dynamics in the Mentougou District, Beijing, China. Modelling
is applied to the period from 2007 to 2020 and is aiming at
realisation of the maximal ecological services value in a post-
mining landscape. The LP model was used for optimising the
demands for land-use categories, while the CLUE-S model
translated these demands into spatial locations of land use
conversions. The results showed that AML was mainly
converted into forest and the spatially explicit results allowed
for the assessment of land-use pattern changes after
reclamation. Ten landscape-scale graph metrics were selected
to describe landscape characteristics. It revealed that a
simulated map had advantage re the most of selected indices.
As the patches combined closely and there was low variability,
which helped maintain the stability of the landscape ecological
system. Landscape patterns suggest that the future ecological
restoration policy regarding AML transformation should
concentrate on converting AML to forest. This would enhance
the value of ecological services, of the closely combined patches,
and maintain the ecosystem stability, as well as, its biological
diversity. What is more, as forest dominated the study area, by
increasing the number of the same type of patches the
connectivity in the local area can be enhanced, thus
maintaining ecological service function. The result of this study
can contribute to better mapping of AML dynamics and it can
provide the firm policy support for the management of AML.

I. INTRODUCTION

With the intensive mining activities, a large number of
mines are on the verge of resource exhaustion and this has
resulted in large areas of abandoned mine land (AML),
which not only occupies large valuable land resources but
also results in high levels of soil erosion, landslides, land
desertification and other detrimental effects (Hu et al., 2015;
Kostarelos et al., 2015; Pichtel et al., 1994). Resource-
exhausted cities are in urgent need of conducting land
remediation and adjusting land-use structure to recover the
damaged ecological environment caused by mining
activities soon. An effective way of land conservation is to
convert AML into other land-use types, such as cultivated
land or forest with high ecological service value (ESV) to
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protect regional environment safety and achieve maximum
ecological service value at the same time. Therefore, the
reasonable ecological planning of AML rehabilitation has
become necessary for the sustainable development of mining
cities. However, current research about AML tends to focus
on legislation, policy, and management at the macro level
(Soltanmohammadi et al., 2010; Sullivan and Amacher,
2013) and soil and vegetation rehabilitation at the micro
level (Bonta et al.,, 1997; Alday et al., 2011). However,
limited research is conducted about how to optimize the
spatial allocation of AML to realize higher ESV.

Some specific land-use types are of higher ESV, such as
forest and grassland, for those land-use categories can
improve water holding capacity, supplying more oxygen. So
the core is to improve the areas of ecological land, which
means converting AML to forest as many as possible. The
purpose of AML reclamation is to convert them into other
land-use types. It is well known that land-use or land-cover
change models are essential tools to study the driving forces
and processes of land-use changes (Britz et al., 2011;
Schneider, 1997; Veldkamp and Lambin, 2001). Several
land-use models, such as an agent-based model, cellular
automata model, system dynamic model, dynamics of land
system model, and the conversion of land use and its effects
at small region extent (CLUE-S) model have been widely
used to predict land-use changes. The CLUE-S model
(Verburg et al., 2014, 2009, 1999) is based on an empirical
analysis of the spatial distribution of land-use types, which
accounts for socioeconomic and geophysical variables. It
treats competition between the different types of land uses
and produces a spatially explicit display of simulation
results. This model has been recognized as an excellent tool
to simulate land-use changes (Herrero et al., 2014; Luo et
al., 2010; Park et al., 2011; Zhang et al., 2013). However,
the CLUE-S model must be combined with another
mathematical model to calculate future land-use demand.

This study uses the linear programming (LP) model to
obtain future land-use dynamics via the objective function
under a series of land-use conversion constraints. After
getting future land-use demands, we adopt the CLUE-S
model to predict the spatial distribution of land-use types for
2020 in the Mentougou District in Beijing, China with the
target of achieving maximum ESV. Briefly, this paper
addressed the following objectives: (i) how to design land-
use change characteristics with LP model for achieving
higher ESV; (ii) how to simulate the spatial distribution of
AML in 2020 using the CLUE-S model; (iii) on the basis of
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predicted map, how to analyse landscape pattern changes
through landscape-scale graph metrics.

II. DATA

A. Study area

Mentougou District (39°48-40°10"N, 115°25'-116°10"E)
is in the west of Beijing, China. Mining resources (i.e., coal
and limestone) are rich and it was once the energy base of
Beijing. However, in 2007, the Beijing Municipal
Government shifted its attention to mining in the district,
where a biosphere reserve was later proposed. Thus, the
local government shut down the mines for land reclamation.
From 2002 to 2008, 267 mines were closed, leading to 4130
hm? AML. According to the General Plan for Land-Use in
the Mentougou District (2006-2020), reclaiming and
utilizing AML must be done to adjust land-use structures
and improve ecological environment in mining areas. The
site and elevation map of the study area are shown in Fig. 1.
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FIG 1 - The site and elevation map of the study area.

B. Data and processing
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FIG 2. Land-use map of the study area (2007).

The land-use map of 2007 was from Bureau of Land
Recourses, Beijing. The land-use information for 2013 was
extracted from Landsat TM image data (acquired in 2013;
resolution: 25 m) and processed by human-computer
interactive operations. It was mainly used to evaluate the
accuracy of the CLUE-S model’s simulation. The imaged
areas were classified into eight types of land use: cultivated
land, garden land, forest land, grassland, construction land,
AML, water, and unutilized land, with areas of 831 ha, 1678
ha, 30165 ha, 3686 ha, 2733 ha, 3573 ha, 905 ha, and 3063
ha, respectively (Fig. 2).

Elevation and slope data were acquired using a digital
evaluation model (DEM). Soil organic matter was derived
from a 1:5 million soil map. The distance to the nearest
road, railroad, river were calculated using ArcGIS 10.0 to
describe transport accessibility. The DEM; soil map;
distribution of road, railroad, river were obtained from the
Beijing Digital Soil System.

Socioeconomic variables for 2007 such as population
density, per capita income, annual rainfall, and annual
afforestation areas were obtained from the Statistical
Yearbooks of the Mentougou District, Beijing (2008).

C. Selection of spatial and temporal scales

The CLUE-S model is a grid-based model, and the spatial
scale refers to spatial resolution (i.e., the raster cell size). In
this study, the resolution was initialized at 300 m and then
decreased stepwise (50 m step™) for comparative purposes.
Optimal simulation results were obtained at a resolution of
100 m. All GIS data was converted to an equal-area
projection and gridded using a basic grid size of 100 x 100
m. The same approach was followed for all variables. The
actual 2007 map was analysed using the CLUE-S model to
predict the 2013 map and the prediction was verified for
accuracy. Next, the actual 2013 map was analysed to predict
the map of 2020.

1. METHODS
A. Mined Land Suitability Analysis

Mined land suitability is one of important factors, which
influence the transformation of AML. In this study, the
simple limitation method is used to assess reclamation
suitability using eight factors: slope, surface material
composition, soil texture, soil organic matter, soil layer
thickness, irrigation and drainage condition, transport
accessibility, and land damage conditions.

B. LP model

The CLUE-S model was divided into two modules: non-
spatial and spatial modules. LP model was used to calculate
the demands for all land-use types in non-spatial module
with the aim of achieving higher ESV. It means more areas
of ecological land.

ESV method is used to evaluate the ecological benefits of
simulated map. Ecosystem services comprise the flows of
material, energy, and information from natural capital
stocks, which combine with manufactured and human
capital services to produce human welfare (Costanza et al.,
1998). The ESV for different land-use types are shown in
Table 1 (Xie et al., 2010).

TABLE 1: ESVS FOR THE EIGHT LAND-USE TYPES (CNY HM—2) (XIE ET AL., 2010).
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! Since Xie did not assign an ESV to garden land, the median ESV of cultivated land and forest was taken to roughly

estimate that of garden land in the study area.

The AML can be reclaimed to cultivated land, garden
land, forest, and construction land on the basis of the results
for the mined land suitability analysis. However, the ESV of
construction land (0 CNY hm™) is much lower than that of
forest (11735.57 CNY hm™) (Table 1). In addition, there are
a large number of forests in the study area. Therefore, here,
it is suitable for the reclamation to forest to meet the demand
of maximal ESV. Equation (1) is the objective function and
the constraints can be seen in the following Equation (2).

ESV, X (x, +x,)+ ESV, X(x, + x,,)
+ESV, X(x;+x,,)+ ESV, Xx, +
ESV,xXx;+ ESV, Xx, + ESV, Xx, +
ESV, X xg
where: Z’ is the objective function. ESV;, ESV 5, ESV 5, ESV
4+ ESVs, ESVs, ESV; and ESVg represent the ESV of
cultivated land, garden land, forest land, grassland,
construction land, AML, water, and unutilized land,
respectively.

The ESV for different land-use types are shown in Table

1. x;-xg are the areas for eight land-use categories. xo, Xjo,
and x11 are the respective arecas of AML suitable for

7' = max

reclamation into cultivated land, garden land, and forest land.

All xs can be calculated using the constraints of the linear
programming model as follows:

X, +x, +x;+...+x, =46634

Xy + X, + X, +x,, =3072

x, =501
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@
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where: the first three equations represent the total areas of
the case region, total reclamation areas of AML, and areas
of AML in 2020 without reclamation, respectively. The
fourth equation is the results for mined land suitability
analysis. The last four equations denote the minimal area of
cultivated land, garden land, forest land, and construction
land in the study area for 2020 according to the General Plan
for Land-Use in the Mentougou District (2006-2020).

C. CLUE-S model

CLUE-S model translates these demands into land-use
changes according to the probabilities and rules of different
land-use types (Verburg et al. 2002).

The spatial module comprises a spatially explicit
allocation procedure. The spatial distributions of the land-

use types are quantified using a binomial logit model with
the percentages of the types as dependent variables and
geomorphologic, transportation accessible, soil-related, and
socioeconomic driving factors as independent variables.

In this study, 10 driving factors were included on the
basis of their availability, stability, relevance, and data
suitability: elevation (X;), slope (X3), distance to the nearest
road (Xj;), distance to the nearest railroad (X;), distance to
the nearest river (Xs), soil organic matter (Xs), population
density (X7), per capita income (Xs), annual rainfall (Xy), and
annual afforestation areas (Xjg). Specifically, X; and X, are
used to describe the terrain conditions, and X3, X,, and X; are
used to describe transportation accessibility. X is one of the
most important indicators of soil properties, which is
essential for the reclamation of AML for cultivation. X;and
X3 are the key socioeconomic factors influencing the social
development of the towns. Xy and Xj, are the indicators
reflecting climatic conditions and policy-oriented
behaviours of ecological protection. The probabilities of the
conversion of location characteristics were defined using the
following logit model:

P
l—lP) = ﬂO +ﬁ1Xl,i +ﬁ2X2,i +"'+ﬂan,i
1

where P; is the probability that a grid cell in location i
contains a particular type and the Xs represent the driving
factors. The coefficient (f) is estimated using a logit
regression with the actual type as the dependent variable and
the i values ranging from 1 to 8 for cultivated land, garden
land, forest land, grassland, construction land, AML, water,
and unutilized land, respectively. The n values range
between 1 and 10 for X;—Xj, respectively.

Conversion between the different types determines the
changes that will eventually take place. The specific
conversion settings of the eight types affect the temporal
dynamics of the prediction, which are composed of two
parameters: conversion elasticity (ELAS) and transition
matrix. The first parameter, which ranges from 0 (easy
conversion) to 1 (irreversible change), is determined on the
basis of expert knowledge and observed behaviour in recent
years. The value for the second parameter, transition matrix,
is 0 (irreversible transition) or 1 (easy conversion) and
indicates the possible conversions for each type. In this
study, the other seven land-use types were not allowed to
convert into AML. In addition, construction land and water
are not converted to other land-use types because of their
stable characteristics.

The CLUE-S model operates at discrete time steps and
uses conversion rules to predict the demand for all patterns
and the most likely changes in the different types on the
basis of equation (4). For each grid i, the total probability
(TPROP;,) was calculated for each type according to the
following formula:

TPROP,, = P, + ELAS, + ITER,

In( ®)

“)
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where: TPROP;, is the suitability of location i for a type u,
ELAS, is the conversion elasticity for type u, and ITER, is
an iteration variable that is specific to type u and indicative
of the relative competitive strength of type u.

D. Analysis of land-use pattern changes

Landscapes are composed of elements, that is, spatial
components make up the landscape. Real landscapes contain
complex spatial patterns of resource distribution that vary
over time. Landscape pattern analysis quantifies these
patterns and their dynamics. Landscape indices can well
describe landscape pattern information, reflect the
characteristics of structural compositions and spatial
configurations, and quantitatively describe and monitor
landscape structural changes over time. Therefore, ten
landscape-scale metrics were selected to describe the
landscape characteristics of simulated maps after
reclamation as per their ecological meanings (Cain et al.
1997; Griffith et al. 2000; Wu et al. 2002; Leitdo and Ahern
2002). The landscape-scale indices were mean patch size,
patch size standard deviation, patch size coefficient of
variation, shape index, contiguity index, contagion index,
Euclidean nearest neighbour distance, connectance index,
Shannon’s diversity index, and Shannon’s evenness index.
These landscape indices were calculated using
FRAGSTATS 4.1, which is a set of spatial statistics that are
automatically implemented by ecologists.

IV. RESULTS

A. Prediction accuracy

The logit regression results were examined using the
receiver operating characteristic (ROC) indices (Pontius Jr.
and Schneider, 2001). ROC greater than 0.7 suggests strong
correlations and abilities to explain the conversion between
the different types, using the selected driving factors. ROCs
for the eight land-use types were 0.967, 0.943, 0.938, 0.950,
0.951, 0.964, 0.970, and 0.959 respectively. The resulting
regression coefficients for the driving factors were used in
subsequent experiments.

The accuracy of predicting whole types can be evaluated
using Kappa indices (Gobin et al., 2002). The predicted map
for 2013 was compared with the actual map using ENVI 4.8.
The Kappa index was 0.90, which suggested that the model
effectively captured future trends.

B.  Simulation results in 2020

The spatial distribution of all land-use types in 2020 in
the study area is presented in Fig. 3. The areas for the eight
land-use types were 1670ha, 1681ha, 29805ha, 265%ha,
6689ha, 498ha, 950ha and 2682ha, respectively.
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FIG 3 - Simulated map of 2020.

There was an increasing tendency in the number of
cultivated land, forests, water, and construction land, which
increased by 838 ha, 2637 ha, 175 ha, and 3947 ha,
respectively (Fig. 3). However, there was a sharp decline in
the number of grassland and unutilized land, with a
declining area of 2588 ha and 1956 ha. The number of
garden land was more or less the same.

The spatial transformation of AML for 2020 can be
extracted by overlapping the layer of the original AML of
2007 with the simulated map in Fig. 3. In Fig. 4, we can see
that the AML was mainly reclaimed to cultivated land and
forest. The new cultivated land was observed in Yongding
owing to the flat terrain and fertile soil, among other
characteristics. Almost no spatial distribution of cultivated
land was found in the other towns, which were hampered by
the low levels of driving factors. Assuming forest
development followed the trend shown in the non-spatial
module, some AML can be converted to forest. Comparing
the simulated map for 2020 with the actual map of 2007, the
conversion of forest from other types may primarily occur in
Yongding, Junzhuang, Miaofengshan, and Longquan.

C. Analysis of land-use pattern changes in simulated map

Ten landscape indices (Table 2) were selected to describe
the characteristics of the landscapes and the components of
those landscapes. The spatial statistics quantify the
differences by complexity and variability between these
simulated maps. The mean patch size, patch size standard
deviation, and patch size coefficient of variation provided
simple statistics for the gross differences between the
terrenes. The shape index measures the complexity of patch
shape compared to a standard shape (square) of the same
size. The contiguity index assessed the spatial
connectedness, or contiguity, of the cells within the grid cell
patch to provide an index for patch boundary configuration
and thus, patch shape. The contiguity index is O for a one-
pixel patch and increases to a limit of 1 as patch contiguity,
or connectedness, increases. Large contiguous patches
resulted in larger contiguity index values.
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FIG 4 — Special distribution of AML patches in 2020.

The contiguity index equalled O for a one-pixel patch and
increases to a limit of 1 as patch contiguity, or
connectedness, increases. Large contiguous patches resulted
in larger contiguity index values. The contagion index has
been widely used in landscape ecology given its effective

summary of overall clumpiness on categorical map.
Contagion measures the extent to which patch types are
aggregated or clumped (i.e., dispersion); higher values of
contagion may result from landscapes with a few large,
contiguous patches, whereas lower values generally
characterize landscapes with many small and dispersed
patches. The higher value can be attributed to the large
patches of forest land caused by reclamation. The Euclidean
nearest neighbour distance was perhaps the simplest
measure of patch isolation and equals the distance to the
nearest neighbouring patch of the same type as per the
shortest edge-to-edge distance. The widespread forest land
significantly contributed to the high value of the index. The
connectance index was computed as the proportion of
functional joining among all patches, where each pair of
patches was either connected or not based on some criterion.
It was calculated using a threshold distance specified by the
user and reports it as a percentage of the maximum possible
connectance, given the number of patches. Shannon’s
diversity index is a popular measure of diversity in
community ecology, applied here to landscapes. Shannon’s
index is somewhat more sensitive to rare patch types than
Simpson’s diversity index. What is more, Shannon’s
evenness index is expressed such that an even distribution of
area among patch types results in maximum evenness. As
such, evenness is the complement of dominance.

TABLE 2: LANDSCAPE-SCALE GRAPH METRICS OF THE SIMULATED MAPS.

Graph Metric Value
Mean patch size 44,582
Patch size standard deviation 926223
Patch size coefficient of variation 1989.408
Shape index 1.296
Contiguity index 0.834

V. DISCUSSION

A. Simulation Accuracy of the Combined Model

Generally, in this study, we developed LP and CLUE-S
models to characterize the land-use change process after
land reclamation. The LP model calculated future land-use
requirements for land-use categories by taking account of
the mined land suitability constraints and land-use planning
restrictions. All land-use changes should identify with the
general land-use plan issued by the local government. For
example, the areas of certain land-use types such as
cultivated land and forest land should not be lower than the
specified numbers in the land-use plan during the process of
urbanization to maintain the ecological balance in urban
cities. The specific numbers above were considered
constraints of the LP model. All the demand for land-use
categories can be calculated via LP model. So given these
features, LP model was suitable for predicting future
demand in the study area with a large amount of AML
needed to be reclaimed to other land-use types.

The CLUE-S model can allocate the land requirements to
spatial allocation driven by the driving forces.

Graph Metric Value
Contagion index 60.348
Euclidean nearest neighbor 377.284
distance
Connectance index 1.250
Shannon'’s diversity index 1.081
Shannon’s evenness index 0.520

After getting the simulated maps through the modeling
approach showed above, we examined the logistic
regression results by using ROC curves; the ROCs for the
eight land-use types were all above 0.7. Further, the
accuracy of simulating whole types can be evaluated by
using Kappa index.

B. Implications for AML Management

From the aspect of landscape patterns, we advise that
future ecological restoration policy in the area of AML
transformation should concentrate on shifting AML to more
forest land because of the closely combined and lowest
variability patches as discussed above in order to maintain
ecosystem stability and biological diversity (Li et al., 2012).
As shown in Figure 2, forest land dominated in the study
area, and therefore increasing the number of patches of the
same type can enhance connectivity in the local area
(Lechner et al., 2015a, 2015b). In China, one rule for the
reclamation of AML is that reclaimed patches should be
inline with the surrounding land-use types, according to the
Management Approach to the Reclamation and Utilization
of Abandoned Mine Land. It is obvious that forest patches
comprise a high percentage in the study area, and thus
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converting AML patches into forest would be consistent
with the policy.

Moreover, in China, the concept of major function-
oriented zones was proposed to achieve coordinated regional
development and environmental protection based on
territorial functions (Wang et al., 2014). In 2012, the Beijing
Municipal Government realized four such function-oriented
zones in Beijing: the capital area, the urban extended zone,
the new zone of urban development, and the ecological
preservation zone. The Mentougou District was included in
the latter. Transforming AML into more forest land has thus
been identified as helping protect regional ecological safety
and enhance ESV.

Further research is needed to consider a range of
scenarios for AML reclamation and fully assess ecological
risk under different scenarios (Gong et al.,, 2015) to
formulate effective environmental policy. Further, we
should further study the simulation accuracy, ecological
parameterization, and ecological realism of land-use models.
Moreover, the method of simulating AML conversions used
in this study was based on incorporating the LP and CLUE-
S models to obtain land requirements and spatial
distributions, respectively. Future research that combines
different land-use models and ecological models with more
complex methods of simulating and assessing land-use
scenarios (Foltéte et al., 2014) may provide a more
comprehensive assessment of AML transformations.

VI.CONCLUSION

In this study, the simulated spatial distribution of land-use
types, especially AML, are obtained using the combined LP
and CLUE-S models for seven towns in the Mentougou
District in Beijing, China. The ROC coefficients and Kappa
indices provided a good explanation for the conversion of
different types of land use under actual biophysical and
socioeconomic driving factors.

On the basis of the spatially explicit results, ten landscape
indices are selected to describe the land-use pattern changes
caused by the reclamation of AML. it has an advantage in
most of the selected indices.

The CLUE-S model is widely used to simulate land-use
type conversions. However, the simulation of AML after
reclamation markedly differs from land-use changes in
general, given that the types of AML significantly change
before and after reclamation. This study simply identified
the scheme from the perspective of land-use pattern using
FRAGSTATS. Maybe other factors such as reclamation
investment costs, ecological conservation, and local policies
should be considered to find the best land reclamation
scenario.
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