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Land is multifunctional. Among all land change models, the only model capable of modeling multifunctional land
changes is the CLUMondo model. However, the CLUMondo model is ineffective and inefficient. In the study, we
addressed the problems by improving the CLUMondo model through four strategies, resulting in the improved
version named “Land-N2N”. To evaluate the Land-N2N model, we designed six comparative experiments. In

these experiments, we established the land systems using an upscaling approach based on Globeland30 data. Our
finding shows that the effectiveness and efficiency of the Land-N2N model are better than the CLUMondo model.
Specifically, the effectiveness of the Land-N2N model improved by 36% when measured with Kappa and by
377% when measured with Figure of Merit (FoM). Additionally, the efficiency of the Land-N2N model increased
by 80%. The utility of the Land-N2N model lies in its ability to offer scientific solutions for land management by

forecasting land changes.

1. Introduction

Land is multifunctional. It usually serves both social and ecological
functions (Gu et al., 2022; Peng et al., 2017; Vreeker et al., 2004). These
functions are not independent (Scherzinger et al., 2024) and collectively
reflect both the characteristics of the land and extensive interactions
between humans and nature. For example, in addition to the funda-
mental function of cropland, food production, cropland also provides
functions such as social security, ecosystem conservation, and cultural
heritage (Peng et al., 2017; Qian et al., 2020a). The multifunctionality
perspective allows for a more comprehensive assessment of the impacts
of land changes, helping decision-makers implement more effective land
management (Scherzinger et al., 2024).

Global attention and research on multifunctional lands are gradually
increasing. The concept of multifunctional originated in the agricultural
sector (Liu et al., 2018, 2023). Recently, there has been a growing
emphasis on multifunctional lands, which are now recognized as prev-
alent in various regions around the world. For example, Qian et al.
(2020a) traded off synergy relationships of multifunctional cultivated
land by analyzing the spatiotemporal distribution characteristics in
Shenyang City, China. Gulickx et al. (2013) mapped the multifunctional
landscape services of the Netherlands. Rallings et al. (2019) analyzed
trade-offs and synergy of multifunctions in agriculture landscapes in
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Lower Fraser Valley, Canada.

However, when modeling land changes, we typically assume that
land is unifunctional, which limits the ability to simulate multifunc-
tional land change. These models do not support the assumption of
multiple functions for a single land type because these models only allow
land to serve one function, namely its area. The issue exists in many land
change models, such as Conversion of Land Use and its Effects at Small
regional extent (CLUE-S) (Verburg et al., 2002), the Future Land Use
Simulation Model (FLUS model) (Li et al., 2017; Liu et al., 2017), and
cellular automata model not driven by demands (Xing et al., 2020; Zhai
et al., 2020).

Unifunctional land change simulations face three key challenges
when forecasting future land changes. Specifically, the unifunctional
land change models can be categorized into two categories, namely
models driven by demands and models not driven by demands. First, in
terms of the models not driven by demands, the challenge lies in the
unclear definition of time points for the forecasting results. As a result,
these models are rarely applied to land management decisions and are
more commonly to explore the mechanisms of the models (Li et al.,
2024; Qian et al., 2020Db). Second, in terms of the models driven by
demands, the challenge lies in how to scientifically set future demands.
One solution to the challenge is to couple land change simulation models
with other models, such as the system dynamic models (Liu et al., 2017)
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and integrated assessment models (Dong et al., 2018). However, the
difficulty of coupling integrated assessment models arises from the
divergence in the concept of land types between land data and inte-
grated assessment models (Dong et al., 2018). Third, compared to
multifunctional land change simulations, unifunctional land change
simulation models struggle to effectively support land management.
These models only can establish the relationship between land types and
their corresponding areas. However, there is significant gap between
land areas and human demands, as preserving land areas does not
necessarily maintain their functions.

To the best of our knowledge, CLUMondo (van Asselen and Verburg,
2012) is the only demand-driven model that enables the assumption of
land multiple functions but the CLUMondo model is ineffective and
inefficient. Specifically, CLUMondo supports the assumption of
many-to-many supply-demand relationships. For example, van Asselen
and Verburg (2013) simulated the global land changes by defining four
demands and 30 different land types. These four demands are crop
production, livestock for bovines, goats, and sheep, livestock for pigs
and poultry, and built-up areas.

In the study, we addressed the problems that the CLUMondo model is
inefficient and ineffective by improving the CLUMondo through four
strategies. First, we proposed using random forest regression models
instead of Logistic regression models. Second, we proposed an iteration
mechanism that combines coarse-grained and fine-grained iterations.
Third, we proposed a competitive advantage method. The three strate-
gies aim to increase the effectiveness. Fourth, we proposed a traversing
strategy to decrease the time of simulation. We demonstrated the
effectiveness and efficiency of Land-N2N is better than CLUMondo
through comparative experiments.

2. Principles and limitations of CLUMondo

Since the release of the CLUMondo model, it has been widely applied
to the simulation of global and regional areas. For example, van Asselen
and Verburg (2013) simulated global land system changes using the
CLUMondo model from 2000 to 2040 under the OECD Environmental
Outlook scenario. The results provided insights into the debate between
land sparing versus land sharing. Wang et al. (2020) evaluated the
ecological protection effects by simulating the land use changes in
Nanchang City from 2015 to 2040 under three development scenarios.
Zhu et al. (2020) explored the land use changes of Horqin Sandy Land
from 2015 to 2025 under three scenarios using the CLUMondo model to
investigate the net primary productivity, crop production and wind
protection, and sand fixation through a Bayesian belief network.

The principle of the CLUMondo model is to change land types ac-
cording to transition rules that respond to changes in all demands
through several iterations (Van Vliet and Verburg, 2018). At the end of
each iteration, the CLUMondo model calculates the differences between
the supplies and demands until the differences meet the conditions. The
key characteristic of the CLUMondo model is its ability to establish
many-to-many relationships between land types and demands (Van Vliet
and Verburg, 2018). Additionally, the demands in CLUMondo can be
defined in terms of land type areas or any quantifiable functions served
by land, such as population, crop, and livestock (van Asselen and Ver-
burg, 2012).

In each iteration, the transition rules of the CLUMondo model consist
of transition potential and restricted conditions. Transition potential
refers to the possibility of each cell changing to any land type, and the
restricted conditions specify regions where cells cannot change and
which land types are not allowed. Transition potential is determined by
neighborhood effect, local suitability, competitive advantage, and
resistance (Van Vliet and Verburg, 2018). Wherein, the neighborhood
effect refers to the effect of neighboring cells on the center cell. Local
suitability refers to the possibility of each cell changing to all land types,
driven by nature and social factors. Notably, local suitability is the only
spatial parameter of the CLUMondo model. Competitive advantage
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determines whether each land type should increase or decrease to meet
demands. Resistance reflects the difficulty of changing each land type to
other types. The restricted conditions consist of restricted spatial areas
and restrictions between different land types.

Although CLUMondo enables land multifunctionality, the CLU-
Mondo model is ineffective and inefficient. The ineffectiveness is re-
flected in the low accuracy of evaluating the CLUMondo model. The
inefficiency is evident in the long simulation times required. The low
effectiveness is likely due to the use of the Logistic regression model for
calculating local suitability in the CLUMondo model. Several studies
have shown that the performance of the Logistic regression model is
worse than other regression models (Gao et al., 2023a; Lv et al., 2021).
The low efficiency stems from the unnecessary determinations within
the model through the theoretical analysis, which increases simulation
time. Specifically, the CLUMondo model determines whether the land
type of each cell, including NoData cells, will change in each iteration.
NoData cells represent areas outside the study areas that will never
undergo any changes. Since study areas are typically not rectangular,
land data often contains many NoData cells. If the model needs to
determine all cells during each iteration, it significantly reduces the
simulation efficiency.

Based on the background, we proposed three methods to improve
effectiveness and a traversing strategy to improve efficiency. The
improved version, named "Land-N2N," operates independently of the
CLUMondo model. When using the Land-N2N model, we do not need to
run the CLUMondo model. To evaluate the effectiveness and efficiency
of Land-N2N, we selected three study areas and designed comparative
experiments. In addition, we demonstrated the importance of each
improvement.

3. Land-N2N model

In the Land-N2N model, we proposed four strategies to improve the
CLUMondo model. Three of these strategies aim to enhance the effec-
tiveness of the CLUMondo, and one aims to improve efficiency. Tech-
nically, we implemented the Land-N2N model in C++ for three reasons.
First, C++ is a compiled language for its fast execution speed. Second,
since the CLUMondo model is also written in C++, we were able to use
its source code of the CLUMondo model to facilitate the implementation
of the Land-N2N model. Third, C++ is widely used in spatial analysis
and environmental modeling. For example, the Global Change Assess-
ment Model (GCAM) and CLUE-S model are implemented using C++.

3.1. Using a random forest regression model to calculate the local
suitability

We proposed using the random forest regression model instead of the
Logistic regression model to calculate the local suitability. The random
forest model is a machine learning algorithm that can be applied for both
classification and regression (Breiman, 2001; Wang et al., 2024). A
random forest model consists of multiple decision trees (Belgiu and
Dragut, 2016; Liang et al., 2021), which is why it is referred to as the
“forest”. The “random” of the model is reflected in its approach to
selecting features and samples. Specifically, each decision tree randomly
selects a subset of features to build the nodes. During training, each
decision tree is trained using samples selected through the bootstrap
sampling method.

In the Land-N2N model, we established the relationships between
driving factors and land type changes using the random forest regression
model. According to the relationships we have established, we calcu-
lated the probability of changing to each land type for every cell (Eq.
(1)). Before training the random forest regression model for changed
land type j, we need to prepare samples. All samples can be categorized
into positive and negative samples. Each sample consists of a label and a
set of driving factors. The label is determined by comparing land data
from two different periods. If the land type of a cell is changed to other
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land types to j between the two periods, the land type j and the corre-
sponding series of driving factors are composed of a positive sample.
Otherwise, the other cells and the corresponding series of driving factors
are composed of negative samples.

P,lOCC_j :RF(Xl.u X2.57 "'7vac) (l)

Wherein, Xy ¢, Xa., ...,Xm. are the driving factors of cell c.

3.2. Combining finer-grained iteration mechanism

In the Land-N2N model, we proposed an iteration mechanism that
combines both coarser-grained iterations and finer-grained iterations to
generate simulation results (Fig. 1). In the Land-N2N simulation process,
several coarser-grained iterations are conducted initially. If the Land-
N2N model does not produce the simulation results after several
coarser-grained iterations, then the finer-grained iteration will be
conducted.

The coarser-grained and finer-grained iterations in the Land-N2N
model change both the land type of one or more cells and calculate
the difference between supplies and demands to assess whether sup-
ply-demand balance has been achieved. The difference between
coarser-grained iterations and finer-grained iterations lies in the scale of
changing cells. Specifically, the coarser-grained iterations aim to quickly
reduce the differences between supplies and demands. In a coarser-
grained iteration, Land-N2N will change all of the cells that can be
changed according to the transition rules. After each coarser-grained
iteration ends, the model assesses whether supply-demand balance
has been achieved. In finer-grained iterations, cells are changed indi-
vidually one by one. After the land type of one cell is changed, the Land-
N2N model immediately calculates whether supply-demand balance has
been achieved.

3.3. Competitive advantage method

In the Land-N2N model, we developed a competitive advantage
method by directly using supply capacities instead of conversion orders.
Specifically, supply capacities refer to the quantitative value of each
land type in serving each demand, and conversion orders refer to the
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descending rank of land types based on their supply capacities. This
competitive advantage method more accurately reflects how the areas of
each land type decrease or increase to meet the demands. The compet-
itive advantages are calculated using Eq. (2).

: . CAt(c0).d — CAjq
P_c cen = Y intertiag pp X —— - — 9%
MP1(c.£.0)4,(ti) ; d(t.) S>CAyq
j
0 i=1
intertiag ;) = D & — Supplvs.. @
d,(t.0) intem'ad,(t_i) i emandg upplyq; 1 i>2
) Speed;
Seed i=1
Speed; =
Speed; , + Step i>2

Wherein, P_cmpr.0); i represents the competitive advantage for
changing land type T(c,t,0) to land type j at i-th iteration in time t.
CArt(cr0)a and CA;q respectively represent the supply capacity of land
type T(c,t,0) and land type j to provide to d-th demand. Demand,,
represents the d-th demand at time t. Supply,; ; represents the supplies
provided by the land at the i — 1-th iteration. Speed; represents an iter-
ation parameter. Seed represents the initial value of the iteration
parameter. Step represents the step size of the iteration parameter.

3.4. Traversing strategy

In Land-N2N, we proposed a useful traversing strategy in each iter-
ation to reduce the time of the simulation. Specifically, in each iteration,
the traversing strategy only determines the land types that are not
classified as Nodata instead of all cells. This strategy is implemented by
creating a list consisting that consists of row and column indices of all
non-Nodata cells (Fig. 2).

4. Model evaluation
To evaluate the effectiveness and efficiency of the Land-N2N model,

we designed comparative experiments. An important assumption un-
derlying this evaluation is that if a land change model reliably simulates
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Fig. 1. The iteration mechanism.
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Fig. 2. The traversing strategy.

historical land changes, it can be considered reliable for forecasting
future land changes (Jin et al., 2019). We selected three study areas and
applied both the Land-N2N model and the CLUMondo model to simulate
land changes from 2010 to 2020 in these areas. The effectiveness and
efficiency of each model were then evaluated based on these
simulations.
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4.1. Materials

4.1.1. Selection of study areas

We employ four criteria to select study areas for a comprehensive
evaluation of the effectiveness and efficiency of the Land-N2N model.
First, multiple study areas are selected to reduce the impact of
randomness. Second, the study areas are covered by different dominant
land types. For example, one study area is primarily covered by natural
vegetation, while the other study areas are covered by land types that
are strongly relevant to human activities. Third, the study areas feature
distinct landforms. Fourth, the study areas exhibit obvious land changes
over a specific period to enhance the convincing of the evaluation.

According to the four criteria, we selected three study areas, namely
Sichuan Province, Shaanxi Province, and Jiangsu Province (Fig. 3). The
basic characteristics of the study areas are as follows.

- Sichuan Province

.
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- Wetland
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:l Bare land

Fig. 3. Study areas.
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Sichuan Province is located in the southwestern of China, covering
an area of 486,000 km? (Gao et al., 2023b). The province features sig-
nificant variations in terrain between east and west, with diverse
topography. In the western of Sichuan Province, the landscape is
dominated by plateaus and mountains, with elevations generally
exceeding 4000 m. In contrast, the eastern region features basins and
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hills, with elevations ranging from 1000 m to 3000 m. According to the
Globeland30 data in 2010, the dominant land cover types in Sichuan
Province are forest (40.2%), grassland (30.6%), and cultivated land
(23.9%).

- Shaanxi Province
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Shaanxi Province, located in the heartland of China along the middle
reaches of the Yellow River, covers an area of 205,600 km?. Shaanxi
Province spans diverse terrain from north to south and can be divided
into three main geomorphic regions: the Northern Shaanxi Plateau,
Guanzhong Plain, and Qinba Mountainous. According to Globeland30
data in 2010, the dominant land cover types in Shaanxi Province are
forest (44.6%), cultivated land (30.6%), and grassland (21.1%).

- Jiangsu Province

Jiangsu Province is located in eastern China, along the lower reaches
of the Yangtze River and Huai River, covering an area of 107,200 km?.
Jiangsu Province is a major economic and commercial center in China. It
is predominantly composed of alluvial plains, making it one of the
flattest provinces in China. The dominant land cover types are cultivated
land (70.9%), water bodies (13.0%), and artificial surfaces (12.9%).

4.1.2. Land system

We established land system maps in the study. Compared the tradi-
tional land use or land cover, land systems offer a more comprehensive
representation of human demands and spatial configurations (Dou et al.,
2021). Specifically, land systems can reflect the functions and patterns.
Here, “functions” are closely related to human demands, and “patterns”
refer to two concepts: components and configurations. Components
reflect the fractions of different land types, and configurations can

(a) 2010

(b) 2020

(¢) 2010 (d) 2020

(€) 2010 () 2020
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reflect the spatial structure of land types (Schmid et al., 2021; Van Vliet
and Verburg, 2018).

In the study, we selected the Globeland30 dataset (Chen et al., 2015;
Lv et al., 2025) to establish the land system maps. The Globeland30
dataset consists of three periods, namely 2000, 2010, and 2020.
Globeland30 categorizes land into ten land cover types, namely culti-
vated land, forest, grassland, shrubland, wetland, water bodies, tundra,
artificial surfaces, bare land, permanent snow and ice. The resolution of
the Globeland30 dataset is 30 m.

We established the land system maps using an upscaling approach
based on the Globeland30 dataset. Specifically, the process of estab-
lishing the land system map is to slide the Globeland30 dataset. In each
sliding window, we first identify the dominant land cover type. If the
fraction of the dominant land cover type exceeds the predefined
threshold, we classify the land system type after upscaling as the dense
type, such as “Dense cultivated land”. If the fraction of the dominant
land cover type is less than the threshold, we determine the land system
type according to the dominant and suboptimal land cover type. For
example, if the dominant land cover type is cultivated land (with a
fraction below the threshold) and the suboptimal land cover type is
forest, we define the land system type as “Cultivated & forest mosaic™. If
these conditions are not met, we define the land system type as spare
types, such as “Spare cultivated land”. The detailed rules for establishing
the land system maps are shown in Fig. 4. We established land systems
for each land cover type in Globeland30. These rules are based on the

Legend

- Dense cultivated land

|:| Cultivated land & forest mosaic
I:l Cultivated land & grass mosaic

|:| Spare cultivated land
- Dense forest
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Fig. 5. Land system maps in study areas.
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neighborhood relationships among land cover types. In the study, we
specified the threshold as 80% and configured the size of the sliding
windows to be 33 x 33. Notably, the threshold can be flexibly specified
by users. After sliding, we established the 990 m resolution land system
maps. Subsequently, we resampled the 990 m resolution land system
maps into 1 km land system maps. The land system maps of the study
areas are shown in Fig. 5.

4.1.3. Driving factors

The criterion for selecting driving factors is to comprehensively
reflect the factors that drive land changes in each land type. In this
study, we referred to the driving factors selected by Gao et al. (2023a).
Specifically, we selected 54 driving factors, which were categorized into
eight categories: soil, socioeconomic status, accessibility, agriculture
and vegetation, terrain, climate, and livestock. Compared to the driving
factors provided by Gao et al. (2023a), we removed the night light data.
A detailed list of the driving factors is in supplementary materials. In this
study, all driving factors were processed into the World_Cylin-
drical Equal_Area coordinate system with 1 km resolution.

4.2. Methods

4.2.1. Design of comparative experiments

There are two objectives for comparative experiments. The first
objective is to demonstrate that the Land-N2N model is more effective
than the CLUMondo model. To underscore the significance of each
improvement, we also evaluated how each improved method improves
its effectiveness. The second objective is to demonstrate the efficiency of
the Land-N2N model is better than the CLUMondo model. However, due
to the different principles of the two models, the two models would
generate different results. Therefore, it does not make sense to directly
compare the simulation time of the two models. In the study, we
designed an alternative solution to compare the efficiency by comparing
the simulation time between the Land-N2N model and Land-N2N
without the traversing strategy we proposed.

We designed six experiments to evaluate the effectiveness and effi-
ciency of Land-N2N, as shown in Table 1. In these six experiments,
comparing “Land-N2N” to “CLUMondo” aims to demonstrate the better
effectiveness of Land-N2N. Comparing “Land-N2N” to “Experiment D”
aims to demonstrate the better efficiency of Land-N2N. In addition,
comparing “Experiment A”-“Experiment C” with “Land-N2N” aims to
demonstrate the significance of random forest regression, the compar-
ative advantages, and the iteration mechanism in improving
effectiveness.

4.2.2. Demands

We establish five demands for each study area, namely the areas of
cropland, forest, grassland, shrubland, and artificial surfaces in Globe-
land30 (Table 2). It is noted that the demands refer to the areas of the
land cover types, not the area of land system types. The reason for
establishing these five demands is that they account for 97.6%. 96.7%

Table 1
Comparing experiments.
Experiment Random Comparative Iteration Traversing
forest advantages mechanism strategy
Land-N2N v v v v
CLUMondo X X X X
Experiment X v v v
A
Experiment v X v v
B
Experiment v v X v
C
Experiment v v v X
D
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and 86.7%, respectively, of the area of the entire region in study areas.
Additionally, the five demands represent primary natural vegetation and
artificial surfaces. Notably, when simulating the land change in Jiangsu
Province, we did not set the areas of shrubland as a demand because the
areas of shrubland are too small.

4.2.3. Definition of multifunctions for each land

In the study, we emphasized the multifunctional lands through the
many-to-many relationships between land types and demands. Specif-
ically, we calculated the supply capacity for each demand within each
land system type by overlapping the land system map and land cover
map. The supply capacities were quantified by calculating the average
areas of the land cover type corresponding to each demand in each land
system type. For example, to calculate the supply capacity of “Dense
cultivated land” for the area of cultivated land, we need to calculate the
average areas of cultivated land in all “Dense cultivated land” cells. The
steps of calculating supply capacities consist of three steps. First, we
calculated the areas of five land cover types (30 m resolution)—culti-
vated land, forest, grassland, shrubland, and artificial surfaces—for each
990 m land system cell. Second, in terms of each land system type, we
calculated the average areas of these five land cover types. Third, we
calculated the average areas of five land cover types at 1 km resolution.
The supply results for the three study areas are provided in the sup-
plementary material. Here, we only provided the supply capacities in
Sichuan Province (Table 3). The results showed that each land system
type served more than one demand in three study areas.

4.2.4. Other settings
- Random forest regression

In the Land-N2N model, we calculated the local suitability using a
random forest regression model. To better organize the Land-N2N
model, we separated the calculation of suitability from the core
model. The random forest regression was implemented using the scikit-
learn package. During the training process, we regarded the land system
map at the beginning of the simulation as the land system map for
sampling (Time 1), and we regarded the land system map at the end of
the evaluation as the land system map for sampling (Time 2). Addi-
tionally, if the number of positive samples of one land type is less than
10, we will not execute the regression for that land type.

- Logistic regression

In the CLUMondo model, we calculated the local suitability through
Logistic regression. The CLUMondo model does not consist of a module
for calculating local suitability. In the study, we implemented Logistic
regression using Statistical Product and Service Solutions (SPSS). We
selected a stepwise regression approach in our regression.

- Restrictions between different land types
The restrictions between different land types are calculated through
the cell-by-cell analysis of the historical land system maps from 2010 to
2020. If any two land types existed conversion from 2010 to 2020, we
allowed these two land types to be converted in the simulation.

- Resistance

We calculated the resistance by calculating the fractions of a land
system type that remained unchanged from 2010 to 2020.

4.3. Evaluation metrics

4.3.1. Metrics for evaluating effectiveness
To comprehensively evaluate the effectiveness of Land-N2N, we
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Table 2
Demands in the three study areas (Unit: km?).
Study areas Year Cultivated land Forest Grassland Shrubland Artificial surfaces
Sichuan Province 2010 116,848.3 196,017.5 149,378.4 9720.4 2414.9
2020 113,116.1 194,637.2 148,022.0 9771.0 5871.8
Shaanxi Province 2010 62,948.2 91,581.3 43,342.4 766.3 4476.1
2020 61,949.5 91,326.2 42,448.1 786.4 6648.8
Jiangsu Province 2010 72,266.1 2102.4 723.0 2.6 13,151.4
2020 64,396.1 2436.3 662.1 1.5 20,059.5

Table 3

The supply capacities in Sichuan Province.

Land system

Supply capacity

Cultivated Forest  Grassland  Shrubland Artificial
land surfaces
Dense 0.961 0.031 0.013 0.001 0.009
cultivated
land
Cultivated land 0.637 0.312 0.059 0.004 0.002
& forest
mosaic
Cultivated land 0.625 0.114 0.261 0.009 0.003
& grass
mosaic
Spare cultivated 0.640 0.045 0.040 0.047 0.096
land
Dense forest 0.016 0.974 0.022 0.008 0.000
Forest & 0.320 0.633 0.055 0.008 0.001
cultivated
land mosaic
Forest & grass 0.034 0.640 0.317 0.027 0.000
mosaic
Spare forest 0.018 0.638 0.086 0.225 0.004
Dense grass 0.001 0.017 0.998 0.001 0.000
Grass & forest 0.021 0.337 0.636 0.022 0.000
mosaic
Grass & wetland 0.002 0.001 0.675 0.000 0.002
mosaic
Spare grass 0.138 0.090 0.596 0.105 0.005
Dense shrub 0.008 0.047 0.078 0.887 0.000
Shrub & forest 0.013 0.333 0.139 0.529 0.000
mosaic
Shrub & grass 0.015 0.119 0.323 0.557 0.001
mosaic
Spare shrub 0.283 0.087 0.107 0.496 0.010
Dense wetland 0.001 0.000 0.030 0.000 0.000
Wetland & 0.087 0.185 0.121 0.011 0.000
forest mosaic
Wetland & grass 0.001 0.001 0.357 0.000 0.001
mosaic
Spare wetland 0.194 0.016 0.048 0.004 0.021
Dense water 0.033 0.022 0.017 0.004 0.002
Spare water 0.238 0.110 0.067 0.012 0.025
Dense Tundra 0.000 0.000 0.000 0.000 0.000
Spare tundra 0.000 0.000 0.000 0.000 0.000
Dense artificial 0.037 0.003 0.005 0.001 0.965
surfaces
Artificial 0.000 0.000 0.000 0.000 0.000
surfaces &
cultivated
land mosaic
Spare artificial 0.081 0.092 0.125 0.035 0.567
surfaces
Dense bare land 0.000 0.002 0.062 0.000 0.000
Spare bare land 0.003 0.031 0.321 0.005 0.000
Dense 0.000 0.030 0.025 0.003 0.000
permanent
snow and ice
Spare 0.000 0.198 0.172 0.040 0.000
permanent

snow and ice

selected two metrics from two perspectives, namely the Kappa coeffi-
cient (Cohen, 1960; Lin et al., 2020a) and FoM (Liu et al., 2017). Spe-
cifically, the Kappa coefficient evaluates the agreement between the
simulation land system map and the actual land system map (van Vliet
et al., 2011). The Kappa coefficient ranges from —1 to 1, with higher
values indicating greater simulation accuracy. The FoM calculates the
proportion of correctly changed cells relative to the total number of
changed cells in the simulation to evaluate the accuracy of change
(Zhang et al., 2023). The FoM ranges from 0 to 1, with higher values
indicating greater simulation accuracy. The calculation formulas are
shown in Eq. (3) and Eq. (4).

Po —Pe (3)

Kappa=
PP 1-p.

Hits

Fom =
om Hits + Miss + False alarm + C

4

Here, po represents the proportion of agreement between ground and
simulated results through cell-by-cell. p, represents the probability of
chance agreement. False alarm represents the number of cells that
remained unchanged in the ground land change but changed in the
simulated land change. Hits represents the number of cells that changed
in the ground land change and correctly changed in the simulated land
change. Miss represents the number of cells that changed in the ground
land change but did not change in the simulated land change. C repre-
sents the number of cells that changed in the ground land change but
were incorrectly simulated as unchanged.

4.3.2. Metrics for evaluating efficiency

To evaluate the efficiency of Land-N2N, we recorded the simulation
time of “Land-N2N” and “Experiment D”. To avoid the influence of de-
vices and software environments on simulation, we ensured that both
experiments were run on the same devices and within the same software
environment.

Table 4
The evaluation results of effectiveness.
Study area Experiment Kappa coefficient FoM
Sichuan Province Land-N2N 89.48% 11.55%
CLUMondo 76.14% 1.92%
Experiment A 83.46% 1.42%
Experiment B - -
Experiment C 89.48% 11.55%
Shaanxi Province Land-N2N 88.54% 22.45%
CLUMondo 60.76% 4.19%

Experiment A - -
Experiment B - -
Experiment C - -

Jiangsu Province Land-N2N 65.59% 23.98%

CLUMondo 45.66% 8.18%
Experiment A 52.89% 6.49%
Experiment B 62.67% 28.74%
Experiment C 65.59% 23.98%

Note: “-” represents that the experiment does not produce the simulation results.
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4.4. Results

The evaluation results of effectiveness are shown in Table 4. In three
study areas, the Kappa coefficient and FoM in “Land-N2N” are better
than “CLUMondo”. Specifically, “Land-N2N” averaged a 35.63%
improvement in the Kappa coefficient and a 377% improvement in the
FoM improvement compared to “CLUMondo”. These results demon-
strated that the Land-N2N model is more effective than the CLUMondo
model.

Notably, the results also showed that the three improvements are
indispensable:

- Using random forest regressions instead of Logistic regressions
significantly improved the accuracy of the simulations.

In the results of the Sichuan Province and Jiangsu Province, the
Kappa coefficient improved by 7.21% and 24.01%, respectively,
compared to “Experiment A”. Similarly, the FoM improved by 713.38%
and 269.49%, respectively.

- Using comparative advantage methods and iteration mechanisms
contributed to the results of the Land-N2N model.

In Sichuan Province, “Experiment B” failed to produce the simulation
results. And in Shaanxi Province, “Experiment C” failed to produce the
simulation results. It should be noted that the same results of “Land-
N2N” and “Experiment C” in Sichuan Province and Jiangsu Province
occurred because the simulation results were produced without the
opportunity to utilize the iteration mechanism.

The evaluation results of efficiency are shown in Table 5. On average,
the efficiency was improved by 79.83 % in the three study areas,
demonstrating that the traversing strategy significantly decreased the
simulation time.

5. Discussion and conclusion

The contribution of the study lies in that we proposed a more
effective and efficient model for simulating demand-driven changes in
multifunctional lands by improving the CLUMondo through four stra-
tegies. To evaluate the effectiveness and efficiency of the Land-N2N
model, we selected three study areas and designed comparative exper-
iments. In three study areas, the Land-N2N model achieves higher
simulation accuracy and takes less simulation time compared to the
CLUMondo model. Higher model simulation accuracy can boost the
confidence of policymakers in their decisions. The higher simulation
accuracy has demonstrated that the effectiveness of the Land-N2N
model is better than the CLUMondo model, especially in FoM. In
particular, the Land-N2N model showed an average 377% improvement
in FoM compared to CLUMondo. The reason for the improvement of
FoM is that the random forest is a more suitable method for character-
izing the relationships between land types and driving factors. Specif-
ically, Logistic regression requires independent driving factors, but the
driving factors are always not completely independent. In addition, we
also demonstrated that the four improvements are indispensable.

It should be noted that no uncertainty exists in the Land-N2N model.

Table 5
The evaluation results of efficiency.

Study area Experiment Simulation time (Unit: s)
Sichuan Province Land-N2N 335
Experiment D 708

Shaanxi Province Land-N2N 2162
Experiment D 3824

Jiangsu Province Land-N2N 39
Experiment D 55
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If we prepare the same inputs for the Land-N2N model, we will get the
same results. Some land change models incorporate random factors to
account for unpredictable elements, such as the FLUS model (Liu et al.,
2017) and the model proposed by Qian et al. (2020b). Specifically, the
FLUS model incorporates random factors through roulette. The model
proposed by Qian et al. (2020b) incorporates random factors by adding a
stochastic number into transition potential. However, it remains un-
certain whether these random factors can effectively reflect the unpre-
dictable elements, which is why we do not incorporate random factors
into the Land-N2N model.

The general utility of the Land-N2N model is to forecast the demand-
driven changes in multifunctional land under various social and eco-
nomic scenarios by generating future land system maps. These maps
provide valuable insights for decision-makers by visualizing the proba-
bilities of future land system changes. With these insights, decision-
makers can develop more effective land management policies to pro-
mote regional or global sustainable development. Compared to the
unifunctional land change models, the Land-N2N model can offer in-
formation about land intensity, density, or spatial configuration based
on the land system maps used by users. In addition, the future land
system maps can provide data for other research. For example, the
future land system maps can be used as the basic data for the loss
evaluations because of the sea level rise (Vousdoukas et al., 2023),
terrestrial ecosystem carbon storage evaluation (Gao et al., 2023a; Wang
et al., 2024), and flood risk analysis(Lin et al., 2020b).

The Land-N2N model still encounters the challenges. First, the first
challenge is how to scientifically settle future demands. Demands are
crucial in the Land-N2N model, as they influence the change trends of
each land system type. However, the model cannot forecast future de-
mands, which must be provided by users. Fortunately, there are existing
solutions to address this challenge. A common solution to the challenge
is to integrate the system dynamics models or integrated assessment
models with the Land-N2N model (Liu et al., 2017; Wang et al., 2024).
These models can provide scientific future demands, including popula-
tion, areas of land types, and GDP. Second, another challenge is the
assumption that supply capacities remain constant over time. But in
reality, supply capacities are often changed dynamically over time due
to factors such as technological advancements or environmental
changes.

In future work, we aim to improve the Land-N2N model by
improving the mechanisms and integrating the Land-N2N model with
other models. First, we will strengthen the many-to-many sup-
ply-demand relationships by incorporating spatial heterogeneity. Sec-
ond, we will integrate the Land-N2N model with the GCAM model. The
GCAM model is designed to enhance our understanding of future water,
energy, land, climate, and socioeconomic changes under various sce-
narios (Calvin et al., 2019). The GCAM model has been widely applied to
explore the effects of different climate pledges and emission scenarios
(Dong et al., 2018; Iyer et al., 2022). Integrating GCAM with the
Land-N2N model can provide a more scientific solution for forecasting
demands and examining the effect of land change on climate change.
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