J. Geogr. Sci. 2020, 30(10): 1555-1570
DOI: https://doi.org/10.1007/s11442-020-1799-3

©2020 & % Science Press @ Springer-Verlag

Agent-based model of land system:

Theory, application and modelling framework

DAI Erfu’®, MA Liang™®, YANG Weishi**, WANG Yahui"?, YIN Le??,
TONG Miao™?

1. Lhasa Plateau Ecosystem Research Station, Key Laboratory of Ecosystem Network Observation and Mod-
eling, Institute of Geographic Sciences and Natural Resources Research, CAS, Beijing 100101, China;

2. Key Laboratory of Land Surface Pattern and Simulation, Institute of Geographic Sciences and Natural Re-
sources Research, CAS, Beijing 100101, China;

3. University of Chinese Academy of Sciences, Beijing 100049, China;

4. School of Geography and Planning, Sun Yat-Sen University, Guangzhou 510275, China

Abstract: Land change science has become an interdisciplinary research direction for under-
standing human-natural coupling systems. As a process-oriented modelling approach, agent
based model (ABM) plays an important role in revealing the driving forces of land change and
understanding the process of land change. This paper starts from three aspects: The theory,
application and modeling framework of ABM. First, we summarize the theoretical basis of
ABM and introduce some related concepts. Then we expound the application and develop-
ment of ABM in both urban land systems and agricultural land systems, and further introduce
the case study of a model on Grain for Green Program in Hengduan Mountainous region,
China. On the basis of combing the ABM modeling protocol, we propose the land system
ABM modeling framework and process from the perspective of agents. In terms of urban land
use, ABM research initially focused on the study of urban expansion based on landscape,
then expanded to issues like urban residential separation, planning and zoning, ecological
functions, etc. In terms of agricultural land use, ABM application presents more diverse and
individualized features. Research topics include farmers’ behavior, farmers’ decision-making,
planting systems, agricultural policy, etc. Compared to traditional models, ABM is more com-
plex and difficult to generalize beyond specific context since it relies on local knowledge and
data. However, due to its unique bottom-up model structure, ABM has an indispensable role
in exploring the driving forces of land change and also the impact of human behavior on the
environment.

Keywords: land system; land use; land change science; land change model; agent-based model; modeling
framework

Received: 2020-03-31 Accepted: 2020-06-30
Foundation: National Natural Science Foundation of China, No0.41571098, No.41530749; National Key R&D Program of
China, No.2017YFC1502903, No.2018YFC1508805
Author: Dai Erfu (1972-), PhD and Professor, specialized in comprehensive study of physical geography, simulation of
LUCC, and climate change. E-mail: daief@igsnrr.ac.cn

www.geogsci.com  www.springerlink.com/content/1009-637x



1556 Journal of Geographical Sciences

1 Introduction

Land change has great impact on regional environment and human well-being, and is also an
important driver of global change (Lambin and Geist, 2006; Verburg et al., 2015). Land sys-
tem provides food, energy, resources and other goods and services for survival and devel-
opment of human society. A deep understanding of land system dynamics can promote land
and space management and regional planning. Recently, with the emergence and develop-
ment of land change science, researchers from multi-discipline carried out a number of
works (Turner et al., 2007; Rounsevell et al., 2012; Verburg et al., 2013; Miiller and Munroe,
2014). Model and simulation is an important tool for studying changes and dynamics of land
use and land cover change (Verburg et al., 2004; Brown et al., 2013; Li et al., 2017; Verburg
et al., 2019). The role of land change model includes analyzing the relation between ob-
served patterns and the process that produced them, as well as simulating and predicting
future land change under scenarios of different policies. The results of land change model
can be used as input of ecosystem models.

The real world is a complex system composed of a large number of decision-making
agents. One of the most important challenges facing contemporary sciences is understanding
complex systems (Grimm ef al., 2005). As the interface between human society and physical
environment, land system is a typical complex system (Yu et al., 2011; Verburg et al., 2013;
Dai and Ma, 2018). With the application of complexity science and methods, researchers in
the field of land change models are committed to explicitly characterizing human deci-
sion-making behaviors by coupling natural and human systems (Brown et al., 2013).
Agent-based model (ABM) is specially used to simulate the decision-making behaviors of
agents at micro level, and to achieve emergence of macro patterns by representing a large
number of agents interactions and feedbacks between agents and environment. This method
adopts a bottom-up framework, focusing on representing of the behavior rules, avoiding the
understanding and analysis of the entire system, further avoiding the difficulty of quantita-
tive description of complex system by mathematical or physical models. As a result, ABM is
an effective way to study complex systems and has become one of the development direc-
tions of land change modeling approaches (Parker et al., 2003; Macal and North, 2010; An,
2012; Le Page et al., 2013).

This paper starts from ABM theory, application, and modeling framework of land system.
Based on summary and review, we conduct a case study and propose a modeling framework.
The content includes four parts: 1) ABM theory, we introduce ABM theory and related con-
cepts. 2) ABM applications, we review ABM application in urban and agricultural land sys-
tems, followed by a case study of Chinese Grain for Green Program ABM. 3) Modeling
framework, based on existing model communication methods like ODD protocols, we pro-
pose modeling framework from the agent perspective of land system. 4) Discussion, chal-
lenges and future research directions are discussed.

2 ABM theoretical basis and related concepts
2.1 Complexity theory and ABM

Originated from general systems theory, complexity theory has multi-disciplinary back-
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ground. It absorbs theories from mathematics, physics, genetic biology and social sciences
during the process of development. Composed by many components that interact with each
other, complex systems have features include path-dependence, criticality, spatial
self-organization and emergence (An, 2012). One of the hallmarks of complexity is the
emergence of macro patterns from local interactions (Green and Sadedin, 2005). Complex
interactions may lead to chaos, making the system prediction difficult. In modeling complex
systems, top-down approaches often have difficulty capturing local interactions. With the
development of computer simulation technology, a bottom-up approach can better charac-
terize complex systems.

The agent-based model is a modeling method based on complexity theory. Farmer et al.
defined ABM as a computer simulation of a large number of decision-making agents and
institutions interacting through prescribing rules (Farmer and Foley, 2009). Agents in ABM
are autonomous individuals endowed with attributes and behaviors in computer simulations.
They can execute decisions, can learn and adapt based on their memories. ABM allows the
modeler to explore the spatial emergence patterns produced by interactions between agents,
between agents and environment, and between the environments.

2.2 Related concepts

(1) Cellular automata

As a bottom-up modeling approach, ABM traces back to cellular automata (CA) (Wolf-
ram, 2002; Zhou et al., 2009). CA represents landscape as grids, where each grid has a fixed
location and attributes that characterize the environment, such as vegetation or terrain
(Green and Sadedin, 2005). ABM maintains the core concept of CA, that is, the behaviors of
individuals or grids determine the system-level results (North and Macal, 2007). Both of
them are considered as ideal methods for representing complex systems, because both are
network systems composed of many simple components (cell grids or agents) without cen-
tral control, which simulate complex dynamics through simple rules. Compared with ABM,
CA has obvious limitations in representing the decision-making behaviors of the government
and residents. CA also has shortcomings when dealing with mobile objects such as pedes-
trians, household settlements, and company locations (Benenson and Torrens, 2004). Dy-
namic rules in CA are often fixed interactions, while interactions in ABM can be changed as
the model runs, because the latter defines rules at the agent level rather than the spatial grid
level (Johnston, 2013; Li et al., 2017). Agents not only have neighbor interactions, but also
have the ability to learn and evolve.

(2) Individual based model

ABM is also derived from individual based model (IBM) in population ecology. Ecology
has a long tradition of bottom-up simulation (Grimm et al., 2005). IBM was widely used in
ecological research around 1990, while ABM was widely used in social sciences about 10
years later (Grimm, 1999; Schulze et al., 2017). The name of IBM was maintained in sub-
sequent ecological research. IBM programmatically represents each plant or animal as an
individual capable of responding in a certain way and is used to simulate moving animals or
people interacting with the landscape (Green and Sadedin, 2005). Similar to ABM, IBM un-
derstands system features at the population or community level from individuals and local
interactions. Therefore, using the concepts and methods established in IBM in ecology can
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better develop ABM in social science such as land system research.

(3) Object-oriented programming

Essentially ABM is a computer model. Models in natural sciences are usually quantitative,
but computer languages allow the description of qualitative conditions (such as if... then...),
thereby allowing the expression of behavior rules in ABM. Scientists believe that ABM is
related to object-oriented programming (OOP) in computer sciences in the 1980s (An, 2012).
In OOP, each object can receive data, process data and pass data to other objects. Objects
with consistent data structures and behaviors are abstracted into class. Therefore, OOP logic
matches ABM logic in many ways. In fact, ABMs are often built with OOP languages such
as C++ and Java (An et al., 2005). With the development of OOP in the field of program-
ming, some scholars believe that almost all computer simulations in the future will be ABM
(North and Macal, 2007).

3 Application of ABM in land system and case study

ABM has a very wide range of applications, including business organization, economics,
infrastructure, group events, society and culture, terrorism, military, biology, and ecosystems
(Allan, 2010). In the field of geography and environment, there are many case studies such
as pedestrian models (Batty, 2001a; Batty et al., 2003), fishing strategies (Little et al., 2009;
Cabral et al., 2010), urban development (Brown and Robinson, 2006; Liu et al., 2006; Fila-
tova et al., 2009a), animal population (Perez and Dragicevic, 2010; Topping et al., 2010),
transportation (Bravo et al., 2010; Ascensao et al., 2013), agricultural economy (Castella et
al., 2005; Le et al., 2008; Valbuena et al., 2010a; Valbuena et al., 2010b), tourism (Johnson
and Sieber, 2011; Mao et al., 2014), epidemic spread (Dion ef al., 2011), forest management
(Bone and Dragicevic, 2010), water resources management (Schluter and Pahl-Wostl, 2007)
and many others. Many of these studies involve land systems directly or indirectly.

3.1 Urban land use change models

Cities are the areas where human use the land most intensively on the earth surface. Urban
land changes during the development process of the city. Schelling and Sakoda were the
pioneers in the research of decision-making of urban land use agent. They independently
proposed models in 1970 to simulate the residential segregation caused by individuals’ slight
difference in preference to neighbors (Benenson and Torrens, 2004). They did not even use a
computer at the time; they used a chessboard for simulation. Batty did not explicitly adopt
the concept of ABM when simulating landscape changes of multi-core cities, but considered
the process of residential location by residents (Batty, 2001b). Brown and Robinson (2006)
explicitly built an ABM to simulate the urban expansion of southern Michigan. Resident ques-
tionnaires were used to parameterize the model. Liu et al. (2006) built an ABM of three types
of agents including residents, real estate companies and the government to simulate the urban
expansion of Haizhu District, Guangzhou, and they compared the results with CA. They fur-
ther expanded their research area to the entire Pearl River Delta region and simulated urban
land change under various planning scenarios (Li and Liu, 2007; Li and Liu, 2008).

With the deepening of research, urban ABM has become more meticulous and diversified,
and sociological and economic theories have been widely applied. Haase ef al. (2010; 2012)
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studied the phenomenon of urban shrinkage in Leipzig, eastern Germany. Shin and Fossett
(2008) improved the satisfaction evaluation method based on the Schelling model, and fur-
ther studied the residential segregation of different races in American cities. Parker and
Filatova (2008) and Filatova et al. (2009a; 2009b) introduced microeconomics and space
economics models into an ABM, and simulated the urban land market. The agents are buyers
and sellers of land transactions and the simulation results are consistent with the classic
Thiinen model. Based on their research, Huang et al. (2013) and Sun et al. (2014) further
explored the role of agent heterogeneity in the land market, with consideration of the effects
of budget constraints and biding. Magliocca et al. (2011) further considered the real estate
market and proposed a model coupled real estate market and land market. Li ef al. (2013)
simulated the spatial population dynamics of the manufacturing city of Dongguan, Guang-
dong Province based on labor economics. Wahyudi et al. (2019) directly took real estate
developers as agents, and researched the impact of developer types, characteristics and be-
haviors on Jakarta’s urban expansion. In recent years, with the study of the coupled hu-
man-nature system, coupling land use models with ecological models has become an impor-
tant research direction. For example, Robinson et al. (2013) combined the ABM suburban
development model DEED with the ecosystem process model BIOME-BGC to explore the
impact of suburban land management strategies on ecosystem functions.

Methods in ABM for studying urban development issues are also constantly being devel-
oped and improved, and gradually tend to couple ABM with other approaches, such as
Bayesian networks, genetic algorithms, analytic hierarchy process, game theory (Kocabas
and Dragicevic, 2009; Zhang et al., 2010; Tian and Qiao, 2014; Tan et al., 2015). Most of
the time, ABM is built as a framework, and another method is used to determine the agents’
decision rules. In addition, typical urban land models use square grids as simulate units, and
some modelers have explored vector-based simulation (Dahal and Chow, 2014).

3.2 Agricultural land use change models

In addition to cities, agriculture is another significant way human use land. Farmers cut
down forests, plant crops, and run farms. Their behaviors are more direct and diversified
than urban land use behaviors. In addition, compared with the city, the rural landscape has a
more prominent interaction between human and nature. Therefore, researchers often build
agricultural ABM based on specific natural conditions, socio-economic conditions, and local
policies. They usually investigate local knowledge in the research area. Research goals are
generally to address specific issues of the region or to provide support for agricultural poli-
cymaking.

Deadman et al. (2004) built a household farm model LUCITA, which simulates the de-
velopment of family farms in Amazon rainforest and land use behaviors of farmers. Castella
et al. (2005) combined ABM and role-playing game (RPG) to build a participatory
agent-based model SAMBA and simulate land use change under the institutional change in
the mountainous region of northern Vietnam. Schmit and Rounsevell (2006) studied the im-
pact of farmers’ imitation behaviors in crop planting on agricultural land use. Le Page et al.
(2013) developed a land use dynamic simulator LUDAS, which takes population and land-
scape as spatial self-organizing agents, and they conducted a comprehensive human-land
system simulation with farmer decision-making and forest yield. Brady et al. (2009) com-
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bined ABM and landscape index to study the impact of European agricultural policy and
farm reform on landscape. Valbuena et al. (2010a; 2010b) studied the impact of farmers’
decision-making on land change and landscape structures in rural areas in Australia and the
Netherlands, and made predictions based on scenarios. They also extended their local scale
model to regional scales and explored the trajectory of agricultural development (Valbuena
et al., 2010c). Murray-Rust et al. (2014) developed an agricultural land use simulation open
framework Aporia, which adopts a modular design and can be coupled with multiple vegeta-
tion models for evaluating ecosystem service indicators. Bakker et al. (2015) built the rural
land exchange model (RULEX), and simulated land use change caused by land exchange
between landowners in the eastern Netherlands. Villamor and Noordwijk (2016) combined
ABM and RPG to study the impact of gender on land use decisions in rubber agriculture in
Sumatra. They concluded that men tend to maintain a mixed agricultural and forestry
economy, while women are more inclined to transform land into the more profitable one.

In addition, some researchers studied the effectiveness of ecologic protection policies,
such as China’s natural forest protection project (Chen et al., 2012; Chen et al., 2014) and
the Grain for Green Program (Sun and Muller, 2013; Yang, 2019). Chen et al. (2014) studied
the effect of the subsidy policy of natural forest protection project on reducing harvesting
behaviors and restoring forestland in Wolong Nature Reserve, Sichuan Province, China.
They also predicted land use under different subsidy scenarios. The types of land use studied
in these cases may be forestland or grassland instead of only agricultural land, but the agents
are still farmers.

Different agricultural ABMs have obvious local characteristics. They are more like case
diagnosis of specific issues in regional sustainable development or natural resource man-
agement. In recent years, participatory modeling has gained popularity. The researchers or-
ganized different stakeholders such as local villagers, governments, and enterprises to par-
ticipate directly in the formulation of model rules. They reproduce the decision-making
process through interactive methods like games.

3.3 ABM case study of Grain for Green Program

The Grain for Green Program (GGP) as a representative of ecological engineering has had
an important impact on land use patterns in China. Hengduan mountainous region is a key
area to implement the GGP. Based on the ABM modeling framework and process, we built a
spatial ABM for the GGP implementation. Taking Tongdu Town, Dongchuan District, Yun-
nan Province as the research area, based on census data, geographic data, and survey data,
we simulated the GGP implementation process from 2010 to 2015. Our simulation results
also include the annual income of farmers and households, and the spatial distribution of
farmers’ and government’s willingness to return cropland (Yang, 2019).

We represented three types of agents in the model including farmers, farmer households
and the government. Farmers have attributes such as age, fertility, and mortality. Households
are basic units of decision-making. Households and the government each determine their
willingness to return the cropland in accordance with the changes in expected income and
policies. On one hand, by calculating the annual income from working after participating in
the GGP and the annual income from planting before participating in the GGP, combined
with the subsidy from the government, we can get the income change, and further the will-
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ingness of the households to return their land. On the other hand, the government determines
the willingness considering the slope, soil fertility, ecological importance and ease of project
implementation. Then we calculate the total willingness based on the willingness of two
sides. The parcel is used as simulation space unit. Based on the government’s annual quota
of the GGP, any cultivated land in the area that meets the requirements of the GGP (slope
greater than 25 degrees) would be sorted in descending order to the total willingness and
implement the returning until the quota is completed. According to the model framework
and decision rules of each agent type, we built a computer model with Java in the Repast
(Figure 1). The model was parameterized with survey data. We simulated land use change
under the GGP policy from 2011 to 2015 (Figure 2). Using point-to-point accuracy verifica-
tion of remote sensing data, the accuracy of the model reaches 91.12%.
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Different from the traditional land use models, this model directly represents the agents’
behaviors of decision-making and the parameters are defined at agent level. Its advantage
lies in reproducing the process of returning cropland to forest instead of the phenomenon.
Subsequent research can further simulate the implementation of GGP and land change pat-
terns under different policy scenarios. The results can provide a basis for policy formulation
and promote the sustainable development of environment in mountain areas.

4 ABM modeling framework
4.1 Model communication and ODD protocols

ABM is more of a modeling concept than technology. Multidisciplinary researchers build
models to solve specific problems in different regions. They differ very much in theoretical
basis, structures and details. The feature of ABM that mixing qualitative and quantitative
methods in rule setting means it cannot be expressed in mathematical language transparently.
Therefore, effective communication has always been a problem faced by researchers. Using
Unified Modeling Language (UML) in software development can promote model commu-
nication, but it is not a specialized solution for ABM. Janssen et al. (2008) launched the
OpenABM online forum in 2008 for model publishing and code sharing. Model sharing
promotes communication, but researchers use different programming languages and plat-
forms. Most ABM researchers are still inefficient when facing the source code directly.

To facilitate model evaluation, comparison and communication, ABM researchers believe
that a specific protocol should be followed at the beginning of model building. Grimm et al.
(2006) proposed a protocol for building IBM/ABM, that is ODD (Overview-Design con-
cepts-Details) protocol, which includes seven elements and 51 guiding questions to help
modelers build ABM. Many subsequent studies designed their model according to ODD
protocol (Bert et al., 2011; Schreinemachers and Berger, 2011; An et al., 2014). As ODD
protocol was based on ecological perspective, Muller et al. (2013) further proposed the
ODD+ D (Decision-making) protocol to better integrate human decision-making into the
framework. Recently, as ABM design increasingly used empirical data, Laatabi et al. (2018)
proposed the ODD + 2D (Decision + Data) protocol to refine the data part of the framework
(Figure 3). ODD series protocols have been widely used in complex systems and
agent-based modeling research groups, which standardize model communication and evalu-
ation. Specifically in the field of land use change model, Parker et al. (2008) proposed the
MR POTATOHEAD model design conceptual framework, which divided the model into six
parts: information/data, interface with other models, demographics, land use decision
making, land exchange and model operation. This framework can be used as a guide for de-
signing models and also as a means of analyzing models. However, its application is not as
extensive as ODD series protocols.

4.2 Agent-based modeling framework and implementation process of land system
from the agent perspective

For modelers, the most important point that ABM is different from other models is to repre-
sent reality from the agent perspective. Based on this, we propose the agent-based modeling
framework of land system from agent perspective (Figure 4). The modeling process starts
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from the micro agent perspective, theoretical basis and empirical basis, focusing on the con-
structions of agent subsystem and environment subsystem.
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from the agent perspective

In the agent subsystem, agent selection and classification should be performed first to de-
termine the basic components of the model. Each type of agent is classified according to its

attributes. For example, in the urban land change model, residents can be sub-divided based

on attributes like income and age. In the agricultural land model, farmers can be classified

by full-time or part-time, whether they fall into the category of labor force. Then the deci-
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sion-making willingness and ability of each type of agents are determined according to the
attributes. The ability determines the possible decision-making options in a period of time,
and the willingness determines the preference for specific options of the agents (Valbuena et
al., 2010c). The last step of the agent subsystem building is to represent the corresponding
decision rules for each type of agents, and the interactions between different agents such as
cooperation, competition and learning.

The land system is a spatial system, so building ABMs for land systems requires the de-
sign of environment subsystems. First, in order to represent the environment, we can choose
CA square girds, polygon grids or vector layers. Then environment units should be given
geographical attributes, such as land cover/use type, altitude, environmental quality, etc.

Both agent subsystem and environment subsystem change dynamically. The update of the
environment subsystem is driven by natural changes and agents’ influence on the environ-
ment. The update of agent system is affected by the learning and evolution of agents on one
hand, and by the environment’s feedback on the other hand. By characterizing agent features,
behaviors and interactions and representation of environment a conceptual ABM of land
system is built.

Based on the conceptual model, decision rules should be formulated as mathematically as
possible to build a theoretical model. Further, a computer model can be constructed with a
modeling platform (or independent development using a programming language). Before

application, the model should be

Modeling steps PR Method used ------ checked by sweeping the parameters.
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= A H ' system change can be simulated. The
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- :ﬁ?ﬁﬁﬁ’; _i Thegﬁlsc:;ssimum i with actual data like remote sensing data
b analysis | ____ ! to validate the model (Figure 5). It
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L{  Validation _i Empirical data cedure is not one-way, and problems in

.

———————————————————— ' the later steps may need corrections of
Figure 5 Modeling procedure and related approach of ABM  previous steps.

5 Discussion

The ABM simulates land change drivers through representing decision-making behaviors of
micro agents. Macro land change and spatial patterns are emergent results. In this way, the
ABM has its irreplaceable role in all these land system modeling approaches. Its value lies
not in higher simulation accuracy, but in its ability to promote a better understanding of land
change mechanisms and processes. Due to its multi-source nature, the ABM is different in
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model design, programming, parameterization, calibration and implementation from tradi-
tional methods. There are also many challenges, such as representation of agents’ behaviors,
application in large scale, verification and model reuse.

5.1 Strengthen the representation of agent behaviors

The core of the agent-based modeling is the design of agent behavior rules. How to better
capture the agent behaviors is a key issue for ABM researchers. There are many different
ways to characterize behaviors of agents such as the commonly used utility functions and
statistical methods. Genetic algorithms and neural networks have also been integrated into
ABM to define agent behaviors. When multiple methods are coupled, it is necessary to solve
the spatial and temporal inconsistency. Agent classification can aggregate agents into class,
further defining the behaviors of each class. In addition, it is necessary to consider the
agent’s ability to perceive the environment, whether the agent is fully or bounded rational.
The integration of sociological and psychological theories helps to characterize the agent’s
cognitive, emotional, and belief dynamics. Another important thing to consider is to find
balance between theoretical basis and empirical observation (Filatova et al., 2013).

In representing the behavior of agents, the detailed description of behaviors in economic
models (such as the process of expectation formation and proactive behavior) has not been
well integrated into the land change ABM. More work needs to focus on establishing links
between spatial economic models and land change ABM. The parameterizing process of
agent decision-making simulation urgently requires standardized methods to improve effi-
ciency (NRC, 2014). In addition, most current ABM research focuses on direct agents of
land use, such as farmers and urban residents. Recent studies show that large-scale land ac-
quisitions, contract farming, and investment by remote entities cannot be ignored (Verburg et
al., 2019).

5.2 Application of ABM at larger scales

Large-scale ecological models and climate models have been widely used. Biophysical
processes are well represented, while human activities are often oversimplified in the models.
Coupling the ABM with the ecological model is a possible solution. However, most of cur-
rent ABMs focus on the local scale. Local decision rules in the model cannot be directly ap-
plied to a larger spatial range or a finer spatial resolution (Rounsevell et al., 2012). In addi-
tion, the large amount of empirical data based on local survey required for simulation has
limited the application of ABM to regional and global scales (Verburg et al., 2019). When
applying to regional and larger scales, the ABM becomes more difficult at representation of
the diversity of decisions. Some researchers have attempted to develop regional-scale ABMs,
but effective solutions are still lacking (Castella and Verburg, 2007; Valbuena et al., 2010c;
Rounsevell et al., 2014).

5.3 Validation of ABM

Model validation checks the validity and its degree of the model by comparing the simula-
tion results with actual data, which is an important part of the model evaluation. Validation
of land change models includes pattern validation and structural validation. The pattern va-
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validation is to compare the simulated land use patterns with the actual land use patterns.
The actual land use patterns can be obtained by classification of remote sensing data. Meth-
ods like point-to-point comparison, kappa coefficient, and landscape index are commonly
used. Structural validation is to justify the rationality of the model mechanism and process,
which is still a challenge (van Vliet et al., 2016). The main reason is that although the pat-
tern of land use is observable, the process and mechanism of the pattern formation are diffi-
cult to observe and quantitatively represent.

5.4 Reusability

From the perspective of the construction process of the ABM, the reusability of ABMs is
poor. A specific model cannot usually be applied to other regions. Compared with simple
abstract models, highly complex and data-dependent models are more opaque to users
(O'Sullivan et al., 2016). A large number of case studies are difficult to generalize. O'Sulli-
van et al. (2016) call it YAAWN (“Yet another agent-based model... Whatever... Never
mind...”) syndrome. Different researchers have different understandings of ABM ideas, so
they design ABM to solve specific problems that already exist in their brains; and ABMs
require a large amount of data at both the level of micro agents’ features and the level of
aggregated results applied to specific backgrounds. For research problems that can be ex-
plained by simple analytical models, and research problems that focus on prediction rather
than structural interpretation, researchers should consider whether ABM is needed and the
large amount of investment it requires (NRC, 2014).

In summary, the land system ABM has unique advantages and significant positions, but
there are still a lot of challenges, and its methodology is still in the process of formation.
This means that land system ABM needs more attention from researchers and modelers; on
the other hand, researchers also need to take a cautious attitude when adopting this method.
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