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Urban lakes have been threatened by rapid expansion of cities in recent years. Their area changes could be extracted by remote
sensing technologies. On this basis, a Dynamic Urban Lake Area Evolution Model (DULAEM) is proposed based on a multiagent
system (MAS) and a cellular automata (CA) model. The DULAEM is integrated upon an Urban Lake Multilevel Grid (ULMG),
which is composed of the vector model with the raster model. In the DULAEM, the CA layer is mainly used for modelling the
interactions between urban lakes and their surrounding land use change through the activity of each cell; the MAS layer represents
the actions of three typical human activities: government, real estate developers, and residents. These three agents have diﬀerent
actions in extent, strength, and priority according to their standpoints and functions. The CA layer and the MAS layer are both
integrated upon the ULMG. Finally, a case study in Wuhan proves that the DULAEM can control the global relative error under
10%. Therefore, the DULAEM is able to simulate the area change of urban lakes dynamically. It is signiﬁcant for the policy-making
of lake protection and the optimal conﬁguration of land resources in the lakeside.

1. Introduction
Urban lakes are very precious freshwater resources for a city.
They not only supply water for living and production but
also play a signiﬁcant role in regulating urban environment,
storing ﬂood, irrigating farmland, and beautifying the
landscape of a city [1–5]. Thus, they are extremely valuable
for urban development. However, the urban lakes have been
greatly endangered by urbanization in recent years [6–8].
Lake area has been reduced [9, 10]; water quality has been
polluted [11, 12]. This damage on the lakes is irreversible in
some cases. For instance, many lakes disappeared completely
from the map because of real estate development in Wuhan,
China [13]. Therefore, it is meaningful to study the area
change of urban lakes with urban development.
Lake area change is usually considered as the quantitative change of water resources. In traditional studies, a
series of hydrological models were designed based on water
balance equations. In other words, the change of water in a

system equals the diﬀerence between the output and input of
the system [14, 15]. In recent years, some researches focused
on the eﬀect of urbanization and human activities on urban
lakes. Damage to the lakes could be assessed by the water
balance equation [16, 17]. However, the traditional hydrological method needs a mass of historical data, usually hard
to collect. On the other hand, in order to get higher accuracy,
the hydrological models get very complex.
In addition, monitoring lake area change by remote
sensing (RS) has been applied widely [18, 19]. According to
the spectral signature of water, lake area can be detected
rapidly from remote sensing images by image processing
methods [20]. The change of the lake area in diﬀerent periods can be extracted by spatial analysis in geographic
information systems (GIS) [21, 22].
In spite of the previous achievements, there is still a lack
of knowledge about lake area change. Firstly, the study area
in the previous studies was usually regarded as a particular
lake watershed instead of all urban lakes. Secondly,
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monitoring lake area change by RS is a static method. It
cannot show the process of the lake area change within a
certain period of time.
This paper focuses on all lakes in a city. In order to ﬁnd the
pattern of the area change of these lakes, this paper used the
method of urban evolution for reference. Particularly, cellular
automata and multiagent systems were introduced to model
the area change of urban lakes in a case study of Wuhan, China.
A cellular automaton (CA) is a kind of dynamical model
with discrete time, space, and state. It is able to simulate the
spatiotemporal evolution of a complex system by simple
relationships between adjacent cells [23]. Cellular automata
have been widely applied in mathematics, physics, biology,
and complexity science, especially in studies of urban growth
and land use and land cover change (LUCC) [24–27]. Urban
lakes are a part of urban space geographically. So the area
change of the urban lakes can be considered as a part of
LUCC. In other words, urban lakes can be regarded as a
subsystem of the urban system, which has been recognized
as a complex system. Therefore, it is feasible to simulate the
area evolution of urban lakes by cellular automata.
However, CA model cannot fully reﬂect the eﬀect of
urban development and human activities on urban lakes
individually, because the neighbor relationships can only
represent the interactions between the urban lakes and
LUCC at lakeside. The various actions of human activities on
the urban lakes cannot be ignored. For instance, governments can enact laws and regulations to protect the ecological environment of the lakes and their surrounding
landscapes. On the contrary, real estate developers need
more lands for building and developing. That could cause
lakes to be ﬁlled in.
In order to overcome the limitations of the CA model, a
multiagent system (MAS) was used to represent human
behavior and decision-making. The concept of the agent is
introduced from the areas of artiﬁcial intelligence (AI). An
agent could represent an entity in reality that can make
decisions independently [28, 29]. A MAS model can be used
for the analysis and simulation of complex systems. Especially in urban systems, MAS model has been applied extensively in many ﬁelds such as traﬃc, population, and
economy [30, 31]. Combining multiagent system with cellular automata has become a trend at present in the studies of
urban evolution and LUCC [32–35].
This paper aims to develop a Dynamic Urban Lake Area
Evolution Model (DULAEM) based on MAS-CA model. In
the DULAEM, the CA model is used to evolve environmental factors in the lakeside through the relationships
between adjacent cells. MAS model is used to imitate human
behavior and decision-making. Agents concerned with urban lakes in this paper include government agents, developer
agents, and resident agents.
The CA model is usually based on a grid structure. A grid
geographic information system (grid GIS) is very eﬃcient for the
spatial data and has been extensively applied in urban management [36–38]. However, the traditional data structures of a
grid, such as vector and raster, cannot resolve the contradiction
between high spatial resolution and eﬃcient calculation. The
raster model is simple and fast to access so that it is able to handle
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a huge number of grids and spatial analysis. Particularly, the
raster model is eﬃcient for cellular automata and searching
neighbor cells. However, for discrete geographic features, such as
urban lakes, the raster model is diﬃcult to distinguish the grid
cells of each lake. The vector model is more convenient than the
raster model in computing lake areas. It would be extremely
ineﬃcient if the size of grids is small and the number of grids is
massive. In order to overcome the defects of vector, Deren Li
proposed the concept of Spatial Information Multigrid (SIMG),
which consists of multilevel regular vector grids [39]. SIMG can
improve the eﬃciency for searching a grid. However, the grid
sizes at diﬀerent levels are hard to be determined because the
spatial scales of urban lakes are diverse. Still, SIMG oﬀered an
idea for modelling discrete geographic features with diﬀerent
spatial scales. On the basis of SIMG, this paper designed an
Urban Lakes Multilevel Grid (ULMG), which integrated a
regular structure with an irregular structure and combined the
advantage of the vector model with that of the raster model [40].

2. Materials and Methods
2.1. Study Area and Data. In this paper, we focus on urban
lakes in Wuhan City. Wuhan is one of the major cities in
central China and is located in the middle reach of the
Yangtze River. There are 13 districts as shown in Figure 1.
The total area of Wuhan is 8494.14 km2, and the population
is over ten million now. Since the 1990s, with the rapid
development of the Chinese economy, Wuhan have been
expanding sharply. Thus, the space of urban lakes had been
compressed seriously by rapid urban expansion. For this
reason, we extracted urban lakes of Wuhan during 1991 and
2002. During this period, Wuhan government had not yet set
up a powerful supervision mechanism for surface water
resources so that some urban lakes were ﬁlled in.
The urban lakes of Wuhan in 1991 and 2002 were
extracted from Landsat TM/ETM + images. These images
are composed of 7 spectral bands. The spatial resolution of
each band is 30 m. The lakes were extracted by Modiﬁed
Normalized Diﬀerence Water Index (MNDWI). MNDWI is
more accurate than Normalized Diﬀerence Water Index
(NDWI) in the urban images, because MNDWI can restrain
the noise of buildings [41].
The lakes of Wuhan in 1991 and 2002 are shown in
Figure 2. There are 93 lakes. The area of each lake is more
than 100,000 m2 in 1991. According to Figure 2, during 1991
and 2002, the area of 93 lakes had been decreased by 35.77%,
and ten of them had disappeared completely.
In addition, in order to assess the eﬀect of LUCC at
lakeside on the lakes, we made a 100 m buﬀer around the
lakes. Land use in the buﬀer zones was extracted and
classiﬁed into 5 categories in Table 1.
2.2. Urban Lakes Multilevel Grid. The fundamentals of
ULMG are shown in Figure 3. The ULMG consists of twolevel grids. The ﬁrst-level grid is irregular and adopts the
vector model. The second-level grid is based on a square
raster model. The grid in the second level is deﬁned as the
same size as the pixel of Landsat images.
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Figure 1: Location and administrative divisions of Wuhan City.
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Figure 2: Urban lakes extracted from Landsat images in 1991 and 2002.
Table 1: Land use classiﬁcations.
ID
1
2
3
4
5

Category
Water bodies
Agricultural land
Vegetation
Developed land
Bare land

The second-level grid by raster model is generally stored
and represented as a matrix. For this reason, the ﬁrst-level grid
is deﬁned as the bounding rectangle of each lake rather than its
real boundaries. In order to link two-level grids, there are
several pieces of location information of each second-level grid
in the attribute table of its corresponding ﬁrst-level grid. The
location information includes the following:
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Figure 3: The rationale of ULMG.

(1) The row number and column number of the origin
grid (from the upper-left corner).
(2) The numbers of rows and columns.
In addition to location information, some attribute information of each lake, such as lake ID (LID), lake name, and
lake area, can be written into the attribute table of its
corresponding ﬁrst-level grid. On the other hand, each grid
in the second level can only be represented by a pixel value
that corresponds to the land use type of this grid with the ID
number deﬁned as in Table 1.
If the distribution of urban lakes is excessively dense,
their bounding rectangles are likely to overlap with each
other. In this case, the pixel value of each second-level grid is
added before its LID. For instance, a pixel value of 2634
means that this second-level grid belongs to the No. 263 lake
and its land use type is category 4, developed land.
Figure 4 shows how to create the ULMG from Landsat
images. The second-level grid can be acquired from images
directly so that the spatial resolution of the second-level grid
follows the images’ at 30 m. Before generating the ﬁrst-level
grid, the lakes extracted from images need to be transformed
into the vector model. Finally, some parameters, such as the
location information and LID, are added to the attribute
table or pixel value to couple these two-level grids.
According to Figure 5, the ULMG of Wuhan is generated. There are 93 rectangles with diﬀerent sizes, and some of
them overlapped with each other. The second-level grid has
5529 pixels in height and 4789 pixels in width. In the case of
East Lake, its origin grid (from the upper-left corner) is
located on row 2915 and column 2224. There are 442 rows
and 418 columns in second level. Consequently, the ULMG
can make for fast access by the second-level grid based on
raster model, because vector model would be ineﬃcient if
the total number of grids is over 105. At the same time, the
ﬁrst-level grid based on the vector model could increase
ﬂexibility and reduce redundant data. The ULMG will lay a
solid foundation for studying the area change of urban lakes
based on cellular automata and multiagent systems.
2.3. Dynamic Urban Lake Area Evolution Model.
Combining a CA model with a MAS model has been applied
widely to the studies of urban expansion and LUCC. This
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Figure 4: Generate ULMG from Landsat images.

paper uses the previous studies and methods for reference
and designs a Dynamic Urban Lake Area Evolution Model
(DULAEM) based on a CA model and a MAS model.
As shown in Figure 6, there are two layers in the
DULAEM. CA layer is in the bottom to model interactions
between urban lakes and their surroundings. On the basis of
a CA layer, the MAS layer is designed to model the behavior
and decision-making of government, real estate developers,
and residents. The CA layer and MAS layer are integrated
upon the ULMG.
2.3.1. CA Layer. In the CA layer, the interactions between
urban lakes and their surroundings could be reﬂected in the
relationships between lake cells and their surrounding cells.
In other words, a lake cell surrounded by land use cells is
more active to transform than one surrounded by other lake
cells. Such a state change of lake cells commonly happens at
the edge of lakes. Therefore, the CA layer in DULAEM is
diﬀerent from traditional CA models.
(1) The Cell Space. As mentioned above, the second-level grid
of ULMG consists of many square lattices that can be
regarded as the cells of CA layer. Thus, the cell space of CA
layer is obtained directly from the ULMG. In other words,
the extent of the cell space is the same as the second-level
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the cell space is the boundary of the new ﬁrst-level grid.
Thus, only those regions covered by the ﬁrst-level grid are
valid cell space.
(2) The Cell States. In the CA layer of DULAEM, the cells are
divided into lake cells (LC) and land use cells (LUC). Their
states are symbolized by SLake and Sland, respectively.
As shown in Table 1, Sland includes ﬁve states that
correspond to each of the land use categories. Thus, Sland can
be expressed by its land use type ID number as
Sland � {s | 1 ≤ s ≤ 5,

ULMG

grid. The size of each cell is 30 m ∗ 30 m, which equals the
size of a second-level grid and a pixel of Landsat images. In
order to extract land use at the lakeside, there is a 100 m
buﬀer around each lake. For this reason, the bounding
rectangle of each buﬀer is designed as its new ﬁrst-level grid
according to the fundamentals of ULMG. The boundary of

(1)

In order to distinguish it from land use cells, SLake is
expressed as a double-digit number as
Slake � 10 + N,

Figure 6: The structure of DULAEM. CA layer and MAS layer are
integrated upon ULMG.

s ∈ Z}.

(2)

where N is the number of the contributing neighborhoods of
the lake cell.
(3) The Neighborhood. In the CA layer of DULAEM, the
neighborhood space is deﬁned as the Moore neighborhood;
namely, eight neighbor cells surround the center cell. Since a
cell in the Moore neighborhood might be land use cell or
lake cell and only the land use cells on neighborhood would
contribute to the state change of lake cells, for a lake cell, its
land use cell neighborhood is worked. If the number of these
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contributing neighborhoods is expressed as N, the value of N
is shown as follows:
N � {e | 0 ≤ e ≤ 8,

e ∈ Z}.

Figure 7 shows the values of N in some cases. A lake cell,
for example, is next to three lake cells and ﬁve land use cells
in its Moore neighborhood. So, N of the sample cells is ﬁve.
Comparing diﬀerent N in Figure 7, variable N can indicate
how much a lake cell is aﬀected by human activities. Speciﬁcally, the larger N is, the more sensitive the lake cell is to
human activities, and the more likely the cell state is to
change. On the contrary, the smaller N is, the less the impact
of human activities on the land cell is, so the more stable the
lake cell is. The cell state is not to change if a lake cell is
surrounded by other lake cells completely. Therefore, the
area change of urban lakes is reﬂected in the state changes of
lake cells, which has at least one land use cell neighborhood.
(4) The Transition Rules. In the CA layer of DULAEM, each
cell has an Activity to indicate how diﬃcult its state is to
change. In other words, Activity is the probability of state
change. The domain of Activity is from 0 to 1. The larger
Activity is, the more likely the cell state is to change. The cell
state will not change if Activity is zero.
(1) The transition rule of land use cells: the Activity of a
land use cell is related to its cell state, neighborhood,
and location.
(1) The cell state, namely, land use type in Table 1,
will determine the initial value of Activity. For
instance, the ecosystem of vegetation is relatively
stable, and the land use cell with vegetation is
unlikely to change. Agricultural land and developed land are both the major regions of human activities so that they have larger Activities
[42]. Accordingly, the initial Activities of the land
use cells (Iland) are listed in Table 2.
(2) The neighborhood: if a land use cell is surrounded by one of other land use types, it is likely
to transform into that land use type.
(3) Location: urban development and human activities are the major factors of land use change.
So the land use cells located in urban districts
have larger Activities than the others located in
the suburban districts.
Consequently, the Activities of land use cells
could be expressed as
Activityland � Iland × P × L,
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(3)

(4)

where Iland is the initial value of Activity which depends
on the cell state; P is the proportion of the most land use
type in the neighborhood; L is a parameter related to
location and is called the urban location factor.
The urban location factor (L) depends on four factors as
shown in Figure 8: (a) natural factor, the distance from
the Yangtze River and the Han River; (b) traﬃc factor,
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Figure 7: The number of the contributing neighborhoods (N) for
lake cells.

Table 2: The initial Activities of land use cells.
ID

Cell state (land use type)

Iland

1
2
3
4
5

Water bodies
Agricultural land
Vegetation
Developed land
Bare land

0.01
0.5
0.01
0.5
0.8

the distance from main roads; (c) business factor, the
distance from main commercial districts; and (d)
residential factor, the distance from main residential
areas. Therefore, L is deﬁned as

L�

1 4
1
 1 −
,
−(Di − a/b)
4 i�1
1+e

1 ≤ i ≤ 4,

(5)

where Di represents the above factors; a and b are
parameters.
According to equation (5), an illustration of L could be
drawn as in Figure 8(e). In Figure 8, L is shown as a
raster map that has the same extent and grid size as the
second-level grid of the ULMG. In the raster map, each
pixel value is from 0 to 1 to indicate the degree of
human activities.
The area change of urban lakes is nonlinear. In order to
improve the indeterminacy of the CA layer, a random
threshold condition is introduced to determine
whether a land use cell is to change or not. In other
words, if Activity is smaller than the random threshold,
its state will be changed.
If a land use cell is to change, it enters the transition
function to determine which land use type it will be.
The transition function is based on roulette method. Its
probabilities are distributed as in Table 3.
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Figure 8: (a) Natural factor; (b) traﬃc factor; (c) business factor; (d) residential factor; (e) L.
Table 3: The transition function.
Type
Pu
Pn
Pnr
Pr

Description
The LUC will transform into developed land.
The LUC will transform into the most land use type in its neighborhood.
The LUC will transform into any of land use types in its neighborhood.
The LUC will transform into any of land use types.

In Table 3,
Pu + Pn + Pnr + Pr � 1.

(6)

Probability
Pu � L
0.9(1 − Pu )
0.05(1 − Pu )
0.05(1 − Pu )

Cumulative probability
Pu
0.9 + 0.1Pu
0.95 + 0.05Pu
1

If the transition function is expressed as T (Pu, Pn,
Pnr, Pr), the transition rule of a land use cell can be
summarized as

8
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t
St+1
land � fActivityland Sland , P, L, T Pu , Pn , Pnr , Pr ,

(7)
where Sland is the state of land use cell; t is the number
of iterations.
(2) The Transition Rule of Lake Cells
A lake cell’s Activity depends on its cell state,
neighborhood, and location.
(1) The Cell States
As we stated earlier, the number of the valid
neighborhoods (N) could indicate how much the
lake cell is sensitive to urban development and
human activities. The larger N is, the more
sensitive the cell is, and the larger Activity is. So,
according to N, the sensitivities of lake cells are
divided into four levels in this paper as in Table 4.
As shown in Table 4, N being zero indicates that a
lake cell is extremely stable because it is inside the
lake. If N is greater than ﬁve, that means more
than half of the neighborhood is land use cells so
that the lake cell is very sensitive to human activities and likely to change in the next period
(Figure 9). In Figure 9, the lake cells at the
sensitive level and the insensitive level represent
that their sensitivities are greater than the cells at
the stable level and smaller than the cells at the
very sensitive level.
(2) The Neighborhoods
The neighborhood of a lake cell represents human activities in the lakeside. According to our
previous studies, if land use in the lakeside is to
change, especially change into agriculture land
and developed land, the lake area might be decreased [42]. Therefore, a lake cell’s Activity is not
only related to the state of neighborhood but also
should be concerned with the state change of
neighborhood.
(3) Location
The same as land use cells, the lake cells located in
the urban districts should be more active than the
others in the suburban districts.
Therefore, a lake cell’s Activity could be
expressed as
Activitylake � Ilake × α1 Pc + α2 Pa + α3 L,

0 ≤ α1 , α2 , α3 ≤ 1,

(8)
where Ilake is the initial value of Activity which depends on N;
Pc is the proportion of the valid neighborhoods that have
changed their states in this period; Pa is the proportion of
agricultural land in the neighborhood; L is the urban location factor deﬁned as in equation (5); α1, α2, and α3 are
undetermined coeﬃcient, and α1 + α2 + α3 � 1.
In equation (8), if a lake cell is located in the urban
districts, L plays a leading role in the lake cell’s Activity. In
the suburban districts, agricultural land is increasing and L is

decreasing so that Pa becomes the leading factor of a lake
cell’s Activity. Hence, equation (8) represents the lake cell’s
Activity reasonably in both the urban and suburban districts.
If a lake cell’s Activity is smaller than a random threshold
value, it enters the program of transition function T(Pu, Pn,
Pnr, Pr) to determine which land use type it will be in the next
period.
Therefore, the transition rule of lake cells could be
summarized as
t
t+1
St+1
lake � fActivitylake Sland , Sland , N, L, T Pu , Pn , Pnr , Pr ,

(9)
where t is the number of iterations.
As in equations (7) and (9), whether the cell state is to
change or not depends on its Activity. The transition
function T(Pu, Pn, Pnr, Pr) determines which land use type
the lake cells or land use cells will be. As in equation (9), St+1
land
is a necessary transition condition for St+1
lake . Therefore, there
are two phases in a transition period as in Figure 10.
2.3.2. MAS Layer. Although there is the urban location
factor (L) in equations (4) and (8), the CA layer still cannot
totally represent human activities. For this reason, a MAS
layer was introduced in DULAEM upon the CA layer.
There are three typical agents concerned with the area
change of urban lakes: the government, the real estate developer, and the resident.
(1) The Government Agent. The government plays a leading
role in the development and utilization of urban lakes. It
aims to give consideration to both urban economic development and ecological protection. Generally, land value is
higher in the lakeside so that human activities and LUCC are
more frequent here. In order to isolate lakes from human
activities, the government usually plans a greenbelt and
wetland around the lakes. For instance, in Wuhan, East Lake
is the largest lake in the urban districts. So there are many
human activities around East Lake such as real estate development and aquaculture industry. On the other hand, the
government attaches great importance to the ecological
protection of East Lake through strict planning and
supervision.
Therefore, in the MAS layer, the behavior of the government agent is summarized as that the strength of governmental supervision for lakes and lands gradually
decreases with distance from the center of city [43]. The
impact of the government agent on Activity is shown as
Activity � Activity ∗ IFgov ,

(10)

where IFgov is the impact factor of the government agent and
it is from 0 to 1. IFgov is zero in the center of city and
gradually increases to 1 with distance from the center of city.
(2) The Real Estate Developer Agent. The development of real
estate is one of the primary causes for lake shrinkage, because ﬁlling in lakes can increase the land available to build
houses so that the developers can achieve more economic
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Table 4: The initial Activities of lake cells.

N
N�0
1≤N≤2
3≤N≤4
N≥5

Sensitivity

Ilake

Stable
Insensitive
Sensitive
Very sensitive

0
0.01
0.1
0.2

generally happen away from the city center because of the
government and the real estate developers. Many lakes in the
suburban districts, such as Wu Lake and Qingling Lake, had
changed into ponds or paddy ﬁelds.
Therefore, the impact of the resident agent could be
shown on the Activity as

6
4

3

4

2

2

3

5

Activity � Activity ∗ IFresi ,

3

1

0

2

4

2

3

where IFresi is the impact factor of the resident agent and it is
greater than 1. IFresi is close to 1 in the urban districts and is
increasing in the suburban districts.

5

5

Very sensitive

Stable

Sensitive

LUC

Insensitive

Figure 9: The sensitivity of lake cells.

beneﬁts. However, ﬁlling in lakes is bound by the cost and
earning of developers. As shown in Figure 11, in the urban
districts, the price of houses is high, but ﬁlling in lakes is
almost impossible because the governmental supervision is
strong here. In the districts away from the city center, the
developers might ﬁll in lakes more easily than in the urban
districts, but it is not cost-eﬀective for them because of lower
house prices. Therefore, ﬁlling in lakes by the real estate
developer agent usually occurs in the junction zone between
the urban and suburban districts. South Lake of Wuhan, for
example, was surrounded by agriculture land in the early
1990s. As the city expanded constantly, South Lake was
almost surrounded by developed land by 2002. In the
meantime, the area of South Lake reduced by 48.4%, and the
reduced region had been nearly transformed into residential
or commercial land.
Therefore, the impact of the real estate developer agent
on Activity is expressed as in the following equation:
Activity � Activity ∗ IFdeve ,

(11)

where IFdeve is the impact factor of the real estate developer
agent and it is greater than 1. The more close IFdeve is to the
junction zone, the greater it is.
(3) The Resident Agent. In some cases, the lake area had been
occupied by the individual behaviors of residents, such as
farming and ﬁsh-farming. These individual behaviors

(12)

(4) Interactions Between Each Agent. As shown in Table 5,
the government agent has the highest priority level and
strength so that developers and residents must be subjected
to governmental regulations. The resident agent has the
lowest priority and the weakest strength, because the behaviors and decision-makings of residents should be more
random than the developers’.
The priority levels of the agents determine the spatial
distributions of their impact factors. The government agent
has the highest priority level and supervises lakes mainly in
the urban districts. So the developer agent develops real
estate only in the junction zone between the urban and
suburban districts because of governmental supervisions.
The impact of the resident agent is mainly reﬂected in the
suburban districts, because its priority level is the lowest.
(5) The Urban Border and Impact Factors. As mentioned
above, it is necessary to determine the junction zone between
urban and suburban districts. Accordingly, we proposed a
border called the urban border. The urban border is a kind of
geographic boundary rather than an administrative
boundary. It can represent the actual situation of urban
expansion. The urban border divides the city into the urban
land-based regions and the agricultural land-based regions.
So, extracting urban land and agricultural land from remote
sensing images is the most direct approach to determine the
urban border.
In this paper, the urban border is acquired by the urban
location factor (L). According to Figure 8(e), a series of
isolines could be generated as in Figure 12(a). Then the
Landsat image of Wuhan in 2002 is overlapped with these
isolines. As shown in Figure 12(b), urban land in the Landsat
image is nearly within the isoline L � 0.7. Therefore, in the
MAS layer, the urban border is deﬁned as follows:
B � L|L�0.7 ,
where L is the urban location factor.

(13)
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Figure 10: The ﬂow diagram of CA layer.

Urban

Suburban

Cost: governmental
supervisions

Activityland � Iland × P × L × IFgov × IFdeve × IFresi ,

(14)

Activitylake � Ilake × α1 Pc + α2 Pa + α3 L × IFgov × IFdeve × IFresi ,

(15)
Earning: house prices
Junction
zone

Distance

Figure 11: Filling in lakes by the real estate developer agent tends
to gather around the junction zone because of house prices and
governmental supervisions.

On the basis of the urban border, the impact factors of
three agents are simpliﬁed as in Figure 13, where B is the
urban border and L is the urban location factor.
2.3.3. Integration of CA Layer and MAS Layer. In the CA
layer of DULAEM, the transition rules of land use cells and
lake cells depend on their Activities as shown in equations
(4) and (8). On this basis, in the MAS layer, the impact
factors in Figure 13 are added to Activities of land use cells
and lake cells as in the following two equations, respectively:

where Activityland and Activitylake are the Activities of land
use cells and lake cells, respectively; Iland is the initial
Activity of land use cells, which depends on its cell state;
Ilake is the initial Activity of lake cells, which depends on N;
P is the proportion of the most land use types in the
neighborhood; Pc is the proportion of the valid neighborhoods that have changed their states in this period; Pa is
the proportion of agricultural land in the neighborhood; L
is the urban location factor deﬁned as in equation (5); α1,
α2, and α3 are undetermined coeﬃcients, and
α1 + α2 + α3 � 1; IFgov, IFdeve, and IFresi are the impact
factors.
Meanwhile, the CA layer and MAS layer are integrated
on the ULMG. The ﬁrst-level grid of the ULMG could limit
the extents and borders of the cell space and the agent space.
The second-level grid is a carrier of cells and agents. In other
words, a grid in the second level is a cell in the CA layer, an
agent unit in the MAS layer, and a pixel in the remote
sensing images.
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Table 5: Relationships between the government agent, the developer agent, and the resident agent.

Agent
Government agent

Behaviors and decision-makings

Priority level

Strength

Balance economy and ecology; supervise major lakes.

High

High

Go after economic beneﬁt; ﬁlling in lakes to build.

Middle

High

Seek personal interests; reclaim land from lakes.

Low

Weak

Real estate developer agent

Resident agent

IF

N

.6 .3

.7
.5

.1

.9

.7

.9

.9

.6

.8

.8

.1
.4 .3

.7

.4
.5

.
.5 4
.6

.2

.3

.6

.7

.5

.9

.7

.2

L

a = 5000
b = 1000

1

0

12.5

25

kilometers

0

L = 0.7

Isoline
(a)

(b)

Figure 12: (a) A series of isolines from L. (b) The urban border is the isoline L � 0.7.
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Figure 13: The impact factors of three agents.

2.3.4. Evaluation of DULAEM. In this paper, the accuracy of
DULAEM is evaluated by the global relative error (GRE)
deﬁned as





N
i�1 Aik − Ai /Ai
GREk �
,
N

(16)
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Table 6: Sixteen typical cases of α1 , α2 , and α3 .

SN

α1

α2

α3

A
B
C
D
E
F
G
H
I
J
K
L
M
N
O
P

1
0
0
0.75
0.75
0.25
0
0.25
0
0.5
0.5
0.5
0.25
0.25
0
0.33

0
1
0
0.25
0
0.75
0.75
0
0.25
0.5
0.25
0
0.5
0.25
0.5
0.34

0
0
1
0
0.25
0
0.25
0.75
0.75
0
0.25
0.5
0.25
0.5
0.5
0.33

Table 7: The statistics of GRE.

A
B
C
D
E
F
G
H
I
J
K
L
M
N
O
P

GRE (based on CA layer)
Variance
1.03794E − 05
2.51504E − 05
1.08307E − 05
3.44083E − 05
2.41454E − 05
2.89263E − 05
6.38359E − 05
1.09643E − 05
2.12147E − 05
2.18722E − 05
5.38433E − 05
2.17607E − 05
6.9555E − 05
2.25085E − 05
4.97009E − 05
4.13266E − 05

Mean
0.830770
0.636786
0.584356
0.589527
0.455851
0.631433
0.431735
0.560628
0.482183
0.615415
0.403027
0.523602
0.40852
0.438803
0.409725
0.405606

0.5
0.45
GRE

SN

0.4
0.35
0.3
0

30

60

90

120

gen
K
M

O
P

Figure 14: The iterations of Groups K, M, O, and P.

150

Optimum
0.818641
0.623489
0.57522
0.57453
0.443834
0.619088
0.411336
0.553631
0.47353
0.605141
0.38217
0.512491
0.388086
0.424297
0.39318
0.38758
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Figure 15: The spatial distribution of LRE of Groups (a) K, (b) M, and (c) P.

where Aik is the area of the ith lake in the kth period; Ai is the
actual area of the ith lake in 2002; N is the number of lakes;
and (Aik – Ai)/Ai is the local relative error (LRE) of the ith
lake in the kth period.

3. Results and Discussions
3.1. Evolutions Based on CA Layer. In equations (8) and (15),
there are still three undetermined coeﬃcients: α1, α2, and α3.

Complexity
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Figure 16: (a) The statistics of GREs in 100 simulations. (b) The iterations of DULAEM.
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Figure 17: (a) LRE of each lake. (b) The mean LRE of each lake. (c) The mean of the absolute value of LRE of each lake. (d) The diﬀerence
between maximum and minimum of LRE of each lake.

In order to determine these coeﬃcients and assess their
eﬀect on the GRE, we tested 16 groups of typical cases (as
Table 6). For each group of α1, α2, and α3, we ran DULAEM
without the MAS layer 100 times and calculated the GREs
according to equation (16).
The mean, variance, and optimum of GREs in 100
simulations on each group are shown in Table 7. The

statistical results indicate that the GREs in Groups K, M, O,
and P are less than those in the other groups. Their mean
values are all close to 0.40. Their optimums are all less than
0.40, and K < P < M < O.
Figure 14 shows the iterations of Groups K, M, O, and P
by the CA layer. As shown, the fastest group is Group O,
which can reach steady value before the 80th generation.
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Figure 18: The spatial distributions of (a) LRE, (b) the mean of the absolute values of LRE, and (c) the diﬀerence between maximum and
minimum of LRE.

Group M and Group P reach steady state around 90th
generation and 110th generation, respectively. Group K
needs at least 130 iterations to reach steady state.
According to Group O, farm works whose coeﬃcient is α2
and the urban location factor whose coeﬃcient is α3 are the
primary cause of the evolution of urban lakes. If α2 equals α3,
the GREs are less (see Groups K, O, and P). On the basis of α2
and α3, an appropriate α1 could reduce the GREs further (see
Groups K and P). In addition, the number of iterations to
reach steady value depends on α2 and α2. The greater α1 is and
the smaller α2 is, the more iterations are needed.

Figure 15 shows the spatial distributions of LREs
under the best GRE of Groups K, M, and P. As shown,
three distributions are similar: the lakes located in the
urban districts are almost overﬁtted; namely, their LREs
are less than zero; and the lakes located in the suburban
districts are almost underﬁtted; namely, their LREs are
greater than zero. Some suburban lakes in Figure 15(b) are
also overﬁtted because α2 in Group M is greater than that
in Groups K and P.
Meanwhile, it is necessary to improve model by MAS
layer.
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3.2. Evolutions Based on DULAEM. By comparing above
GREs and iterations, we adopted Group P (α1 � 0.33,
α2 � 0.34, and α3 � 0.33) in the CA layer and introduced MAS
layer to run DULAEM 100 times.
3.2.1. Evolutions of Lake Area. GREs and LREs in 100
simulations were calculated according to (16).
Figure 16(a) shows the statistical result of GREs. A
contrast between Figure 16(a) and Table 7 indicates that
DULAEM could improve the GRE more than a pure CA
layer. The mean of GRE is less than 10%, up to 0.091301. The
optimum of GRE is 0.076477. At the same time, DULAEM is
faster due to MAS layer so that it reaches steady value before
the 70th generation (Figure 16(b)).
However, according to Figure 17, although the GRE can
be kept below 10%, there are a few lakes with larger error in
some cases. For instance, as shown in Figure 17(b), the
minimum of the mean of LRE is less than 20%. In
Figure 17(d), the LRE could be ﬂuctuant sharply so that the
diﬀerence between maximum and minimum is even more
than 150%.
Figure 18 shows the spatial distribution of LREs. The
lakes with larger LRE tend to gather in the suburban districts
irregularly. They were all small lakes in 1991 and had larger
loss rate during 1991 and 2002. Thus, the lake area change in
the suburban districts is more random and complex than
that in the urban districts.
An overlap analysis in Figure 19 shows that the simulation result by DULAEM well matched with the real lake
areas extracted by Landsat images. However, if a lake had
been ﬁlled in over 50%, there could be a big error between
the real lake area and the simulation result.
3.2.2. Evolutions of LUCC. The evolution of LUCC is hard to
be assessed by traditional methods such as the Kappa coeﬃcient, because there is only a 100 m buﬀer at the lakeside.
For this reason, the proportion of each land use type in the
buﬀer of each lake is contrasted with its real values extracted
from Landsat images. For instance, the proportions of developed land evolved by DULAEM have similar tendency to
the real values in Figure 20. Particularly, in the buﬀers where
the proportion of developed land is greater than 40% in
reality, the simulation result is larger than the real value. On
the other hand, the simulation result is smaller than the real
value in the suburban buﬀers. The polarization like in
Figure 20 could be caused by the transition function
T(Pu , Pn , Pnr , Pr ) in the CA layer.

4. Conclusions
This paper proposed a dynamic model based on a special
geographic information grid (ULMG) and MAS-CA model.
A case study on Wuhan, China, proved that the model is
eﬀective for urban lake area evolutions.
The ULMG is a two-level grid that has the advantages of
both vector model and raster model. It is designed for
running MAS-CA model originally. The structure of ULMG
is eﬃcient for massive amounts of grids. It is available for the
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data management of large-scale, discrete spatial features
such as urban lakes.
The CA layer of DULAEM indicates that urban lake area
changes have correlations with their activities, which depends on locations and surrounding environments. For the
lakes in the center of city, broad greenbelt landscape of at
least 30 meters is necessary.
The MAS layer of DULAEM indicates that the area
changes of urban lakes are also related to governments, real
estate developers, and residents. These three agents have
diﬀerent actions in extent, strength, and priority. The
government must pay more attention for the urban lakes,
especially in the rural areas, and take some rules for real
estate developers and residents.
DULAEM based on the ULMG and MAS-CA model
reﬂects the natural factor and human factor for urban lake so
that it can show the dynamic process of lake area change.
Therefore, it would be signiﬁcant for the policy-making of
lake protection and the optimal conﬁguration of land resources in the lakeside.
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