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Abstract 

The “Multiple-plan integration” planning is proposed by the Chinese government to coordinate 

various planning projects in managing spatial development and protecting agricultural and ecological 

resources. It can be treated as a multi-objective land allocation (MOLA) problem that aims to optimize 

the land allocation pattern to maximize land suitability for agriculture, construction, and conservation 

while encouraging compact land allocation. However, there is a lack of applicable methodology or 

frameworks to support the “Multiple-plan integration” planning at the county level.  

This dissertation is intended to develop and test a framework to solve this “Multiple-plan 

integration” problem with improved spatial optimization algorithms. The criteria for land suitability 

evaluation in China’s county-level “Multiple-plan integration” were first reviewed and established. Then, 

the performance of three classical heuristic optimization algorithms including simulated annealing (SA), 

genetic algorithm (GA), and particle swarm optimization (PSO) was compared in solving a simplified 

MOLA problem. The comparison results show that classical NSGA-II in the GA family performs the 

best, but its computational cost is high in maintaining compact land allocation. Next, an improved 

knowledge-informed NSGA-II was developed by integrating patch-based, edge growing/decreasing, 

neighborhood, and constraint steering rules. The improved algorithm is more effective and efficient than 

classical NSGA-II in encouraging compact land allocation while its capability of maximizing land 

suitability is not sacrificed. Finally, a Multiple-plan Integration with Spatial Optimization (MPI-SOP) 

framework was proposed to support China’s “Multiple-plan integration” planning at the county level. 

This framework is composed of five steps: mathematically formulating the spatial optimization problem, 

land suitability evaluation, optimization problem solving, post-processing of land allocation solutions, 

and applying post-processed solutions to planning. The spatial optimization problem was solved by a 

patch-based and knowledge-informed NSGA-II. The case study in Dongxihu District of Wuhan City 

shows that the framework is feasible and effective in supporting the “Multiple-plan integration” decision 

making.  
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This dissertation has made two major contributions. Practically, it has proposed and tested a 

framework to support China’s “Multiple-plan integration” planning with spatial optimization at the 

county level; methodologically, knowledge-informed heuristic optimization algorithms have been 

developed to solve the MOLA problem more effectively and efficiently. 
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Chapter 1 

Introduction and Background 

1.1 Background of “Multiple-plan Integration” in China 

Different levels of governments in China have implemented various spatial planning 

projects to guide and manage spatial development, make rational use of land, and protect 

ecological resources, including major function oriented zoning (MFOZ), urban and rural 

comprehensive planning, land use planning, basic ecological control lines or ecological red line 

planning, and so forth. MFOZ plans the spatial arrangement of future development and 

urbanization based on the evaluation of resource and environmental carrying capacity, current 

development density, and future development potential (Fan, 2015). Urban and rural 

comprehensive planning focuses on the spatial management of urban and rural construction 

activities in the coming ten to fifteen years. The Construction Control Zoning (CCZ) in urban 

comprehensive planning divides the urban area into construction suitable zones, construction 

constrained zones, and construction forbidden zones (Gu et al., 2010; Long, He, Liu, & Du, 

2006). Land use planning is the spatial arrangement of land uses to meet the requirements of 

regional development and resource protection; protecting agricultural land is its main objective. It 

sets the upper or lower limits for the areas of different land uses and manages their spatial 

allocation through Land Utilization Zoning (LUZ) and Construction Expansive Regulation 

Zoning (CERZ) (Ministry of Land and Resources of the PRC, 2010). Besides the above three 

planning projects, some cities and counties in China have implemented Basic Ecological Control 

Lines (BECLs) planning to protect the environment and ecological resources (Sheng, 2010; 

Wang, Wang, & Zhou, 2014; Zhou, 2011).  

These spatial planning projects are designed and implemented by different governmental 

departments with different goals, while their planning contents have overlaps. The inconsistency 
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and poor coordination between different planning projects have increased their implementation 

cost and reduced their effectiveness (Liu & Wang, 2016; Su, Xu, & Xie, 2014; Xie & Wang, 

2015; Zhang & Feng, 2017). The Chinese government have realized this problem and started the 

spatial planning reform at different levels of governments. In 2014, the National Development 

and Reform Commission, and the Ministry of Land and Resources, the Ministry of 

Environmental Protection, and the Ministry of Housing and Urban-Rural Development worked 

together to publish the announcement “Regarding implementing a pilot project for ‘Multiple-plan 

integration’ at city or county level.” Twenty-eight counties or cities were selected as the pilots of 

the project ( Liu & Wang, 2016; Huang & Wang, 2017;). In 2017, the National Land Planning 

Outline published by the State Council of China explicitly requests the compilation of new spatial 

planning at the national and provincial level and promotes the “Multiple-plan integration” reform 

at city or county level (Lin & Qiao, 2017; Zhang & Feng, 2017).   

The planning method employed in these pilot projects of “Multiple-plan integration” is as 

follows: the planning maps of  existing urban comprehensive planning, land use planning, and 

ecological planning are firstly combined, the areas that show conflicts between different planning 

are then identified, and the land use of these controversial areas are re-planned for the “Multiple-

plan integration” (Chen, Yan, & Sun, 2015; He, 2015; Huang, Zhou, Wang, Luo, & Ni, 2016; 

Huang & Wang, 2017; Liang, Luo, & Yu, 2017; Liu & Wang, 2016). However, this method 

raises a few problems or difficulties. First, not every county-level division has complete urban 

comprehensive, land use and ecological planning. Also, the database, planning terms, and 

boundaries of different planning projects are often not consistent. Even though land use planning 

is a necessary project at the county level, many county-level divisions do not implement urban 

comprehensive and ecological planning independently; instead, they are treated as parts of the 

city-level planning. Second, the present planning decisions are not necessarily rational. China 

adopts a hierarchical planning system for both land use planning and urban comprehensive 
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planning. The upper-level government imposes upper or lower limits for the total area of certain 

land use based on the analysis of resource conditions and socio-economic development trends. 

However, the spatial allocation of land use mainly depends on local government’s decisions. 

Since local governments can obtain more fiscal revenue from the development of the real estate 

industry, they usually give priority to construction activities, which occupy high-quality 

agricultural land and valuable ecological space (Chen & Zhong, 2016; Deng, Huang, Rozelle, & 

Uchida, 2010). Third, within a county region, there are often a large number of land parcels 

showing conflicts between different planning projects. To determine the appropriate use of these 

controversial land parcels is a complex and time-consuming task. Fourth, “Multiple-plan 

integration” requests to plan short-term land use by 2020 and long-term land use for 2030 (Huang 

& Wang, 2017; Liu & Wang, 2016). However, existing land use and urban comprehensive 

planning only plan land allocations by 2020. Therefore, they are not very useful for the long-term 

“Multiple-plan integration.” 

Based on the experience in these pilot projects, many scholars in China have proposed to 

establish and implement a “1+ X” spatial planning system at China’s city or county level to 

promote the “Multiple-plan integration” (Huang & Wang, 2017; Xie & Wang, 2015; Zhang & 

Feng, 2017). The “1” is the “Multiple-plan integration” planning that focuses on the “Three 

Spaces” and “Three Lines.” The “Three Space” planning deals with the spatial distribution 

pattern of production (agricultural space), living (urban and rural construction space), and 

ecological space in the city or county. The “Three Lines” are the control boundaries for urban 

sprawl and basic agricultural land and important ecological space protection. The “X” includes 

other spatial planning projects, such as urban and rural planning, land use planning, basic 

ecological lines planning, and so forth. The “Multiple-plan integration” planning should be 

developed first, and other planning projects should keep consistent with it. As the top-level 

planning at the city or county level, the “Multiple-plan integration” planning, on the one hand, 
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should fulfill the standards imposed by the upper-level (provincial) planning, such as the area or 

the percentage of each space, the area limits for new construction land or basic agricultural land. 

On the other hand, it needs to handle the multiple planning goals of managing urban and rural 

development, preserving agricultural land, and protecting ecological resources.  

In China, there are five levels of governments, namely national, provincial, city-level, 

county-level and township-level. County-level governments play a key role in the spatial 

management of development and resource protection (Huang & Wang, 2017; Xie & Wang, 2015; 

Zhang & Feng, 2017). Currently, there is still a lack of rational and applicable methodology or 

frameworks to support China’s “Multiple-plan integration” planning at the county level. 

 

1.2 Planning Theories and Approaches 

During the past century, some planning approaches have been developed to provide 

guidance for carrying out planning efforts by following different planning theories. The best 

known and most widely used approaches include the rational planning approach, the strategic 

planning approach and the participatory planning approach (Kaiser, Godschalk, & Chapin, 1995; 

Randolph, 2011). These planning approaches provide different models and emphasize different 

procedures in planning, and therefore are suitable for different planning projects. Their 

applicability to the “Multiple-plan integration” planning is discussed here.  

1.2.1 Rational Planning Approach 

Rational planning is a popularly applied planning approach. It advocates a systematic 

forward progression from goal setting to implementation and back again through a feedback loop. 

It comprises the basic components of objectives, information, alternatives, impact assessment, 

and evaluation. Rational planning emphasizes taking advantages of available data, information, 

analytical methods and modeling efforts to estimate rational land use alternatives (Kaiser et al., 

1995). The land use planning framework proposed by the Food and Agriculture Organization of 
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the United Nations (FAO) is a typical example of the rational planning approach (Food and 

Agriculture Organization of the United Nations, 1993). According to the rational planning 

framework, there are two basic tasks to generate planning alternatives: land suitability evaluation 

and land allocation (Food and Agriculture Organization of the United Nations, 1993; Kaiser et al., 

1995). Several multi-criteria evaluation systems, models, and tools have been developed to 

handle the two tasks with different planning goals (BC Ministry of Agricultural and Lands, 2007; 

De la Rosa, Mayol, Diaz-Pereira, Fernandez, & de la Rosa, 2004; Eastman, 2015; McHarg & 

Mumford, 1969; The Ministry of Construction and Transportation of South Korea, 2002) 

McHarg (1969) proposed a list of over 30 factors from 8 aspects to evaluate land 

suitability for natural use, production use, and urban use, including climate, geology, 

physiography, hydrology, soils, vegetation, wildlife habitats, and land use. In Canada, the 

province of British Columbia issued the Guidelines for economic and environmental assessment 

(SEEA) for land use and resource management planning (BC Ministry of Agricultural and Lands, 

2007). It outlines six categories of implications and indicators for SEEA, including economic 

development, provincial government finances, social implications, aboriginal implications, net 

economic value, and the environment. The National Land Planning and Utilization Act of South 

Korea introduced the Land Suitability Assessment (LSA) system to assess developmental or 

conservation suitability of land parcels for future use (Ministry of Construction and 

Transportation of South Korea, 2002). It provides a list of factors to reflect physical, regional and 

spatial characteristics of land and suggests a rating scheme for each factor. As for the planning 

tools, Geographic Information System (GIS) has been increasingly applied to support planning 

decision making by following the rational planning approach. For example, the Decision Support 

module in the IDRISI GIS software is well suited for land suitability evaluation, while the MOLA 

module is designed particularly to solve multi-objective land allocation problems (Eastman, 

2015).  
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GeoDesign, widely introduced during the 2009 Annual ESRI International User 

Conference in San Diego, California, has been regarded as an evolutionary step both in the GIS 

and planning fields. According to Jack Dangermond (2009) , the CEO of ESRI, “GeoDesign 

takes an interdisciplinary, synergistic approach to solving critical problems and optimizing 

location, orientation, and features of projects both local and global in scale; it starts by 

incorporating all the geographic knowledge - information, measurements, and analytic models - 

and plugging it into a new interactive process where one can design alternatives and get 

geography-based feedback on the consequences of these designs right away.” GeoDesign, by 

emphasizing data, information, knowledge and modeling efforts in planning, generally follows 

the rational planning framework. However, it also recognizes the disagreements between 

stakeholders, the difficulties to get the optimal decision, and the uncertainties of decisions; it tries 

to deal with these issues through a feedback loop of modifying objectives, constraints, and data as 

the process proceeds (Goodchild, 2010). 

1.2.2 Strategic Planning Approach 

Strategic planning narrows the task of comprehensive analysis by focusing on selected 

critical issues (Kaiser et al., 1995; Randolph, 2011). Since the late 20th century, land use in many 

cities of the US and European countries, such as UK, Germany, the Netherlands, and Italy, have 

been dominated by urban sprawl and the consumption of agricultural land and open space, as well 

as urban decentralization (Healey, 2004; Randolph, 2011). Land use and spatial planning, 

accordingly, follows a strategic approach to focus on growth management and urban center 

redevelopment. Urban Growth Boundaries (UGBs) is a growth management tool in the US which 

plans the boundaries that separate urban and rural land uses; it emphasizes development in areas 

with existing infrastructures and de-emphasizes development in green fields (Ding, Knaap, & 

Hopkins, 1999; Nelson & Duncan, 1995). The Fourth National Policy Document on Spatial 

Planning in the Netherlands, produced in 1990, contains policies to promote “compact city” 
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development across the country (Hajer & Zonneveld, 2000). The Milan Framework Document, 

published in 2001, deals with the congestion and decentralization issue in Milan, Italy (Gualini, 

2003; Healey, 2004). 

1.2.3 Participatory Planning Approach 

The participatory approach suggests that planning should deal explicitly with the diverse 

stakeholder perspectives and conflicting values; it aims to inform and involve the public into 

planning and decision making (Al-Kodmany, 2001; Cilliers & Timmermans, 2014; Hassenforder, 

Pittock, Barreteau, Daniell, & Ferrand, 2016; Randolph, 2011). For instance, the 

FIächennutzungsplan (FNP) and the Bebauungsplan (BBP) are tools applied by Germany 

planners to involve more actors into the land use decision making procedure (Salet & Thornley, 

2007; Schmidt, 2009). The FNP provides outlines for future land use and focuses on binding 

public authorities and agencies, while BBP sets the land use of each parcel and focuses on 

regulating the decisions of landowners and developers (Schmidt, 2009). GIS has been applied to 

develop planning support systems (PSS) to assist the implementation of the participatory planning 

approach. For example, Klosterman (1999) described a “What if?” system that provides a set of 

tools to support community-based collaborative planning efforts by facilitating the open and 

ongoing processes of community learning, debate, and compromise. Geertman (2002) 

demonstrated a toolbox prototype of PSS to bridge the gap between the needs of the planning 

community and the tools provided by the GIS community. Hessel et al. (2009) tested a GIS-based 

participatory method in integrating scientific and local knowledge to develop sustainable land use 

options that fit local realities and aspirations in a few villages in southeastern Burkina Faso, 

Africa.  

1.2.4 Applicability of Different Planning Approaches to “Multiple-plan Integration” 

Among the above planning approaches, the rational planning approach is more suitable 

for the “Multiple-plan integration” planning project. First, the “Multiple-plan integration” is a 

https://en.wikipedia.org/wiki/%C3%84
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comprehensive planning project which deals with the multiple issues of urban and rural 

development management, agricultural land preservation, and ecological resource protection. The 

strategic planning approach which emphasizes planning in response to a specific issue is therefore 

not suitable for it. Second, the implementation of the participatory planning approach requires the 

training of the participants to help them understand the local issues and planning procedures. It is 

more applicable to some community-level planning, but hard to be implemented for planning 

projects within a large region (Cilliers & Timmermans, 2014; Geertman, 2002; Hassenforder et 

al., 2016; Hessel et al., 2009). However, the “Multiple-plan integration” planning needs to cover a 

county, or a city area, which makes the participatory planning approach difficult to be 

implemented. Finally, a key issue in “Multiple-plan integration” is to avoid irrational decisions of 

local governments driven by economic interests. It requires a rational methodology that takes 

advantages of available data, information, knowledge, and analytical and modeling efforts to 

estimate planning alternatives with respect to the multiple objectives. The rational planning 

approach is, therefore, more suitable for the project.  

Nevertheless, different planning approaches are not mutually exclusive. Nowadays, 

planning projects often integrate methods and techniques in different approaches (Randolph, 

2011). A comprehensive planning project, following the rational approach, will also consider 

specific local issues in setting the planning objectives and establishing evaluation criteria, and 

involve the public in decision making. Strategic planning relies on a rational process of assessing 

the environment, creating alternatives, and selecting options. GeoDesign, as a new trend in the 

planning field, itself is an integrated planning approach. It follows the rational planning 

framework, but also incorporates adaptive and participatory strategies; it also emphasizes taking 

advantages of GIS’s strengths in mapping and simulation.  

Therefore, the rational planning approach is more suitable for designing the general 

framework for the “Multiple-plan integration” planning, but it is also worthwhile to incorporate 
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methods and techniques from other planning approaches in certain planning stages or to deal with 

specific planning issues.  

 

1.3 Spatial Optimization 

Spatial optimization attempts to find the optimal solutions that maximize or minimize one 

or more objectives subject to certain constraints, and spatial patterns and relationships need to be 

handled. It is well suited for solving planning problems by following the rational planning 

approach: the planning goals can be represented with the objectives; the physical, socio-economic 

and policy background can be incorporated into the constraints; the planning alternatives can be 

generated through solving the spatial optimization problem (Tong & Murray, 2012). 

1.3.1 Spatial Optimization Problems 

A typical optimization problem involves maximizing or minimizing an objective subject 

to a few constraints. It consists of three basic components: an objective, decisions to be made 

(solutions or alternatives), and constraining conditions. The generic mathematical formulation for 

an optimization problem is as follows (Tong & Murray, 2012):  

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑔(𝑥) 

Subject to  

𝑓𝑖(𝑥) ≤ 𝑏𝑖          ∀𝑖 

𝑥 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠 

Where 𝑥 is a vector of unknown decision variables, 𝑥 = [𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛], 𝑔( ) and 𝑓𝑖( ) 

are functions of 𝑥, and 𝑏𝑖 is a coefficient that limits the value of each association function 𝑓𝑖( ). 

The conditions on 𝑥 typically consist of some combinations of real, integer, or binary 

requirements.  

In a multi-objective optimization problem, there are more than one objective functions. 

The multiple objectives are either concordant or non-concordant. The solutions have to satisfy the 
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constraints and optimize the multiple objectives simultaneously. Therefore, it is more 

complicated to solve compared to a single-objective optimization problem (Coello, Lamont, & 

Van Veldhuizen, 2007). 

In spatial optimization problems, the decision variables, coefficients, functions, and 

constraining conditions are geographically based and spatial properties, relationships or 

interdependences have to be considered. Spatial optimization has long been an important 

subspecialty in the discipline of geography. Garrison (1959) firstly interpreted and resolved an 

explicit spatial optimization problem in geography to arrange the tributary areas of urban centers. 

Church (2001) traced the historical roots of spatial optimization to Von Thunen’s agricultural 

activity allocation study, Alfred Weber’s industrial location models, and Christaller’s Central 

Place Theory. He summarized spatial optimization problems in geography into the following 

types: corridor location problems, vehicle routing problems, classical transportation problems, 

simple plant location problems, p-Median location problems, maximal covering location 

problems, p-Hub location problems, site configuration/design problems, districting problems and 

spatial allocation problems. Tong and Murray (2012) reviewed of spatial optimization problems 

in geography and summarized five categories of spatial attributes or relationships in spatial 

optimization, including distance (proximity), adjacency (compatibility), connectivity/contiguity, 

containment and shape (compactness). Spatial optimization has been widely applied to the fields 

of transportation planning, land use planning, landscape planning, forest planning, natural reserve 

planning , GIS and so on (Aerts & Heuvelink, 2002; Datta et al., 2007; Duh & Brown, 2007; 

Murray & Church, 1995; Önal & Briers, 2005; Sahebgharani, 2016; Santé-Riveira, Boullón-

Magán, Crecente-Maseda, & Miranda-Barrós, 2008; Wu, Murray, & Xiao, 2011; Yao, Mandala, 

& Chung, 2009). 

1.3.2 Multi-objective Land Allocation (MOLA) and Spatial Optimization 
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Multi-objective land allocation (MOLA) is a spatial optimization problem that aims to 

find the appropriate land allocation patterns with respect to multiple objectives and constraints 

(Datta et al., 2007; Eastman, Jiang, & Toledano, 1998). Spatial optimization modeling is well 

suited to solve MOLA problems by following the rational planning approach: the planning goals 

can be represented with the objectives of the model; the physical, socio-economic and policy 

background can be incorporated into the constraints; the planning alternatives can be generated 

through solving the spatial optimization problem. 

MOLA problems include both non-spatial and spatial objectives. Non-spatial objectives 

that have often been considered include maximizing economic, social or ecological benefits, 

maximizing land suitability, minimizing land conversion cost, etc. (Aerts, Eisinger, Heuvelink, & 

Stewart, 2003; Aerts & Heuvelink, 2002; Cao et al., 2011; Cao, Huang, Wang, & Lin, 2012; Duh 

& Brown, 2005; Duh & Brown, 2007; Ligmann-Zielinska, Church, & Jankowski, 2008; Santé-

Riveira, et al., 2008). The interdependency between neighboring or proximate land units was 

often not considered in handling these non-spatial objectives.  

In addition to these non-spatial objectives, spatial patterns of land allocation have to be 

considered in MOLA problems. For instance, many MOLA problems attempt to maintain spatial 

contiguity or compactness in land allocation (Aerts et al., 2003; Aerts & Heuvelink, 2002; Cao et 

al., 2011, 2012; Duh & Brown, 2005; Duh & Brown, 2007; Ligmann-Zielinska, et al., 2008; 

Santé-Riveira et al., 2008). Spatial contiguity and spatial compactness have both similarities and 

differences. They both encourage land units for the same use to be connected or proximate to 

each other. However, spatial contiguity requires all units of equal use to be connected, while 

spatial compactness only encourages land units of equal use to be allocated next to or in 

proximity of one another, but this may result in divided patches (Aerts et al., 2003). Spatial 

contiguity is a desirable pattern in landscape and natural reserve planning, while land use 
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planning only encourages spatial compactness (Aerts et al., 2003; Brookes, 1997; Cao et al., 

2012; Church, Gerrard, Gilpin, & Stine, 2003; Duh & Brown, 2007; Wu, Murray, & Xiao, 2011).  

A few methods have been developed to encourage or guarantee spatial contiguity or 

compactness in MOLA. One category of methods is to incorporate connectedness as the 

embedded rule to develop the solution process. For example, Brookes (1997) developed a 

parameterized region-growing program, and Church et al. (2003) developed a patch-growing 

process to secure spatial contiguity in land allocation. Another category of methods is to interpret 

MOLA as a spatial optimization problem, in which maximizing spatial contiguity or compactness 

is regarded as one objective (Aerts, Van Herwijnen, Janssen, & Stewart, 2005; Cao et al., 2011, 

2012; Huang, Liu, Li, Liang, & He, 2013; Ligmann-Zielinska et al., 2008; Liu, Li, Shi, Huang, & 

Liu, 2012). This category can be further divided into the methods of neighbor-based clustering, 

perimeter/shape-based compactness and block aggregation (Ligmann-Zielinska et al., 2008). 

Neighbor-based clustering methods attempt to maximize the number of neighboring cells used for 

the same use to encourage spatial compactness (Aerts et al., 2003; Cao et al., 2011, 2012; 

Ligmann-Zielinska et al., 2008). Perimeter/shape-based methods encourage spatial compactness 

through minimizing the number of patches or maximizing the area of the largest patch or the area-

perimeter ratio (Aerts et al., 2005; Janssen et al., 2008; Porta et al., 2013). Block aggregation 

methods aggregate individual cells into blocks and attempt to minimize the number of blocks that 

contain only one land use type (Aerts et al., 2003).  

Except for spatial compactness and contiguity, spatial compatibility is another spatial 

attribute that has been considered in MOLA problems (Ligmann-Zielinska et al., 2008; Cao et al., 

2011, 2012). The land uses of adjacent or proximate land units are expected to be compatible with 

each other. For example, industrial and residential land is not supposed to be located in proximity 

to each other.    

1.3.3 Optimization Techniques 
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The techniques to solve optimization problems can be classified into two categories: 

exact methods and heuristic methods (Figure 1-1) (Coello et al., 2007; Tong & Murray, 2012). 

 

Figure 1-1. Optimization techniques and categorization 

 

Exact methods try to find the exact optimal solution for an optimization problem. 

Enumeration, linear programming, and integer programming with the brand and bound are all 

examples of exact optimization methods. Enumeration identifies all feasible solutions, evaluates 

them and then decides which one is the best. The enormous computation efforts of the method 

often prevent it from solving optimization problems when the number of feasible solutions is very 

large or infinite. Linear programming assumes both the objectives and constraints of the 
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optimization problem can be formulated with linear functions and the decision variables take on 

continuous values. However, this assumption is often not valid in spatial optimization problems. 

Integer programming with branch and bound tries to overcome the limitations of linear 

programming. It limits the search space by starting with some bound at a given node and 

determining whether the node is “promising”; then several node bounds are compared with each 

other, and the “most promising node” is accordingly selected. However, it is still not efficient to 

solve optimization problems with a large number of feasible solutions (Gupta & Ravindran, 

1985).  

The fundamental idea of heuristic optimization methods is to explore the solution space 

in some way and identify feasible solutions from which the best solution can be found (Tong & 

Murray, 2012). Heuristic methods are developed to produce approximate solutions for an 

optimization problem within a reasonable time, but the optimal solution is not guaranteed. Many 

heuristic optimization algorithms have been developed, including evolutionary/genetic algorithms 

(EA/GA), simulated annealing (SA) and particle swarm optimization (PSO), Tabu search, ant 

colony optimization (ACO), and artificial immune system optimization (AISO) (Aerts & 

Heuvelink, 2002; Boston & Bettinger, 1999; Cao et al., 2011, 2012; Coello & Cortes, 2005; Datta 

et al., 2007; Duh & Brown, 2007; Huang et al., 2013; Li, He, & Liu, 2009; Liu et al., 2012; Liu, 

Peng, Jiao, & Liu, 2016; Masoomi, Mesgari, & Hamrah, 2013; Sahebgharani, 2016; Santé-

Riveira et al., 2008).  

Most heuristic optimization algorithms were initially designed for single-objective 

optimization problems, while some methods have been developed to adapt them for multi-

objective optimization problems. Among them, the weighted-sum and the Pareto-based 

optimization methods are popular (Coello et al., 2007; Deb, 2014; Duh & Brown, 2007). The 

weighted-sum method combines the multiple objectives into a single one by multiplying each 

objective with a user-supplied weight. The advantage of this method is that it does not require any 
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modifications of the algorithms themselves. However, it requires a priori knowledge to assign the 

weight to each objective, and the solution depends significantly on the prior knowledge. 

Moreover, this method can only produce a single solution under a given trade-off between the 

multiple objectives. In contrast, these classical heuristic algorithms have to be modified to solve 

multi-objective optimization problems by following the Pareto-based optimization method. The 

modified algorithms attempt to find non-dominated solutions that provide different trade-offs 

between the multiple objectives and cannot improve one objective without degrading some 

others. For example, Non-dominated Sorting Genetic Algorithm (NSGA), Pareto Archived 

Evolution Strategy (PAES), Pareto Simulated Annealing (PSA), and Multi-objective Particle 

Swarm Optimization (MOPSO) are all modified heuristic algorithms for solving multi-objective 

optimization problems by following the Pareto-based optimization method (Banks, Vincent, & 

Anyakoha, 2007; Coello et al., 2007; Deb, Pratab, Agarwal, & Meyarivan, 2002; Duh & Brown, 

2007; Durillo et al., 2009; Knowles & Corne, 2000; Masoomi et al, 2013; Reyes-Sierra & Coello 

Coello, 2006). 

MOLA problems are multi-objective spatial optimization problems. They often face the 

difficulties and complexities of multiple non-concordant or conflicting objectives, remarkably 

large data size, non-linear objective or constraint functions, and interdependencies between 

spatial variables (Aerts et al., 2003; Datta et al., 2007; Duh & Brown, 2007; Tong & Murray, 

2012). Exact optimization methods have been found infeasible to solve MOLA problems. Several 

heuristic optimization algorithms have been found feasible and popularly applied, including 

genetic algorithms (GA), simulated annealing (SA), particle swarm optimization (PSO) and their 

modified algorithms, but their performance has not been well evaluated. None of the above 

heuristic algorithms have been proven perfect in solving MOLA problems (Aerts & Heuvelink, 

2002; Cao et al., 2011, 2012; Coello & Cortes, 2005; Datta et al., 2007; Duh & Brown, 2007; Li 

et al., 2009; Masoomi et al., 2013; Sahebgharani, 2016; Santé-Riveira et al., 2008). 
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1.4 Objectives and Research Questions 

China “Multiple-plan integration” planning is a MOLA problem that attempts to find the 

appropriate land allocation patterns with respect to the multiple objectives of preserving 

agricultural land, managing urban and rural development, and protecting ecological resources. 

The rational planning approach advocates taking advantages of data, information, analytical and 

modeling efforts to estimate planning alternatives by emphasizing the tasks of land suitability 

evaluation and land allocation. Spatial optimization modeling is an appropriate method to solve 

the “Multiple-plan integration” planning problem by following the rational planning approach: 

the planning goals can be represented with the objectives of the model; the physical, socio-

economic and policy background can be incorporated into the constraints; the planning 

alternatives can be generated through solving the spatial optimization problem.  

In China, county-level planning plays a key role in the spatial management of 

development and resource protection (Huang & Wang, 2017; Xie & Wang, 2015; Zhang & Feng, 

2017). Considering the lack of applicable methodology and frameworks to support China 

“Multiple-plan integration” planning, as well as the complexity and difficulties in solving the 

MOLA problem, this dissertation has two objectives: (1) to propose a framework to support 

China’s “Multiple-plan integration” with spatial optimization modeling at the county level, and 

(2) to develop improved optimization algorithms to solve the MOLA problem. The research 

questions are as follows: 

 

(1) What is the rationale to solve the “Multiple-plan integration” planning problem with 

spatial optimization modeling?  (Chapter 1) 

(2) How to conduct land suitability evaluation for the “Multiple-plan integration” planning? 

(Chapter 2) 
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(3) Do the popularly applied heuristic optimization algorithms perform well enough in 

solving the MOLA problem? If not, what improvements need to be made? (Chapter 3)  

(4) How to modify the classical heuristic optimization algorithms to improve their 

performance in solving the MOLA problem? (Chapter 4) 

(5) How to develop a framework to solve the “Multiple-plan integration” problem in China’s 

county-level division with spatial optimization modeling? How can the tasks of land 

suitability evaluation and land allocation be integrated into the spatial optimization modeling 

procedure? (Chapter 5) 

 

1.5 Structure of the Dissertation 

This dissertation is structured as follows.  

Chapter 1 introduces the background of the study, gives a review of planning approaches, 

spatial optimization, and optimization techniques, explains the rationale to solve the “Multiple-

plan integration” planning problem with spatial optimization, and presents the objectives, 

research questions and the structure of the dissertation as well. 

Chapter 2 establishes the land suitability evaluation criteria for China’s county-level 

“Multiple-plan integration” planning, discusses multi-criteria evaluation (MCE) methods 

applicable to the land suitability evaluation, and conducts a case study of land suitability 

evaluation in Dongxihu District of Wuhan City to test the applicability of the established criteria. 

 Chapter 3 compares the performance of three popularly applied heuristic optimization 

algorithms in solving a simplified MOLA problem and identifies advantages, limitations, and 

improvement directions of each algorithm. 

Chapter 4 develops a knowledge-informed Non-dominated Sorting Genetic Algorithm-II 

(NSGA-II), applies it to solve a simulated MOLA problem under the “Multiple-plan integration” 

context, and compares its performance with that of the classical NSGA-II. 
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Chapter 5 proposes a Multiple-plan Integration with Spatial Optimization (MPI-SOP) 

framework to solve the “Multiple-plan integration” planning problem at China’s county level 

with the improved patched-based NSGA-II. The framework was applied to Dongxihu District of 

Wuhan City to test its feasibility and identify its challenges. 

Chapter 6 summarizes the dissertation, discusses the limitations, and identifies future 

research directions.  
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Chapter 2 

Land Suitability Evaluation for China’s County-level “Multiple-plan 

Integration” Planning 

Abstract: 

Land suitability evaluation aims to assess land performance when used for specified 

purposes and is an important procedure in the rational planning framework. Land suitability 

evaluation for China’s “Multiple-plan integration” planning needs to focus on the specified uses 

of agriculture, construction, and conservation. This chapter first establishes the criteria for 

evaluating land suitability for agriculture, construction, and conservation, respectively, based on a 

review of related research and the context of China’s county-level “Multi-plan integration” 

planning. Then, multi-criteria evaluation (MCE) methods are reviewed, and their characteristics 

and applicability to land suitability evaluation are discussed. Finally, a case study of land 

suitability evaluation was conducted in Dongxihu District of Wuhan City with the established 

criteria and the MCE methods of Analytical Hierarchy Analysis (AHP) and Boolean overlay. The 

AHP method was used for the evaluation of land suitability for agriculture and construction 

assisted with expert knowledge for multi-criteria weighting. Boolean overlay was used for the 

evaluation of land suitability for conservation. Even though the land suitability maps output in the 

case study cannot be directly used as planning maps, they can be used to help planners get a 

general idea of how the different land uses should be spatially allocated and which areas should 

be protected or developed, and provide necessary information for the land allocation task.  

 

Keywords: “Multiple-plan integration”, land suitability evaluation, multi-criteria evaluation 

(MCE), China 
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2.1 Introduction  

Land suitability evaluation and land allocation are critical tasks in the planning procedure 

based on the rational planning approach (Kaiser, Godschalk, & Chapin, 1995). Land suitability 

evaluation, also known as land evaluation or land suitability assessment, is concerned with the 

assessment of land performance when used for specified purposes. It involves the execution and 

interpretation of basic surveys of climate, soils, vegetation and other aspects of the land 

concerning the requirements of a specified use (Food and Agriculture Organization of the United 

Nations, 1976; Kaiser et al., 1995; Rossiter, 1996). Land suitability evaluation is an essential step 

in land use planning because it helps planners find issues in current land use and identify 

improvement directions, and more importantly, contributes information for the subsequent 

activity of land allocation (Food and Agriculture Organization of the United Nations, 1976). The 

information makes it possible to compare the estimated inputs and benefits of different land 

allocation alternatives and accordingly identify the optimal land allocation pattern.  

The framework for land evaluation proposed by the Food and Agriculture Organization 

of the United Nations (FAO) summarizes the following the principles of land evaluation: a) land 

suitability should be assessed with respect to specified kinds of uses and involves comparison of 

different land uses; b) the evaluation should consider physical characteristics of land as well as 

the social and economic context; and c) the evaluation should employ an interdisciplinary 

approach (Food and Agriculture Organization of the United Nations, 1976). These principles 

bring about the following three questions in land suitability evaluation for a planning project: 

First, what are the specified kinds of uses that need to be considered in the land suitability 

evaluation?  Second, what are the physical and socio-economic factors that need to be involved in 

the land suitability evaluation for a specified use? Third, what methods from different disciplines 

can be used for the land suitability evaluation?  
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As for the first question, the specified uses that need to be considered in land suitability 

evaluation depend on the goals of the planning project. For instance, McHarg (1969) evaluated 

land suitability for natural use, production use, and urban use for a landscape planning project. 

The three uses are classified based on their ecological function. The Land Suitability Assessment 

(LSA) system introduced by the National Land Planning and Utilization Act of South Korea 

focuses on assessing land suitability for development and conservation in response to the 

planning goals of urban development management and natural environment preservation 

(Ministry of Construction and Transportation of South Korea, 2002). The “Multiple-plan 

integration” planning in China focuses on the planning goals of preserving agricultural land, 

managing urban and rural development, and protecting ecological resources and emphasizes the 

task of planning the “Three Spaces” and “Three Lines” (Huang & Wang, 2017; Su & Chen, 2015; 

Su, Xu, & Xie, 2014; Xie & Wang, 2015). The “Three Space” planning deals with the spatial 

distribution pattern of agricultural space, urban and rural construction space, and ecological space 

in the city or county. The “Three Lines” are the control boundaries for urban sprawl and basic 

agricultural land and important ecological space protection. Therefore, when the planning goals 

and the requirements of the “Three Space” and “Three Lines” planning are considered, the land 

suitability evaluation for the “Multiple-plan integration” planning should focus on three specified 

uses, including agriculture, construction, and conservation.  

When the second and third questions are considered together, evaluating land suitability 

for a specified use has been regarded as a multi-criteria evaluation (MCE) problem (Carver, 1991; 

Eastman, 2015; Joerin, 2001; Liu, Frazier, Kumar, Macgregor, & Blake, 2006; Malczewski, 

2004; Pereira & Duckstein, 1993; Rossiter, 1996; Satty, 2008). Two critical issues in a MCE 

problem are how to establish the multiple criteria for the evaluation and what methods can be 

utilized for the multi-criteria evaluation. When it comes to the land suitability evaluation for the 

“Multiple-plan integration” planning, the multiple criteria should incorporate a wide range of 
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physical and socio-economic factors relevant to the land suitability for agriculture, construction, 

and conservation. Much related research on land suitability evaluation for agriculture, 

construction, and conservation have been done both in China and other countries. The 

establishment of the land suitability evaluation criteria for the “Multiple-plan integration” 

planning should be based on a critical review of this research. Meanwhile, a variety of MCE 

methods have been developed and applied to land suitability evaluation, including Boolean 

overlay, weighted linear combination (WLC), the Analytical Hierarchy Analysis (AHP), Fuzzy 

logic methods, and artificial neural networks (ANNs) (Carver, 1991; Eastman, 2015; Joerin, 

2001; Liu et al., 2006; Malczewski, 2004; Pereira & Duckstein, 1993; Rossiter, 1996; Satty, 

2008). Their applicability, advantages, and limitations need to be compared.   

The primary objective of this chapter is to establish the land suitability evaluation criteria 

for China’s county-level “Multiple-plan integration” planning. Meanwhile, MCE methods for 

land suitability evaluation are reviewed, and their characteristics and applicability are discussed. 

The established criteria were applied to a case study of land suitability evaluation in Dongxihu 

District of Wuhan City to test their applicability.  

The remainder of this chapter is structured as follows. Section 2.2 conducts a review of 

related research on land suitability for agriculture, construction, and conservation, respectively, 

and establishes the land suitability evaluation criteria for China’s county-level “Multiple-plan 

integration” planning. Section 2.3 reviews MCE methods that have been used for land suitability 

evaluation and discusses their characteristics and applicability. Section 2.4 conducts a case study 

of land suitability evaluation in Dongxihu District of Wuhan City with the criteria established in 

Section 2.2. Section 2.5 concludes and discusses the chapter.  
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2.2 Criteria for Land Suitability Evaluation  

2.2.1 Land Suitability Evaluation for Agriculture  

Land evaluation for agriculture often focuses on physical characteristics of land and soil 

quality and considers the socio-economic context as well. For example, the land evaluation 

framework proposed by the Food and Agriculture Organization of the United Nations (FAO) 

emphasizes landforms, soils, vegetation, climate and the social-economic context in agricultural 

land evaluation (Food and Agriculture Organization of the United Nations, 1976, 1993, 2007). 

The agricultural land evaluation and site assessment system (LESA) developed by the US Soil 

Conservation Service (SCS) involves two parts: (1) Land Evaluation (LE) rates the soils for 

agricultural activity; (2) Site Assessment (SA) identifies factors other than soils important for the 

quality of a site for agricultural utilization, such as land use structure, land use adjacent to the site, 

farm size, agricultural support system, distance to urban areas, distance to the central water-

distribution system, compatibility with the regional comprehensive plan, transportation 

conditions, etc. (USDA & SCS, 1983). Another computer-based decision support system for land 

evaluation, MicroLEIS, was designed for supporting agro-ecological decision making in the 

Mediterranean region. It selects three aspects of land attributes for agricultural land evaluation, 

including site or soil factors, climate factors, and crop management factors (De la Rosa et al., 

2004).  

Since the 1970s, Chinese researchers started the research of agricultural land evaluation 

by following the FAO framework. China’s Second National Soil Survey from 1979-1985 

evaluated soil productivity of agricultural land and classified the agricultural land in China into 

eight classes based on soil productivity (Office of National Soil Survey, 1979, 1998). Meanwhile, 

soil and land researchers in Chinese Academy of Sciences (CAS) completed the 1:1,000,000 

Land Resource Classification Map in China by following the FAO framework but supplementing 

land capability analysis (Shi, 1991). In 2003, the Chinese government officially issued the 
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Guideline for Agricultural Land Classification and the Guideline for Agricultural Land Grading 

as national instructions for land evaluation (Peng, Jiang, Liu, & Zhang, 2005).  

Currently, agricultural land evaluation in China mainly follows two frameworks (Gao & 

Ma, 2002; Peng et al., 2005). One is to evaluate agricultural land based on the estimated crop 

productivity, which is particularly to serve the objective of land productivity improvement. The 

factors considered in this framework include physical conditions (landform, climate, hydrology, 

biology, etc.), soil conditions, drainage and irrigation systems, and fertilizer levels (Ding, 2000; 

Gong, Wang, Cai, & Wang, 2015; Jia et al., 2009; Ke, Rong, & Han, 2011). The other framework 

follows the Guideline for Agricultural Land Classification and Grading. It makes a 

comprehensive assessment of the physical, current use and input-benefit conditions of land and 

evaluates land suitability based on a nationwide comparison (Shao, Wei, & Xie, 2005; Zhao & 

Zheng, 2008). Both frameworks emphasize physical, soil, and land use factors while 

underestimating location and policy factors relevant to agricultural land suitability.   

Based on the criteria used in previous research and consideration of additional location 

and policy factors, the criteria and factors that should be included for evaluating land suitability 

for agriculture to serve China’s county-level “Multiple-plan integration” planning are 

summarized in Table 2-1.  
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Table 2-1 Criteria for evaluation of land suitability for agriculture 

Criteria/Factors References 

Topography elevation, slope ,aspect De la Rosa et al., 2004; 

Ding, 2000; Food and 

Agriculture Organization of 

the United Nations (FAO), 

1976, 1993, 2007; Gao & 

Ma, 2002; Gong et al., 

2015; Jia et al., 2009; Ke et 

al., 2011; Office of 

National Soil Survey, 1998, 

1979; Peng et al., 2005; 

Shao et al., 2005; Shi, 

1991; USDA & SCS, 1983; 

Zhao & Zheng, 2008 

 

Hydrology groundwater depth 

Soil productivity soil organic content, soil N content, active P (P2O5) 

content, active K (K2O) content, soil PH value, top soil 

depth, texture of soil 

Land use/cover Land use/cover type 

Drainage and 

irrigation system 

drainage system, irrigation system 

Location adjacent land use, distance to urbanized area (urban 

center /township center), distance to current 

construction land, distance to main roads 

Planning/policy 

compatibility 

planned use in urban and rural comprehensive 

planning, 

planned use in city-level land use planning, 

planned use in county-level land use planning 

 

2.2.2 Land Suitability Evaluation for Construction 

Based on the characteristics of the study area, Chinese studies on land suitability 

evaluation for construction can be classified into three categories, including construction 

suitability evaluation in urban areas, rural areas, and ecologically-sensitive areas, such as 

mountainous and reservoir areas (Chen, 1983; Fu et al., 2009; Guo, Liao, & Xu, 2012; He et al., 

2011; Li et al., 2012; Ni & Liu, 2015; Qi, Liao, Xu, & Ni, 2015; Shuang et al., 2014; Wu et al., 

2013; Yin et al., 2013; Zhang & Lv, 2010; Zhang et al., 2015; Zhang et al., 2013) 

In recent years, spatial development suitability evaluation has been a heated topic in 

China. It evaluates a region’s suitability for development based on the resource and 

environmental carrying capacity, as well as the economic conditions and potentials (Chen, Chen, 

& Lv, 2009; Chen, Sun, Duan, & Chen, 2006; Ding, Chen, & Chen, 2008; Qi & Gu, 2010; Yu, 

Zhang, Liang, & Zhuang, 2015).  Yu et al. (2015) analyzed the similarities and differences 

between spatial development suitability evaluation and land suitability evaluation for 

construction. Spatial development suitability evaluates whether or not an area is suitable to be 
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developed as an industrial or urban area. Land suitability for construction evaluates whether or 

not a land unit is suitable to be used for construction activities. Because the main land use type in 

an urban or industrial area is construction, some criteria employed in the two evaluations can be 

shared. However, the two evaluations are implemented at different spatial scales. Spatial 

development suitability evaluation usually takes a watershed or a city as the study area, and a 

county-level division or a township as the basic evaluation unit. Land suitability evaluation for 

construction usually takes a city/county as the study area and a land parcel/unit as the basic 

evaluation unit. Therefore, some factors that have been used in the spatial development suitability 

evaluation are not applicable to land suitability evaluation for construction, such as industrial 

structure, labor force structure, employment rate, since these factors are difficult to be assessed at 

the land parcel or land unit level.  

Based on a summary of the criteria that have been employed in previous land suitability 

evaluations for construction or spatial development suitability evaluation, this research 

establishes the criteria in Table 2-2 for evaluating land suitability for construction to serve 

China’s county-level “Multiple-plan integration” planning. The following issues have been 

considered in establishing the criteria. First, both the differences and interactions between the 

rural and urban areas in China’s county-level divisions have been recognized. Second, factors that 

reflect public service accessibility have been incorporated, such as school or health-care facility 

accessibility. These factors were often overlooked or underestimated in previous research. 

Finally, data accessibility to implement the criteria has been considered. Some criteria that are 

difficult to be assessed at the land parcel level have not been incorporated, such as industrial 

structure, labor force structure and employment rate.  

 

 

 



 

35 

 

Table 2-2 Criteria for evaluation of land suitability for construction 

Criteria/Factors References 

Physical 

factors 

Topographical factors 

elevation, slope, landform 

Chen et al., 2009; 

Chen, 1983; Chen et 

al., 2006; Ding et al., 

2008; Fu et al., 

2009; Guo et al., 

2012; He et al., 

2011; Li et al., 2012; 

Ni & Liu, 2015; Y. 

Qi & Gu, 2010; Z. 

Qi et al., 2015; 

Shuang et al., 2014; 

Wu et al., 2013; Yin 

et al., 2013; Yu et 

al., 2015; D. Zhang 

& Lv, 2010; Zhang 

et al., 2015; Zhang et 

al., 2013 

 

 

Geological factors 

subgrade bearing capacity, distance to areas prone to geological 

hazards (earthquake, landslide, dilapidation, debris flow, land 

subsidence) 

Hydrological factors 

groundwater depth/abundance, distance to river, lake and 

reservoir, flood zone 

Socio-

economic 

factors 

Location and transportation 

distance to metropolitan/large cities, distance to county urban 

center, distance to township center, distance to planned central 

village, distance to agricultural land; 

distance to highway entrance, distance to 

national/provincial/county road, distance to railway station, 

distance to long-distance bus terminal, distance to metro 

entrance 

Economic conditions 

GDP per capita, land output, fiscal revenue, average income 

Accessibility to public service facility 

distance to (primary/secondary) schools, distance to 

hospital/clinics 

Land use 

land use type, construction land percentage, settlement scale 

Ecological 

factors 

Protected areas 

natural reserve zone, forest park, scenic site, historical site, 

wetland 

 

 

2.2.3 Land Suitability Evaluation for Conservation 

With the economic development, industrialization, and urbanization process, a wide 

range of ecological issues have emerged in China, especially in urban and ecologically sensitive 

areas. Both the Chinese government and academic communities have realized the importance of 

identifying ecologically sensitive or significant areas and protecting them in planning.  

China’s central government has incorporated ecological considerations into the guideline 

for the third-round land use planning in 2005 (Yu, 2008). The Guideline for County-level General 

Land Use Planning (2010) in China officially requests county-level land use planning to set the 
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zones for environmental risk control in Land Utilization Zoning (LUZ) (Ministry of Land and 

Resources of the PRC, 2010). The guideline lists five types of environmental risk control zones: 

lake, river and flooding zone, threatened coastal zone, important water source zone, geological 

hazards threatening zone, and other environmental risk control zone.  

In 2015, the Ministry of Environmental Protection of China published the Technique 

Guideline for Delimiting Ecological Red Line, which provides technical instructions for 

delineating the Ecological Red Line in ecologically significant areas, ecologically sensitive areas 

and development forbidden areas (Ministry of Environmental Protection of the PRC, 2015) 

Planning the Basic Ecological Control Lines (BECLs) is one of local government’s 

efforts to protect urban ecological resources (Cui, 2012; Sheng, 2010; Wang, Wang, & Zhou, 

2014; Zhou, 2011). In BECLs planning, the zones protected by the BECLs are planned as the 

Basic Ecological Control Zones (BECZs). The land inside the BECZs is considered to be 

ecologically sensitive or significant and expected to be protected from construction activities. 

Shenzhen first issued the Management of Basic Ecological Control Line in 2005 (Sheng, 2010). 

Then, many other Chinese cities, such as Guangzhou, Dongguan, Wuxi, and Changzhou, Wuhan 

and Changsha, followed Shenzhen’s step to make BECLs planning (Cui, 2012; Wang et al., 2014; 

Zhou, 2011). In the BECLs planning of these cities, BECZs often include the following areas: 

water source area, scenic and cultural site, natural conservation area or natural habitat, basic 

farmland protection zone, forests or forest park, ecological corridor, important 

rivers\reservoirs\wetland and their buffer, island and coastal land, roadside greenspace or urban 

greenbelt, mountainous or forest region with steep slopes, high elevation area, and other 

ecological zones.  

Except for the Chinese government, the academic communities in China have also made 

great efforts to establish the criteria for evaluating ecological sensitivity and identifying 

ecologically sensitive or significant areas for conservation. Scholars have not only focused on 
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criteria establishment, but also done empirical studies within areas of multiple scales, such as a 

county, city or watershed (Cao & Liu, 2010; Dong et al., 2015; Lu & Shen, 2012; She, Zhou, Liu, 

Shen, & Mao, 2012; Shen, Xu, Liu, Li, & Qian, 2011). For instance, Cao and Liu (2010) selected 

five criteria to evaluate ecological sensitivity in Shanghai, including rivers and lakes, historical 

sites and forest parks, geological disasters (urban land subsidence), soil pollution, and land use. In 

evaluating the ecological sensitivity in Lijiang, a tourism city in Southwest China, Dong et al. 

(2015) focused on three factors: hydrology, noise pollution, and forest fires. To identify 

ecologically sensitive areas in Nantong City, Lu and Shen (2012) classified the ecologically 

sensitive areas into three types according to their geometry, including point areas of the water 

source, line areas of rivers or ecological networks, and polygon areas of urban green land. Shen et 

al. (2011) established a comprehensive system for urban ecological sensitivity evaluation, and 

took a case study in the Songjian Lake District in Changzhou City; the evaluation system 

integrates ecological sensitivity, ecological value and spatial pattern to identify ecologically 

sensitive areas.  

Based on a review of the criteria used for evaluating ecological sensitivity or identifying 

ecologically sensitive or significant areas in previous planning guidelines or research articles, this 

research establishes the criteria in Table 2-3 for land suitability evaluation for conservation to 

serve the “Multiple-plan integration” planning. 
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Table 2-3 Criteria for evaluation of land suitability for conservation 

Criteria 

 

References 

 

 

 

 

 

 

Hydrology  

Water source 

protection area 

 

primary water source protection area 

river: 1000 m upstream of the intake, 100 m 

downstream of the intake, 50 m buffer of the 

river 

lake or reservoir: 300-500 m buffer of the 

intake 

Cao & Liu, 2010; Cui, 

2012; Dong et al., 

2015; Lu & Shen, 

2012; Ministry of 

Environmental 

Protection of the PRC, 

2007, 2015; Ministry 

of Land and Resources 

of the PRC, 2010; She 

et al., 2012; Shen et 

al., 2011; Sheng, 2010; 

Wang et al., 2014; 

Zhou, 2011 

secondary water source protection area 

river: 2000 m upstream of the intake, 200 m 

downstream of the intake, 1000 m buffer of 

the river 

lake or reservoir: 2000 m buffer 

River, lake, 

reservoir and 

their buffer zone 

main river: 300 m buffer 

ordinary river, lake, and reservoir: 100 m 

buffer 

Flood zone  

 

 

Geology  

Areas prone to 

geological 

hazards 

high elevation area, areas with steep slopes 

(>25°), fault lines and their buffer; 

karst areas, areas with severe land 

subsidence (> 30 mm/year) 

 

Land 

use/cover 

Wetland and 

waterbodies 

 

Green space  forest park, 

ecological corridor, 

roadside greenspace, 

urban greenbelt  

Other 

protected 

areas  

Natural 

conservation 

area/ natural 

habitat 

 

Scenic or 

cultural site 

 

 

 

2.3 Multi-criteria Evaluation (MCE) Methods 

Evaluating land suitability for a specified use have been regarded as a multi-criteria 

evaluation (MCE) problem (Carver, 1991; Eastman, 2015; Joerin, 2001; Liu et al., 2006; 

Malczewski, 2004; Pereira & Duckstein, 1993; Rossiter, 1996; Satty, 2008). After the criteria for 
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evaluation have been established, two problems need to be resolved to finish the land suitability 

evaluation: how to rate each criterion and how to aggregate the multiple criteria. This section 

introduces and discusses MCE methods for solving the two problems respectively. 

2.3.1 Single-criterion Rating Methods 

There are two types of logic used to rate a single criterion as for the land suitability level: 

Boolean logic and fuzzy logic. Boolean logic assumes that there exist natural cut-offs/thresholds 

between two suitability classes. Given a class, an individual either belongs to the class or is out of 

the class. Fuzzy logic, in contrast, uses a partial membership to reflect the possibility that an 

individual belongs to a predefined class. When an individual strictly matches a defined classes, it 

is assigned a membership of 1; otherwise, it will be assigned a membership between 0 and 1 

based on the membership functions (MFs) to reflect its closeness to the predefined class 

(Davidson, Theocharopoulos, & Bloksma, 1994; Malczewski, 2004). The popularly applied MFs 

include the multi-section linear function, the sigmoidal (S-shaped) membership function, and the 

J-shaped membership function (Eastman, 2015). Compared to Boolean logic, fuzzy logic 

considers continuous variations of geographical phenomena and uncertainties in decision making. 

However, when fuzzy logic is followed, the land attribute has to be measured with continuous 

numeral values. But, many land attributes can only be evaluated qualitatively, which makes it 

infeasible to implement the fuzzy logic evaluation.  

2.3.2 Rational Planning Approach 

Rational planning is a popularly applied planning approach. It advocates a systematic 

forward progression from goal setting to implementation and back again through a feedback loop. 

It comprises the basic components of objectives, information, alternatives, impact assessment, 

and evaluation. Rational planning emphasizes taking advantages of available data, information, 

analytical methods and modeling efforts to estimate rational land use alternatives (Kaiser et al., 

1995). The land use planning framework proposed by the Food and Agriculture Organization of 
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the United Nations (FAO) is a typical example of the rational planning approach (Food and 

Agriculture Organization of the United Nations, 1993). According to the rational planning 

framework, there are two basic tasks to generate planning alternatives: land suitability evaluation 

and land allocation (Food and Agriculture Organization of the United Nations, 1993; Kaiser et al., 

1995). Several multi-criteria evaluation systems, models, and tools have been developed to 

handle the two tasks with different planning goals (BC Ministry of Agricultural and Lands, 2007; 

De la Rosa, Mayol, Diaz-Pereira, Fernandez, & de la Rosa, 2004; Eastman, 2015; McHarg & 

Mumford, 1969; The Ministry of Construction and Transportation of South Korea, 2002) 

McHarg (1969) proposed a list of over 30 factors from 8 aspects to evaluate land 

suitability for natural use, production use, and urban use, including climate, geology, 

physiography, hydrology, soils, vegetation, wildlife habitats, and land use. In Canada, the 

province of British Columbia issued the Guidelines for economic and environmental assessment 

(SEEA) for land use and resource management planning (BC Ministry of Agricultural and Lands, 

2007). It outlines six categories of implications and indicators for SEEA, including economic 

development, provincial government finances, social implications, aboriginal implications, net 

economic value, and the environment. The National Land Planning and Utilization Act of South 

Korea introduced the Land Suitability Assessment (LSA) system to assess developmental or 

conservation suitability of land parcels for future use (Ministry of Construction and 

Transportation of South Korea, 2002). It provides a list of factors to reflect physical, regional and 

spatial characteristics of land and suggests a rating scheme for each factor. As for the planning 

tools, Geographic Information System (GIS) has been increasingly applied to support planning 

decision making by following the rational planning approach. For example, the Decision Support 

module in the IDRISI GIS software is well suited for land suitability evaluation, while the MOLA 

module is designed particularly to solve multi-objective land allocation problems (Eastman, 

2015).  
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GeoDesign, widely introduced during the 2009 Annual ESRI International User 

Conference in San Diego, California, has been regarded as an evolutionary step both in the GIS 

and planning fields. According to Jack Dangermond (2009) , the CEO of ESRI, “GeoDesign 

takes an interdisciplinary, synergistic approach to solving critical problems and optimizing 

location, orientation, and features of projects both local and global in scale; it starts by 

incorporating all the geographic knowledge - information, measurements, and analytic models - 

and plugging it into a new interactive process where one can design alternatives and get 

geography-based feedback on the consequences of these designs right away.” GeoDesign, by 

emphasizing data, information, knowledge and modeling efforts in planning, generally follows 

the rational planning framework. However, it also recognizes the disagreements between 

stakeholders, the difficulties to get the optimal decision, and the uncertainties of decisions; it tries 

to deal with these issues through a feedback loop of modifying objectives, constraints, and data as 

the process proceeds (Goodchild, 2010). 

2.3.3 Multi-criteria Aggregation Methods 

The methods for aggregating the multiple criteria for MCE can be classified into two 

categories based on whether the trade-off between the multiple criteria is enabled (Malczewski, 

2004; Triantaphyllou, 2000). 

One category of methods does not enable any trade-off between the multiple criteria. 

Boolean overlay is such a method. It aggregates the binary layers with OR/AND operations 

(Malczewski, 2004). The (OR) Boolean overlay method has been popularly employed in 

evaluating land suitability for conservation (Cao & Liu, 2010; Cui, 2012; Dong et al., 2015; She 

et al., 2012; Wang et al., 2014; Zhou, 2011). For each criterion, all land units will be evaluated 

with 1 or 0 depending on whether or not they fulfill the specific criterion to derive a binary layer. 

The multiple binary layers will then be overlapped. Once a land unit fulfills one of the multiple 

criteria, it will be evaluated as suitable for protection or conservation. This method can strictly 
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protect ecologically significant or sensitive areas from other uses. However, Boolean overlay has 

rarely been used for land suitability for agriculture or construction, because most socio-economic 

factors are not appropriate to be evaluated with binary layers. 

Another category of methods allows the trade-off between the multiple criteria by 

assigning a weight to each criterion. The weight can be assigned based on a priori knowledge or a 

mechanism of learning by examples.  

For instance, weighted linear combination (WLC) linearly combines the multiple criteria 

by multiplying each criterion with a user-supplied weight (Malczewski, 2004; Triantaphyllou, 

2000). In the Analytical Hierarchy Analysis (AHP), the multiple criteria are pairwise compared 

against each other to derive the priority scales based on expert’s knowledge. The comparisons are 

then processed mathematically, and the weight for each criterion is derived. Finally, the multiple 

criteria are linearly combined by multiplying their corresponding weights (Satty, 2008). WLC and 

AHP have been popularly applied to land suitability evaluation because of their advantages of 

integrating expert knowledge with quantitative analysis and ease of use (Fu et al., 2009; Li et al., 

2014; Qi et al., 2015; Wu et al., 2013; Zhang et al., 2015; Ke et al., 2011). Both WLC and AHP 

require a priori knowledge for the weight assignment to multiple criteria. However, WLC 

requires the decision-makers to assign an exact weight to each criterion. It is hard for them to 

make rational decisions especially when many criteria have to be considered. In AHP, the weights 

are assigned based on pairwise comparisons of the criteria, so it is more likely for decision-

makers to make reasonable decisions.   

Artificial neural networks (ANNs) provide a mechanism of learning by examples and 

adapt to new conditions not necessarily based on a priori knowledge. ANNs are derived from a 

simulation of the human brain, by which artificial neutrons are joined by a series of 

interconnected weights, and the way these neurons are connected determines the structure of a 

neural network (Liu & Jiao, 2002; Liu & Jiao, 2005; Zhou & Civco, 1996). When ANNs are used 
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for land suitability evaluation, training data with both single-criterion evaluation layers and 

desirable land suitability evaluation results are required. A training procedure is implemented 

with the training data to determine the appropriate connection strengths (weights) to make the 

network produce the desired output pattern. Then, a recall procedure will apply the trained 

network to land suitability evaluation across the whole evaluation area. One difficulty of 

employing ANNs for land suitability evaluation is that the training data is often not available. For 

instance, such training data is not available for the “Multiple-plan integration” planning. 

Based on the characteristics of above MCE methods and the requirements of the land 

suitability evaluation for the “Multiple-plan integration” planning, we suggest the WLC and AHP 

for land suitability evaluation for agriculture or construction and the (OR) Boolean overlay 

method for land suitability evaluation for conservation.  

 

2.4 Case Study 

2.4.1 Study Area and Data 

Dongxihu District is a county-level division in Wuhan City, China, with a total area of 

496 km2. It is the suburban area of the Wuhan metropolitan. The district is comprised of ten 

townships, including Wujiashan, Jiangjunlu, Jinyinhu, Jinghe, Cihui, Boquan, Dongshan, 

Xin’andu, Xingou, and Zoumaling. Wujiashan is the urban, socio-economic and political center. 

The urban area is mainly in the townships of Wujiashan, Jiangjunlu, Jinyinhu and Jinghe. 

Jinggang’ao Highway, Hurong Highway and National Road 107 cross the area.  
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Figure 2-1. Location of Dongxihu District of Wuhan City 

 

The study area is represented by grids, and each grid represents a 100m*100m land unit 

in real-life. This grid representation is based on the fact that land use data accessible at China’s 

county level is often with the scale of 1: 10000 or lower. The land use data used for the case study 

were obtained through the combination and reclassification of two datasets: the GlobelLand30 

land cover data (30 m resolution) published by the National Geomatics Center of China, and the 

1: 10000 land use map (2010) provided by the Department of Land, Resource and Planning of 

Dongxihu District.  

Other physical, socio-economic and planning data used for the case study and their 

sources are listed in Appendix A. The basic statistical unit of the population data is a community 
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or an administrative-village. The basic statistical unit of the economic data including the land 

output, average income, and fiscal revenues, is a township.  

 

2.4.2 Land Suitability Evaluation Criteria and Methods 

Based on the criteria established in Section 2.2, as well as the local contexts and data 

availability, this section establishes the criteria for the land suitability evaluation in Dongxihu 

District of Wuhan City. The criteria used for evaluating land suitability for agriculture, 

construction, and conservation in the case study area are listed in Table 2-4, Table 2-5, and Table 

2-6, respectively. 

 

Table 2-4 Criteria for evaluation of land suitability for agriculture in Dongxihu District of Wuhan 

City 

Goal Level-1 criteria Level-2 criteria 

 

 

 

 

 

 

 

 

 

 

Land 

suitability for 

agriculture 

Topography  

 

Elevation   

Slope         

Aspect       

Soil productivity  

Land cover/use   

Drainage and irrigation 

system 

 

 

Location Land use adjacent to site             

Distance to urban area (urban center/township center)     

Distance to current construction land     

Distance to main roads    

 

Planning/policy 

compatibility  

 

Planned use in Land use comprehensive planning of 

Wuhan (2006-2020)      

Planned use in Urban comprehensive planning of 

Wuhan(2010-2020)       

Planned use in Land use planning of Dongxihu 

District(2006-2020)        
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Table 2-5 Criteria for evaluation of land suitability for construction in Dongxihu District of 

Wuhan City 

Goal Level-1 criteria Level-2 criteria Level-3 criteria 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

land suitability for 

construction 

Physical factors Topography Elevation 

slope 

landform 

Hydrology Distance to River, Lake, and 

reservoir 

Land cover/use   

Socio-economic 

factors 

Population Population density 

Economy Average income 

Standardized land output 

Fiscal revenue of township 

government 

Transportation Distance to highway entrance 

Distance to national/provincial 

road 

Distance to county road 

Distance to metro entrance 

Accessibility to public 

service  

Distance to the closest hospital 

Distance to the closest 

primary/secondary school 

Location Distance to Wuhan central city 

Distance to the urban center of 

Dongxihu District 

Distance to the closest township 

center 

Distance to planned central 

village 

Ecological factors Protected areas 

(including prime 

farmland, Jinyinhu 

national urban wetland 

park, Fuhe wetland 

park, Boquan historical 

site) 
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Table 2-6 Criteria for evaluation of land suitability for conservation in Dongxihu District of 

Wuhan City  

 

 

 

 

 

 

 

 

 

 

 

Criteria Criterion specification  

Hydrology water source protection area 1000 m upstream of the intakes, 300 m 

downstream of the intakes (including 

three water intakes: Xihu Water Plant, 

Baiheju Water Plant, Wushidun Water 

Plant) 

river, lake, reservoir and 

their buffer zone 

Han River and its 300m buffer 

other rivers, lakes and reservoirs and 

their 50m buffer 

Geology  areas prone to geological 

hazards 

high elevation area (>40m) 

area with steep slopes (>16°) 

Land cover and land use wetland and waterbody  

urban green space  forest/ grassland 

roadside greenspace: 

highway (50m) 

national road and provincial road (30m) 

railway (30m) 

urban ring road (30m) 

Other protected area  natural conservation area, 

historical sites 

Jinyinhu national wetland park, Fuhe 

wetland park, Boquan ecological tourism 

zone 
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The land suitability for agriculture and construction were evaluated through the AHP 

method assisted with the knowledge of local experts (Satty, 2008).  The following paragraph 

takes the land suitability evaluation for agriculture as an example to illustrate how the AHP 

method works.  

The land suitability evaluation for agriculture is based on a 3-level hierarchical system 

including the goal, the Level-1 criteria, and the Level-2 criteria (Table 2-4). The Level-2 criteria 

are the basic-level criteria. For each criterion in the basic-level or Level-1 but without any sub-

level criteria (such as soil productivity), all land units were rated with a 5-grade scheme 

developed based on literature survey and local contexts. A higher grade indicates that the land 

unit is evaluated more suitable for agricultural use as for the specific criterion. The Level-1 

criteria were pairwise compared as for their importance and contribution to the goal, while the 

Level-2 criteria were pairwise compared as for their importance and contribution to the 

corresponding Level-1 criteria. For instance, elevation, slope, and aspect were pairwise compared 

as for their importance and contribution to the topography criterion. A questionnaire survey was 

conducted by asking local experts to make pairwise comparison of the multiple criteria. The 

weights assigned to the criteria were derived based on the pairwise comparison and the 

mathematical calculation method developed by Satty (2008). All Level-2 criteria under the same 

Level-1 criterion were linearly combined by multiplying their corresponding weights to derive the 

evaluation value for the Level-1 criterion. After all evaluation values of the Level-1 criteria have 

been obtained, they were linearly combined by multiplying their corresponding weights to derive 

the land suitability value for agriculture.  

The land suitability evaluation for construction follows the similar procedure, but the 

hierarchical system includes four levels (Table 2-5). The Level-3 criteria are the basic-level 

criteria.  
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The detail information about the questionnaire that asks local experts make comparisons 

of the multiple criteria, the rating scheme of each criterion, and the weighting scheme between 

the multiple criteria can be found in the Appendix B. The land suitability level of each cell for a 

specified use was finally normalized to the range [0, 1] through dividing it by the highest 

suitability level of all cells for the same use in the whole area. A cell with a higher suitability 

value is evaluated more suitable for a specified use. The land suitability maps for agriculture and 

construction are shown in Figure 2-2(a) and Figure 2-2(b), respectively.  

The land suitability for conservation was assessed through the (OR) Boolean overlay 

method. For each criterion in Table 2-6, all land units were rated with binary values: if the land 

unit met the specific criterion, it was rated with 1; otherwise, it was rated with 0. After all criteria 

have been assessed, the binary layers were overlapped with an OR operation. This means that 

once a land unit met one or more criteria, it was evaluated suitable for conservation. The land 

suitability map for conservation is shown in Figure 2-2(c). A cell with a higher suitability value is 

evaluated more suitable for conservation.  

2.4.3 Land Suitability Evaluation Results 

Globally, the land suitability level for construction decreases from the southeast to the 

northwest in the study area. The current urban area and its peripheral area are evaluated more 

suitable for construction. These areas are mainly distributed in the townships of Wujiashan, 

Changqing, Cihui, Jinyinhu, and Jiangjunlu. These townships, on the one hand, are closer to the 

Wuhan central city. On the other hand, they are surrounding Wujiashan, the center of Dongxihu 

District. Moreover, township centers and their surrounding areas have also been evaluated higher 

suitable for construction, especially for the townships of Dongshan and Xingou. The land 

suitability evaluation map suggests future development in the current urban peripheral area or 

surrounding the township centers of Dongshan and Xingou. 



 

50 

 

In contrast, the land suitability level for agriculture decreases from the northwest to the 

southeast in the study area. This trend is opposite to that in the land suitability map for 

construction. The land with higher suitability for agriculture is mainly distributed in the 

townships of Dongshan, Xin’andu, Xingou, and Zoumaling. 

In the land suitability map for conservation, the areas that are evaluated suitable for 

conservation mainly include the Han River and its buffer zone, lakes and other water bodies, the 

Boquan historical site, urban ecological parks (including Jinyinhu national wetland park and Fuhe 

wetland park), and roadside green space. These areas take 35.6% of the study area. However, it is 

impossible to protect all these areas from being developed, since the “Multiple-plan integration” 

planning also needs to consider the planning goals of agricultural land preservation and urban and 

rural development. Therefore, whether an area should be finally planned for conservation depends 

on a comprehensive analysis of its significance for all three uses including agriculture, 

construction, and conservation.  

 

Figure 2-2. Land suitability evaluation results in Dongxihu District of Wuhan City: (a) Land 

suitability map for agriculture, (b) Land suitability map for construction, and (c) Land suitability 

map for conservation 

 



 

51 

 

2.5 Conclusion and Discussion 

This chapter focuses on the land suitability evaluation task for the “Multiple-plan 

integration” planning at China’s county level. The criteria for evaluating land suitability for 

agriculture, construction, and conservation have been established by considering the planning 

goals of managing urban and rural development, preserving agricultural land, and protecting 

ecological resources, the task of planning the “Three Lines” and “Three Spaces,” and the criteria 

used in previous research.  

The established criteria have been applied to Dongxihu District of Wuhan City for land 

suitability evaluation with the MCE methods of AHP and Boolean Overlay. Rational land 

suitability maps have been produced in the case study. The land suitability evaluation maps 

cannot be directly used as the planning maps for the “Multiple-plan integration” planning, 

because they fail to consider the multiple planning goals simultaneously. However, they provide 

necessary information for the land allocation task. They help planners get a general idea of how 

the different land uses should be spatially allocated and which areas should be protected or 

developed.   

This chapter establishes the criteria for land suitability evaluation based on the 

requirements of the “Multiple-plan integration” planning and the situations and data accessibility 

in China’s county-level divisions. However, the criteria will not work equally to all county-level 

divisions. When it comes to a specific planning area, some criteria may be omitted or replaced 

because of the lack of data, and extra criteria may be supplemented concerning the local contexts. 

For instance, in the case study of Dongxihu District, the criterion of groundwater depth was not 

considered in the land suitability evaluation for agriculture because we could not obtain 

appropriate data. The geological factors were not incorporated in the land suitability evaluation 

for construction because the geological environment of the study area is stable. The distance to 

train stations or long-distance bus terminals were not used in the evaluation because railway and 
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long-distance bus are not important for passenger and freight transport in the study area. 

Nevertheless, these criteria that have not been used in the case study may be critical for other 

planning areas. When the highly different physical and socio-economic background is considered, 

it is impossible to provide a collection of fixed criteria that works for all county-level divisions in 

China for land suitability evaluation. However, this research provides a framework for criteria 

selection in land suitability evaluation for the “Multiple-plan integration” planning. The 

framework makes it easier for planners to identify the criteria that work or do not work for the 

local contexts and then establish the applicable criteria.  

In the case study of Dongxihu District, statistical data for some socio-economic criteria 

are only available at the township or community level, such as land output, average income, fiscal 

revenue, while the basic unit for the land suitability evaluation is a square area of 100m*100m. 

The grid representation of land units makes it convenient to do the overlay analysis of the 

multiple criteria. However, the inconsistency between the statistical unit and the land evaluation 

unit may bring problems to the land suitability evaluation. In our case study, the land units within 

a township or community were rated with the same suitability grade as for these socio-economic 

criteria, and lower weights were assigned to these criteria in the multi-criteria evaluation. This is 

a compromise method based on the currently available data. To better incorporate the socio-

economic characteristics of land into the land suitability evaluation, on the one hand, we would 

prefer more statistical data at the local level. On the other hand, the techniques that better project 

the statistical data to the grid representation of land units need to be developed, since the 

statistical unit cannot exactly match the land evaluation unit.  
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Chapter 3 

A Comparison of Three Heuristic Optimization Algorithms for Solving 

the Multi-objective Land Allocation (MOLA) Problem 

 

Abstract:  

Multi-objective land allocation (MOLA) can be regarded as a spatial optimization 

problem that allocates appropriate use to specific land units with respect to some objectives and 

constraints. Simulating annealing algorithm (SA), genetic algorithm (GA), and particle swarm 

optimization algorithm (PSO) have been popularly applied to solve MOLA problems, but their 

performance has not been well evaluated. To evaluate their performance and identify the 

improvement directions, this chapter applies them to a simplified MOLA problem that aims to 

maximize land suitability and spatial compactness and minimize land conversion cost subject to 

the target number of units allocated for each use. Their performance is evaluated based on the 

solution quality and the computational cost. The results demonstrate that: (1) GA performs best 

among the three algorithms. It consistently achieves quality solutions that satisfy both the 

objectives and the constraints, and the computational cost is lower. (2) The popular penalty 

function method does not work well for SA in handling the constraints. Effective constraint 

handling methods need to be developed for SA. (3) The solution quality of PSO needs to be 

improved. Techniques that better adapt PSO for discrete variables in MOLA problems need to be 

developed and applied. (4) All three algorithms take high computational costs to achieve quality 

solutions in handling the objective of maximizing spatial compactness. How to encourage 

compact allocation is a common problem for them. 
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Keywords: Multi-objective land allocation (MOLA), spatial optimization, genetic algorithm 

(GA), simulated annealing (SA), particle swarm optimization (PSO) 

 

3.1 Introduction 

Multi-objective land allocation (MOLA) is a common problem of allocating land units 

for optimal uses in the planning field. It can be treated as a spatial optimization problem with both 

spatial and non-spatial objectives (e.g., maximizing land suitability, minimizing land conversion 

cost, maximizing spatial compactness, minimizing incompatibility between adjacent units) 

subject to certain constraints (e.g., the total area of the planning space, the target area for each 

use) (Eastman, Jiang, & Toledano, 1998; Coello et al., 2007; Ligmann-Zielinska, Church, & 

Jankowski, 2008; Liu, Li, Shi, Huang, & Liu, 2012; Masoomi, Mesgari, & Hamrah, 2013).   

Due to the multiple non-concordant or conflicting objectives, a large number of possible 

solutions, and the interdependency between adjacent or proximate land units, exact optimization 

techniques, such as enumeration, linear programming, branch and bound in integer programming, 

are not feasible or appropriate to solve MOLA problems (Aerts, Eisinger, Heuvelink, & Stewart, 

2003; Duh & Brown, 2007; Ligmann-Zielinska et al., 2008; Masoomi et al., 2013; Tong & 

Murray, 2012). Heuristic optimization algorithms have been developed to produce approximate 

solutions in a reasonable time and have been found applicable to MOLA problems. However, 

they do not guarantee the optimal solution (Tong & Murray, 2012). Among these heuristic 

algorithms, simulated annealing (SA), genetic/evolutionary algorithms (GAs/EAs), and particle 

swarm optimization (PSO) are three popular families (Aerts & Heuvelink, 2002; Cao et al., 2011; 

Cao, Huang, Wang, & Lin, 2012; Duh & Brown, 2005; Duh & Brown, 2007; Lazoglou, 

Kolokoussis, & Dimopoulou, 2016; Masoomi et al., 2013; Sahebgharani, 2016; Santé-Riveira, 

Boullón-Magán, Crecente-Maseda, & Miranda-Barrós, 2008; Stewart, Janssen, & van Herwijnen, 

2004). Because of the nature of heuristic optimization algorithms, there are some prominent 
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issues and challenges when they are applied to MOLA problems, such as being trapped in local 

optima, slow rate of convergence and extremely long computation time. Each algorithm has both 

advantages and pitfalls, and none of them have been proved perfect to solve MOLA problems. An 

effective and efficient algorithm is expected to consistently achieve quality solutions within a 

reasonable computation time. It is necessary to compare their performance based on the solution 

quality and the computational cost so that decision-makers can adopt appropriate algorithm(s) in 

the future, as well as modify current algorithms to improve their performance. 

Except for the classical algorithms in the GA, SA and PSO families, some modified 

algorithms have also been developed for MOLA problems by incorporating knowledge-informed 

designations, such as the boundary-based non-dominated sorting genetic algorithm (NSGA-II), 

parallel genetic algorithm (GA), knowledge-informed Pareto simulated annealing (PSA), multi-

objective particle swarm optimization (MOPSO), and patch-level particle swarm optimization 

(PSO), etc. (Cao et al., 2012; Duh & Brown, 2007; Liu, Peng, Jiao, & Liu, 2016; Masoomi et al., 

2013; Porta et al., 2013). In this research, we focus on the classical algorithms rather than the 

modified algorithms based on the following considerations. First, the classical algorithms are 

flexibly applicable to different MOLA problems, while the modified algorithms are usually 

designed for specific MOLA problems and sometimes require extra knowledge. For instance, 

Duh and Brown (2007) designed a knowledge-informed PSA to optimize the allocation of two 

land uses in a simulated landscape planning problem. The MOPSO and boundary-based NSGA-

II, developed by Masoomi et al. (2013) and Cao et al. (2012), respectively, are suitable for 

optimizing urban land use allocation. The patch-level PSO developed by Liu et al. (2016) needs 

to incorporate knowledge-rules to guide the land transition. Second, the designation of the 

modified algorithms is based on the classical algorithms, and their performance also depends on 

that of the classical algorithms. However, how these classical algorithms perform in solving 

MOLA problems has not been well evaluated for their solution quality and computational cost. 
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Third, the evaluation of the classical algorithms will help us to answer the following questions: 

Do these classical algorithms perform well enough in solving MOLA problems? If not, what 

problems should the modifications focus on? Which classical algorithm is more promising for 

further improvement?  

This chapter aims to compare the performance of three popular heuristic optimization 

algorithms (SA, GA, and PSO) in solving a simplified MOLA problem. The three algorithms are 

applied to a simulated planning area represented with a 30*30 grid, and their performance is 

evaluated based on the solution quality and the computational cost. The remainder of this chapter 

is organized as follows. Section 3.2 gives an overview of the three algorithms; Section 3.3 

describes the data and methods used for the test; Section 3.4 presents and analyzes the results; 

Section 3.5 concludes the chapter, discusses limitations and identifies future research directions.  

 

3.2 An Overview of SA, GA, and PSO 

Simulated annealing (SA) is a single-point search technique for solving combinatorial 

optimization problems by simulating the thermodynamic process of crystallization (Aerts & 

Heuvelink, 2002; Chen, Lee, Park, & Mendes, 2007; Duh & Brown, 2007; Kirkpatrick, Gelatt, & 

Vecchi, 1983; Nourani & Andresen, 1998; Onbaşoğlu & Özdamar, 2001; Santé-Riveira et al., 

2008). It starts with a randomly generated solution at an initial temperature  𝑇0 . Then a neighbor 

is created by making a small change of the current solution. If the neighbor solution is better, it 

replaces the current solution. Otherwise, it will be accepted probabilistically. Kirkpatrick et al. 

(1983) proposed to follow the Metropolis criterion to decide the acceptance probability given by  

𝑃(∆𝐸) = exp (−
∆𝐸

𝑘𝐵𝑇
), where 𝑃(∆𝐸) is the acceptance probability, ∆𝐸 is the difference between 

the neighbor and the current solution,  𝑇 is the current temperature, and 𝑘𝐵 is Boltzmann’s 

constant.  The initial temperature 𝑇0 should be high enough to accept most transitions, and the 
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probability of accepting deteriorated solutions decreases slowly as the temperature drops. The 

cooling schedule controls how the acceptance probability decreases. The earliest cooling schedule 

decreases the temperature by multiplying a cooling factor and has been criticized for the slow rate 

in finding the near-optimal solution. Three other popular cooling schedules are Boltzmann 

(logarithmic), Cauchy and quenching (exponential), respectively (Nourani & Andresen, 1998; 

Suman & Kumar, 2006). Based on them, the temperature 𝑇𝑖 at step 𝑖 is given by  𝑇𝑖 = 𝑇0/ log 𝑖 , 

𝑇𝑖 = 𝑇0/𝑖 and 𝑇𝑖 = 𝑇0 ∗ 𝑎𝑖  (0 < 𝑎 < 1) respectively. They have been proved faster than the 

earliest cooling schedule, but suffer the risk of converging to local optima.  

Genetic algorithm (GA) is a stochastic search technique that simulates the natural 

selection process. The evolution begins with a population of solutions (individuals). Each solution 

is associated with a fitness value. The solutions compete to reproduce offspring based on their 

fitness value and through a set of operators, including selection, crossover, and mutation (Coello, 

Lamont, Van Veldhuizen, & others, 2007). A few parameters influence the performance of GA, 

including population size, crossover probability and mutation probability. Although appropriate 

parameter values depend on the problem, researchers agree that a small population size is more 

likely to result in poor solutions, while a large population size requires longer computation time; 

the crossover probability was often set between 0.8-1.0 and the mutation probability was 

suggested to be a low value, e.g., 0.01-0.3 (Grefenstette, 1986; Haupt, 2000; Hesser & Männer, 

1990). The conventional GA is suitable for solving single-objective optimization problem and has 

been criticized for the slow rate of convergence. The Non-dominated Sorting Genetic Algorithm 

(NSGA-II) was developed to solve multi-objective optimization problems, as well as to increase 

the convergence rate and improve the optimization performance (Kalyanmoy Deb, Agrawal, 

Pratap, & Meyarivan, 2000). The fundamental idea of NSGA-II is that the solutions are ranked 

based on non-domination before the selection, crossover, and mutation are operated. Compared to 

the conventional GA,  NSGA-II has been more popularly applied to MOLA problems and a few 
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modified versions have been developed (Cao et al., 2011, 2012; Lazoglou et al., 2016; Porta et 

al., 2013). Both the conventional GA and the classical NSGA-II were tested to solve the MOLA 

problem, and the performance of NSGA-II turned out to be better. Therefore, the classical 

NSGA-II is used as a representation of the GA for the following comparison. 

Particle swarm optimization (PSO) algorithm was designed by simulating the social 

behavior of bird flocking or fish schooling. It shares some characteristics of GA, by which a 

particle and the swarm can be regarded as an individual and a population, respectively. A solution 

is represented by the position of a particle. For each particle, its position is represented by a D-

dimension vector  𝑋 =  (𝑥1, 𝑥2, ⋯ 𝑥𝐷). In one iteration, each particle in the swarm updates its 

position through updating the flying velocity on each dimension, which makes the particle to 

move towards its previous best position (𝑃𝑏𝑒𝑠𝑡𝑑) and the global best position (𝐺𝑏𝑒𝑠𝑡𝑑); 

𝐺𝑏𝑒𝑠𝑡𝑑 can be the best position attained by all particles or the particles in its topological 

neighborhood (Banks, Vincent, & Anyakoha, 2007; Kitayama & Yasuda, 2006; Laskari, 

Parsopoulos, & Vrahatis, 2002; Masoomi et al., 2013; Sahebgharani, 2016). The velocity and 

position updating in one dimension can be formulated with the following equations: 

Velocity updating:  𝑣𝑑
𝑛𝑒𝑤 = 𝑤𝑣𝑑

𝑜𝑙𝑑 + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡𝑑 − 𝑥𝑑
𝑜𝑙𝑑) + 𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡𝑑 − 𝑥𝑑

𝑜𝑙𝑑) 

Position updating: 𝑥𝑑
𝑛𝑒𝑤 = 𝑥𝑑

𝑜𝑙𝑑 + 𝑣𝑑
𝑛𝑒𝑤    

Where 𝑥𝑑
𝑛𝑒𝑤 and 𝑥𝑑

𝑜𝑙𝑑 are new and old positions of the particle on dimension 𝑑, 

respectively; 𝑣𝑑
𝑛𝑒𝑤 and 𝑣𝑑

𝑜𝑙𝑑 are new and old velocity, respectively; 𝑟1 and 𝑟2 are random numbers 

in the range [0, 1];  𝑐1 and 𝑐2 are cognitive rate and social rate, respectively, which control the 

relative effect of 𝑃𝑏𝑒𝑠𝑡𝑑 and 𝐺𝑏𝑒𝑠𝑡𝑑, respectively; 𝑐1 + 𝑐2 ≥ 4; the inertia weight 𝑤 plays the 

role of balancing global and local search, and is suggested in [0.4, 1.2].  

PSO was initially designed for continuous optimization problems. Two approaches have 

been followed to adapt it for discrete variables. One is to convert the discrete variables into 

continuous variables. For instance, Massommi et al. (2013) use real values in the range (0, 1) to 
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represent the land use content of each cell when applying the MOPSO algorithm to optimize 

urban land use allocation. The other is to inherently modify the searching and updating strategies 

(Kitayama & Yasuda, 2006; Laskari et al., 2002; Sahebgharani, 2016; Singh, Grandhi, & Stargel, 

2010). For instance, Laskari et al.(2002) modified the PSO algorithm by rounding off the real 

optimum values to their nearest integers after updating a particle’s position, which means that the 

value of 𝑥𝑑
𝑛𝑒𝑤 in the position updating equation will be rounded to its closest integer. Liu et al. 

(2016) applied this rounding off method to the basic PSO algorithm for solving the MOLA 

problem. Kitayama and Yasuda (2006) proposed a penalty function method that treats discrete 

variables as continuous variables through penalizing at the intervals. Singh et al. (2010) proposed 

a technique that controls the values of  𝑟1 and 𝑟2 in the velocity updating equation to guarantee 

integer velocity update. Two methods were tested to solve the MOLA problem in this paper, 

namely converting the discrete variables into continuous variables and rounding off the real 

optimum values; the latter method performed better. Therefore, the rounding off method is used 

for the PSO algorithm in the following comparison. 

SA, GA, and PSO, as heuristic optimization algorithms, are not guaranteed to achieve 

optimal solutions in a random run. An effective and efficient algorithm is supposed to achieve 

quality solutions within a reasonable computation time consistently. The performance of an 

algorithm should be evaluated by a comprehensive consideration of the solution quality achieved 

in multiple runs and the computational cost.  When these algorithms are run for solving the 

MOLA problem, an important issue is to determine when the algorithms terminate. More 

iterations are more likely to make the algorithm to find better solutions, but meanwhile, result in 

longer computation time. One arbitrary approach is to set the maximum number of iterations 

manually. Another approach is to set the algorithm to terminate when it achieves convergence 

(Greenhalgh & Marshall, 2000). Convergence is the state when the solution does not make any 

change with increasing number of iterations. However, when solving MOLA problems, these 
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algorithms are difficult to achieve absolute convergence because of the large data size and the 

problem complexity. Researchers have applied a relaxed convergence state for the algorithm 

termination when solutions make no change within a predefined number of iterations (Duh & 

Brown, 2005; Greenhalgh & Marshall, 2000). The number should neither be too high nor too low 

since a low value is more likely to make the algorithm trapped in local optima, while a very high 

value will increase redundant computation with no or little solution improvement. 

 

3.3 Data and Methods 

3.3.1 Data 

This chapter tests the performance of the three algorithms with a semi-hypothetical 

dataset. For the convenience of comparison, a simulated 30*30 grid is used as the planning area 

with physical and socio-economic characteristics of the land. The planning area is allocated for 

three land use types, namely agricultural land, construction land and conservation land. The 

dataset includes three aspects of data, i.e., land suitability data, land conversion cost matrix and 

current land use data, respectively. 

Land suitability data includes three raster layers representing to what extent each land 

unit is suitable for agriculture, construction, and conservation, respectively. Land suitability for 

agriculture and construction were produced by multi-criteria evaluation of physical, socio-

economic and ecological factors through the analytic hierarchy process (AHP) (Satty, 2008). The 

land suitability value of each cell is normalized to the range [0, 1]; higher value indicates the cell 

is more suitable for a certain use. Land suitability for conservation is obtained through an (OR) 

Boolean overlay of the multiple criteria that identify ecologically sensitive or significant land. 

The land suitability value of each cell is 1 or 0; 1 indicates it is suitable for conservation, while 0 

indicates it is not suitable for conservation. The land suitability map for agriculture, construction 



 

69 

 

and conservation are shown in Figure 3-1(a), 3-1(b) and 3-1(c), respectively. The detail 

information for criteria selection, rating and weighting are shown in Appendix B. 

 

Figure 3-1. Land suitability maps of the 30*30 grid dataset: (a) Land suitability for agriculture, (b) Land 

suitability for construction, and (c) Land suitability for conservation. 

The land conversion cost matrix (Table 3-1) lists the relative cost of converting a land 

unit from one (current) use to another (future) use estimated by local experts and planners. 

Current land use data (Figure 3-2(a)) is used as a benchmark for calculating the land conversion 

cost and evaluating the land allocation solutions.  

 

Table 3-1 Land conversion cost matrix used for MOLA 

 
agriculture construction conservation 

agriculture 0 0.4 0.8 

construction 1 0 1 

conservation 0.8 0.8 0 

 

 

3.3.2 Optimization Modeling 

MOLA can be represented as a multi-objective combinatorial optimization problem of 

optimizing (maximizing or minimizing) two or more objectives subject to certain constraints 

(Coello et al., 2007). When the target number of units allocated for each land use is an exact 
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value, equal constraints are incorporated into the optimization model; otherwise, the model 

incorporates non-equal constraints. Two approaches have been developed to solve multi-objective 

optimization problems. One is the weighted combination of multiple objectives, which converts 

the multi-objective problem to a single-objective one, and achieves a single solution under a 

given weighting scheme. The other approach deals with the multiple objectives simultaneously by 

searching non-dominated solutions, by which none of the objectives can be improved without 

degrading some other objectives. This chapter solves the problem by following the multi-

objective weighted combination approach. Three objectives are considered, maximizing land 

suitability, maximizing spatial compactness and minimizing land conversion cost, respectively. 

The target number of units allocated for agricultural land, construction land, and conservation 

land are regarded as constraints.  

3.3.2.1 Optimization Model Formulation 

 

(1) Objective 1: Maximizing land suitability. 

Maximize 𝑂𝐵𝐽1:   

𝑂𝐵𝐽1 = ∑ ∑ ∑ 𝑊𝑘𝑆𝑖𝑗𝑘𝑥𝑖𝑗𝑘                           (1)     

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

 

(2) Objective 2: Maximizing spatial compactness. It is represented by maximizing the number of 

cells allocated for the same use in each cell’s eight neighboring cells (Aerts et al., 2003; Cao 

et al., 2012; Ligmann-Zielinska et al., 2008). 

Maximize 𝑂𝐵𝐽2:  

𝑂𝐵𝐽2 = ∑ ∑ ∑ 𝑏𝑖𝑗𝑘𝑥𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

                      (2) 

where: 
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 𝑏𝑖𝑗𝑘 = 𝑥𝑖−1 𝑗𝑘 + 𝑥𝑖+1 𝑗𝑘 + 𝑥𝑖 𝑗−1 𝑘 + 𝑥𝑖 𝑗+1 𝑘 + 𝑥𝑖−1𝑗−1 𝑘 + 𝑥𝑖−1 𝑗+1 𝑘 + 𝑥𝑖+1 𝑗−1 𝑘 + 𝑥𝑖+1 𝑗+1 𝑘  

(3). 

(3) Objective 3: minimizing land conversion cost. 

Minimize 𝑂𝐵𝐽3 : 

𝑂𝐵𝐽3 = ∑ ∑ ∑ 𝐶𝑖𝑗𝑘𝑥𝑖𝑗𝑘                          (4)     

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

 

(4) A weighted combination of Objective 1, Objective 2 and Objective 3:  

Maximize 𝑈: 

𝑈 =  𝑎 ∗ 𝑂𝐵𝐽1 + 𝑏 ∗ 𝑂𝐵𝐽2 + 𝑐 ∗ 𝑂𝐵𝐽3       (5) 

 

(5) Constraints: 

∑ ∑ 𝑥𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

− 𝐴𝑘 = 0          (6) 

In the above formulas, 𝐾 is the number of land use types, and  𝐾 = 3. 𝑁 and 𝑀 are the 

total number of rows and columns of the planning area, and 𝑁 = 𝑀 = 30. 𝑥𝑖𝑗𝑘 ∈ {0,1}, ∀𝑘 =

1, ⋯ , 𝐾; 𝑖 = 1, ⋯ , 𝑁; 𝑗 = 1, ⋯ , 𝑀;  when the cell (𝑖, 𝑗) is allocated for land use 𝑘 , 𝑥𝑖𝑗𝑘=1; 

otherwise, 𝑥𝑖𝑗𝑘 = 0.  𝑊𝑘  is the weight given to land use 𝑘; 𝑊𝑘 = 1.  𝑆𝑖𝑗𝑘 is the suitability level of 

cell (𝑖, 𝑗) used for land use 𝑘. 𝐶𝑖𝑗𝑘 is the land conversion cost when cell (𝑖, 𝑗) is allocated for land 

use 𝑘. 𝑈 is the integrated objective function value. 𝑂𝐵𝐽1, 𝑂𝐵𝐽2 and  𝑂𝐵𝐽3 are the objective 

function values of objectives 1 to 3, respectively. 𝑎, 𝑏, and 𝑐 are the weights given to objectives 1 

to 3, respectively. 𝐴𝑘 is the target number of cells allocated for land use 𝑘. The numbers of cells 

used for agricultural land, construction land and conservation in current land use are 738, 56, and 

108, respectively. Considering the tendency of construction sprawl and the objective of protecting 

current conservation land, we set the target number of units allocated for the three land use types 

as 650, 110, and 140, respectively. 
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3.3.2.2 Constraint Handling Method 

The constraints of the optimization model are the target numbers of cells allocated for 

agricultural land, construction land, and conservation land respectively. When a solution satisfies 

all the constraints, it is regarded as a feasible solution; otherwise, it is regarded as infeasible. The 

most popular constraint handling method is the use of penalty functions, by which the objective 

function is augmented with penalties proportional to the degree of constraint violations (Coello et 

al., 2007). This method is applied in our test. 

Maximize OFV: 

𝑂𝐹𝑉 =  𝑈 − 𝑝 ∗ 𝐶𝑉        (7) 

Where 

𝐶𝑉 = ∑ |∑ ∑ 𝑥𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

− 𝐴𝑘|          (8)

𝐾

𝑘=1

  

In formula (7) and (8), 𝑂𝐹𝑉 is the augmented objective function value, 𝑝 is the penalty 

factor and  𝐶𝑉 is the constraint violation. The value of 𝑝 keeps constant in the three algorithms 

under the same scenario, but varies with scenarios depending on the relative values of  𝑈 and 𝐶𝑉.  

𝐶𝑉 of a feasible solution is zero; higher 𝐶𝑉 values indicate poorer solution quality. 

3.3.3 Scenario Design, Programming, and Tools 

Three scenarios are designed to represent different weighting schemes in formula (5). 

Under the three scenarios, the value of the penalty factor 𝑝 in formula (7) also differs.   

Scenario 1: 𝑎 = 1, 𝑏 = 0, 𝑐 = 0, 𝑎𝑛𝑑 𝑝 = 0.6. Scenario 1 only deals with the non-spatial 

objective of maximizing land suitability. The objective function is linear.  

Scenario 2: 𝑎 = 0, 𝑏 = 1, 𝑐 = 0, 𝑎𝑛𝑑 𝑝 = 0.7. Scenario 2 only deals with the spatial 

objective of maximizing spatial compactness. The objective function is non-linear.  
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Scenario 3: 𝑎 = 0.34, 𝑏 = 0.33, 𝑐 = 0.33, 𝑎𝑛𝑑 𝑝 = 0.5. Scenario 3 deals with the 

combination of the objectives of maximizing land suitability, maximizing spatial compactness 

and minimizing land conversion cost. The objective function is non-linear. The weighting scheme 

is applied because the land allocation patterns generated by the three algorithms are more 

satisfactory based on our visual interpretation when planning rationality and spatial compactness 

are considered. 

When stochastic algorithms are applied to solve optimization problems, appropriate 

initial solutions will increase the convergence rate and guide the algorithms to find quality 

solutions (Cao et al., 2011; Duh & Brown, 2007; Masoomi et al., 2013). Consider the MOLA 

context, instead of using totally random initial solutions, we created initial solutions by randomly 

altering 50 percent of current land use. This method was compared with the random initialization 

method. It turned out to decrease the computation time without degrading the solution quality.  

Inspyred, a python open source library, was used for running the algorithms. ArcGIS 10.3 

was used for mapping and displaying the solutions. The algorithms are computed on a computer 

with Intel Core i7-3770 CPU@3.40GHz. 

3.3.4 Methods for Evaluating Algorithm Performance 

The algorithms are set to terminate when the relaxed convergence state is achieved. 

Among the three algorithms, SA searches a single-solution in one iteration, while PSO and GA 

search multiple solutions. Considering this, we set the three algorithms to terminate when the best 

solution achieved does not change after 10000 solutions had been searched. The value was set to 

make a compromise of the solution quality and the computational cost. The performance of the 

algorithms under each scenario was evaluated based on the solution quality and the average 

computational cost in 20 runs.  

mailto:CPU@3.40GHz
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The computational cost was evaluated based on the number of solutions that had been 

searched (evaluated) and the associated computation time. More searched solutions and longer 

computation time indicate higher computational cost.  

The solution quality was evaluated based on the augmented objective function value 

(OFV), the constraint violation (CV) and the mapping of the solution. The OFV of a quality 

solution should be high and close to that of the estimated optimal solution. The CV of a quality 

solution should be zero or near zero, which indicates it satisfies or slightly violates the 

constraints. For Scenario 2, the mappings of the solutions were visually compared to the 

estimated optimal land allocation pattern, in which all cells allocated for the same use cluster into 

a single patch, and the shape of the patch is close to rectangular. For Scenarios 1 and 3, they were 

compared to the current land use pattern (Figure 3-2(a)) to determine whether they fulfill the 

following planning rationality criteria: (a) current conservation land is preserved in the land 

allocation result, (b) current construction land keeps its type, and (c) new construction land tends 

to be allocated next to current construction land. The three criteria were defined based on the 

following planning considerations. First, current conservation land is supposed to be protected 

from construction and agricultural activities. Second, the conversion from construction land to 

conservation or agricultural land is possible, but seldom happens, and the conversion cost is 

usually very high. Third, future construction is expected to be allocated adjacent to current 

construction land to take advantage of the existing infrastructure. In a quality solution, most cells 

should fulfill the three criteria. In addition, the MOLA procedure in the TerrSet software adopts a 

heuristic searching procedure to maximize land suitability. Its solution (Figure 3-2(b)) was also 

used as a benchmark for evaluating the solutions under Scenario 1. 
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Figure 3-2. Benchmark of solutions: (a) current land use, and (b) solution of the Terrset MOLA 

procedure under Scenario 1 

 

3.4 Results 

SA, GA and PSO were run for solving the MOLA problem under the three scenarios, 

respectively. Each algorithm has run for 20 times. The statistics of the OFVs, the CVs, the 

number of searched solutions, and the computation time are summarized in Table 3-2. The OFVs 

of all solutions under each scenario are plotted in Figure 3-3. Under each scenario, the solutions 

with the highest and lowest OFVs achieved by each algorithm were identified and mapped in 

Figure 3-4, Figure 3-5 and Figure 3-6, respectively.  
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Table 3-2 Comparison of simulated annealing (SA), genetic algorithm (GA) and particle swarm 

optimization (PSO): Objective Function Values (OFVs), Constraint Violations (CVs), the number of 

searched solutions, and computation time under each scenario.  

  

  

Scenario 1 Scenario 2 Scenario 3 

SA GA PSO SA GA PSO SA GA PSO 

Maximum 

OFV 
751.19 752.03 751.63 823.6 829.1 827.13 494.58 494.76 488.77 

Minimum 

OFV 
747.26 750.88 744.17 714.23 786.73 772.88 486.45 487.8 480.92 

Average 

OFV 
750.27 751.58 748.45 765.88 807.98 802.62 492.73 491.34 484.87 

SD of 

OFVs 
0.83 0.42 2.02 28.62 9.71 13.37 1.8 2.06 2.51 

Number of 

solutions 

with zero 

CV 

20 20 20 0 20 20 16 20 20 

Average 

number of 

searched 

solutions 

168384 219900 453595 344882 226515 348615 248730 201830 252465 

Average 

computation 

time 

(seconds) 

482.25 1061.29 1732.33 4140.05 3129.27 4411.57 2992.22 2813.99 3311.85 

 

 

 

Figure 3-3. Comparison of simulated annealing (SA), genetic algorithm (GA) and particle swarm 

optimization (PSO): OFVs in 20 runs under different scenarios. (a) OFVs in 20 runs under Scenario 1, (b) 

OFVs in 20 runs under Scenario 2, and (c) OFVs in 20 runs under Scenario 3. 

 

 



 

77 

 

3.4.1 Solution Quality 

3.4.1.1 OFVs and CVs of Solutions 

Under Scenario 1, the objective is to maximize land suitability subject to the target 

number of units allocated for each use. The solution that maximizes the objective function 

regardless of the constraints has an OFV of 771.04. The solution generated by the TerrSet MOLA 

procedure has an OFV of 749.55 (Figure 3-2(b)). We can safely estimate the optimal solution that 

maximizes the objective function while satisfying the constraints has an OFV in the range 

[749.55, 771.04). Among 20 runs, all the three algorithms converge to feasible solutions with 

zero CVs. The maximum OFVs of the three algorithms are all higher than 749.55, while only the 

minimum OFV of GA is higher than 749.55. The average OFVs of GA and SA are both higher 

than 749.55, while that of PSO is lower than 749.55. The variation of OFVs in multiple runs of 

PSO is obviously larger than that of GA and SA. 

Under Scenario 2, the objective is to maximize spatial compactness subject to the target 

number of units allocated for each use. Among 20 runs, GA and PSO always converge to feasible 

solutions with zero CVs, while SA converges to solutions with non-zero CVs. This indicates that 

the penalty function method does not work well for SA in handling the constraints; it is very 

likely to converge to infeasible solutions. The average OFVs of the three algorithms are ranked as 

GA>PSO>SA, while the variations of solutions among multiple runs are ranked as SA>PSO>GA. 

The maximum OFVs of the three algorithms are close, while the minimum OFV of SA is 

obviously lower because of the penalty applied to infeasible solutions. 

Under Scenario 3, the three objectives of maximizing land suitability, maximizing spatial 

compactness and minimizing land conversion cost are weighted combined. Among 20 runs, GA 

and PSO always converge to feasible solutions with zero CVs. SA converges to four solutions 

with non-zero CVs, but the CV values are 2 or 4, very close to zero, which indicates that the 

solutions slightly violate the constraints.  For GA and SA, their maximum, minimum and average 
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OFVs are very close, while the OFVs of PSO are obviously lower. The variations of solutions 

among multiple runs are ranked as SA<GA<PSO. 

3.4.1.2 Mapping of Solutions 

Figure 3-4, 3-5 and 3-6 are the mapping of the solutions with the highest OFV and the 

lowest OFV produced by the three algorithms under Scenario 1, 2 and 3, respectively.  

 

 

Figure 3-4. Solutions with highest OFV and lowest OFV under Scenario 1: (a) solution of SA with highest 

OFV, (b) solution of SA with lowest OFV, (c) solution of GA with highest OFV, (d) solution of GA with 

lowest OFV, (e) solution of PSO with highest OFV, and (f) solution of PSO with lowest OFV. 
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Figure 3-5. Solutions with highest OFV and lowest OFV under Scenario 2: (a) solution of SA with highest 

OFV, (b) solution of SA with lowest OFV, (c) solution of GA with highest OFV, (d) solution of GA with 

lowest OFV, (e) solution of PSO with highest OFV, and (f) solution of PSO with lowest OFV. 

 

 

Figure 3-6. Solutions with highest OFV and lowest OFV under Scenario 3: (a) solution of SA with highest 

OFV, (b) solution of SA with lowest OFV, (c) solution of GA with highest OFV, (d) solution of GA with 

lowest OFV, (e) solution of PSO with highest OFV, and (f) solution of PSO with lowest OFV. 
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Under Scenario 1, the mappings of the solutions (Figure 3-4) are compared to current 

land use (Figure 3-2(a)). In the six solutions, most cells fulfill the three planning rationality 

criteria. The main problem is that some isolated cells are allocated for new construction land, but 

they are not adjacent to current construction land. For each algorithm, the isolated cells in the 

solution with the lowest OFV are more than that in the solution with the highest OFV. When the 

solutions of the three algorithms are compared, the number of isolated cells in the solution of 

PSO is obviously more. This indicates that the solution quality of PSO is not as good as that of 

SA and GA. The isolated cells also indicate that the optimization model that only considers the 

objective of maximizing land suitability cannot generate desirable planning maps. 

Under Scenario 2, the mappings of the solutions (Figure 3-5) are visually interpreted to 

determine their closeness to the estimated optimal pattern, in which all cells allocated for the 

same use cluster into a single patch and the shape of the patch is close to rectangular. All six 

solutions fail to achieve the optimal land allocation pattern. In all six solutions, the cells allocated 

for the same use tend to cluster, while the number and the shape of the clusters (patches) differ. 

For each algorithm, the solution with the highest OFV has fewer patches than that with the lowest 

OFV. When the three algorithms are compared, the three solutions with the highest OFVs (Figure 

3-5(a), Figure 3-5(c) and Figure 3-5(e)) have the similar number of patches; the numbers of 

patches in the solutions with the lowest OFVs (Figure 3-5(b), Figure 3-5(d) and Figure 3-5(f)) 

greatly differ, and are ranked as SA<GA<PSO. The solutions of SA are visually more compact. 

Under Scenario 3, the land allocation patterns in the three solutions with the highest 

OFVs (Figure 3-6(a), Figure 3-6(c), Figure 3-6(e)) are globally similar but show local differences. 

The solution of GA fulfills the three planning rationality criteria. In the solution of SA, two cells 

violate the three criteria - one cell of conservation land has been converted to construction land, 

and one cell of construction land has been converted to conservation land. In the solution of PSO, 

one isolated cell is used for agricultural land inside the construction patch; one isolated cell and 
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one isolated patch allocated for new construction are not adjacent to current construction land. 

This indicates all the three algorithms are possible to converge to quality solutions that fulfill or 

slightly violate the planning rationality criteria under this scenario. However, the solutions with 

the lowest OFVs (Figure 3-6(b), Figure 3-6(d), Figure 3-6(f)) are visually very different. 

Compared to the solutions with the highest OFVs, the allocation of construction land in these 

three solutions is more scattered, resulting in more patches. Some of these patches are adjacent to 

current construction land, but some are not. The solution of GA fulfills the planning rationality 

criteria, and the shape of the patches are more close to rectangular. There is one isolated patch 

allocated for new construction land in the solution of SA. In the solution of PSO, the number of 

these isolated patches or cells are more, and the shape of the patches is less compact.  

3.4.2 Computational Cost 

According to Table 3-2, under Scenario 1, the average numbers of searched solutions of 

GA and SA are close, but the computation time of GA doubles that of SA. The GA (NSGA-II) 

applied in our test ranks all the solutions based on non-domination before the selection, crossover, 

and mutation are operated. This improves the optimization performance but increases the 

computation time. The average number of searched solutions of PSO is obviously larger than that 

of GA and SA, which results in longer computation time. To summarize, under Scenario 1, the 

computational cost of SA is the lowest, while that of PSO is the highest.  

Under Scenario 2, the average computation time of the all three algorithms is obviously 

longer than those under scenario 1. Since the objective function is non-linear under Scenario 2, it 

takes longer time for each algorithm to evaluate a single solution. Among the three algorithms, 

the average number of searched solution of GA is obviously less than that of PSO and SA. As a 

result, its computation time is the shortest. 

Under Scenario 3, the average number of searched solutions of GA is obviously less than 

that of PSO and GA. As a result, its computation time is the shortest among the three, but it still 
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costs 46 minutes. The computation time of PSO is the longest since it needs to search more 

solutions to achieve convergence. 

 

3.5 Conclusion and Discussion 

This chapter compares the performance of three heuristic algorithms in solving a 

simplified multi-objective land allocation (MOLA) problem, including simulated annealing (SA), 

genetic algorithm (GA) and particle swarm optimization (PSO), respectively. The MOLA aims to 

maximize land suitability and spatial compactness, and minimize land conversion cost subject to 

the target number of units allocated for each use. Three scenarios were designed: Scenario 1 and 

2 independently considers the two objectives of maximizing land suitability and maximizing 

spatial compactness, respectively, while Scenario 3 considers the three objectives simultaneously. 

The performance of the three algorithms was tested with a simulated planning area represented by 

a 30*30 grid and evaluated based on the solution quality and the computational cost.  

Under Scenario 1 and 3, GA consistently converges to quality solutions that satisfy both 

the objectives and the constraints, and meanwhile fulfills the planning rationality; most solutions 

generated by SA also satisfy the objectives and the planning rationality, but a few solutions 

violate the constraints; the solutions of PSO needs improvement. Under Scenario 2, none of the 

three algorithms guarantees the estimated optimal solution in which the cells allocated for the 

same land use are completely contiguous, but all of them can maintain a certain level of spatial 

compactness.  

Under Scenario 2 and 3 which consider the objective of maximizing spatial compactness, 

all the three algorithms take a high computational cost to converge to quality solutions. Among 

the three algorithms, GA achieves a quicker convergence, but it still takes 53 min and 46 min 

under Scenario 2 and 3, respectively.  
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When the solution quality and the computational cost under all scenarios are 

comprehensively considered, GA performs best among the three algorithms.  

 Based on the test, all the three algorithms have difficulties in handling the spatial 

objective of maximizing spatial compactness. GA and SA can converge to quality solutions but 

the computational cost is high, while the compactness level of the solutions generated by PSO 

needs improvement. This indicates that to improve their capability in maintaining spatial 

compactness is a common problem for all three algorithms to improve their performance in 

solving MOLA problems. Some research has been done to encourage compact land allocation by 

incorporating knowledge-informed rules to the classical GA, SA and PSO algorithms. Some 

researchers designed one or two operators based on simple rules: For instance, Duh and Brown 

(2007) incorporated the compactness and contiguity rules into the SA algorithm to encourage 

compact land allocation by determining the land use type of a cell based on its neighboring cells. 

Some researchers designed a series of knowledge-informed operators for the classical algorithms: 

Cao et al. (2012) designed a series of boundary-based operators for NSGA-II to guide compact 

land allocation by encouraging land use change to happen on the boundary cells of patches, 

instead of the core cells; Datta et al. (2007) developed a series of knowledge-informed operators 

for NSGA-II by incorporating the patch-based, edge growing/decreasing and neighborhood rules 

to encourage compact land allocation. However, it is unclear that which approach performs better. 

Whether should it should incorporate simple operators or a series of complex operators? Will 

incorporating a series of operators improve the computation efficiency when the computation cost 

of the operators themselves is considered? Future research needs to answer these questions. 

The penalty function method is applied in our test to handle the constraints in the 

optimization problem because it can work on all three algorithms without changing their 

searching mechanisms. Based on the test, it works well for PSO and GA, but not well for SA, 

especially under Scenario 2. In previous studies that applied SA algorithms to solve MOLA 
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problems, the target numbers of units allocated for each land use are usually exact values or 

percentages. The number of units allocated for each use was set in the initial solutions and kept 

unchanged during the solution update (Aerts & Heuvelink, 2002; Duh & Brown, 2005; Duh & 

Brown, 2007; Santé-Riveira, Crecente-Maseda, & Miranda-Barrós, 2008; Santé et al., 2016). No 

penalty function is needed for this approach, and the constraint violation problem can be avoided. 

However, the poor flexibility will prevent this method from solving MOLA problems when the 

target number of units allocated for each use is a range of values constrained by the upper and 

lower limits, while this is often the case in many real-life planning problems. Therefore, to 

improve the performance and flexibility of SA in solving MOLA problems, effective constraint 

handling techniques need to be developed. One possible method is to incorporate knowledge-

informed rules to the mutation operators to steer infeasible solutions towards feasible ones during 

the solution searching. 

For PSO, even under Scenario 1 when the spatial pattern of land allocation is not 

considered, the quality of its solutions needs improvement. PSO has been proven effective in 

solving continuous optimization problems, while MOLA is a combinatorial optimization 

problem. We adopted a rounding off method to adapt it for discrete variables. This rounding 

method has been applied in previous research and has performed better than the method of 

converting discrete variables to continuous ones (Laskari et al., 2002; Liu et al., 2016; Masoomi 

et al., 2013). However, the rounding off method still does not perform well enough to obtain 

quality solutions. Therefore, to improve the performance of PSO in solving MOLA problems, 

except for the modifications to encourage compact land allocation, effective techniques that adopt 

the algorithm for discrete variables need to be developed and applied. For instance, Kitayama and 

Yasuda (2006) proposed a penalty function method that treats discrete variables as continuous 

variables through penalizing at the intervals. Singh et al. (2010) proposed a technique that 

controls the random values in the velocity updating equation to guarantee integer velocity update. 
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Whether these methods will improve the performance of PSO in solving MOLA problems 

requires further research. 

In this study, we focus on the classical algorithms in the SA, GA and PSO families. 

However, there are other heuristic optimization algorithms applicable to MOLA problems. For 

instance, ant colony optimization (ACO) has also been popularly applied to solve spatial 

optimization problems, such as the traveling salesman problem, network routing problem, facility 

siting problem (Li et al., 2009). However, the classical ACO only implements one type of ants. It 

is suitable to find optimal sites for single land use, while not effective to optimize multiple land 

allocations. Liu et al.(2012) have developed a multi-type ant colony optimization (MACO) 

algorithm for MOLA. It has been proven more efficient than classical GA and SA, while its 

performance has not been compared to that of the modified SA, GA and PSO algorithms. One 

limitation of the algorithm is that it can only provide a single solution under a given trade-off 

scheme between the multiple objectives. Future study will be needed to further compare the 

modified versions of SA, GA and PSO and other algorithms such as MACO to evaluate their 

effectiveness and efficiency. 

Considering the computation cost, this study applies the three algorithms to a simulated 

planning area of 30*30 grid for the convenience of comparison. If the test were done with a real-

life planning area, the larger dataset would make it difficult for the algorithms to achieve 

convergence. We have to manually decide when the iteration should terminate to make a 

compromise between the solution quality and the computational cost. Also, since the optimal 

solution in a real-life planning problem is usually unknown, it will be more challenging to 

evaluate the solution quality. More uncertain factors would, therefore, be introduced and make 

the comparison more complex. Moreover, an algorithm that accidentally achieves quality 

solutions will not be regarded as effective and efficient in solving the problem. Therefore, we 

have compared the performance of the algorithms based on their solution quality and 
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computational cost in multiple runs with a simulated dataset. The main contributions of this 

research are to help us get a better understanding of the advantages and limitations of these 

popularly applied algorithms, and the directions for further improving the algorithms. More 

research will be needed to improve and apply these algorithms to solve real-life planning 

problems.   
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Chapter 4   

An Improved Knowledge-informed NSGA-II for Multi-objective Land 

Allocation (MOLA) 

 

Abstract: 

Multi-objective land allocation (MOLA) can be regarded as a spatial optimization 

problem that allocates appropriate use to certain land units with respect to multiple objectives and 

constraints. This study develops an improved knowledge-informed NSGA-II algorithm for 

solving a simulated MOLA problem under the “Multiple-plan integration” background by 

integrating the patch-based, edge growing/decreasing, neighborhood and constraint steering rules. 

By applying both the classical and knowledge-informed NSGA-II to a simulated 30*30 grid 

planning area, this chapter compares their performance. The results show that: (1) Compared to 

the classical NSGA-II, the knowledge-informed algorithm consistently produces solutions much 

closer to the true Pareto front within shorter computation time, and the solution diversity is not 

sacrificed. (2) The knowledge-informed algorithm is more effective and efficient in encouraging 

compact land allocation. (3) The solutions produced by the knowledge-informed algorithm have 

less scattered/isolated land units and provide a good compromise between construction sprawl 

and conservation land protection. Therefore, they are more reasonable and desirable in the 

planning context. 

 

Keywords: multi-objective land allocation (MOLA), NSGA-II, knowledge-informed rules 
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4.1 Introduction 

Multi-objective land allocation (MOLA) can be regarded as a spatial optimization 

problem that aims to allocate appropriate use to certain land units with respect to multiple 

objectives and constraints (Datta et al., 2007; Eastman, Jiang, & Toledano, 1998). MOLA shares 

the common difficulties and complexities of multi-objective optimization problems: the multiple 

concordant or non-concordant objectives have to be optimized simultaneously. There are two 

popular methods to solve multi-objective optimization problems: the weighted-sum method and 

the Pareto-based method (Coello, Lamont, Van Veldhuizen, & others, 2007; Kalyanmoy Deb, 

2014; Duh & Brown, 2007). The weighted-sum method combines the multiple objectives into a 

single one by multiplying each objective with a user-supplied weight. It requires a priori 

knowledge to assign the weights, and the solutions depend greatly on the prior knowledge. This 

approach can only generate a single solution under a given trade-off scheme between the multiple 

objectives. The Pareto-based optimization methods attempt to find non-dominated solutions, 

which cannot improve one objective without degrading some others and reflect different trade-

offs between multiple objectives.  

As a spatial optimization problem, MOLA faces extra difficulties and complexities, such 

as the remarkably large data size, the non-linear objective functions, and the interdependency 

between spatial variables. Classical optimization methods, such as enumeration, linear 

programming, branch and bound in integer programming, have been found not feasible or 

appropriate to solve MOLA problems (Datta et al., 2007; Tong & Murray, 2012).  

Heuristic algorithms, such as simulated annealing (SA), genetic/evolutionary algorithms 

(GAs/EAs), and particle swarm optimization (PSO), have been developed to produce 

approximate solutions to solve optimization problems (Aerts & Heuvelink, 2002; Cao et al., 

2011; Cao, Huang, Wang, & Lin, 2012; Duh & Brown, 2007; Liu, Peng, Jiao, & Liu, 2016; 

Masoomi, Mesgari, & Hamrah, 2013; Santé-Riveira, Crecente-Maseda, & Miranda-Barrós, 2008; 
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Sahebgharani, 2016;). These heuristic algorithms were initially developed for single objective 

optimization problems. When the conventional versions of SA, GA, and PSO are applied to solve 

multi-objective optimization problems, the multiple objectives need to be weighted combined into 

a single objective function. In recent years, a few modified versions of SA, GA and PSO have 

been developed particularly for solving multi-objective optimization problems, including non-

dominated Sorting Genetic Algorithm (NSGA), Pareto Archived Evolution Strategy (PAES), 

Pareto Simulated Annealing (PSA), and Multi-objective Particle Swarm Optimization (MOPSO) 

(Banks, Vincent, & Anyakoha, 2007; Coello, Lamont, & Van Veldhuizen, 2007; Deb, Pratab, 

Agarwal, & Meyarivan, 2002; Duh & Brown, 2007; Knowles & Corne, 2000; Masoomi et al, 

2013). These modified algorithms were often employed to solve multi-objective optimization 

problems by following Pareto-based method.  

Even though these heuristic algorithms have been found applicable to MOLA problems, 

it often takes a high computational cost for them to obtain quality solutions when spatial patterns 

of land allocation are considered (Aerts & Heuvelink, 2002; Cao et al., 2011, 2012; Datta et al., 

2007; Duh & Brown, 2007; Liu et al., 2016; Masoomi et al., 2013; Sahebgharani, 2016; Santé-

Riveira et al., 2008). Since MOLA itself is a knowledge-informed procedure/activity, 

incorporating knowledge-informed rules into these heuristic optimization algorithms has been 

regarded as a promising approach to make them achieve quality solutions with shorter 

computation time (Cao et al., 2012; Datta et al., 2007; Duh & Brown, 2007; Liu et al., 2016). The 

knowledge-informed algorithms try to avoid redundant and unproductive searches by reducing 

the size of the search space or changing its structure. Nevertheless, incorporating inappropriate 

knowledge may also lead the algorithm to converge to sub-optimal solutions.   

Duh and Brown (2007) incorporated spatial compactness and contiguity rules into the 

Pareto simulated annealing algorithm to solve a two-objective (minimizing cost and 

fragmentation) optimization problem in landscape planning. The knowledge-informed rules were 
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applied to decrease landscape fragmentation. Datta et al. (2007) developed a series of knowledge-

informed operators for the NSGA-II to solve a three-objective optimization problem in land 

management, including maximizing economic return, maximizing carbon sequestration, and 

minimizing soil erosion. The knowledge-informed rules were mainly used for encouraging 

compact land allocation and steering infeasible solutions to feasible ones. However, using too 

many operators also increases the computational cost. Cao et al. (2012) designed a few edge-

based operators for the NSGA-II for sustainable land use optimization. However, the multiple-

objectives are weighted combined, and their algorithm only provides a single solution under a 

given weighting scheme. This approach fails to reflect the advantages of NSGA-II as a Pareto-

based multi-objective optimization technique. Liu et al. (2016) developed a knowledge-informed 

particle swarm optimization (PSO) algorithm for township land use planning in China. However, 

because the knowledge-informed rules applied in the algorithm are problem-specific, it is hard to 

apply the knowledge-informed operators and algorithms to other MOLA problems.  

Among the multiple heuristic optimization algorithms, the Non-dominated Sorting 

Genetic Algorithm-II (NSGA-II) has been popularly applied to solve MOLA problems (Cao et 

al., 2011, 2012; Datta et al., 2007; Mohammadi, Nastaran, & Sahebgharani, 2015; Shaygan, 

Alimohammadi, Mansourian, Govara, & Kalami, 2014). NSGA-II is a modified genetic algorithm 

that tries to produce non-dominated solutions for multi-objective optimization problems by 

simulating the natural selection process. Same as the classical genetic algorithm (GA), the 

improvement of solutions is through the crossover and mutation of solutions in the previous 

generation. Based on a previous test, NSGA-II has performed better than simulated annealing 

(SA) and particle swarm optimization (PSO) algorithm in solving the MOLA problem (Song & 

Chen, 2018).  

In previous studies, the knowledge-informed rules incorporated into the NSGA-II can be 

categorized into four types: patch-based rules, edge growing/decreasing rules, neighborhood rules 
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and constraint steering rules (Cao et al., 2011, 2012; Datta et al., 2007; Mohammadi et al., 2015; 

Shaygan et al., 2014). Based on the patched-based rules, the crossover and mutation are operated 

on patches instead of randomly selected cells. According to the edge growing/decreasing rules, 

mutations are operated on the edge cells of patches. Following the neighborhood rules, the land 

use type of a cell is mutated based on the land use type of its neighboring cells. The above three 

rules are all used to encourage compact land allocations. Constraint steering rules are used to 

steer infeasible solutions towards feasible ones. Previous research usually designs multiple 

operators to incorporate these knowledge-informed rules independently; few studies have tried to 

design operators that integrate the multiple knowledge-informed rules.   

This chapter aims to develop an improved knowledge-informed NSGA-II by designing 

operators that integrate the patched-based, edge growing/decreasing, neighborhood and constraint 

steering rules to solve a simulated MOLA problem under the “Multiple-plan integration” 

background. The knowledge-informed algorithm is expected to improve the solution quality 

without increasing the computation time compared to the classical NSGA-II.   

The remainder of the chapter is organized as follows. Section 4.2 describes the data and 

methods with four subsections specifically, including data used for the test, optimization model 

formulation, the introduction of classical NSGA-II and the knowledge-informed modifications, 

and the measurements to evaluate the performance of the algorithms. Section 4.3 applies both the 

classical and knowledge-informed NSGA-II to the MOLA problem and compares their 

performance. Section 4.4 summarizes this chapter, discusses the methods and results, and 

identifies future research directions. 

 

4.2 Data and Methods 

4.2.1 Data 
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For the convenience of comparison, this study tests the performance of the algorithms 

with a semi-hypothetical dataset. A 30*30 grid is used as the planning area with physical and 

socio-economic characteristics of the land. It is a square area of 9 km2 in the Xin’andu township 

of Dongxihu District, Wuhan, China. The planning area will be allocated for three land use types, 

including agricultural land, construction land, and conservation land. The current land use map is 

shown in Figure 4-1. It will be used as a benchmark for evaluating the solutions produced by the 

two algorithms.  

 

 

Figure 4-1. Current land use of the 30*30 grid dataset 

 

The dataset used for the test includes the land suitability data (Figure 4-2) and the current 

land use data (Figure 4-1). Land suitability data includes three raster layers representing to which 

extent each land unit is suitable for agriculture, construction, and conservation use, respectively. 

Land suitability for agriculture and construction were produced by multi-criteria evaluation of 

physical, socio-economic and ecological factors through the analytic hierarchy process (AHP) 

(Satty, 2008). The land suitability value of each cell is normalized to the range [0, 1]; higher 

value indicates the cell is more suitable for a specified use. Land suitability for conservation is 

obtained through an (OR) Boolean overlay of the multiple criteria that identify ecologically 

sensitive or significant land or other land needs to be protected. The land suitability value of each 

cell is 1 or 0; 1 indicates it is suitable for conservation, while 0 indicates it is not suitable for 

conservation. The land suitability maps for agriculture, construction, and conservation are shown 
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in Figure 4-2(a), 4-2(b) and 4-3(c), respectively. The detail information for criteria selection, 

weighting and rating are shown in Appendix B. 

 

Figure 4-2. Land suitability maps of the 30*30 grid dataset: (a) Land suitability for agriculture, (b) Land 

suitability for construction, and (c) Land suitability for conservation. 

 

4.2.2 Optimization Model Formulation 

Four objectives and two constraints are incorporated into the optimization model. Their 

mathematical formulations are described as follows. 

Objectives: 

Objective 1: Maximize agricultural suitability  

Maximize  𝑆𝑢𝑖𝑡𝑎𝑔𝑟: 

𝑆𝑢𝑖𝑡𝑎𝑔𝑟 = ∑ ∑ 𝑆𝑖𝑗𝑎𝑔𝑟𝑥𝑖𝑗𝑎𝑔𝑟     

𝑁

𝑗=1

𝑀

𝑖=1

(1) 

Objective 2: Maximize construction suitability  

Maximize  𝑆𝑢𝑖𝑡𝑐𝑠𝑡: 

𝑆𝑢𝑖𝑡𝑐𝑠𝑡 = ∑ ∑ 𝑆𝑖𝑗𝑐𝑠𝑡𝑥𝑖𝑗𝑐𝑠𝑡     (2)

𝑁

𝑗=1

𝑀

𝑖=1

 

Objective 3: Maximize conservation suitability  
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Maximize  𝑆𝑢𝑖𝑡𝑐𝑠𝑣: 

𝑆𝑢𝑖𝑡𝑐𝑠𝑣 = ∑ ∑ 𝑆𝑖𝑗𝑐𝑠𝑣𝑥𝑖𝑗𝑐𝑠𝑣      (3)

𝑁

𝑗=1

𝑀

𝑖=1

 

Objective 4: Maximize spatial compactness. It is represented by maximizing the number of cells 

allocated for the same use in each cell’s eight neighboring (Aerts et al., 2003; Cao et al., 2012; 

Ligmann-Zielinska, Church, & Jankowski, 2008). 

Maximize  𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠: 

𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 = ∑ ∑ ∑ 𝑏𝑖𝑗𝑘𝑥𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

      (4) 

where: 

 𝑏𝑖𝑗𝑘 = 𝑥𝑖−1 𝑗𝑘 + 𝑥𝑖+1 𝑗𝑘 + 𝑥𝑖 𝑗−1 𝑘 + 𝑥𝑖 𝑗+1 𝑘 + 𝑥𝑖−1𝑗−1 𝑘 + 𝑥𝑖−1 𝑗+1 𝑘 + 𝑥𝑖+1 𝑗−1 𝑘 +

𝑥𝑖+1 𝑗+1 𝑘  (5). 

Constraints: 

(1) upper and lower limit for the number of cells allocated for each use  

𝐴𝑘𝑚𝑖𝑛 ≤ ∑ ∑ 𝑥𝑖𝑘

𝑁

𝑗=1

𝑀

𝑖=1

≤  𝐴𝑘𝑚𝑎𝑥         (6) 

(2) Current conservation land is be protected from agricultural or construction activities.    

                                                  𝑥𝑖𝑗𝑐𝑠𝑣 = 1, 𝑊ℎ𝑒𝑛 𝐿𝑈𝐶𝑖𝑗𝑐𝑠𝑣 = 1          (7)      

 

In the above formulas,  𝐾 is the total number of land use types, and  𝐾 = 3.   𝑀 and 𝑁 are 

the total number of rows and columns of the planning area, and 𝑀 = 𝑁 = 30. When cell (𝑖, 𝑗) is 

allocated for land use 𝑘, 𝑥𝑖𝑗𝑘=1; otherwise, 𝑥𝑖𝑗𝑘 = 0. Specifically, when cell  (𝑖, 𝑗) is allocated for 

agriculture, 𝑥𝑖𝑗𝑎𝑔𝑟 = 1; otherwise,  𝑥𝑖𝑗𝑎𝑔𝑟 = 0. Similarly,  𝑥𝑖𝑗𝑐𝑠𝑡 = 1 and  𝑥𝑖𝑗𝑐𝑠𝑣 = 1 represent 

cell  (𝑖, 𝑗)  is allocated for construction and conservation, respectively. 𝑆𝑖𝑗𝑎𝑔𝑟, 𝑆𝑖𝑗𝑐𝑠𝑡, and  𝑆𝑖𝑗𝑐𝑠𝑣 
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are the land suitability level of cell (𝑖, 𝑗) used for agriculture, construction and conservation, 

respectively.  𝐿𝑈𝐶𝑖𝑗𝑐𝑠𝑣 = 1 represents cell (𝑖, 𝑗)  is currently used for conservation.  𝑆𝑢𝑖𝑡𝑎𝑔𝑟,  

𝑆𝑢𝑖𝑡𝑐𝑠𝑡 , and  𝑆𝑢𝑖𝑡𝑐𝑠𝑣  are the agricultural, construction, and conservation suitability of the land 

allocation solution, respectively, also the objective function value (OFV) of the land allocation 

solution for Objectives 1, 2 and 3, respectively.  𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 is the spatial compactness value. 

𝐴𝑘𝑚𝑖𝑛  and 𝐴𝑘𝑚𝑎𝑥 are the lower and higher limit for the number of units allocated for land use 𝑘, 

respectively. Considering the tendency of construction sprawl and the objective of protecting 

conservation land, this study set the target number of cells allocated for agricultural land, 

construction land and conservation land as 650-694, 83-110, and 108-140, respectively. 

4.2.3 NSGA-II and Knowledge-informed Modifications 

4.2.3.1 Overview of NSGA-II 

The non-dominated sorting genetic algorithm (NSGA-II) is a multi-objective 

optimization algorithm that tries to identify non-dominated solutions that represent different 

trade-offs between multiple objectives (Deb et al., 2002). It is a modified genetic algorithm (GA) 

that simulates the natural selection procedure. In the conventional genetic algorithm, at each 

generation, the individuals are randomly selected from the current population to reproduce 

children for the next generation through crossover and mutation. NSGA-II differs from 

conventional GA by using an elitist principle, an explicit diversity preserving mechanism and 

emphasizing non-dominated solutions. Its procedure is shown in Figure 4-3(a). At each 

generation, NSGA-II selects individuals based on their non-dominated ranks and crowding 

distances. The fast-non-dominated-sorting procedure (Figure 4-3(b)) and the crowding-distance-

sorting procedure (Figure 4-3(c)) are the main characteristics of NSGA-II. When NSGA-II is 

applied to solve the MOLA problem, each individual represents one land allocation solution. 

Crossover exchanges the land use type of selected cells between two land allocation solutions. 
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Mutation flips or changes the land use type of selected cells in one land allocation solution. In this 

research test, we use the two_point_crossover and swap_mutation operators for the classical 

NSGA-II, since they have been proven to work well based on a previous test (Song & Chen, 

2018).  

 

 

Figure 4-3. Non-dominated sorting and Crowding distance sorting procedures in the classical NSGA-II 

(Deb et al., 2002) 

 

In classical NSGA-II, the non-dominated solutions are achieved at each generation, and 

the archive will be updated with new non-dominated solutions in the next generation, while the 

dominated solutions will be removed from the archive. The final archive contains all non-

dominated solutions ever found in the evolution. However, under many situations, the number of 

archived solutions will become very large with the increasing generations, which means that 

longer computation time has to be taken to update the archive.  
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4.2.3.2 Knowledge-informed NSGA-II 

This research makes three aspects of modifications to the classical NSGA-II, including 

limiting the size of archived solutions, applying knowledge-informed initial solutions, and 

developing knowledge-informed crossover and mutation operators.  

 

(1) Archive size limitation 

To decrease the size while preserving the diversity of the non-dominated solutions, we 

adopt a truncation mechanism to the archived solutions. The largest number of archived solutions 

is set equal to the population size. In each generation, among all non-dominated solutions, the 

solutions with higher crowding distance will be kept in the archive. The other solutions will be 

removed from the archive. Since the crowding distance of each solution has been calculated in the 

crowding-distance-sorting procedure (Figure 4-3(c)), this solution truncation procedure does not 

take much extra computation efforts. 

 

(2) Knowledge-informed initialization  

Based on the target number of units allocated for each land use, as well as the real-life 

planning context, many cells will keep their current land use type in the MOLA. Moreover, we 

need to protect conservation land from agricultural and construction activities. Therefore, instead 

of using random land allocation patterns as initial solutions, we use initial solutions that keep 70 

percent of current land use while randomly mutate 30 percent of current use. Among the 30 

percent cells selected for mutation, if a cell is currently used for conservation, its land use type 

will not be mutated. This method protects current conservation land from being used for 

agricultural or construction activities. 30 percent cells are selected for mutation based on a 

comparison of the current number of cells for each land use and the target number of cells for 
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each land use in the MOLA. This initialization method will be applied to both the classical and 

the knowledge-informed NSGA-II algorithms.  

 

(3)  Knowledge-informed operators 

This research designs three knowledge-informed operators: edge_crossover, 

patch_based_mutation, and constraint_edge_mutation. Both the edge_crossover and 

constraint_edge_mutation incorporate the edge growing/decreasing rule, so the edge cells are 

clarified here. An edge cell is defined as the cell on the edge of a patch. If a cell’s neighboring 

cells are all used for the same land use with the cell itself, it will not be regarded as an edge cell; 

otherwise, it will not be seen as an edge cell. For instance, in Figure 4-4, R1, R3, R4 are edge 

cells, while R2 is not an edge cell.   

Based on previous research, classical NSGA-II is effective and efficient in optimizing 

non-spatial objectives in MOLA problems, such as minimizing land conversion cost or 

maximizing land suitability, but inefficient in handling spatial patterns such as maximizing spatial 

compactness/contiguity or preventing land units with certain attributes from a specified use (Cao 

et al., 2011; Datta et al., 2007; Song & Chen, 2018). Therefore, the knowledge-informed 

designations in this research focus on the objective of maximizing spatial compactness and 

handling the constraints. 

First, according to the knowledge in planning and landscape ecology, within a land use 

patch, the core area is more stable due to the homogeneous surroundings, whereas the edge area is 

volatile; land use change is more likely to happen on the edge area of a patch (Cao et al., 2012; 

Liu et al., 2016). Based on this knowledge, the operators of edge-crossover, 

patch_based_mutation, and constraint_edge_mutation encourage compact land allocation by 

incorporating the edge growing/decreasing, patch-based, and neighborhood rules, respectively. 

Specifically, the edge_crossover exchanges the land use type of the cells on the edge of two 
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patches; the patch_based_mutation mutates the land use type of patches instead of individual or 

randomly selected cells, and considers the diverse shape of patches; the constraint_edge_mutation 

mutates the land use type of edge cells. Second, to deal with the constraints of upper and lower 

limits for the number of units allocated for each use, the constraint_edge_mutation steers 

infeasible solutions to feasible ones by comparing the number of units allocated for each use in 

current solutions to the upper and lower limits. Third, in response to the constraint of protecting 

current conservation land from being used for agricultural or construction activities, the initial 

solutions keep all current conservation land, and their land use type is set unchanged in all three 

operators. 

The following part illustrates how the three operators work in detail.  

(a) Edge_crossover  

The edge_crossover operator is designed based on the edge growing/decreasing rule. For 

instance, in Figure 4-4, Parent-1 and Parent-2 are two randomly selected individuals. To create 

Child-1 and Child-2, all the edge cells in Parent-1 exchange their land use type with the 

corresponding cells in Parent-2; the other cells keep their original land use type. Figure 4-4 

includes an example and the pseudo code that describe how the edge_crossover works.  

 

 

Figure 4-4. Edge_crossover in the knowledge-informed NSGA-II 
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(b) Patch_based_mutation  

The patch-based mutation operator integrates the neighborhood, patch-based, and 

constraint steering rules. Figure 4-5 includes an example and the pseudo code that describe how 

the patch_based_mutation works. 

 

Figure 4-5. Patch_based_mutation in the knowledge-informed NSGA-II 

 

 

(c) Constraint_edge_ mutation  

The constraint_edge_mutation integrates the constraint steering and edge 

growing/decreasing rules. The parameters used in the operator include the upper and lower limits 

for the number of cells allocated for each land use.  Figure 4-6 is the pseudo code of 

constraint_edge_mutation. max_k and min_k represent the upper and lower limit for the number 

of cells allocated for land use k, respectively.  
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Figure 4-6. Constraint_edge_mutation in the knowledge-informed NSGA-II 

  

4.2.4 Measurements to Evaluate Algorithm Performance 

4.2.4.1 Common Criteria to Evaluate Multi-objective Optimization Methods 

The Pareto-based multi-objective optimization methods produce a Pareto set/front, which 

includes non-dominated solutions that cannot improve one objective without degrading some 

others. The following example explains the non-dominated solutions more specifically. For 

example, A and B are solutions for a multi-objective optimization problem. If A is not worse than 

B as for all objectives, and meanwhile A is strictly better than B as for at least one objective, A 

dominates B. Otherwise, if A is better than B as for one or more objectives, but meanwhile worse 

than B as for another objective(s), A and B are non-dominated solutions. The true Pareto front/set 

is defined as the set/front which contains all solutions that are not dominated by any other 

solutions. To evaluate the performance of a Pareto-based multi-optimization technique, two 

criteria are usually considered: the distance of the Pareto set to the true Pareto set, and the 

diversity of solutions in the Pareto set (Coello et al., 2007; Duh & Brown, 2007). The following 

hypothetical two-objective optimization problem is used to illustrate how these two criteria work.  
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In Figure 4-7(a), the Pareto sets generated by the two methods have similar spread, which 

indicates their solution diversities are similar. However, the Pareto set of Method 1 is much closer 

to the true Pareto set. Under this situation, Method 1 performs better than Method 2. In Figure 4-

7(b), the Pareto set of the two methods have the similar distance to the true Pareto set, but the 

solutions in the Pareto set of Method 2 are more spreading. Under this situation, Method 2 

performs better than Method 1, since it produces solutions with higher diversity.  

 

 

Figure 4-7. Hypothetical two-objective optimization problem 

 

4.2.4.2 Measurements Applied in this Study 

To compare the performance of the classical NSGA-II and the knowledge-informed 

NSGA-II in solving the MOLA problem, besides the two common criteria, we also consider the 

OFVs of solutions, the computation time, and the mapping pattern of solutions.  

In the MOLA problem, the true Pareto set is unknown. The multiple objectives also make 

it impossible to visually interpret the distance and the diversity of the solutions based on plotting. 

Considering previous research and the characteristics of NSGA-II, the average rank index (ARI) 

and the average crowding distance (ACD) of the solutions in the Pareto set are used to reflect 

their relative closeness to the true Pareto set and the solution diversity, respectively (Coello et al., 

2007; Duh & Brown, 2007).  
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Average rank index (ARI): Because the true Pareto front is unknown, it is impossible to 

calculate the real distance of the solutions to the true Pareto front. ARI is used to evaluate the 

relative closeness of the solutions to the true Pareto front. The Pareto sets produced by the 

classical and knowledge-informed algorithms are first pooled, and each solution is assigned a 

Pareto rank based on the fast-non-dominated-sorting-procedure (Figure 4-3(b)). The procedure 

sorts all solutions based on their Pareto ranks. The solutions with the Pareto rank 1 are not 

dominated by any other solutions. The solutions with the Pareto rank 2 are only dominated by the 

solutions with the rank 1; the lower the rank, the closer the solutions to the true Pareto set. The 

ranks of all solutions produced by a given algorithm are then averaged to calculate the ARI of the 

algorithm. For a given algorithm, if its ARI equals 1, it means that all its solutions are not 

dominated by any solution produced by the other algorithm. The closer the ARI value is to 1, the 

closer the corresponding Pareto set is to the true Pareto set. The ARIs of the final Pareto sets and 

some intermediate Pareto sets are calculated, respectively.  

Average crowding distance (ACD): The ACD is used to evaluate solution diversity; 

larger ACD value indicates higher solution diversity. For each solution in the Pareto set, its 

crowding distance will be calculated based on the crowding_distance_assignement procedure 

(Figure 4-3(c)). The crowding distance of all solutions in the Pareto set will be averaged to obtain 

the ACD.  Since an archive limitation mechanism is applied to the knowledge-informed NSGA-

II, the number of archived solutions is less or equal to the population size, while the number of 

archived solutions in the classical algorithm is not limited. As a result, the ACD of the 

knowledge-informed algorithm is very likely to be much smaller than that of the classical 

algorithm. It is unfair to calculate and compare their ACDs directly. To solve this problem, for 

the Pareto set of the classical algorithm, we first rank all solutions based on their crowding 

distance. The same number of solutions (to the knowledge-informed algorithm) with larger 

crowding distance are then selected. The average crowding distance of these selected solutions is 
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used as the ACD of the classical algorithm. The ACDs of the final Pareto set and some 

intermediate Pareto sets are calculated, respectively. 

OFV of solutions for each objective: Both ARI and ACD evaluate solution quality by 

considering the four objectives together. They cannot reflect how the algorithm works on each 

objective and show the trade-offs between the multiple objectives. Therefore, for each of the final 

Pareto sets or the selected intermediate Pareto sets, the average OFVs of solutions for the four 

objectives are calculated and plotted for comparison (Figure 4-8). 

Mapping pattern of solutions and computation time: Except for the above indicators, we 

will also consider the mapping patterns of solutions and the computation time of the two 

algorithms. To summarize, an effective and efficient algorithm is supposed to produce solutions 

that are closer to the true Pareto front and have higher diversity within a shorter computation 

time. Meanwhile, the mapping of solutions should also be reasonable and desirable in the 

planning context. 

4.2.4.3 Multiple Run Performance Evaluation 

As heuristic algorithms, both the classical and knowledge-informed NSGA-II will not 

produce exactly same solutions in multiple runs. The above measurements compare the 

performance of the two algorithms based on the solutions they produce in a random run. This is 

based on the following assumptions: when the two algorithms are compared based on the 

solutions they produce in different runs, their relative advantages or disadvantages are consistent; 

one algorithm consistently produces better or worse solutions than the other algorithm in multiple 

runs.  

To test this assumption, we ran each algorithm to solve the same MOLA problem for 15 

times. Then, the solutions produced by the two algorithms are coupled to build 15 combinations. 

Each combination contains two sets of solutions; one set is produced by the classical algorithm in 

one run, and the other set is produced by the knowledge-informed algorithm in one run. To keep 
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the diversity of the combinations, for both algorithms, we use each of the 15 runs exactly once. 

Then, for each combination, the ARIs, ACDs, and average OFVs of the final solutions produced 

by the two algorithms are calculated and compared.   

 

4.3 Results and analysis 

Both the classical and knowledge-informed NSGA-II were run to solve the MOLA 

problem. In both algorithms, the population size was set as 100, and the algorithms were set to 

terminate at the 5000 generation. The ARIs and ACDs of the final Pareto sets and some 

intermediate Pareto sets were calculated for the two algorithms, respectively (Table 4-1). For both 

the final Pareto sets and some intermediate Pareto sets, the average OFV of all solutions in each 

Pareto set is calculated and plotted (Figure 4-8). The computation time at different generations 

was recorded (Figure 4-11). For each algorithm, seven representative solutions were selected 

from the final Pareto set and mapped for comparison (Figure 4-9 and 4-10).  

Table 4-1 Comparison of classical and knowledge-informed NSGA-II: average rank index (ARI) and 

average crowding distance (ACD) at different generations 

generations 

ARI ACD 

classical 

algorithm 

knowledge-

informed 

algorithm 

classical 

algorithm 

knowledge-

informed 

algorithm 

500 1.79 1 0.081 0.080 

1000 1.72 1 0.081 0.082 

1500 1.74 1 0.081 0.081 

2000 1.48 1 0.082 0.081 

2500 1.64 1 0.082 0.081 

3000 1.65 1 0.082 0.081 

3500 1.61 1 0.082 0.080 

4000 1.58 1 0.081 0.082 

4500 1.58 1 0.081 0.082 

5000 1.61 1 0.081 0.082 

 

4.3.1 Closeness to the True Pareto front 
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For both the final and intermediate Pareto sets, the ARIs of the knowledge-informed 

algorithm are all equal 1, while that of the classical algorithm are obviously higher than 1. This 

indicates that, at different stages of evolution, the knowledge-informed algorithm produces 

solutions much closer to the true Pareto front compared to the classical algorithm. At the same 

generation, the solutions produced by the knowledge-informed algorithm are not dominated by 

any solution produced by the classical algorithm. 

4.3.2 Solution Diversity 

At different stages of the evolution, the ACDs of the two algorithms are similar to each 

other. This indicates the solution diversities produced by the two algorithms are similar. The 

knowledge-informed algorithm does not sacrifice the solution diversity. 

4.3.3 OFV of Solutions 

As for the solutions in the final Pareto sets (Table 4-2), the average OFVs of solutions for 

Objectives 3 and 4 generated by the knowledge-informed algorithm are obviously higher than 

those generated by the classical algorithm. The average OFVs of solutions for Objectives 1 and 2 

generated by the two algorithms are similar.  

At different generations, for Objectives 1 and 2, the average OFVs of solutions generated 

by the two algorithms are very close. The differences are within 10. As for the solutions 

generated by the classical algorithm, the average OFV for Objective 1 reaches the maximum 

value at the 2000-generation and then decreases, but the value is still higher than that generated 

by the knowledge-informed algorithm.  

For Objective 3, the average OFV of the solutions generated by the knowledge-informed 

algorithm keeps higher than that generated by the classical algorithm. In the classical algorithm, 

current construction land is not protected from agricultural or construction use. This may result in 

the lower OFVs for Objective 3.  
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For Objective 4, the average OFV of solutions generated by the knowledge-informed 

algorithm keeps improving with the increasing generations. In the classical algorithm, the average 

OFV stops to improve after 3500 generations. At the same generation, the average OFV of 

solutions generated by the knowledge-informed algorithm is apparently higher than that 

generated by the classical algorithm. The comparison indicates that the knowledge-informed 

algorithm is more effective and efficient in improving the spatial compactness of land allocation.  

To summarize, as for Objectives 1 and 2, the knowledge-informed algorithm does not 

show any obvious advantage, but it is obviously more effective and efficient in handling 

Objectives 3 and 4. The improvement on Objective 4 may sacrifice Objective 1 or 2, but the 

sacrifice is not too much. 

 

 

 

 

Table 4-2 Comparison of classical and knowledge-informed NSGA-II: OFV of final solutions 

  Objective 1 Objective 2 Objective 3 Objective 4 

classical algorithm  642.97 74.42 110.15 707.16 

knowledge-informed algorithm  642.24 75.13 120.72 749.47 
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Figure 4-8. Comparison of classical and knowledge informed NSGA-II: OFVs of intermediate and final 

solutions 

 

4.3.4 Mapping of Solutions 

For each algorithm, in the final Pareto set, the four solutions with the highest OFV for 

each objective are selected and mapped, respectively (Figure 4-9(a)(b)(c)(d) and Figure 4-

10(a)(b)(c)(d)). Then we ranked all solutions based on their OFVs for Objective 4 and selected 

the top 20 solutions. Among the 20 solutions, the three solutions with the highest OFVs on 

Objectives 1, 2, and 3 were selected and mapped, respectively (Figure 4-9(e)(f)(g) and  Figure 4-

10(e)(f)(g)). In the planning context, Figure 4-9(d) and Figure 4-10(d) are the solutions that 

maximize spatial compactness of land allocation. Figure 4-9(a)(c) and Figure 4-10(a)(c) are the 

agriculture-oriented solutions, Figure 4-9(b)(f) and Figure 4-10(b)(f) are the construction-oriented 

solutions, and Figure 4-9(c)(g) and Figure 4-10(c)(g) are the conservation-oriented solutions.  
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Figure 4-9. Solutions produced by the classical NSGA-II: (a) agriculture-oriented solution, (b) 

construction-oriented solution, (c) conservation-oriented solution, (d) solution maximizing spatial 

compactness, (e) agriculture-oriented solution when spatial compactness is maintained, (f) construction-

oriented solution when spatial compactness is maintained, and (g) conservation-oriented solution when 

spatial compactness is maintained. 

 

 

 

 

Figure 4-10. Solutions produced by the knowledge-informed NSGA-II: (a) agriculture-oriented solution, 

(b) construction-oriented solution, (c) conservation-oriented solution, (d) solution maximizing spatial 

compactness, (e) agriculture-oriented solution when spatial compactness is maintained, (f) construction-

oriented solution when spatial compactness is maintained, and (g) conservation-oriented solution when 

spatial compactness is maintained. 
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When the solutions generated by the two algorithms are compared, there are much more 

scattered or isolated cells in the solutions produced by the classical algorithm. These scattered or 

isolated land units are not desirable in the planning context. In contrast, the land allocation pattern 

is more compact in the solutions produced by the knowledge-informed algorithm.  

The further analysis of the solutions produced by the knowledge-informed algorithm 

shows the following results: First, all solutions preserve current conservation land when 

compared to the current land use (Figure 4-1). Second, in the construction-oriented solutions 

(Figure 4-10(b)(f)), construction land tends to be allocated in the southwest corner of the 

simulated planning area. This is reasonable because this area is close to the township center. 

Moreover, when the spatial compactness is maintained, the conservation-oriented (Figure 4-10(f)) 

and construction-oriented (Figure 4-10(g)) solutions look very similar. This indicates that the 

solutions provide a good compromise between the objectives of maximizing construction 

suitability and conservation suitability. Finally, the agriculture-oriented (Figure 4-10(a)(e)) and 

construction-oriented (Figure 4-10(b)(f)) solutions are visually very different, especially as for 

where the new construction land is allocated. This indicates that the objectives of agricultural 

land protection and construction sprawl are conflicted with each other.    

4.3.5 Computation Time 

Both the classical and the knowledge-informed algorithms were programmed with 

Python 2.7 and run on a computer with Intel Core i7-3770 CPU@3.40GHz. With generation 

increasing, the computation time of the knowledge-informed algorithm grows slower than that of 

the classical algorithm. To finish the 5000-generation evolution, the classical algorithm takes 13 h 

11m, while the knowledge-informed algorithm takes around 9 h. 
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Figure 4-11. Comparison of classical and knowledge-informed NSGA-II: computation time 

 

When this comparison is combined with the analysis in Section 4.3.1-4.3.4, the 

knowledge-informed algorithm obtains better solutions within shorter computation time when 

compared to the classical algorithm. 

4.3.6 Multiple Run Performance Test 

Table 4-3 shows the ARIs, ACDs and average OFVs of the solutions produced by the two 

algorithms in the 15 combinations. 

In all combinations, the ARIs of the knowledge-informed algorithm are very close to 1. 

In most combinations, the ARIs of the classical algorithm are obviously higher than that of the 

knowledge-informed algorithm and less close to 1. This indicates that in most combinations, the 

knowledge-informed algorithm produces solutions much closer to the true Pareto front compared 

to the classical algorithm. In all combinations, the ACDs of the two algorithms are very close, all 

around 0.08. This indicates that the solution diversity produced by two algorithms is very similar. 

In all combinations, for Objectives 1 and 2, the average OFVs of the classical algorithm are 

slightly higher than that of the knowledge-informed algorithm. For Objectives 3 and 4, the 

average OFVs of the knowledge-informed algorithm are obviously higher than that of the 

classical algorithm. These comparison results are consistent with the comparison in Section 4.3.1- 

4.3.3. Therefore, we can confidently conclude that the comparisons based on the solutions 

produced by the two algorithms in a random run are accountable. 
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Table 4-3 Comparison of classical and knowledge-informed NSGA-II based on multiple runs: Average 

rank index (ARI), average crowding distance (ACD) and average objective function values (OFVs) in 15 

combinations 

 

Note: C represents the classical algorithm; K represents the knowledge-informed algorithm  

 

 

4.4 Conclusion and Discussion  

An improved knowledge-informed NSGA-II was developed to solve the MOLA problem 

with quality solutions by integrating the patch-based, edge growing/decreasing, neighborhood and 

constraint steering rules. The performance of the knowledge-informed algorithm was compared to 

that of the classical NSGA-II through a test with a simulated planning area of a 30*30 grid. 

The knowledge-informed algorithm consistently produced solutions much closer to the 

true Pareto set within a shorter computation time, while the solution diversity was similar to that 

generated by the classical NSGA-II. When the objectives were individually considered, the 

 
ARI ACD Average OFV 

Objective 1 

Average OFV  

Objective 2 

Average OFV  

Objective 3 

Average OFV  

objective 4 

 

C 

 

K 

 

C 

 

K 

 

C 

 

K 

 

C 

 

K 

 

C 

 

K 

 

C 

 

K 

combination 1 1.23 1 0.080 0.081 644.04 638.75 76.37 72.85 113 123 717.78 747.37 

combination 2 1.07 1 0.078 0.082 644.74 642.24 76.99 75.13 116 121 728.25 749.47 

combination 3 1.56 1 0.082 0.081 646.40 640.97 77.69 72.91 114 122 724.77 745.68 

combination 4 1.12 1.06 0.078 0.081 645.99 639.80 77.59 74.13 112 123 723.98 745.57 

combination 5 1.19 1.02 0.078 0.082 645.47 641.84 76.81 72.97 115 120 726.31 752.24 

combination 6 1.21 1.04 0.081 0.081 646.11 641.80 77.25 73.63 115 121 721.71 750.76 

combination 7 1.09 1.01 0.082 0.081 645.07 640.95 76.92 74.29 114 122 718.18 746.13 

combination 8 1.3 1.02 0.081 0.082 645.40 641.92 76.58 74.34 112 121 725.85 752.07 

combination 9 1.59 1 0.081 0.081 644.72 640.50 77.43 74.90 113 122 720.24 745.13 

combination 10 1.58 1 0.081 0.082 644.78 640.03 76.45 74.75 112 122 721.32 747.45 

combination 11 1.05 1 0.081 0.082 645.23 641.10 76.68 75.00 112 123 724.49 745.45 

combination 12 1.16 1.06 0.081 0.082 645.09 639.40 77.37 72.93 114 121 718.33 751.21 

combination 13 1.17 1.03 0.081 0.082 645.47 641.54 76.80 74.48 113 120 722.31 747.13 

combination 14 1.09 1.02 0.078 0.082 645.97 639.42 76.38 74.48 113 121 723.13 745.51 

combination 15 1.62 1 0.079 0.810 644.07 639.89 76.34 74.01 115 121 727.87 746.03 
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knowledge-informed algorithm showed an obvious advantage in encouraging compact land 

allocations.  

Based on the solution mapping patterns, the solutions produced by the knowledge-

informed algorithm are more reasonable and desirable under the planning context: Less 

scattered/isolated land units have been identified, and the solutions provide a good compromise 

between the objectives of construction sprawl and conservation land protection.  

For Objectives 1 and 2, the knowledge-informed algorithm does not show any obvious 

advantages, but it is obviously more effective and efficient in handling Objectives 3 and 4. This 

can be explained by the knowledge-informed designations. First, the crossover and mutation 

operators incorporate edge-growing/decreasing, patch-based and neighborhood rules to encourage 

compact land allocation. The obvious difference on Objective 3 between the solutions produced 

by the two algorithms reflects the effectiveness of these knowledge-informed designations. 

Second, in the land suitability data, current conservation land is evaluated highly as suitable for 

conservation. In the knowledge-informed algorithm, current conservation land is strictly protected 

from being converted to other land uses through the initialization and the operators. This results 

in a higher suitability value for Objective 4. Moreover, since previous research has proven that 

classical NSGA-II is effective and efficient in handling the non-spatial objective of maximizing 

land suitability, the knowledge-informed designations in this chapter do not make any efforts to 

further improve its performance in maximizing land suitability (Cao et al., 2011; Datta et al., 

2007; Song & Chen, 2018). This explains why the knowledge-informed algorithm does not show 

any advantages over the classical algorithm in improving the OFVs of solutions for Objectives 1 

and 2. However, OFVs of the two algorithms for Objectives 1 and 2 are very close. This means 

that the improvement in spatial compactness and conservation suitability does not sacrifice much 

on agricultural and construction suitability. 
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The focus of this research is to develop an improved knowledge-informed NSGA-II, and 

compare its performance to that of the classical NSGA-II. If it can effectively and efficiently 

achieve quality solutions and has obvious advantages over the classical algorithm, it will be 

applied to solve real-life MOLA problems in the future. The simulated planning area represented 

by the 30*30 grid is applied for the convenience of algorithm design and comparison. The 

improved algorithm has been proven to work effectively and efficiently for the simulated dataset, 

but there are some challenges when it is applied to real-life planning problems. 

First, in the test, the population size was set as 100, and the algorithm was set to 

terminate at the 5000 generation. Both the population size and the generations of evolution are 

large enough to make the algorithm converge to quality solutions for the 30*30 grid dataset. 

Meanwhile, the computation time is also acceptable. However, a real-life planning area usually 

has a larger data size. Smaller population size or a fewer number of generations will decrease the 

computation time, but they may sacrifice the solution quality. As a result, which population size 

and generation number can provide a good compromise between the solution quality and 

computation time is one of the challenges when the algorithm is applied to real-life planning 

problems. 

Then, each cell in the grid represents a 100m*100m square area in the test. However, 

when the algorithm is applied to real-life planning problems, the appropriate cell size will depend 

on the resolutions of available data, the size, physical and socio-economic conditions of the 

planning area, and the requirements of the planning projects. Different planning projects require 

different spatial resolutions. A higher spatial resolution will result in larger data size, and then 

requires longer computation time. When solving real-life planning problems, the decision makers 

need to make a compromise between computation time and spatial resolutions by considering the 

planning objectives. This is another challenge. 
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Moreover, different from the square shape of the simulated planning area, the shape of a 

real-life planning area is usually irregular. The cells on the border of the planning area cannot be 

directly decided based on their row or column number. These border cells have unique 

characteristics - some of their neighboring cells are outside the planning area. Therefore, some 

modifications have to be made to adapt the algorithm for planning areas with an irregular shape, 

especially in identifying the border cells and applying the neighborhood rules.  

Finally, the knowledge-informed NSGA-II is expected to support decision-making in 

solving MOLA problems, instead of providing final solutions. As a Pareto-based method, it 

provides solutions that reflect different trade-offs between multiple objectives, but which 

solution(s) should be finally selected still requires the knowledge from planners. Moreover, as a 

heuristic optimization technique, it is not guaranteed to provide optimal solutions. When the 

algorithm fails to produce satisfactory solutions, how to develop knowledge-informed 

rules/operators to post-process the solutions will also be a challenge. Therefore, our future work 

will apply the improved knowledge-informed algorithm to solve real-life planning problems and 

try to develop effective and feasible methods to deal with these challenges. 
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Chapter 5 

A Framework to Support the “Multiple-plan Integration” planning with 

Spatial Optimization Modeling at China’s County Level 

 

Abstract: 

This chapter proposes a Multiple-plan Integration with Spatial Optimization (MPI-SOP) 

framework to support the “Multiple-plan integration” planning at China’s county level. The 

framework includes the five steps of mathematically formulating the spatial optimization 

problem, land suitability evaluation, optimization problem solving, post-processing of land 

allocation solutions, and applying post-processed solutions to “Three Spaces” and “Three Lines” 

planning. Meanwhile, a patch-based NSGA-II was developed and applied to solve the spatial 

optimization problem. The framework was applied to Dongxihu District of Wuhan City to test its 

feasibility and identify challenges for implementation. The case study shows: (1) Spatial 

optimization modeling generated land allocation solutions that are globally rational but with 

irrational local patterns. The solutions protect ecologically sensitive areas and agricultural land 

with large patch size and higher suitability, and plan future construction contiguous to the current 

urban area or in areas with convenient transportation. However, the land use of some isolated 

land units were not optimized based on their surrounding environment; some current construction 

land far from the urban area was not maintained. (2) In response to the irrational local patterns, a 

post-processing procedure that considered current land use and expected minimum patch size was 

applied to the land allocation solutions. This procedure produced land allocation patterns well 

suited for the “Three Spaces” and “Three Lines” planning in China’s county-level “Multiple-plan 

integration.” 

Keywords: spatial optimization, “Multiple-plan integration,” patch-based NSGA-II, China 
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5.1 Background 

Different levels of governments in China have implemented various spatial planning 

projects to guide and manage spatial development, make rational use of land, and protect 

ecological resources, including major function oriented zoning (MFOZ), urban and rural 

comprehensive planning, land use planning, basic ecological control lines or ecological red line 

planning, and so forth. These spatial planning projects are designed and implemented by different 

governmental departments with different goals, while their planning contents have overlaps. The 

inconsistency and poor coordination between different planning projects have increased their 

implementation cost and reduced their effectiveness (Liu & Wang, 2016; Su, Xu, & Xie, 2014; 

Xie & Wang, 2015; Zhang & Feng, 2017). In response to this problem, in 2014, the National 

Development and Reform Commission, the Ministry of Land and Resources, the Ministry of 

Environmental Protection, and the Ministry of Housing and Urban-Rural Development worked 

together to publish the announcement “Regarding implementing pilot project for ‘Multiple-plan 

integration’ at city or county level.” Twenty-eight counties or cities were selected as the pilots of 

the project (Huang & Wang, 2017; Su & Chen, 2015; Su et al., 2014; Xie & Wang, 2015).  

Instead of replacing existing planning projects, the “Multiple-plan integration” planning 

aims to guide and coordinate the multiple projects through planning the “Three Spaces” and 

delineating the “Three Lines” (Su & Chen, 2015; Su, Xu, & Xie, 2014; Xie & Wang, 2015). The 

“Three Spaces” includes the agricultural space, the ecological space, and the urban and rural 

construction space. The land use of each space is planned to optimize the spatial allocation of 

agriculture, construction and conservation activities in the planning area. The “Three Lines” 

includes the basic agricultural control line, the basic ecological control line, and the urban 

development boundary. The basic agricultural control line is planned to protect the agricultural 

land with higher quality and essential for food security. The basic ecological control line aims to 
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protect the ecological space that provides significant ecological service for the planning area. The 

urban development boundary is the control boundary for urban sprawl.  

In China, there are five levels of governments, national, provincial, city-level, county-

level, and township-level. Although a township is the most basic administrative unit, it lacks a 

specific planning department to work on the project. County-level governments plan a key role in 

the spatial management and planning of development and protection (Liu & Wang, 2016; Xie & 

Wang, 2015; Zhang & Feng, 2017).  

In most pilot projects, the “Multiple-plan integration” planning was made through the 

integration and adjustment of existing urban comprehensive planning, land use planning and 

ecological planning at the city or county level (Huang & Wang, 2017; Liang, Luo, & Yu, 2017). 

The problems of this approach are as follows. First, not every county-level division has complete 

urban comprehensive, land use and ecological planning available. Also, the database, planning 

terms, and boundaries of different planning projects are often not consistent. Even though land 

use planning is a required project at the county level, many county-level divisions do not work on 

urban comprehensive and ecological planning independently; instead, they are parts of the city-

level planning. Second, the existing planning decisions are not necessarily rational. China adopts 

a hierarchical planning system for both land use planning and urban comprehensive planning. The 

upper-level government imposes upper or lower limits for the total area of certain land use based 

on the analysis of resource conditions and socio-economic development trends. However, the 

spatial allocation of land uses mainly depends on local government’s decisions. Since local 

governments can obtain more fiscal revenue from the development of the real estate industry, 

they usually give priority to construction activities, which occupy high-quality agricultural land 

and valuable ecological space. Third, “Multiple-plan integration” requests to plan short-term land 

use by 2020 and long-term land use for 2030. However, existing land use and urban 

comprehensive planning only plan land allocations by 2020. Therefore, they are not very useful 
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for the long-term “Multiple-plan integration.” Finally, the approach itself has logical flaws. 

“Multiple-plan integration” planning is proposed as a planning project that provides guidance and 

baselines for other planning projects. It should be made before, instead of after them.  

In summary, the planning method applied in these pilot projects of “Multiple-plan 

integration” planning has many limitations. There is still a lack of rational and applicable 

methodology to support the “Multiple-plan integration” planning at China’s county level. 

 

5.2 Spatial Optimization Modeling and “Multiple-plan Integration” 

5.2.1 Spatial Optimization and Rational Planning 

The rational planning approach advocates a systematic forward progression from goal 

setting to implementation and back again through a feedback loop (Kaiser, Godschalk, & Chapin, 

1995). It emphasizes taking advantages of available data, information, and modeling efforts to 

simulate and predict rational land use alternatives. The land use planning framework proposed by 

the Food and Agriculture Organization of the United Nations (FAO) is a typical example of the 

rational planning approach (Food and Agriculture Organization of the United Nations, 1993). 

There are two basic tasks to generate planning alternatives based on this approach: land suitability 

evaluation and land allocation. Land suitability evaluates to what extent each land unit in the 

planning area is suitable for different land uses. Land allocation spatially allocates appropriate use 

to land units based on their land suitability levels (Food and Agriculture Organization of the 

United Nations, 1993; Kaiser et al., 1995).  

Spatial optimization modeling attempts to maximize or minimize one or more objectives 

subject to a few constraints. Spatial attributes, patterns or relationships have to be considered in 

the problem. It is suitable to solve planning problems by following the rational planning 

approach: the planning goals can be represented with the objectives of the model; the physical, 

socio-economic and policy background can be represented with the constraints; the planning 
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alternatives can be generated through solving the spatial optimization problem. Spatial 

optimization has been applied to support decision making in land use planning, landscape 

planning, forest planning, natural reserve planning, and so forth. (Aerts & Heuvelink, 2002; Datta 

et al., 2007; Duh & Brown, 2007; Murray & Church, 1995; Önal & Briers, 2005; Sahebgharani, 

2016; Santé-Riveira, Boullón-Magán, Crecente-Maseda, & Miranda-Barrós, 2008; Wu, Murray, 

& Xiao, 2011). 

When spatial optimization modeling is applied to solve planning problems, it often faces 

the difficulties and complexities of multiple non-concordant or conflicting objectives, remarkably 

large data size, non-linear objective or constraint functions, and the interdependency between 

spatial variables (Datta et al., 2007; Tong & Murray, 2012). Classical optimization techniques, 

such as enumeration, linear programming, branch and bound in integer programming, have been 

found not feasible or appropriate to solve the problem (Datta et al., 2007; Tong & Murray, 2012). 

A few heuristic optimization algorithms, such as simulated annealing (SA), genetic/evolutionary 

algorithms (GAs/EAs), and particle swarm optimization (PSO), have been found applicable to the 

problem. They differ from classical optimization techniques in producing approximate solutions, 

instead of finding exact solutions (Aerts & Heuvelink, 2002; Cao et al., 2011; Cao, Huang, Wang, 

& Lin, 2012; Datta et al., 2007; Duh & Brown, 2007; Liu, Peng, Jiao, & Liu, 2016; Masoomi, 

Mesgari, & Hamrah, 2013; Sahebgharani, 2016; Santé-Riveira et al., 2008).  

When these heuristic optimization algorithms are applied to planning problems, one land 

allocation pattern is regarded as a solution. They usually start with some randomly generated 

solutions, evaluate their goodness with respect to the objectives, and then mutate current solutions 

to find better solutions through some operators. There are two methods to represent the land 

allocation alternatives: grid representation and patch/parcel representation. Under the grid 

representation, the planning area is represented by a grid, and each cell in the grid represents a 
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land unit. In contrast, the planning area is comprised of patches under the patch representation. A 

spatially contiguous area with the same land use type will be regarded as a patch. 

The obvious advantage of the grid representation is that the spatial relationship of land 

units, such as adjacency and proximity, can be conveniently represented with their row and 

column numbers. However, to search the optimal land allocation alternatives, the algorithms 

usually mutate the land use types of randomly selected cell(s) in current solution(s). This often 

results in fragmented land allocation patterns. As a result, the algorithms usually take a long 

computation time to achieve quality solutions when some spatial objectives are taken into 

consideration, such as maximizing spatial compactness and compatibility (Duh & Brown, 2007; 

Ligmann-Zielinska, Church, & Jankowski, 2008).  

Some researchers adopted patch/parcel representation of land allocation alternatives to 

solve planning problems by using PSO or  GA algorithms (Masoomi et al., 2013; Porta et al., 

2013). With the patch representation, the fragmentation and computation cost can be decreased, 

but the representation of spatial attributes and relationships becomes complicated. Moreover, the 

splitting and reshaping of an individual patch and the combination of multiple patches are usually 

not allowed, while this is very probable in real-life planning.  

Considering the limitations of both representations, some researchers represent a land 

allocation alternative with a grid, but design some patch-based operators (Cao et al., 2012; Liu et 

al., 2016). The fundamental idea of this methodology is that within a land use patch, the core area 

is more stable due to its homogeneous surroundings, whereas the edge area is volatile; land use 

change is more likely to happen on the edge area of a patch (Forman, 1995). For instance, Cao et 

al. (2012) designed a few boundary-based operators for NSGA-II to solve a multi-objective land 

allocation problem. However, they combine the multiple-objectives into a single one by giving 

each objective a weight, which fails to handle the different trade-offs between multiple 

objectives. Liu et al. (2016) developed a modified PSO for multi-objective (maximizing 
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economic, social and ecological benefits) land allocation by designing three patch-level operators, 

including a patch-edge, a patch-size, and a patch-compactness operator. They simply represented 

the economic, social and ecological benefits with the compactness level of land use, the scale of 

urban sprawl and the area of forest, respectively. All three indicators can be easily calculated only 

based on the land allocation alternatives. No extra data is required to implement the algorithm. 

Therefore, it is unknown how the algorithm will perform when other data are incorporated. In 

previous research (chapter 4), we followed this patch-based methodology to develop a 

knowledge-informed NSGA-II for solving the MOLA problem by designing three operators, 

including edge_crossover, patch_based_mutation, and constraint_edge_ mutation, and it has been 

proven more effective and efficient than classical NSGA-II when tested with a 30*30 grid dataset 

(Song & Chen, 2018). However, it may need some modifications to work with larger data size.  

To summarize, even though spatial optimization modeling has been applied to solve 

planning problems, previous research mainly focuses on algorithm design. Most research uses 

simulated planning areas and datasets. Some research uses real-life data, but the planning 

problems are often simplified to implement the algorithms. Little research has concentrated on 

how to use spatial optimization modeling to solve real-life planning problems. 

5.2.2 Spatial Optimization Modeling for “Multiple-plan Integration” 

“Multiple-plan integration” is a planning project with the multiple goals of preserving 

agricultural land, guiding urban and rural development, and protecting ecological resources. It 

can be regarded as a spatial optimization problem that aims to optimize the land allocation 

patterns to maximize overall agricultural, construction and ecological suitability of land use 

within the planning area. Therefore, spatial optimization modeling is an appropriate method to 

solve the planning problem. 

Since county-level planning plays a key role in the spatial management of development 

and resource protection in China, this chapter proposes a Multiple-plan Integration with Spatial 
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Optimization (MPI-SOP) framework to support the “Multiple-plan integration” planning at 

China’s county level with spatial optimization modeling (Huang & Wang, 2017; Xie & Wang, 

2015; Zhang & Feng, 2017). The framework integrates the land suitability evaluation and land 

allocation procedures into a 5-step workflow (Figure 5-1). Step-1 explicitly interprets the 

planning problem as a spatial optimization problem and mathematically formulate the model. 

Step-2 deals with the task of land suitability evaluation and the evaluation result will be used in 

the spatial optimization model. Step-3 solves the spatial optimization problem to generate land 

allocation alternatives. Step-4 post-processes the solutions generated in Step-3. Step-5 applies the 

post-processed solutions to the “Three Space” and “The lines” planning in the “Multiple-plan 

integration.”  

 

Figure 5-1. The Multiple-plan Integration with Spatial Optimization (MPI-SOP) framework 
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The remainder of this chapter applies the framework to a county-level division in China 

to test its feasibility, and identify problems and challenges in its application. It is organized as 

follows. Section 5.3 introduces the study area and the data. Section 5.4 implements the 

framework step by step in the study area - Dongxihu District of Wuhan City. Section 5.5 

concludes this chapter, discusses the limitations of this study, and identifies further research 

directions.  

 

5.3 Study Area and Data 

Dongxihu District is a county-level division in Wuhan City, China, with a total area of 

496 km2. It is the suburban area of the Wuhan metropolitan. It includes ten townships of 

Wujiashan, Jiangjunlu, Jinyinhu, Jinghe, Cihui, Boquan, Dongshan, Xin’andu, Xingou, and 

Zoumaling. Wujiashan is the urban, socio-economic and political center. The urban area is mainly 

in the townships of Wujiashan, Jiangjunlu, Jinyinhu and Jinghe. Jinggang’ao Highway, Hurong 

Highway and National Road 107 cross the area (Figure 5-2).  
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Figure 5-2. Location of Dongxihu District of Wuhan City  

 

Statistical data used for the socio-economic factors were extracted from the Dongxihu 

Almanac (2010) (The Almanac Office of Dongxihu District, 2010). Physical data, such as DEM, 

landforms, water bodies, were provided by the Data Center for Resources and Environmental 

Sciences, Chinese Academy of Sciences (RESDC). Soil data was extracted from the published 

documents of the Second National Soil Census (Office of National Soil Survey, 1998). 

Current land use data were obtained through combination and reclassification of two 

datasets: the GlobelLand30 land cover data (30 m resolution) published by the National 

Geomatics Center of China, and the 1: 10000 land use map (2010) provided by the Department of 

Land, Resource and Planning of Dongxihu District. Considering the “Three Spaces” planning in 
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the “Multiple-plan integration,” this research reclassifies the land use in the planning area into 

three types: agricultural land, construction land, and conservation land. Conservation land is the 

combination of forest, grassland, wetland and water bodies. Current land use data is represented 

by a raster layer, and each cell represents a 300 m*300 m area in real-life. The land allocation 

solutions will also follow this cell size. This cell size is set based on the following considerations. 

In China’s county-level land use planning, the suggested scale of the planning maps is 1:50000, 

and the smallest patch shown on the planning maps is 5 hectares or 25 hectares (Ministry of Land 

and Resources of the PRC, 2010). At the county level, the “Multiple-plan integration” planning 

aims to provide guidance and baselines for land use planning and is expected to be less specific, 

so the minimum patch size for the “Multiple-plan integration” planning maps should not be 

smaller than that in county-level land use planning. However, if each cell represents a 500 m*500 

m (25 hectares) area, the shape of land patches will be greatly distorted. Therefore, we use each 

cell to represent a 300 m*300 m area. However, if a patch is composed of less than 3 cells, it will 

not be shown on the map. This indicates that the minimum patch size shown on the current land 

use map is 27 hectares. The reclassified land use map is shown in Figure 5-3. 

 

 

Figure 5-3. Current land use map (2010) in Dongxihu District of Wuhan City 
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5.4 Implementation of the MPI-SOP Framework in Dongxihu District 

5.4.1 Mathematically Formulating the Spatial Optimization Problem  

The “Multiple-plan Integration” attempts to handle the multiple objectives of preserving 

agricultural land, guiding urban and rural development, and protecting ecological resources by 

planning the “Three Spaces” and delineating the “Three Lines.” The “Three Spaces” includes the 

agricultural space, the ecological space, and the urban and rural construction space. This means 

each land unit will be planned for one of the three uses (agriculture, construction or conservation) 

to optimize the land allocation pattern in the whole planning area concerning the multiple 

planning objectives. Meanwhile, in the planning context, the land units allocated for the same use 

are expected to be compactly allocated. Therefore, the optimization model includes four 

objectives: maximizing agricultural, construction and ecological suitability, respectively, and 

maximizing spatial compactness. Moreover, the county-level planning has to fulfill the upper or 

lower area limits for each land use imposed by the city-level government. These limits are 

incorporated into the optimization model as constraints. Another spatial constraint is to prevent 

current conservation land from being used for agricultural or construction activities.  

The planning area is represented by a grid, and each cell in the grid represents a land unit. 

The mathematical formulation of the spatial optimization model is as follows. 

Objective 1: Maximize agricultural suitability  

𝑆𝑢𝑖𝑡𝑎𝑔𝑟 = ∑ ∑ 𝑆𝑖𝑗𝑎𝑔𝑟𝑥𝑖𝑗𝑎𝑔𝑟     

𝑁

𝑗=1

𝑀

𝑖=1

(1) 

Objective 2: Maximize construction suitability  

𝑆𝑢𝑖𝑡𝑐𝑠𝑡 = ∑ ∑ 𝑆𝑖𝑗𝑐𝑠𝑡𝑥𝑖𝑗𝑐𝑠𝑡     (2)

𝑁

𝑗=1

𝑀

𝑖=1

 

Objective 3: Maximize conservation suitability  
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𝑆𝑢𝑖𝑡𝑐𝑠𝑣 = ∑ ∑ 𝑆𝑖𝑗𝑐𝑠𝑣𝑥𝑖𝑗𝑐𝑠𝑣      (3)

𝑁

𝑗=1

𝑀

𝑖=1

 

Objective 4: Maximize spatial compactness.  

𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 = ∑ ∑ ∑ 𝑏𝑖𝑗𝑘𝑥𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

      (4) 

where: 

 𝑏𝑖𝑗𝑘 = 𝑥𝑖−1 𝑗𝑘 + 𝑥𝑖+1 𝑗𝑘 + 𝑥𝑖 𝑗−1 𝑘 + 𝑥𝑖 𝑗+1 𝑘 + 𝑥𝑖−1𝑗−1 𝑘 + 𝑥𝑖−1 𝑗+1 𝑘 + 𝑥𝑖+1 𝑗−1 𝑘 +

𝑥𝑖+1 𝑗+1 𝑘  (5). 

Constraints: 

Upper and lower limit for the number of cells allocated for each use. 

𝐴𝑘𝑚𝑖𝑛 ≤ ∑ ∑ 𝑥𝑖𝑗𝑘

𝑁

𝑗=1

𝑀

𝑖=1

≤  𝐴𝑘𝑚𝑎𝑥         (6) 

Current conservation land is protected from agricultural or construction activities.                                                      

                                        𝑥𝑖𝑗𝑐𝑠𝑣 = 1, 𝑊ℎ𝑒𝑛 𝐿𝑈𝐶𝑖𝑗𝑐𝑠𝑣 = 1          (7)      

In the above formulas,  𝐾 is the number of land use types.   𝑀 and 𝑁 are the total number 

of rows and columns of the planning area. When cell (𝑖, 𝑗) is allocated for land use 𝑘, 𝑥𝑖𝑗𝑘=1; 

otherwise, 𝑥𝑖𝑗𝑘 = 0. Specifically, when cell  (𝑖, 𝑗) is allocated for agriculture, 𝑥𝑖𝑗𝑎𝑔𝑟 = 1; 

otherwise,  𝑥𝑖𝑗𝑎𝑔𝑟 = 0. Similarly,  𝑥𝑖𝑗𝑐𝑠𝑡 = 1 and  𝑥𝑖𝑗𝑐𝑠𝑣 = 1 represent cell  (𝑖, 𝑗)  is used for 

construction and conservation, respectively. 𝑆𝑖𝑗𝑎𝑔𝑟, 𝑆𝑖𝑗𝑐𝑠𝑡, and  𝑆𝑖𝑗𝑐𝑠𝑣 are the land suitability level 

of cell (𝑖, 𝑗) used for agriculture, construction and conservation, respectively, also the objective 

function value (OFV) of the land allocation solution for Objective 1, 2 and 3, respectively. 

𝐶𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 is the spatial compactness level.  𝐿𝑈𝐶𝑖𝑗𝑐𝑠𝑣 = 1 represents cell (𝑖, 𝑗)  is currently 

used for conservation . 𝐴𝑘𝑚𝑖𝑛  and 𝐴𝑘𝑚𝑎𝑥 are the lower and higher limits for the number of units 

allocated for land use 𝑘 , respectively (Table 5-1). They are set based on the Comprehensive Land 

Use Planning of Wuhan (2006-2020), the Outline for Comprehensive Land Use Planning in 
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Dongxihu District, Wuhan (2006-2020), the Urban Comprehensive Planning of  Wuhan (2010-

2020), and the knowledge of planners in the Department of Land, Resource and Planning of 

Dongxihu District (Wuhan Land Resources and Planning Bureau, 2008, 2009, 2010). 

 

Table 5-1 Upper and lower limits for the areas or the numbers of cells allocated for each land use 

in Dongxihu District of Wuhan City 

land use type lower limit upper limit 

 area 

(hectare) 

number of cells  area 

(hectare) 

number of cells 

agriculture 22950 2550  23823  2647  

construction 12654 1406  13617  1513  

conservation 11979 1331  13995  1555  

 

5.4.2 Land Suitability Evaluation 

Land suitability evaluation is an important procedure in the rational planning framework. 

Also, the land suitability levels of each unit for agriculture, construction, and conservation 

(𝑆𝑖𝑗𝑎𝑔𝑟, 𝑆𝑖𝑗𝑐𝑠𝑡  and 𝑆𝑖𝑗𝑐𝑠𝑣 in formula (1), (2) and (3)) are important parameters in the spatial 

optimization model. Evaluating land suitability for a specified use is a multi-criteria evaluation 

(MCE) problem. There are two main tasks: establishing the multiple criteria for the evaluation 

and aggregating the multiple criteria to obtain the evaluation results.  

5.4.2.1 Land Suitability Evaluation Criteria 

Chapter 2 of this dissertation made a review of previous research on land suitability 

evaluation and established the land suitability evaluation criteria for China’s county-level 

“Multiple-plan integration” planning. Based on the criteria established in Chapter 2, the local 

contexts of Dongxihu District, and the spatial resolution of the expected planning maps, this 

chapter uses the criteria in Table 5-2, 5-3 and 5-4 for the evaluation of land suitability for 

agriculture, construction, and conservation, respectively. 
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Table 5-2 Criteria for evaluating land suitability for agriculture in Dongxihu District of Wuhan 

City 

Criteria/Factors References 

Topography elevation, slope ,aspect De la Rosa, Mayol, 

Diaz-Pereira, 

Fernandez, & de la 

Rosa, 2004; Ke, 

Rong, & Han, 

2011; Office of 

National Soil 

Survey, 1998; 

USDA & SCS, 

1983; Zhao & 

Zhang, 2013; 

Wuhan Land 

Resources and 

Planning Bureau 

(2008, 2009, 2010) 

Soil productivity soil organic content, soil N content, active P (P2O5) 

content, active K (K2O) content, soil PH value, top 

soil depth, texture of soil 

Land use/cover Land use/cover type 

Drainage and irrigation 

system 

drainage and irrigation system condition 

Location adjacent land use, distance to urbanized area (urban 

center /township center), distance to current 

construction land, distance to main road 

Planning/policy 

compatibility 

planned use in urban and rural comprehensive 

planning, 

planned use in city-level land use planning 

planned use in county-level land use planning 
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Table 5-3 Criteria for evaluating land suitability for construction in Dongxihu District of Wuhan 

City 

Criteria/Factors References 

Physical 

factors 

Topographical factors 

elevation, slope, landform 

He, Jin, & Zhou, 

2011; Li, Xing, Li, 

& Feng, 2014; Ni & 

Liu, 2015; Qi & Gu, 

2010; Shuang et al., 

2014; Zhang, Fang, 

Wang, & Ma, 2013 

Geological factors 

subgrade bearing capacity, distance to areas prone to 

geological hazards  

Hydrological factors 

distance to river, lake, and reservoir 

 

Socio-

economic 

factors 

Population 

Population density 

Location and transportation 

distance to Wuhan central cities, distance to county urban 

center, distance to township center, distance to planned 

central villages, distance to highway entrance, distance to 

national/provincial/county road, distance to metro 

entrances 

Economic conditions 

GDP per capita, land output, fiscal revenue 

Accessibility to public service facility 

distance to (primary/secondary) school, distance to 

hospital/clinics 

Land use 

land use type, construction land percentage, settlement 

scale 

 

Ecological 

factors 

Protected areas 

natural reserve zone, forest park, scenic site, historical 

site, wetland 
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Table 5-4 Criteria for evaluating land suitability for conservation in Dongxihu District of Wuhan 

City 

Criteria Criterion specification  References  

Hydrology water source 

protection area 

1000 m upstream of the intakes, 300 

m downstream of the intakes 

(including three water intakes: Xihu 

Water Plant, Baiheju Water Plant, 

Wushidun Water Plant) 

 

 

 

 

Cui, 2012; Dong et 

al., 2015; Lu & Shen, 

2012; Ministry of 

Environmental 

Protection of the 

PRC, 2007; Ministry 

of Land and 

Resources of the PRC 

& Ministry of Water 

Resources of the 

PRC, 2012; She, 

Zhou, Liu, Shen, & 

Mao, 2012; Sheng, 

2010; Wang, Wang, 

& Zhou, 2014; Zhou, 

2011; Wuhan Land 

Resources and 

Planning Bureau, 

2012 

river, lake and 

reservoir and their 

buffer zone 

Han River and its 300m buffer, 

other rivers, lakes and reservoirs and 

their 50 m buffer 

 

Geology  areas prone to 

geological hazards 

high elevation area (>40m) 

area with steep slopes (>16°) 

 
Land 

cover/use  

wetland and 

waterbody 

 

urban green space  forest, grassland  

 
Other 

protected area  

natural conservation 

area, historical sites 

Jinyinhu national wetland park, Fuhe 

wetland park, Boquan ecological 

tourism zone 

 

 

5.4.2.2 Land Suitability Evaluation Results 

As to the land suitability evaluation for agriculture and construction, the multiple criteria 

are evaluated and aggregated through the AHP method assisted with the knowledge of local 

experts (Satty, 2008). The detail information about the criteria rating and weighting is shown in 

Appendix B. The land suitability level of each cell for a specified use is finally normalized to the 

range [0, 1] by dividing it by the highest suitability level of all cells for the same use in the whole 

area. Then, all land units are classified into five classes based on their land suitability for 

agriculture and construction, respectively. The classification is done through the Jenks natural 
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breaks classification method to reduce the variance within classes and maximize the variance 

between classes (Jenks & Caspall, 1971). The land suitability level increases from Class 1 to 

Class 5. Figure 5-4(a) and 5-4(b) are the land suitability classification maps for agriculture and 

construction, respectively.  

As for the land suitability evaluation for conservation, the multiple criteria are aggregated 

through an (OR) Boolean overlay; once a cell meets one or more criteria, it will be given a 

suitability value of 1; otherwise, it will be given a suitability value of 0. This Boolean overlay 

method is adopted because meeting any criterion will make the land unit ecologically sensitive or 

significant, and therefore it needs to be protected from being used for agriculture or construction 

activities. Then, based on the land suitability value, all land units are classified into two classes. 

Class 1 includes the land units suitable for conservation, while Class 2 includes the land units not 

suitable for conservation. Figure 5-4(c) is the land suitability classification map for conservation. 

 

 

Figure 5-4. Land suitability classification in Dongxihu District of Wuhan City: (a) Land 

suitability classification for agriculture, (b) Land suitability classification for construction, and (c) 

Land suitability classification for conservation. 

 

5.4.3 Spatial Optimization Problem Solving  

5.4.3.1 Patch-based NSGA-II  
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In this research, a land allocation alternative is represented with a grid, and a patch-based 

NSGA-II algorithm was developed and applied to solve the spatial optimization problem. NSGA-

II is a multi-objective optimization algorithm that attempts to identify non-dominated solutions 

that provide different trade-offs between multiple objectives; these solutions cannot improve one 

objective without degrading some others (Deb, Pratab, Agarwal, & Meyarivan, 2002). It is a 

population-based search technique that simulates the natural selection procedure. The evolution 

starts with an initial generation consisting of randomly generated individuals. At each generation, 

individuals are selected based on their non-domination ranks and crowding distances to guarantee 

solution domination and diversity. The selected individuals reproduce solutions for the next 

generation through crossover and mutation. When NSGA-II is applied to solve planning 

problems, each individual represents one land allocation solution. Crossover exchanges the land 

use type of selected land units between two solutions. Mutation flips or changes the land use type 

of selected land units in one solution. In regular crossover and mutation operators, the land units 

for mutation and crossover are usually randomly selected, and therefore they have been found 

inefficient in maintaining spatial compactness of land allocation.  

In Chapter 4, a knowledge-informed NSGA-II was developed to solve the multi-objective 

land allocation (MOLA) problem. Three knowledge-informed operators were designed to 

encourage compact land allocation following the patch-based idea, including edge_crossover, 

patch_based_mutation, and constraint_edge_mutation. Edge_crossover exchanges the land use 

type of the edge cells between two patches. Patch_based_mutation mutates the land use type of 

patches instead of randomly selected cells and considers the diverse shape of patches. 

Constraint_edge_mutation steers infeasible solutions to feasible ones by mutating the land use 

type of edge cells. The knowledge-informed NSGA-II has been proven more effective and 

efficient in solving the MOLA problem with a 30*30 grid dataset compared to classical NSGA-II. 

To design the patch-based NSGA-II for solving the spatial optimization problem in this chapter, 
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we kept the edge_crossover and patch_based_mutation operators in the knowledge-informed 

NSGA-II, but made a minor revision to the constraint_edge_mutation operator to design a 

constraint_edge_suitability_mutation operator. Figure 5-5 and Figure 5-6 briefly describe how the 

edge_crossover and patch_based_mutation work. Readers can get more information about the 

algorithm in chapter 4.  

In Section 5.4.2, all land units in the planning area are classified based on their land 

suitability levels for agriculture, construction, and conservation, respectively. Based on planning 

knowledge, spatially adjacent land units that have similar suitability levels for a specified use are 

more likely to be allocated for the same use. The constraint_edge_suitability_mutation was 

designed by taking advantages of this knowledge, and Figure 5-7 includes an example and pseudo 

code illustrating how it works. 

 

 

Figure 5-5. Edge_crossover in the patch-based NSGA-II 
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Figure 5-6. Patch_based_mutation in the patch-based NSGA-II 

 

 

 

 

 

Figure 5-7. Constraint_edge_suitability_mutation in the patch-based NSGA-II 
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5.4.3.2 Spatial Optimization Results 

The patch-based NSGA-II was applied to solve the spatial optimization problem 

formulated in Section 5.4.1. Among all non-dominated solutions generated by algorithm, four 

representative solutions were selected for mapping and further analysis (Table 5-5, Figure 5-8). 

Solution (a), (b), (c) and (d) are the solutions with the highest OFV on Objective 1, 2, 3 and 4, 

respectively. In the planning context, they are agriculture-oriented solution, construction-oriented 

solution, conservation-oriented solution, and the solution maximizing spatial compactness, 

respectively.  

Table 5-5 lists the OFV of each objective and the area of each land use in the four 

solutions. Figure 5-8 is the mapping of the solutions.   

The four solutions provide different trade-offs between the four objectives. The 

difference is reflected by their OFVs on each objective, the area of each land use, and the 

mapping of solutions. Solution (a), (b), and (c) give priority to agricultural suitability, 

construction suitability, and conservation suitability, respectively. There are less scattered land 

units in solution (d), and the spatial compactness level of land allocation is highest among the 

four solutions.  

When the mappings of the solutions are compared, the four solutions show globally 

similar but locally different patterns. All four solutions allocate future construction mainly in the 

current urban peripheral area. The township centers of Xingou and Dongshan are also planned for 

sprawl. Moreover, a few villages along the highways or National Road 107 are also planned for 

development. Meanwhile, agricultural land is mainly allocated in the townships of Dongshan, 

Xin’andu, Xin’gou, and Zoumaling, resulting in a large patch. The conservation area mainly 

includes water bodies, wetland, and historic and tourism sites. To summarize, the four solutions 

plan to protect ecologically sensitive areas and agricultural land with large patch and higher 

productivity. Also, they plan the space for urban sprawl and encourage construction expansion in 

areas with convenient transportation. The local differences are mainly concerned with where new 
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construction land is allocated. Compared to Solution (a) and (c), Solution (b) plans a larger area 

for urban and township center growth. The difference in the mapping patterns will be further 

analyzed in Section 5.4.5.2. 

Even though the global land allocation patterns in the four solutions are rational, there are 

some irrational local patterns. For instance, the township center of Xin’andu is not maintained. 

This township is far from the urban center and evaluated as less suitable for construction (Figure 

5-4(b)). However, based on planning knowledge, even though the township center is not suitable 

for further development, its current construction area should be maintained. Also, there are a few 

scattered patches smaller than 27 hectares; they are not expected to be shown on the planning 

maps. The land use of most scattered units fails to be optimized based on their surrounding land 

units. With these irrational local patterns, these solutions cannot be directly applied to the top-

level planning. They have to be post-processed based on the planning knowledge.   

 

Table 5-5 Selected solutions from spatial optimization results 

Solutions  
  OFV    Area of each land use (hectare) 

Objective 

1 

Objective 

2 

Objective  

3 

Objective 

4 
agriculture construction conservation 

a  2056.58 877.73 1257.00 4252.90 23814 12654 13140 

b  1984.00 932.17 1290.00 4278.98 22950 13185 13473 

c  1953.69 872.11 1353.00 4213.67 22959 12654 13995 

d  1980.02 884.21 1311.00 4386.67 20250 12699 13959 
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Figure 5-8. Mapping of selected solutions from spatial optimization results: (a) agriculture-

oriented solution, (b) construction-oriented solution, (c) conservation-oriented solution, and (d) 

solution maximizing spatial compactness. 

 

5.4.4 Post-processing of Land Allocation Solutions 

Considering the irrational local patterns in the solutions generated from spatial 

optimization, we propose a two-step post-processing procedure for the solutions based on the 

current land use and the expected minimum patch size of 27 hectares. The first step aims to 

maintain current construction land with higher suitability; the second step determines the land use 

of the patches smaller than 27 hectares based on their surrounding land units.  

The pseudo code of the two-step post-processing procedure is shown in Figure 5-9. Table 

5-6 lists the area of each land use in the post-processed solutions. The four post-processed 

solutions all satisfy the area limits in Table 5-1. Figure 5-10 is the mapping of the post-processed 

solutions.   
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Figure 5-9. Two-step post-processing procedure for the land allocation solutions 

 

 

Table 5-6 Area of each land use in the post-processed land allocation solutions 

Solutions    number of land units  

  agriculture  construction  conservation  

a  23490 12960 13158 

b  22635 13482 13491 

c  22698 13086 13824 

d  22608 13095 13905 
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Figure 5-10. Mapping of post-processed solutions: (a) agriculture-oriented solution, (b) 

construction-oriented solution, (c) conservation-oriented solution, and (d) solution maximizing 

spatial compactness. 

 

5.4.5 Apply Post-processed Solutions to “Three Spaces” and “Three Lines” Planning  

The key tasks in “Multiple-plan integration” planning is to plan the “Three Spaces” and 

the “Three Lines.” Solution (a) and Solution (b) are used as examples to illustrate how the post-

processed optimization solutions can be used to solve the planning problem. Solution (a) gives 

priority to agricultural activity while Solution (b) gives priority to construction activity. The two 

solutions are compared in Section 5.4.5.2. 

 

5.4.5.1 Planning of the “Three Spaces” and “Three Lines” 
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The “Three Spaces” can be planned based on the spatial allocation of different land uses. 

The land units allocated for agriculture, construction, and conservation can be planned for the 

agricultural space, the urban and rural construction space, and the ecological space, respectively.   

The basic ecological control line protects four large ecological spaces that provide 

important ecological service for the planning area, including Fuhe wetland park, Jingyinhu 

national park, Hanjiang ecological space, as well as an agriculture and tourism ecological space 

which consists of Boquan historical and tourism site, and the water bodies for developing 

freshwater aquaculture. The space inside the control line needs to be strictly protected from 

construction activities. 

The boundary of the contiguous construction area in the township of Wujiashan, Cihui, 

Jinyinhu, Jiangjunlu, Jinghe, and Zoumaling can be planned as the urban development boundary. 

This boundary limits the space for urban sprawl in the planning term.    

Within the county area, the basic agricultural space needs to be strictly protected from 

construction activities. Agricultural land with large patch size, higher productivity, and well 

drainage and irrigation facilities is suggested to be planned as basic agricultural land (Cheng et 

al., 2015; Zhu et al., 2016). In the land suitability classification map for agriculture (Figure 5-

4(a)), the space in class 5 is evaluated as most suitable for agriculture based on a comprehensive 

evaluation of land physical, soil, socio-economic and location factors. The land classification map 

was combined with the post-processed solutions. The agricultural space in class 5 and with large 

patch size is planned as the basic agricultural space, while the other agricultural space is planned 

as normal agricultural space. The basic agricultural control line is the boundary of the basic 

agricultural space.  

The planning maps generated based on the Solution (a) and (b) are shown in Figure 5-

11(a) and Figure 5-11(b) respectively. 
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Figure 5-11. “Three Spaces” and “Three Lines” planning maps for “Multiple-plan integration” in 

Dongxihu District of Wuhan City: (a) Solution giving priority to agriculture and (b) Solution 

giving priority to construction 

 

5.4.5.2 Solution Comparison 

When the two planning maps are compared, they show a high level of similarity. First, 

the spatial distribution patterns of the “Three Spaces” in the two solutions are similar. Also, in 

both solutions, the basic ecological control line encloses four large ecological spaces. Moreover, 

the spatial distribution of basic agricultural space and normal agricultural space in the two 

solutions show some similarities. More than 80 percent of the agricultural space has been planned 

as basic agricultural space, mainly located in the townships of Dongshan, Xin’andu, Xingou, 

Zoumaling, and Boquan. The agricultural space inside the urban growth boundary has been 

planned as normal agricultural space. The space in some buffer zones between the agricultural 

space and the construction or conservation space has also been planned as normal agricultural 

space. 

Nevertheless, the two planning maps also show some differences. The basic agricultural 

control line and urban growth boundary in the two solutions show some differences, especially in 
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the urban-rural fringe. The basic agricultural space in Figure 5-11(a) covers a large area than that 

in Figure 5-11(b), while the space planned for urban growth in Figure 5-11(b) covers a larger area 

than that in Figure 5-11(a). 

Much research has been done on the delineation of urban growth boundary both in China 

and other counties (Cheng, Liu, Zhao, & Cheng, 2015; Ding, Knaap, & Hopkins, 1999; Frenkel & 

Orenstein, 2012; Long, Han, Lai, & Mao, 2013). Some Chinese scholars proposed to delineate 

both the hard and soft urban growth boundary to increase the flexibility and predictability of 

planning (Cheng et al., 2015; Long et al., 2013). The hard boundary encloses a larger area than 

the soft boundary. The area within the soft boundary is given priority for urban sprawl. The area 

between the soft and the hard boundary is allowed but not encouraged to be used for urban 

development. Urban sprawl is forbidden outside the hard boundary. The two solutions that give 

different priority to construction activities make it possible to delineate both the hard and the soft 

urban growth boundary. The construction-oriented solution (Figure 5-11(b)) is useful for 

delineating the hard boundary, while the agriculture-oriented solution (Figure 5-11(a)) can be 

applied for planning the soft boundary.  

 

5.5 Conclusion and Discussion 

This chapter proposes a MPI-SOP framework to support the “Multiple-plan integration” 

planning at China’s level. It includes the five steps of mathematically formulating the spatial 

optimization problem, land suitability evaluation, optimization problem solving, post-processing 

of land allocation solutions, and applying post-processed solutions to “Three Spaces” and “Three 

Lines” planning. Meanwhile, a patch-based NSGA-II was developed and applied to solve the 

spatial optimization problem. The feasibility of the framework was tested through a case study in 

Dongxihu District of Wuhan City. 
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The case study shows that spatial optimization modeling generated solutions that are 

globally rational but with irrational local patterns. The solutions protect ecologically sensitive 

areas and agricultural land with large patch size and higher suitability. Also, they allocate future 

construction mainly in current urban peripheral area or areas with convenient transportation. 

However, some construction land far from the urban area was not maintained; a few isolated land 

units were allocated for construction or conservation surrounded by agricultural land. A post-

processing procedure that considers current land use status and expected minimum patch size 

were proposed and operated to the land allocation solutions. The post-processed solutions are 

well suited for the “Three Spaces” and “Three lines” planning for county-level “Multiple-plan 

integration” planning.  

Some limitations of this research are discussed here. They are either about the proposed 

framework or the case study. Also, future research directions are identified.  

First, the MPI-SOP framework is proposed by following the rational planning approach 

that takes advantages of available data, information, and modeling efforts to simulate or predict 

rational land use alternatives. The advantage of the spatial optimization modeling is that it 

provides solutions giving different trade-offs between the multiple objectives. Therefore, it 

provides the possibility for decision makers to select the solution that best satisfies the local 

needs. However, one limitation of the method is that the best solution is not guaranteed. The 

optimization results also depend greatly on the land suitability evaluation results. Land suitability 

evaluation is an MCE problem that needs to incorporate expert’s knowledge in decision making, 

while there are uncertainties in the decision making procedure. The rational planning approach 

advocates a systematic forward progression from goal setting to implementation and back again 

through a feedback loop. Therefore, applying the framework to produce land allocation solutions 

is not the end of the planning procedure. Planners still need to use their professional and local 

knowledge to decide whether the solutions are rational. If not, the criteria and their rating, 
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weighting, and classification systems in land suitability evaluation and the parameters in spatial 

optimization modeling may need adjustment. The planning decision making procedure may need 

a few rounds of land suitability evaluation, spatial optimization modeling and solution 

evaluations from planners.  

Second, in the framework, the upper and lower limits for the areas of each land use are 

important parameters in the spatial optimization modeling. At the county level, the main limits 

are imposed by the city-level government. The city-level or provincial-level government 

organizes research groups to set the limits for different counties based on the socio-economic 

development trends and resource conditions, and the county-level government does not have 

much flexibility in altering these limits. Therefore, how to set these limits is not the focus of the 

proposed framework. 

Third, in the case study, the land use and land cover data is based on the GlobeLand30 

land cover data and the land use map provided by the Department of Land, Resource, and 

Planning of Dongxihu District. So far, the most authorized and accurate land use data in China 

was obtained in the Second Land survey. However, we do not have access to it right now. The 

Chinese government is now working on making it accessible to the public. It will be a better data 

source to apply the proposed framework. Also, in the case study, the planning is mainly based on 

the land use and socio-economic data in 2010. This is done because the latest county-level land 

use planning and urban comprehensive planning in China were made based on the data around 

2010 and plan the land allocation for 2020. Therefore, the data in 2010 is now outdated but 

suitable for testing the proposed framework. 

Moreover, in the case study of Dongxihu District, the minimum patch size shown on the 

planning map is 27 hectares. This setting is adopted by considering the function of “Multiple-plan 

integration,” the mapping requirement of county-level land use planning, and the computational 

cost of spatial optimization. Even though the planning maps produced through the proposed 
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framework are well suited for the “Three spaces” and “Three lines” planning at the county level, 

they are not specific enough to plan the land use of each parcel. This means only implementing 

county-level planning is not enough for “Multiple-plan integration.” Similar to the land use 

planning system in China, “Multiple-plan integration” also requires a hierarchical system from 

county-level to township-level planning. It requires the combination of a top-down and a bottom-

up procedure. In the top-down procedure, county-level planning delineates the control boundaries 

for urban sprawl, and basic agricultural or ecological land protection, and determines the area 

limits for each space in different townships. Then, based on the control boundaries and the area 

limits, township-level planning plans each land parcel for one of the following uses, including 

urban construction, rural construction, basic ecological space, normal ecological space, basic 

agriculture, or normal agriculture. Finally, based on the township-level planning, a bottom-up 

procedure will be implemented to make local adjustments to the planning boundaries in county-

level planning. The county-level and township-level planning maps will work together to serve 

the multiple objectives of guiding urban and rural development and protecting agricultural and 

ecological resources in China’s county-level division. Therefore, how to modify the proposed 

framework to meet the requirements of the hierarchical planning system from county-level to 

township-level planning is one challenge for further research. Moreover, at the county level, the 

planning is mainly a government-guided activity assisted with experts’ knowledge. When it goes 

to township-level planning, the voices of different stakeholders, including local citizens, farmers, 

real-estate developers and the government, will become more important. How to incorporate the 

benefits of different stakeholders into the land suitability evaluation procedure also requires 

further research. 

Finally, the case study applies the framework for short-term “Multiple-plan integration” 

for 2020, since short-term planning is the focus of current work. When the plan term is extended, 

the area limits for each land use will be adjusted based on the resource condition and the socio-
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economic development trends. Theoretically, the framework still works for long-term planning. 

However, if the framework is separately applied to short-term and long-term planning, there may 

be some conflicts between the short-term and long-term planning solutions. To avoid the 

conflicts, short-term planning needs to consider the development and resource protection goals in 

the long run, while long-term planning should consider the land allocation patterns in short-term 

planning. How to modify the framework to better coordinate the short-term and long-term 

planning in the “Multiple-plan integration” is another issue requiring future research.  
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Chapter 6 

Summary: Contributions, Limitations, and Future Work 

In China, different levels of governments implement multiple spatial planning projects to 

guide socio-economic development, preserve agricultural land, and protect ecological resources, 

including the five-year (socio-economic development) plan, urban and rural comprehensive 

planning, land use planning, and basic ecological control lines (BECLs) planning. These planning 

projects focus on different problems with different goals and are often designed and implemented 

by different governmental departments. The Chinese government has realized the inconsistency 

and poor coordination of these planning projects and proposed the “Multiple-plan integration” 

project to provide guidance and coordination for the multiple planning. The key tasks in the 

“Multiple-plan integration” are planning the “Three Spaces” (the agricultural space, the 

ecological space, and the urban and rural construction space) and delineating the “Three Lines” 

(the basic agricultural control line, the basic ecological control line, and the urban development 

boundary). County-level governments play a key role in the “Three Spaces” and  

“Three Lines’ planning. 

The “Multiple-plan integration” planning is a multi-objective land allocation (MOLA) 

problem that aims to optimize the land allocation patterns concerning the objectives of preserving 

agricultural land, guiding urban and rural development, and protecting ecological resources. 

Therefore, spatial optimization modeling is an appropriate method to solve the MOLA problem. 

Because of the lack of applicable methodology to support decision making in current practices of 

county-level “Multiple-plan integration” planning, this dissertation proposes to solve the 

“Multiple-plan integration” planning problem with spatial optimization modeling. This 

dissertation has two objectives: 1) to propose a framework to support China’s “Multiple-plan 
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integration” planning at the county level with spatial optimization modeling and 2) to develop 

improved optimization algorithms to solve the MOLA problem.  

This chapter summarizes the research findings and contributions of previous chapters, 

analyses the limitations of this dissertation, and identifies future research directions.  

 

6.1 Research Findings and Contributions 

Chapter 1 introduces the research background and explains the rationale to support the 

“Multiple-plan integration” planning with spatial optimization modeling. The rational planning 

approach advocates taking advantage of data, information, analytical and modeling efforts to 

estimate planning alternatives, and emphasizes the tasks of land suitability evaluation and land 

allocation. Spatial optimization modeling is well suited to solve the planning problem by 

following this approach: the planning goals can be represented with the objectives of the model; 

the physical, socio-economic and policy background of the planning area can be represented with 

the constraints; the planning alternatives can be generated through solving the spatial 

optimization problem. The “Multiple-plan integration” can be regarded as a spatial optimization 

problem that aims to optimize the land allocation pattern to maximize land suitability for 

agriculture, construction, and conservation and maximize spatial compactness, subject to the area 

limits for each land use.  

Chapter 2 focuses on the land suitability evaluation task for the “Multiple-plan 

integration” planning. Land suitability evaluation aims to assess land performance when used for 

specified purposes and is an important procedure in the rational planning framework. Land 

suitability evaluation for China’s “Multiple-plan integration” planning need to focus on the 

specified uses of agriculture, construction, and conservation. This chapter first establishes the 

criteria for evaluating land suitability for agriculture, construction, and conservation, respectively, 

based on a review of related research and the context of China’s county-level “Multiple-plan 
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integration” planning. Then, multi-criteria evaluation (MCE) methods have been reviewed, and 

their characteristics and applicability to land suitability evaluation have been discussed. Finally, a 

case study of land suitability evaluation has been conducted in Dongxihu District of Wuhan City 

with the established criteria and the MCE methods of Analytical Hierarchy Analysis (AHP) and 

Boolean overlay. The AHP method was used for land suitability evaluation for agriculture and 

construction assisted with expert knowledge for multi-criteria weighting. Boolean overlay was 

used for land suitability evaluation for conservation. Even though the land suitability maps output 

in the case study cannot be directly used as planning maps, they help planners get a general idea 

of how the different land uses should be spatially allocated and which areas should be protected 

or developed, and provide necessary information for the land allocation task. 

Chapter 3 and Chapter 4 focus on evaluating and improving the performance of heuristic 

optimization algorithms in solving the MOLA problem.  

Chapter 3 compares the performance of three popular heuristic optimization algorithms, 

including simulating annealing algorithm (SA), genetic algorithm (GA) and particle swarm 

optimization algorithm (PSO), in solving a simplified MOLA problem that aims to maximize land 

suitability and spatial compactness and minimize land conversion cost subject to the target 

number of units allocated for each use. NSGA-II is applied as a representation of GA because it 

has been popularly applied to MOLA problems and proven to perform better than the 

conventional GA. The three objectives are considered both independently and simultaneously 

through different scenario designations. The performance of the three algorithms was tested with 

a simulated 30*30 grid area and evaluated based on their solution quality and computational cost. 

The results demonstrate that: (1) GA performs best among the three algorithms when both 

solution quality and computational cost are considered. It consistently achieves quality solutions 

that satisfy both the objectives and the constraints, and the computational cost is lower than that 

of SA and PSO. (2) The popular penalty function method does not work well for SA in handling 
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the constraints. Effective constraint handling methods need to be developed for SA to improve its 

performance and flexibility in solving MOLA problems. (3) The performance of PSO needs to be 

improved. Techniques that better adapt it for discrete variables in MOLA problems need to be 

developed and applied. (4) When the spatial objective of maximizing spatial compactness is 

considered, it takes a high computational cost for all three algorithms to converge to quality 

solutions. How to encourage compact allocation is a common problem for the three algorithms to 

improve their performance. 

In chapter 3, NSGA-II was proven to perform best among the three algorithms, but it 

took a high computational cost to achieve quality solutions when the spatial objective of 

maximizing spatial compactness was considered. Therefore, Chapter 4 aims to improve the 

performance of classical NSGA-II through knowledge-informed designations. An improved 

knowledge-informed NSGA-II algorithm was developed for solving the MOLA problem by 

integrating the patch-based, edge growing/decreasing, neighborhood and constraint steering rules. 

Both the classical and knowledge-informed NSGA-II were applied to a simulated 30*30 grid 

planning area, and their performance were compared: (1) Compared to the classical NSGA-II, the 

knowledge-informed algorithm consistently produces solutions much closer to the true Pareto 

front within a shorter computation time, and the solution diversity is not sacrificed. (2) The 

knowledge-informed algorithm is more effective and efficient in encouraging compact land 

allocation. (3) The solutions produced by the knowledge-informed algorithm have less 

scattered/isolated land units and provide a good compromise between construction sprawl and 

conservation land protection. Therefore, they are more reasonable and desirable in the planning 

context. 

Chapter 5 proposes a Multiple-plan Integration with Spatial Optimization (MPI-SOP) 

framework to support the “Multiple-plan integration” planning at China’s county level. The 

framework includes the five steps of mathematically formulating the spatial optimization 
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problem, land suitability evaluation, optimization problem solving, post-processing of land 

allocation solutions, and applying post-processed solutions to “Three Spaces” and “Three Lines” 

planning. Meanwhile, a patch-based NSGA-II was developed and applied to solve the spatial 

optimization problem. The framework was applied to Dongxihu District of Wuhan City to test its 

feasibility and identify challenges for implementation. The case study shows: (1) Spatial 

optimization modeling generated land allocation solutions that are globally rational but with 

irrational local patterns. The solutions protect ecologically sensitive areas and agricultural land 

with large patch size and higher suitability, and plan future construction contiguous to the current 

urban area or in areas with convenient transportation. However, the land use of some isolated 

land units were not optimized based on their surrounding environment; some current construction 

land far from the urban area was not maintained. (2) In response to the irrational local patterns, a 

post-processing procedure that considered current land use and expected minimum patch size was 

applied to the land allocation solutions. This procedure produced land allocation patterns well 

suited for the “Three Spaces” and “Three Lines” planning in China’s county-level “Multiple-plan 

integration.” 

In summary, this dissertation has made two major contributions. Practically, it has 

proposed and tested a framework to support the “Multiple-plan integration” planning with spatial 

optimization modeling at China’s county level; methodologically, improved knowledge-informed 

heuristic optimization algorithms have been developed that can solve the MOLA problem more 

effectively and efficiently. 

 

6.2 Limitations and Future Work 

From the methodology perspective, this dissertation compares the performance of three 

popularly used heuristic optimization algorithms in solving the MOLA problem, and then focuses 

the algorithm that performs best and further improves its performance. This is based on two 
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considerations. Frist, these three algorithms have been popularly applied to solve MOLA 

problems, but their performance has not been well evaluated. Second, none of the current 

algorithms has been proven perfect to solve MOLA problems. The focus of this research is to 

identify an algorithm that is feasible and promising, and then improve it, instead of testing all 

available algorithms. However, we cannot deny the possibility that other heuristic optimization 

algorithms, such as ant colony optimization (ACO) and artificial immune system optimization 

(AISO), may perform better than the three algorithms compared in this research (Coello & 

Cortes, 2005; Huang et al., 2013; Li et al., 2009; Liu et al., 2012). Therefore, future research may 

need to test the performance of other heuristic optimization algorithms in solving the MOLA 

problem.  

From the application perspective, future work needs to deal with the following issues.  

Firstly, in this dissertation, the feasibility and applicability of the MPI-SOP framework 

were tested through a case study in Dongxihu District of Wuhan City, which is a county-level 

division in the suburban area of the Wuhan metropolitan. This case study area is selected for two 

reasons. First, the agricultural and ecological resources protection faces much pressure from 

urban sprawl in this area, so the “Multiple-plan integration” has to coordinate the multiple 

objectives of preserving agricultural land, protecting ecological resources, and regulating urban 

and rural development. Second, the data is accessible. The researcher is familiar with the area, 

and the field work is easier to be done. However, the criteria and their rating and weighting 

schemes in land suitability evaluation, the spatial resolution of data, and the parameters in spatial 

optimization modeling may need adjustment when the framework is applied to a different 

planning area. This may affect the performance of the proposed framework. Therefore, more 

empirical studies are required in planning areas with different physical, socio-economic 

conditions to test the applicability and identify the challenges of the proposed framework.  
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Secondly, the MPI-SOP framework is proposed to support the “Multiple-plan 

integration” planning at China’s county level. It is top-level planning that provides guidance and 

control boundaries for other planning projects by planning the “Three Spaces” and “Three Lines.” 

However, implementing the top-level planning will not thoroughly solve the “Multiple-plan 

integration” problem. The “Multiple-plan integration” requests the spatial planning system reform 

at China’s county level. On the one hand, such top-level planning that handles the multiple 

objectives of development management and agricultural and ecological resource protection needs 

to be added to the current spatial planning system. The top-level planning decides the global 

distribution pattern of production, living and ecological spaces in the county and delineates the 

basic control boundaries with which other planning should keep consistent. It follows a simplified 

land classification system and develops planning maps with lower spatial resolution, and 

therefore does not define the specific land use of each parcel. On the other hand, the contents of 

current urban and rural comprehensive planning, land use planning, and ecological planning need 

to be merged or adjusted to avoid redundant planning efforts and conflicts between different 

planning. For instance, both urban and rural comprehensive planning and land use planning at 

China’s county level include land utilization zoning and construction management zoning, but the 

land use classification and zoning systems applied in the two planning projects are different. In 

the “Multiple-plan integration” reform, a uniform land classification or construction zoning 

system needs to be established, and land utilization zoning and construction management zoning 

should only be designed in one of planning projects, instead of both.  

Thirdly, at the county level, the planning procedure is mainly a government-guided 

activity assisted with expert’s knowledge because of the large planning area. The proposed 

framework has not involved other stakeholders in the decision making procedure. However, when 

it comes to other planning projects that plan the use of each land parcel at the local level, the 

benefits of stakeholders, including the government, landowners, land users, and land developers, 
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are very likely to be directly affected by the planning. The participation of stakeholders become 

necessary. Meanwhile, at the local level, the stakeholders are more concerned with and have a 

better understanding of the local issues. It becomes easier to involve them into the planning 

procedure. Therefore, how to incorporate participatory planning methods into the rational 

framework is another issue requiring future research.  

Fourthly, the “Multiple-plan integration” focuses on short-term planning for 2020 but 

also suggests long-term planning for 2030. The case study applies the framework to short-term 

planning, while its applicability for long-term planning has not been tested yet. When the 

planning term is extended, the weighting and rating schemes of the multiple criteria in the land 

suitability evaluation, and the area limits in spatial optimization modeling will be altered based on 

the resource condition and the socio-economic development trend. Theoretically, the framework 

will still work. However, if the framework is separately applied to short-term and long-term 

planning, there may be some conflicts between the short-term and long-term planning solutions. 

Hence, how to avoid the conflicts between short-term and long-term planning is also a problem 

that requires future study. 

Then, in this research, the spatial optimization modeling is proposed and applied to solve 

the “Multiple-plan integration” problem in China, but it is not the only planning problem that 

spatial optimization modeling can support decision making. The Construction Control Zoning 

(CCZ) in urban comprehensive planning, the Land Utilization Zoning (LUZ) and the 

Construction Expansive Regulation Zoning (CERZ) in land use planning can also be regarded as 

spatial optimization problems. How spatial optimization modeling can be applied to support 

decision making in these planning projects will be explored in future work.  

Moreover, this research has proposed a framework to support “Multiple-plan integration” 

planning in China’s county-level division and proven its feasibility. However, a planning support 

system (PPS) or toolbox with user-friendly interface has not been designed yet, while this is 
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important for popularizing the implementation of the proposed framework. In this research, all 

the algorithms and the post-processing procedures were programmed with Python 2.7. Both the 

commercial GIS software ArcGIS and the open-source GIS software QGIS support toolbox 

designation with Python programming, so it is feasible to develop a user-friendly interface as an 

extension of current GIS software to implement the framework. Therefore, future work also 

involves the designation of the toolbox/interface for the MPI-SOP framework.  

Finally, this dissertation takes a methodological and technical perspective to solve the 

“Multiple-plan integration” problem by considering the expertise of the researcher. However, the 

“Multiple-plan integration” planning is not only a technical problem but also a policy issue. In 

China, the conflicts between the multiple planning projects are mainly caused by two reasons. 

First, the planning projects are worked out by different governmental departments, and there is a 

lack of coordination between different departments. The five-year plan is made by the 

Development and Reform Commission; the Department of Urban-rural Development is 

responsible for urban and rural comprehensive planning; land use planning is the responsibility of 

the Department of Land and Resource; ecological planning is often worked out by the 

Department of Environmental Protection. There is a lack of organizations or mechanisms to 

coordinate the work between different departments. Second, the different planning projects are 

worked out based on different databases, and the boundaries of the planning areas are sometimes 

inconsistent (Chen, Yan, & Sun, 2015; Huang, Zhou, Wang, Luo, & Ni, 2016; Liu & Wang, 

2016). The implementation of the MPI-SOP framework proposed in this research is based on the 

solving of above two problems. Researchers have suggested a cross-department commission to 

work on the “Multiple-plan integration” project at the city-level or county-level to deal with the 

controversy between different departments (He, 2015; Huang et al., 2016; Huang & Wang, 2017; 

Liu & Wang, 2016). Whether this measure is effective requires empirical studies from the 

academic community of public administration or government administration. Meanwhile, the 
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Ministry of Land and Resources in China has proposed the “One-map” project. The project 

requests different levels of governments to build up a database that incorporates land, resource, 

planning maps, and socio-economic statistical data into a single database with the same spatial 

coordinate and data standard (Gan, 2016; Xu, 2013; Zhou, Shen, & Hu, 2013; Zhou, Peng, & Liu, 

2015). The system will be shared between different governmental departments and as the basic 

database for planning. Currently, the system has only be built up in a few cities or counties. Its 

realization in more county-level divisions requires further collaboration between governments, 

academic communities and commercial sectors. 
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Appendix A 

Data and Source 

GIS and DEM data Resolution Source 

GlobeLand30 

(2000, 2010) 

30 meter National Geomatics Center of China (NGCC) 

http://glc30.tianditu.com 

RESDC China land use 

database  

(2000, 2008) 

30 meter Data Center for Resources and Environmental Sciences, 

Chinese Academy of Sciences (RESDC) 

http://www.resdc.cn/Datalist1.aspx?FieldTyepID=1 

ASTER Global Digital 

Elevation Map (GDEM) 

90 meter NASA 

http://www.jpl.nasa.gov/spaceimages 

Map Source 

Administrative map Map Institute of Hubei Province 

Transportation map 

1:10000 Land use map (2009, 2011) The Department of Land, Resource, and Planning of 

Dongxihu District, Wuhan 

 

Soil Almanac of Dongxihu District Wanfang Database of China  

Governmental planning report Source 

Outline for comprehensive planning in 

Dongxihu District, Wuhan (2006-2020) 

Wuhan Land Resource and Planning Bureau 

http://www.wpl.gov.cn/ 

Comprehensive land use planning of 

Wuhan(2006-2020) 

Urban comprehensive planning of Wuhan 

(2010-2020) 

Geological hazards control and prevention 

planning in Wuhan City 

Elementary school and high school 

distribution planning in Wuhan City(2013-

2020) 

Healthcare facilities distribution planning in 

Wuhan City(2011-2020) 

http://glc30.tianditu.com/
http://www.resdc.cn/Datalist1.aspx?FieldTyepID=1
http://www.jpl.nasa.gov/spaceimages
http://www.wpl.gov.cn/
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Basic ecological control line planning of 

Wuhan (1:2000) 

Central village planning in Dongxihu District 

Flood control plan in Wuhan City Dongxihu Water Authority  

http://www.whwater.gov.cn/water/ 

Basic ecological control line planning in 

Dongxihu District  

The Department of Land, Resource, and Planning of 

Dongxihu District, Wuhan 

http://dxhq.wpl.gov.cn/index.asp 

 

Township land use planning in Dongxihu 

District of Wuhan City  

Statistical Data Source 

Dongxihu Almanac (2009, 2010, 2011) http://www.cnki.net/ 

 

Statistical bulletin of the national economic 

and social development in Dongxihu District 

(2009, 2010, 2011) 

Statistical Bureau of Hubei Province  

http://www.stats-hb.gov.cn 

 

Population data  The Department of Land, Resource, and Planning of 

Dongxihu District, Wuhan 

 

 

 

 

 

 

 

 

 

 

  

http://www.whwater.gov.cn/water/
http://dxhq.wpl.gov.cn/index.asp
http://www.cnki.net/
http://www.stats-hb.gov.cn/
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Appendix B 

Weighting and Rating Scheme in Land Suitability Evaluation  

Appendix B.1  Land Suitability Evaluation for Agriculture through AHP Method 

Criteria and weighting scheme Rating scheme 

Criterion specification Suitability 

level 

Topography  

0.105 

Elevation 

0.2583 

10-40m 5 

<10m, 40-60m 3 

>60m 1 

Slope 

0.6370 

0-2° 5 

2-5° 4 

5-8° 3 

8-15° 2 

>15° 1 

Aspect 

0.1047 

Flat, Southeast, South 5 

Southwest 4 

East, West  3 

Northeast, Northwest 2 

North 1 

Soil productivity 

0.213 

A comprehensive 

assessment of physical and 

chemical characteristics of 

soil, including soil organic 

content, soil N content, 

active P (P2O5) content, 

active K (K2O) content, 

soil PH value, topsoil depth, 

texture of soil 

Level 1 5 

Level 2 4 

Level 3 3 

Level 4 2 

Current land cover/use  

(land conversion difficulty) 

0.384 

 Cultivated land 5 

Grassland, forest land, shrubland 2 

Construction land, wetland, water 

bodies 

1 

Drainage and irrigation system 

0.108 

 Good  5 

Fair 3 

Poor  1 

Location 

0.103 

Land use adjacent to site 

0.5083 

The cell and its 8 neighboring 

cells are all used for agriculture. 

5 

The cell and 6 or 7 out of its 8 

neighboring cells are used for 

agriculture. 

4 

The cell and 4 or 5 out of its 8 

neighboring cells are used for 

agriculture. 

3 

The cell and 2 or 3 out of its 8 

neighboring cells are used for 

agriculture. 

2 

The cell itself is not used for 

agriculture. / The cell is used for 

agriculture, but only 1 or none of 

its neighboring cells is used for 

agriculture. 

1 
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Distance to urban area 

(urban center/township 

center) 

0.1512 

>3000m 5 

2000-3000m 4 

1000-2000m 2 

<1000m 1 

Distance to current 

construction land 

0.2653 

>500m 5 

300-500m 4 

200-300m 3 

100-200m 2 

<100m 1 

Distance to main roads 

0.0752 

>500m 

 

5 

300-500m 4 

100-300m 2 

<100m 1 

Planning/policy compatibility  

0.087 

Planned use in  

Land use comprehensive 

planning of Wuhan(2006-

2020) 

0.25 

Planned for basic farmland 5 

Planned for ordinary agriculture 4 

Planned for other land use 1 

Planned use in Urban 

comprehensive planning of 

Wuhan(2010-2020) 

0.25 

Planned for agricultural use  4 

Planned for non-agricultural use  1 

Planned use in Land use 

planning of Dongxihu 

District(2006-2020) 

0.5 

Planned for basic farmland 5 

Planned for ordinary agriculture 4 

Planned for other land use 1 
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Appendix B.2  Land suitability Evaluation for Construction through AHP Method 

Criteria and weighting scheme Rating scheme 

criterion specification Suitability 

level 

Physical factors 

0.1884 

Topography 

0.2790 

Elevation  

0.2583 

 10-40m 5 

<10m, 40-60m 3 

>60m 1 

Slope  

0.6370 

0-3° 5 

3°-8° 4 

8°-15° 3 

15°-25° 2 

>25° 1 

Landform 

0.1047 

Low-altitude plain 

Middle-altitude plain, low-

altitude platform 

5 

High-altitude plain  2 

Extremely high altitude 

plain 

1 

Hydrology  

0.0719 

Distance to River, Lake, and 

reservoir 

>1000 m 5 

500-1000m 4 

200-500m 3 

100-200m 2 

<100m 1 

Land cover 

0.6491 

 Artificial surface 5 

Cultivated land  3 

Forest, grassland, shrubland  2 

waterbody, wetland 1 

Socio-economic 

factors 

0.7306 

Population 

0.1406 

Population density  >5000/km2 5 

1000-5000/km2 4 

500-1000/km2 3 

200-500/km2 2 

<200/km2 1 

Economy 

0.0489 

Average income 

0.33 

>20,000 5 

15,000-20,000 4 

10,000-15,000 3 

5000 – 10,000 2 

< 5000 1 

Standardized land output  

0.33 

I 2700 (yuan/hectare) 5 

II 2350(yuan/hectare) 4 

III 2000(yuan/hectare) 3 

Fiscal revenue of township 

government 

0.33 

>200 million 5 

150-200million 4 

100-150million 3 

50-100 million 2 

<50 million  1 

Transportation  

0.3707 

Distance to highway entrance 

0.1393 

<1000m 5 

1000-2000 m 4 

2000-3000 m 3 

>3000 m 2 

Distance to 

national/provincial road 

0.5254 

<500 m 5 

500-1000 m 4 

1000-2000 m 3 

2000-3000 m 2 
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>3000 m 1 

Distance to county road  

0.2788 

<300 m 5 

300-500 m 4 

500-1000 m 3 

1000-1500 m 2 

>1500 m 1 

Distance to metro entrance 

0.0565 

<400m 5 

400-800m 4 

800-1200m 2 

>1200m 1 

Accessibility to 

public service 

0.1122 

Distance to the closest  

hospital  

0.3 

<1000m 5 

1000-1500m 4 

1500-2000m 3 

2000-3000m 2 

>3000m 1 

Distance to the closest 

primary/secondary school  

0.7 

<500m 5 

500-1000m 4 

1000-1500m 3 

1500-2000m 2 

>2000m 1 

Location 

0.3275 Distance to Wuhan central 

city 

0.0641 

<10 km 5 

10-15 km 4 

15-20 km 3 

20-25 km 2 

>25 km 1 

Distance to urban center of 

Dongxihu District 

0.4114 

<2 km 5 

2-4 km 4 

4-7 km 3 

7-10 km 2 

>10 km 1 

Distance to the closest 

township center 

0.4114 

<1 km 5 

1-2km 4 

2-3km 3 

3-4km 2 

>4km 1 

Distance to planned central 

village 

0.1131 

 

<300m or urban 

construction land 

5 

300-500m 4 

500-700m 3 

700-1000m 2 

>1000m 1 

Ecological factors 

0.0810 

Protected areas Prime farmland,  

Jinyinhu national urban 

wetland park, Fuhe wetland 

park, 

Boquan historical site 

Protected areas  1 

Other areas 3 
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Appendix B.3 Land Suitability Evaluation for Conservation through Boolean 

Overlay 

  

Criteria Criterion specification  

Hydrology water source protection area 1000 m upstream of the intakes, 300 m 

downstream of the intakes (including three 

water intakes: Xihu Water Plant, Baiheju 

Water Plant, Wushidun Water Plant) 

river, lake, reservoir and their 

buffer zone 

Han River and its 300m buffer 

other rivers, lakes and reservoirs and their 

50m buffer 

Geology  areas prone to geological 

hazards 

high elevation area (>40m) 

area with steep slopes (>16°) 

Land cover and land use wetland and waterbody  

urban green space  forest/ grassland 

roadside greenspace: 

highway (50m) 

national road and provincial road (30m) 

railway (30m) 

urban ring road (30m) 

Other protected area  natural conservation area, 

historical sites 

Jinyinhu national wetland park, Fuhe 

wetland park, Boquan ecological tourism 

zone 
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Appendix D 

 Documents for Survey and Interview 

Appendix D.1  Letter of Information and Consent Form 

 

Letter of Information and Consent Form 

“Land Suitability Evaluation for Agriculture and Construction’” 

 

 

This research is being conducted by Mingjie Song under the supervision of Dr. DongMei Chen, in 

the Department of Geography and Planning at Queen’s University in Kingston, Ontario, Canada.  

 

What is this study about? This survey is for a Ph.D. project Spatial Optimization Modeling for 

China’s County-level “Multiple-plan Integration.” The purpose of the survey is to evaluate the 

land suitability for agricultural utilization and construction utilization in Dongxihu District of 

Wuhan City. You are going to be asked to finish a questionnaire to make pairwise comparisons of 

the criteria/factors used in the evaluation of land suitability for agriculture and construction, 

respectively. The questionnaire will require about 15 minutes to finish it. There are no known 

risks associated with this study. 

 

Is my participation voluntary? Yes. Although it be would be greatly appreciated if you would 

answer all material as frankly as possible, you should not feel obliged to answer any material that 

you find objectionable or that makes you feel uncomfortable. You may also withdraw your 

answer at any time. If you want to withdraw your answer in the future, please contact Mingjie 

Song through this email, mingjie.song@queensu.ca. 

 

What will happen to my responses? We will keep your responses confidential. Only 

experimenters in the LaGIS Laboratory at Queen’s University will have access to this 

information. To help us ensure confidentiality, please do not put your name on any of the research 

study answer sheets. The data will be built into database and stored in the LAGIS lab in the 

following 2-3 years for analysis. After that, the data will be deleted. The data may also be 

published in professional journals or presented at scientific conferences, but any such 

presentations will be of general findings and will never breach individual confidentiality. After 

that, the data will be deleted. If you are interested in receiving a summary of the findings of this 

research, please provide your email here___________________. 

 

Will I be compensated for my participation? No. 

 

What if I have concerns?  If you have any questions, concerns, or complaints, you may contact 

Grad Student Mingjie Song, mingjie.song@queensu.ca; project supervisor, Dr. DongMei. Chen, 

chendm@queensu.ca; the Chair of the General Research Ethics Board at Queen’s University by 

email chair.GREB@queensu.ca . 

 

 

mailto:mingjie.song@queensu.ca
mailto:mingjie.song@queensu.ca
mailto:chendm@queensu.ca
mailto:chair.GREB@queensu.ca
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After you finish the questionnaire, please send it directly to Mingjie Song at the following email: 

mingjie.song@queensu.ca. Again, thank you. Your interest in participating in this research study 

is greatly appreciated. 

 

This study has been granted clearance according to the recommended principles of Canadian 

ethics guidelines, and Queen's policies. 

 

 

 

I have read the above statements and freely consent to participate in this research:  

 
Name (please print clearly): ________________________________________ 

 
 
Signature: _____________________________________ Date: _______________________  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

mailto:mingjie.song@queensu.ca
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Letter of Information and Consent Form 

“A Framework to Support China’s ‘Multiple-plan Integration’ at the County-level” 

 

This research is being conducted by Mingjie Song under the supervision of Dr. DongMei Chen, in 

the Department of Geography and Planning at Queen’s University in Kingston, Ontario, Canada.  

 

What is this study about? This interview is for a Ph.D. project Spatial Optimization Modeling 

for China’s County-level “Multiple-plan Integration.” The purpose of the interview is to make a 

counseling about the framework we developed for China’s “Multiple-plan integration” at the 

county-level. You are going to be asked to participate in a phone interview implemented by 

Mingjie Song which may require about 30 minutes. There are no known risks associated with this 

study. 

 

The sample questions are as: 

 Do you think the framework is useful for China’s county-level “Multiple-plan 

integration”? 

 Do you think the planning alternatives produced by the framework rational? 

 Do you think the data used for the framework accessible? 

 How do you think the contributions and limitations of the framework? 

 Do you have any suggestions for improving the framework? 

 

Is my participation voluntary? Yes. Although it be would be greatly appreciated if you would 

answer all questions in the interview, you should not feel obliged to answer any questions that 

you find objectionable or that makes you feel uncomfortable. You may also withdraw your 

answer at any time. If you want to withdraw your answer in the future, please contact Mingjie 

Song through this email, mingjie.song@queensu.ca. 

 

What will happen to my responses?  
What will happen to my responses? Your response in the interview will be recorded and 

transcribed. The transcripts may be used for the Ph.D. dissertation, professional journals or 

presented at scientific conferences, but such presentations will be of general findings and will 

never breach individual confidentiality.  

 

If you are interested in receiving a summary of the findings of this research, please provide your 

email here___________________. 

 

Will I be compensated for my participation? No. 

 

What if I have concerns?  If you have any questions, concerns, or complaints, you may contact 

Grad Student Mingjie Song, mingjie.song@queensu.ca; project supervisor, Dr. DongMei. Chen, 

chendm@queensu.ca; the Chair of the General Research Ethics Board at Queen’s University by 

email chair.GREB@queensu.ca . 

 

 

This study has been granted clearance according to the recommended principles of Canadian 

ethics guidelines, and Queen's policies. 

 

 

mailto:mingjie.song@queensu.ca
mailto:mingjie.song@queensu.ca
mailto:chendm@queensu.ca
mailto:chair.GREB@queensu.ca
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I have read the above statements and freely consent to participate in this research:  

 
Name (please print clearly): ________________________________________ 

 
 
Signature: _____________________________________ Date: _______________________  
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Appendix D.2  Questionnaire 

 

Questionnaire: Determine the importance of the criteria for land 

suitability evaluation 

 

This questionnaire may take you 15 minutes to finish it. Thank you for your participation.  

 

This questionnaire is designed for weighing the multiple criteria used for evaluating land 

suitability for agriculture and construction, respectively, in Dongxihu District of Wuhan 

City. You will be asked to make pairwise comparisons of the criteria as for their relative 

importance.  

 

How to evaluate the relative importance level of two criteria? Please see Table 1 and the 

following example. 

Table 1 

Equally 

important Weakly important 

Strongly 

important 

Very strongly 

important 

Extremely 

important 

1 3 5 7 9 

Equally 

important 

Weakly less 

important 

Strongly less 

important 

Very strongly 

less important 

Extremely 

Less important 

1 1/3 1/5 1/7 1/9 

 

In all the following tables, factors in the first column is compared to the factors in the first row. 

For instance, in Table 2, when elevation is compared to slope, if you think elevation is weakly 

important than elevation, you fill 3 in the corresponding space of the table. When elevation is 

compared to soil productivity, if you think elevation is strongly less important than soil 

productivity, your fill 1/5 in the corresponding space. 

Table 2  

 
elevation slope soil productivity 

elevation 
 

   3            1/5 

slope 
   

soil productivity 
   

 

The comparison includes two parts, Part 1 compares the criteria for land suitability for 

agriculture. Part 2 compares the criteria for land suitability for construction.  

Part 1: land suitability for agriculture  
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In this part, you will be asked to make pairwise comparisons of the criteria as for their importance 

in land suitability evaluation for agriculture. Before you start the pairwise comparison, please 

read Table 3, which gives a summary of all criteria used for the land suitability evaluation for 

agriculture. 

 

Table 3. A summary of criteria to evaluate land suitability for agriculture 

Level-1 criteria                                     Level-2 criteria 

Topography elevation, slope ,aspect 

Soil productivity  

Land use/cover  

Drainage and irrigation system  

Location adjacent land use, distance to urbanized area (urban center 

/township center), distance to current construction land, 

distance to main road 

Planning/policy compatibility planned use in Land Use Comprehensive Planning of Wuhan  

planned use in Urban Comprehensive Planning of Wuhan 

planned use in Land Use Planning of Dongxihu District 

(Note: Soil productivity is an integrated indicator that combines the indicators of soil Nitrogen content, soil 

Phosphorus content, soil Potassium content, soil PH value and texture of topsoil.) 

 

Part 1.1 Level-1 criteria evaluation  

Please evaluate the relative importance of the Level-1 criteria in Table 4.  

Table 4 

 
Topography Soil 

Productivity 

Land 

use/over 

Drainage 

and 

irrigation 

system 

Location Planning/ 

Policy 

compatibility 

Topography 
      

Soil Productivity 
      

Land use/over 
      

Drainage and 

irrigation system 

      

Location 
      

Planning/policy 

compatibility 

      

 

 

Part 1.2 Level-2 criteria evaluation 

 

Please evaluate the relative importance of the Level-2 criteria for Topography in Table 5. 
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Table 5 

 
elevation slope aspect 

elevation 
   

slope 
   

aspect  
   

 

 

Please evaluate the relative importance of the Level-2 criteria for Location in Table 6. 

Table 6 

 
adjacent land use distance to 

urbanized area 

distance to 

current 

construction 

land 

distance to the 

main road 

adjacent land use 
   

 

distance to urbanized 

area 

   
 

distance to current 

construction land 

   
 

distance to the main road     

 

 

Please evaluate the relative importance of the Level-2 criteria for Planning/policy compatibility 

in Table 7. 

Table 7 

 
planned use in 

Land Use 

Comprehensive 

Planning of 

Wuhan 

planned use in 

Urban 

Comprehensive 

Planning of Wuhan 

planned use in Land 

Use Planning of 

Dongxihu District 

planned use in Land Use 

Comprehensive Planning of Wuhan 

   

planned use in Urban 

Comprehensive Planning of Wuhan 

   

planned use in Land Use Planning 

of Dongxihu District 
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Part 2: land suitability for construction  

 

In this part, you will be asked to make pairwise comparisons of the criteria as for their importance 

in land suitability evaluation for construction. Before you start the pairwise comparison, please 

read Table 8, which gives a summary of all criteria used for the land suitability evaluation for 

construction. 

 

Table 8 A summary of criteria to evaluate land suitability for construction.  

Level-1 criteria Level-2 criteria Level-3 criteria 

Physical factors Topographical factors 

 

elevation, slope, landform 

Hydrological factors 

 

distance to river, lake and reservoir 

Socio-economic factors Population density  

Transportation 

 

distance to highway entrance, distance to 

national/provincial, distance to county 

road, distance to metro entrance 

Economic conditions 

 

GDP per capita, land output, fiscal 

revenue 

Accessibility to public service 

facility 

 

distance to (primary/secondary) school, 

distance to hospital/clinics 

Land use 

 

land use type, construction land 

percentage, settlement scale 

Location distance to Wuhan central cities, distance 

to county urban center, distance to 

township center, distance to planned 

central villages 

Ecological factors Protected areas (including 

prime farmland, Jinyinhu 

national urban wetland park, 

Fuhe wetland park and 

Boquan historical site) 
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Part 2.1 Level-1 criteria evaluation 

Please evaluate the relative importance of the Level-1 criteria in Table 9. 

Table 9 

 
Physical factors Socio-economic 

factors 

Ecological factors 

Physical factors 
   

Socio-economic factors 
   

Ecological factors 
   

 

 

Part 2.2 Level-2 criteria evaluation  

 

Please evaluate the relative importance of the Level-2 criteria for Physical factors in Table 10. 

Table. 10 

 
Topographical 

factors 

Hydrological 

factors 

Land cover 

Topographical factors  
   

Hydrological factors  
   

Land cover 
   

 

 

Please evaluate the relative importance of the Level-2 criteria for Socio-economic factors in 

Table 11. 

Table 11 

 
Population 

density 

Economic 

conditions 

Transportation Accessibility 

to public 

service 

Location 

Population density  
   

  

Economic 

conditions 

   
  

Transportation  
   

  

Accessibility to 

public service 

     

Location      
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Part 2.3 Level-3 criteria evaluation 

 

Please evaluate the relative importance of the Level-3 criteria for Topographical factors in 

Table 12. 

Table 12 

 
elevation Slope  landform 

elevation 
   

slope 
   

landform 
   

 

 

Please evaluate the relative importance of the Level-3 criteria for Economic conditions in Table 

13. 

Table 13 

 
average income standardize land 

output 

fiscal revenue of 

township 

government 

average income 
   

standardized land output 
   

fiscal revenue of township 

government 

   

 

 

Please evaluate the relative importance of the Level-3 criteria for Transportation in Table 14. 

Table 14 

 
distance to 

highway 

entrance 

distance to 

national/provincial 

road 

distance to 

county road 

distance to 

metro entrance 

distance to highway 

entrance 

 
 

  

distance to 

national/provincial road 

 
 

  

distance to county road 
 

 
  

distance to metro 

entrance 
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Please evaluate the relative importance of the Level-3 criteria for Accessibility to public service 

in Table 15. 

Table 15 

 
distance to hospital/clinics 

distance to (primary/secondary) 

school 

 

 

 

Please evaluate the relative importance of the Level-3 criteria for Land use in Table 16. 

Table 16 

 
Land use type Construction land 

percentage 

Settlement scale 

Land use type 
   

Construction land percentage 
   

Settlement scale 
   

 

 

Please evaluate the relative importance of the Level-3 criteria for Location in Table 17. 

Table 17 

 
Distance to 

Wuhan 

central city 

distance to 

Dongxihu 

urban center 

Distance to 

township center 

Distance to central 

village 

Distance to Wuhan central 

city 

   
 

Distance to Dongxihu 

urban center 

   
 

Distance to township 

center 

   
 

Distance to central village     

 

 

 

This is the end of the questionnaire. Thanks for your participation. 

 

Would you like to know the updates of this research?  

YES                 NO 
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Appendix D.3  Interview Transcript 

Transcript 1: 

Interviewer: Mingjie Song 

Interviewee:  ×× 

Interview setting: Phone interview, December 2017 

 

Interviewer: Can I have an interview about how you think our proposed framework for China’s 

“Multiple-plan integration” at the county level? 

Interviewee: Yes. “Multiple-plan integration” is a heated topic in China now. People from 

different fields are doing the research from different perspectives, including geography, land 

resource management, government management, and planning. Our group is also doing a project 

on “Multiple-plan integration.” We also focus on developing methods and tools to support the 

“Multiple-plan integration” decision making. Therefore, I am glad to have such a chance for 

communication. 

Interviewer: Thanks. Based on your experience, how do you think our proposed framework? The 

contributions and limitations?  

Interviewee: First I want to give a brief introduction of the methodology we are following to 

develop the framework for supporting “Multiple-plan integration” decision making. The basic 

idea of our methodology is to first integrate/overlap existing land use planning, urban 

comprehensive planning, and ecological planning, and then identify the land parcels that show 

conflicts between different planning projects, finally try to decide the appropriate land use type of 

these land parcels based on land suitability evaluation and agent-based models. However, our 

project is still in progress, and we do not have any published outputs yet.  

However, when we started this project, some reviewers also brought up some problems with our 

proposed method. Our method is mainly based on existing land use planning and urban 

comprehensive planning. However, the end year of the latest planning term is 2020. Now 

different levels of governments are preparing to start a new round of planning. They are more 

concerned with avoiding the conflicts between different planning projects and goals in the new 

term of planning than dealing with the conflicts in the existing planning. I think the obvious 

advantage of your proposed framework is that it provides the possibility to avoid the conflicts 

between different planning projects in the coming round of planning.  

Also, I think your work makes some contributions on developing spatial optimization algorithms 

and applying them to support planning decision making 

Interviewer: Thanks for your comments. How do you think the applicability and rationality of 

our proposed framework? 

Interviewee: Based our your document I have read, I can see it is applicable and provides 

decision support for “Three Lines” and “Three Spaces” planning at the county-level.  I think, 

compared to your proposed framework, the advantage of our research is to try to identify and deal 
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with conflicts between different planning projects at the land parcel level. Therefore, I would like 

to know how your proposed framework will perform at the local level.  

However, I understand the difficulties for you to do this right now. Because to get high-resolution 

land use and local statistical data, you have to do the project in cooperation with the government. 

In our group, our professors have collaborations with the Land and Resource department of the 

government for years. Therefore, we can get access to some high-resolution land use and 

statistical data at the local level. The data accessibility will be a problem for you to do some local 

research if you do not have such connections with governmental departments. 

Interviewer: Yes, the data accessibility is a problem for me. Now most data used in my research 

are open-access data provided by some research institutes. I got some data and resource support 

from the Department of Land, Resource, and Planning department, but they cannot provide some 

high resolution and unpublished statistical data to me because of my current role as a student in a 

foreign university. However, they also want to build some collaboration after my graduation if I 

can go back to China for work. I hope I can do some local-level studies in the future.  

Interviewee: In summary, I think this is a worthwhile study in China, and your proposed 

framework provides us a new and reasonable methodology to support “Multiple-plan integration” 

decision making, especially for the long-term planning. I wish to see more updates on your 

research.  And good luck! 

Interviewer: Thank you again for taking part in the interview. Your comments and suggestions 

are greatly appreciated. We will consider these for our future research.  
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Transcript 2: 

Interviewer: Mingjie Song 

Interviewee: ×× 

Interview setting: Phone interview, December 2017 

 

Interviewer: Can I have an interview about how do you think about our proposed framework for 

the “Multiple-plan integration”? 

Interviewee: Sure. I am glad to do the interview. 

Interviewer: Do you think the framework useful for the “Multiple-plan integration” project? 

Interviewee: I am very glad to see this research and the proposed framework. Now, we are 

working on the “Multiple-plan integration” project in Dongxihu District. Our current method is 

trying to combine the existing land use planning, urban comprehensive planning, and ecological 

basic line, but this method faces many difficulties. First, the planning boundaries of the different 

planning projects are different. Also, the planned use of the same land parcel in different planning 

projects is often not consistent. To identify and re-plan the land use type of these land parcels is a 

difficult and time-consuming work for us. Also, many areas in our District have been planned as 

the basic ecological zones in the ecological control line planning, but we cannot protect all these 

areas because we have to develop. We require a framework which can deal with the multiple 

planning objectives to support our decision making. I think our colleagues in the Department of 

Land, Resource, and Planning will be glad to see such a framework.  

Interviewer: Do you think the framework is feasible and applicable? 

Interviewee: Yes, I think it is applicable, but there are also some problems. 

Interviewer: Can you explain it more specifically? 

Interviewee: Yes. First, it will be a useful framework to support our decision making in the 

“Three Spaces” and “Three Lines” planning at the county-level. The planning alternatives give a 

comprehensive consideration of the planning goals of regulating urban and rural development, 

preserving agricultural land and protecting ecological resources. The “Multiple-plan Integration” 

starts with the county-level planning, but the low resolution of the planning map is not enough to 

manage the land use at the parcel level. I think in the near future we will explore the “Multiple-

plan Integration” at the township level. I am not sure how the framework will perform in 

township- level planning. 

Interviewer: Are there any other problems you are concerned with? 

Interviewee: Even though I can understand the basic idea of the spatial optimization modeling. I 

have little knowledge about the methods or algorithms for solving the optimization problem. Is 

there a tool available to implement the framework and can output the results directly? 

Interviewer: The tool is not available now, but we are working on developing it.  



 

196 

 

Interviewee: That is great. I wish there is a user-friendly tool to implement the framework. I 

think such a tool will not only be useful for the “Multiple-plan integration,” but may be useful for 

other planning projects, such as land use planning, urban comprehensive planning, if it is 

designed to provide the flexibility for users to change the planning goals and constraints.  

Interviewer: Thanks for your suggestion. We will consider that in our tool design.  

Interviewer: How do you think the data used for implementing the framework? Are they 

accessible? 

Interviewee: In our Dongxihu District, I think most data required for the framework is 

accessible. We have a One-map database that includes physical, socio-economic, resource and 

planning data in the District. I think the database will be very useful for implementing the 

framework. Also, we have the land use data from the Second Land Survey, which has a higher 

spatial resolution. Even though it is not ready to open to the public now, we are working on it.  

Interviewer: We did the case study in Dongxihu District. However, do you think whether the 

framework will also work for other county-level divisions? 

Interviewee: I think it will work but may have some problems. First, I am not sure the data 

accessibility in other counties outside of Wuhan City. Wuhan City has done a good job in 

building the One-map database. However, as far as I know, the One-map database may not be 

available in other cities or counties. Also, as for the land suitability evaluation in the framework, 

you need to refer to expert’s knowledge in weighing the criteria. Wuhan has advantages in this, 

because we have many professors and researchers in some universities and institutes who are 

familiar with the physical, socio-economic and planning conditions. However, if it goes to some 

counties, especially these less-developed counties, I am not sure whether there are some experts 

to support the decision making.  

Interviewer: That’s a good point. We will consider that in our future research. Can you give 

some suggestions for the future improvement of the framework? 

Interviewee: First, I think it is important to develop a user-friendly tool to implement it. I think 

some methods used for the framework are complicated. Without such tools, I don’t think most 

planners can implement the framework. Second, I want to know how the framework will work in 

township-level planning. I hope I can see some contributions from these two aspects in the future.  

Interviewer: Thanks very much for your comments and suggestions in the interview. They help 

us identify our future research directions. I will keep you informed about the progress of this 

project. Thank you again for participating this interview.  
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Appendix E 

 Python Coding Examples 

 The non-dominated sorting and crowding-distance sorting procedure in NSGA-II (Figure 4-3) 

 

 



 

198 

 

 

The Edge_crossover operator in the knowledge-informed NSGA-II (Figure 4-4) 
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The Patch_based_mutation operator in the knowledge-informed NSGA-II (Figure 4-5) 
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The Constraint_edge_suitability_mutation operator in the patch_bassed NSGA-II (Figure 5-7) 
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