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Abstract: Extreme landslides triggered by rainfall in hilly regions frequently lead to serious
damage, including casualties and property loss. The frequency of landslide occurrences may increase
under climate change, due to the increasing variability of precipitation. Developing urban areas
outside landslide risk zones is the most effective method of reducing or preventing damage;
however, planning in real life is a complex and nonlinear problem. For such multi-objective
problems, genetic algorithms may be the most appropriate optimization tools. Therefore, in this study,
we suggest a comprehensive land-use allocation plan using the Non-dominated Sorting Genetic
Algorithm II to overcome multi-objective problems, including the minimization of landslide risk,
minimization of change, and maximization of compactness. Our study area is Pyeongchang-gun,
the host city of the 2018 Winter Olympics in Korea, where high development pressure has resulted
in urban sprawl into the hazard zone where a large-scale landslide occurred in 2006. We obtain
100 Pareto plans that are better than the actual land use data for at least one objective, with five plans
that explain the trade-offs between meeting the first and second objectives. The results can be used
by decision makers for better urban planning and for climate change-related spatial adaptation.

Keywords: risk matrix; landslide hazard; non-dominated sorting algorithm II (NSGAII);
land-use change; compactness; adaptation option

1. Introduction

In recent years, the increasing variability in precipitation patterns has triggered frequent extreme
landslides [1,2]. Landslides are one of the critical natural phenomena that lead to serious problems in
hilly regions on a global scale [3]. In the case of Gangwon-do, a typical mountainous region in Korea,
44 casualties (including 19 missing persons) resulting from flooding and landslides were reported in
2006. The Baduella District of Sri Lanka, El Cambray Dos of Guatemala, Maharashtra of India, and the
Sindhupachok District of Nepal have also experienced severe damage, with more than 100 casualties
in the last three years. These cities are still at risk for potential landslide damage because the frequency
and scale of landslides may further increase in the near future due to climate change. Therefore, we are
concerned with where the landslides may occur and how we should respond to the risk of landslides
in these cities.

Over the past two decades, numerous researchers have assessed landslide hazard under the
present and future conditions influenced by climate change to estimate potential probabilities [4–9].
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In those studies, the amount of overlapping urban and hazardous areas represents the regional risk
level because landslide damage, such as property loss and casualties, is concentrated in urban areas.
Even though the reduction of risk in advance is extremely important for mitigating large-scale disasters,
only a few studies have addressed how to respond to potential landslide damage, i.e., landslide risk.
For urban planning purposes, landslide risk can be reduced by placing urban areas in safe zones that
have lower landslide hazard grades [10,11].

Land-use composition is driven by social, economic, and environmental factors and cannot be
allocated based on the mitigation of landslide risk alone. In reality, numerous objectives, constraints,
and stakeholders are involved in planning, which can be conflicting [12]. Researchers have called
this a “nonlinear problem,” which cannot be solved with qualitative knowledge or traditional linear
modeling. In many cases, land-use planning systems have failed to balance different values, such as
economic benefits, protection of natural resources, and social safety [13]. Therefore, we require scientific
and quantitative tools that can incorporate numerous factors and help us create comprehensive plans.

Genetic algorithms (GA) are the most popular optimization tools to address multi-objective
problems in land-use planning [14–18]. Unlike other heuristic approaches, the GA approach
is a general-purpose search method, combining elements of directed and stochastic searches,
which can create a superior balance between the exploitation and exploration of a search space [19].
Additionally, the application of a GA allows for immediate feedback to stakeholders because it can
run a number of experiments with different parameter values. Therefore, we suggest a quantitative
tool, the Multi-Objective Genetic Algorithm (MOGA), which can generate a comprehensive land-use
allocation plan that considers landslides under climate change, and apply it to the Pyeongchang-gun
area of Korea. Pyeongchang-gun, a typical mountainous city, is the fastest changing region in Korea
due to its development for the 2018 Winter Olympics. Urban sprawl into natural areas in this city has
caused an increase in potential disaster risk, especially with regard to landslides. We also considered
the “minimization of land-use change” and the “maximization of compactness” as optimization
objectives. Land-use change is associated with a certain amount of economic cost and compactness
is an important factor for land management. The optimized land-use plans that we created can be
used as guidelines or as basic data by regional stakeholders. They can also contribute to the spatial
adaptation plans against climate change impacts. We are careful to note that the optimization results
are not the only good alternatives; rather, they are meant to support further detailed design or analysis
by stakeholders [14,20].

In Section 2, we introduce the study areas and describe the datasets, the method of landslide
hazard analysis, and optimization. The optimization objectives and constraints are also described in
this section. In Section 3, we present the changes in landslide hazards with climate change and related
optimal land use patterns. In Section 4, we present the implications and limitations of the optimization
results and directions for future research.

2. Materials and Methods

2.1. Study Area

Our study area is Jinbu-myeon, located in Pyeongchang-gun, in the mountainous Gangwon-do
region of Korea (Figure 1). The Gangwon-do region has high landslide probability, owing to its high
elevation, a dynamic topography, and large elevation differences [4]. In 2006, a large-scale shallow
landslide was caused by Typhoon Ewiniar. Furthermore, we expect that the landslide probability
could increase in the future according to the Representative Concentration Pathways (RCPs) climate
change scenarios. However, most regional policies on landslides focus on management after the event,
such as debris barrier installations, and cannot address potential landslide damage not yet incurred.

Jinbu-myeon in Pyeongchang-gun has a higher landslide risk than the other cities in Gangwon-do,
because urban zones are sprawling into mountainous areas; 69% of Pyeongchang-gun is at
altitudes greater than 500 m above sea level. The 2018 Winter Olympics increased the pressure
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for development/expansion and the migration rate into the city. Jinbu-myeon is the second-most
populous city in Pyeongchang-gun and has good accessibility supported by highways and a new
railway that is under construction. According to the city master plan, the potential developed area
in Jinbu-myeon may increase by 69.4% by 2020 to accommodate the increasing population and the
facilities for the Olympics [21]. Therefore, we must determine the direction of land-use change in
Jinbu-myeon, while considering the potential for landslide damage.
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Figure 1. Study area: Jinbu-myeon, Pyeongchang-gun.

2.2. Dataset

We used input variables describing climate factors, topographic factors, ground material, and
vegetation factors to analyze landslide hazard and conduct optimized land-use planning (Table 1).
With respect to climate factors, we focused on calculating the extreme rainfall variables during 2006
using Automatic Weather System (AWS) data. In 2006, the Gangwon-do region, including the study
area, experienced a large-scale shallow landslide and flood damage from Typhoon Ewiniar, primarily in
urban and farmland zones, which resulted in 25 casualties and 19 missing persons. Because the detailed
investigation for the landslide was conducted in 2006 and there has been no further investigation since
then, the study period was limited to 2006. We then used the 8.5 RCPs scenario to estimate the climatic
conditions in the 2050s, referred to as “mid-term future” in climate change research. The scenario
predictions for 2041–2070 were averaged to reduce the uncertainty caused by using model data rather
than observational data. In this regard, climate change was directly reflected as a variable in hazard
analysis, while it was reflected indirectly through hazard analysis in land-use optimization. We also
used a digital elevation model (DEM), a soil map, and a map of forest types to define the topography,
ground material, and vegetation factors, respectively.

The land cover map shows 22 land-use types that were re-categorized into three groups: urban,
agricultural, and natural areas. Our purpose is to generate land-use allocation maps that are not
final land-use plans, but rather alternatives to support the stakeholder’s decision or detailed design
because simplified land-use types are more easily incorporated into planning as they provide only the
approximate spatial extent of each land-use. Dataset resolution varied from 30 m to 1 km (Table 1);
thus, it was necessary to unify them at an appropriate resolution. Finally, the entire dataset was
converted to 100-m resolution raster data composed of 116 rows and 114 columns. The difficulties of
objectively determining the resolution of the final data are described in Section 4.
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Table 1. Dataset and variables for the study.

Section Data Source and Type Reference Data Format

Landslide hazard

AWS (Automatic Weather System) a

- Daily maximum rainfall (mm)
- 5 d of maximum precipitation (mm)
- Number of days with over 120 mm of rainfall

KMA c, 2006 Point

2041–2070 8.5 RCPs scenario b KMA, 2011 Raster, 1 km

DEM (Digital Elevation Model)

- Slope
- Elevation

KME d, 2008 Raster, 30 m

Soil map

- Soil depth/soil drainage/soil type WAMIS e, 2006 Raster, 30 m

Map of forest type

- Coniferous/Deciduous/Mixed forest
- Natural forest, Artificial forest

KME, 2005 Raster, 30 m

Land-use allocation

2020 Master plan Pyeongchang-gun, 2014 Tables

Land cover map

- Urban/agricultural/natural data KME, 2006 Raster, 30 m

DEM

- Elevation KME, 2008 Raster, 30 m

Regional statistics

- Crop yield
- Industrial/commercial production
- Forest production

Pyeongchang-gun, 2005–2015 Tables

a AWS data originally provided in hourly format was modified into daily format to be consistent with the climate
change scenario. b Korea Meteorological Administration (KMA) downscaled the global model (HadGEM2-AO,
135 km unit) to the regional model (HadGEM3-RA, 12.5 km unit) using a dynamic technique. Additionally, the KMA
revised the regional model to 1-km units using PRISM based downscaling estimation model. c Korea Metrological
Administration. d Korea Ministry of Environment. e Water Resources Management Information System.

2.3. Landslide Hazard Analysis

Landslide hazard was simulated using a maximum entropy model (MaxEnt) based on the
variables in Table 1. MaxEnt, developed by AT&T Labs, has been applied to various fields, including
statistical physics, optimization, and image construction [22]. Recently, MaxEnt has been applied
to landslide assessment and has shown better performance regarding the area under curve (AUC)
values than other models: multiple adaptive regression splines, logistic regression, and classification
and regression trees [22]. Since the local government of the Gangwon-do Province possesses the only
occurrence data of landslides, configuring MaxEnt to use the occurrence data is appropriate for this
study area. We classified the potential landslide hazard for the future into ten grades, using the
standard deviation values of the future landslide hazard and the threshold value in the present
hazard model. The 10th grade represents the most dangerous areas for landslides, while the first
grade represents the safest areas with respect to landslides. If the landslide hazard were classified into
fewer than ten grades, the optimization of moving the hazardous urban areas to safe areas could not
proceed well because the majority of safe areas would be located in high altitude areas that restrict
urban development.
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2.4. Land-Use Optimization

2.4.1. Objectives and Constraints

We defined three objectives for land-use allocation: the minimization of landslide risk,
the minimization of change, and the maximization of compactness. The risk is a very useful concept
when addressing the potential damage of future disasters under climate change [23]. Risk can be
measured as the combination of the probability and consequences of an adverse event [24] (Equation (1)).
We divided the probability into ten categories equal to the grades of landslide hazard because we
assumed that the higher the hazard grade, the higher the probability of occurrence. We divided the
consequences into three grades by land-use type: catastrophic, major-moderate, and minor-insignificant.
Exposure to landslides differs by the intensity of development, namely, the land use [11]. We categorized
urban areas as the highest consequence grade, “catastrophic”, while agricultural areas and forest areas
were categorized as “major-moderate grade” and “minor-insignificant grade”, respectively. The spatial
distribution of the consequences is altered by the optimized land-use plans. We calculated relative
risk scores by comparing the average monetary value of real properties, movable assets, and services
contained in each land-use type in Pyeongchang-gun. We assumed that all those monetary values were
under the threat of landslides if allocated to the 10th probability grade. The risk scores decrease in
proportion to the decrease in landslide probability (Table 2).

Risk = Probability(hazard)×Consequence(land− use type) (1)

Table 2. Risk matrix for the landslides (unit: ratio of monetary values).

Probability Consequence 1 2 3 4 5 6 7 8 9 10

Urban 0 0 1 4 10 20 33 48 59 65
Agricultural 0 0 0 1 3 3 10 14 17 19

Natural 0 0 0 0 0 1 1 1 2 2

Land-use change is associated with a certain amount of economic cost; thus, it is important to
maintain the current land-use pattern as much as possible while also reducing the landslide risk.
We used cost factors for converting land-use i to land-use j (Table 3). To reduce the error caused by
using real cost, we applied dimensionless costs indicating the relative relationship of different types of
land-use changes [25].

Table 3. Cost factors for land-use change (unit: relative weights 0–1).

Land-Use Type Change to (Land-Use j)

Developed Area Agricultural Area Natural Area

Change from (land-use i)
Developed area 0 1 1

Agricultural area 0.6 0 0.2
Natural area 0.7 0.4 0

In our study region, some of the urban and agricultural areas are spatially scattered within the
natural areas. It is very costly to manage and allocate resources in these areas, which may generate
larger negative edge effects of urban and agricultural areas [26,27]. Therefore, we employed the third
objective: maximization of compactness. The compactness of each cell can be measured by the number
of neighboring cells that have the same land-use type as the focused cell. The neighboring cells of the
focused cell i(r, c) form a single rectangle from (r − 1, c − 1) to (r + 1, c + 1), consisting of eight cells.
If a cell i is allocated to land-use k and there are no neighboring cells allocated to k, the compactness of
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cell i is at a minimum, whereas, if cell i has eight neighboring cells allocated to k, the compactness is at
a maximum.

We considered the increase in urban areas to accommodate the future population to be a constraint.
In accordance with the 2020 master plan of Pyeongchang-gun, we assumed that urban areas would
increase by 70% by the 2050s. The relative risk score for the first objective (minimization of landslide
risk) decreases in the order of urban, agricultural, and natural areas, even though these areas possess
the same landslide probability. If we optimize the area of each land-use type, it is highly likely that the
optimization of the first objective will be achieved by reductions in urban or agriculture areas. We also
excluded the areas with altitudes above 800 m from this optimization because these areas are difficult
to develop in practice (Table 4).

Table 4. Areas of actual land-use types and constraints (unit: 10,000 m2).

Total Urban Agricultural
Natural (9132)

Above 800 m (Fixed) Below 800 m (Non-Fixed)

13,224 264 3828 3975 5157

2.4.2. Model Formulation

The objectives for the optimization can be expressed using the following formulations. There are
K different land-use types and the model is divided into a regular grid with N rows and M columns.
According to the Formulas (2)–(4), only one land-use k is assigned to each cell (i, j), because the binary
variable xijk equals to 1 or 0. The value aijk associates the costs or benefits with the allocation of any
particular land use to the specific cell. In the first and second objectives, each cell is assigned an aijk
value based on the score matrices defined in Section 2.4.1 (Tables 2 and 3). The sum of all aijk values
across the study area is considered to be the optimization level for each objective. The value of bijk is
the number of neighboring cells that have the same land-use type as the focused cell (i, j) and the sum
of all bijk values is the optimization level of the third objective. The sum of the areas of all land-use
types is equal to the area of the whole study area, Sk (Equations (5) and (6)).

Minimize:

−
K

∑
k=1

N

∑
i=1

M

∑
j=1

aijkxijk (2)

Maximize:
N

∑
i=1

M

∑
j=1

bijkxijk (3)

Subject to:

K

∑
k=1

xijk = 1 ∀k = 1, . . . , K; i = 1, . . . , N; j = 1, . . . , Mxijk ∈ {0, 1} (4)

where:
N

∑
i=1

M

∑
j=1

xijk = Sk ∀k = 1, . . . , K; i = 1, . . . , N; j = 1, . . . , M (5)

K

∑
k=1

Sk = N·M (6)

2.4.3. Non-Dominated Sorting Genetic Algorithm II

We found that GA was more successful in guaranteeing the optimal solution than other
heuristic approaches, such as simulated annealing, greedy growing algorithms, and tabu search [19].
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Therefore, land-use allocation in this study was optimized using a Non-dominated Sorting Genetic
Algorithm II (NSGAII) [28] and a specially designed crossover operator. The NSGAII generally shows
good performance for optimizing three objectives and it can efficiently produce a high-quality diverse
Pareto set using a non-domination rank and crowding distance. Non-domination rank can reduce the
computational time, while the crowding distance can guide the selection process toward uniformly
spread-out Pareto optimal [28]. If all the fitness values of solution j are less than solution i, solution j
dominates solution i and has a better rank. If solutions i and j have the same rank, the solution located
in less crowded regions is a better solution for the selection [28] (Figure 2). In our study, we used
NSGAII to generate solutions that are diverse but appropriate for the three objectives: minimization of
landslide risk, minimization of change, and maximization of compactness.Sustainability 2017, 9, 2306  7 of 14 
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Figure 2. Crowding distance & non dominated solutions.

We used a fixed-length chromosome representation method, which consists of grids of genes.
Each gene represents a unit and the land-use type of the unit is determined by the fitness value.
The iteration process of the GA applied to our study consists of several steps, including initialization,
crossover, and selection. The main loop was repeated until the convergence was achieved for all
objectives (Figure 3). Population size, iteration size, and crossover rate were determined empirically.
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• Initialization: Initial populations were randomly generated to prevent convergence to the
local optimum.

• Crossover: Two focused cells, A and B, were selected randomly within one parent and then
exchanged if the number of boundary cells of A and B had the same genes as B and A (Figure 4).
Previous researchers developed a crossover operator similar to this method to dramatically
improve the compactness [26].Sustainability 2017, 9, 2306  8 of 14 
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Figure 4. The crossover operator.

• Selection: First, we produced a solution pool composed of both the previous generation and new
solutions generated by the crossover to ensure elitism. Then, solutions for the next generation were
selected based on the non-domination rank and crowding distance. First, non-dominated solutions
(number-one ranking) were selected and then the solutions of the next rank (dominated more
than once) were selected. If the selected solutions by rank were greater than the population size,
the solutions of the lowest rank would be re-sorted by the crowding distance and selected until
they satisfied the population size.

3. Results

3.1. Landslide Hazard

Figure 5 shows the urban and agricultural areas that are exposed to potential landslide damage
with ten grades of landslide hazards. Lower hazard grades are distributed on the peak of a
mountain where development is generally restricted. Outside of this peak, the higher hazard grades
(greater than 6) account for 49.3% of the study area (less than half), but 65.2% of urban areas and 70.0%
of agricultural areas overlap with these grades (Table 5, Figure 5). In particular, the ninth and tenth
grades are present in the lowest proportions but are distributed around the center of urban areas in the
southwestern study area. The sixth to eighth grades overlap with much of the steep agricultural area
around the plain.
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Table 5. Areas and proportions for the grades of landslide hazard (10,000 m2, %).

Grade Total Area Urban Area Agricultural Area Natural Area

6th 2475(18.7) 37(14.0) 960(25.1) 1478(16.2)
7th 1175(8.9) 39(14.8) 460(12.0) 676(7.4)
8th 1260(9.5) 50(18.9) 561(14.7) 649(7.1)
9th 1100(8.3) 32(12.1) 535(14.0) 533(5.8)

10th 507(3.8) 14(5.3) 165(4.3) 328(3.6)
Total 6517(49.3) 172(65.2) 2681(70.0) 3664(40.1)

3.2. Optimization

The optimization model was simulated over 350 iterations with a population size of 100 and
a crossover rate of 0.05, which were determined empirically. Non-dominated solutions in the final
iteration were greatly moved to the inner fitness space. This indicates that solutions are optimized to a
better status for all objectives during the simulation (Figure 6a). The fitness value of each objective
decreases steadily and then converges at the point of certainty (Figure 6b–d). However, if we consider
all non-dominated solutions, the coefficients of variation in the final generation would be different
for each objective. The coefficient of variation of the third objective is lower than that of the first and
second objectives. This indicates that all non-dominated solutions satisfy the third objective to some
extent, but tradeoffs between the first and second objectives are relatively strong (Table 6).
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Table 6. Statistics of the final Pareto plans.

Objectives Average Minimum Maximum Standard Deviation Coefficient of Variation

First objective 36,362 28,009 45,981 5281 14.52
Second objective 1418 1150 1756 173 12.20
Third objective 6420 5316 7558 624 9.72

We organized six of the non-dominated solutions, A, B, C, D, E and F, along the two dimensions
that explain the tradeoffs between the first and second objectives (Figure 7). Certain points that appear
to be “dominated solutions” on two dimensions correspond to non-dominated solutions on three
dimensions (including the third objective, maximization of compactness). For example, plan D shows
a more compact land-use pattern than the other plans that are located near and inside of plan D. If we
consider the actual land as a reference point, plans A, B, C and D, which are located on the left side,
can reduce the potential landslide risk by one-third compared to the actual land use. In contrast, plans E
and F can increase the potential landslide risk despite conversion because conversion contributes to
the improvement of compactness (Table 7, Figure 7). Additionally, all plans are better than the actual
land use for the third objective-maximization of compactness (Table 7).
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Table 7. Fitness values of the optimized plans.

Plan A Plan B Plan C Plan D Plan E Plan F Current

First objective 24,089 28,408 30,982 36,363 41,224 46,239 41,100
Second objective 1747 1516 1407 1503 1232 1161 0
Third objective 6067 6684 6288 5814 5778 5814 17,870

4. Discussion

We generated a range of optimized plans for the multi-objective problems without the relative
weighting factors. From the perspective of reducing the landslide risk, land-use plans optimized
on one objective could be better than the other plans optimized on multi-objectives, but this can
result in unacceptable plans for stakeholders with different interests. In multi-objective problems,
however, defining the relative importance of each objective is very difficult. Additionally, the determined
weights have difficulty in handling the changing environment; the most important objective under
current conditions may not be the most important one in the future. The non-dominated land-use plans
we suggested using NSGAII include all possible combinations of weighting factors [29]. The planners
or decision makers can choose one plan, depending on their knowledge or problem-related factors [30]
and use it to conduct detailed planning.

All the optimized plans are better than the actual land use for at least one objective:
minimization of landslide risk or maximization of compactness. All plans showed a dramatic
improvement—especially in compactness—by at least 60%. However, in case landslides become
a major issue, plans E and F are difficult to select (Figure 7) because of the landslide risk increase from
the current level. Land conversion in these plans occurs only to improve compactness. Compactness is
one of the most important objectives considered in most related studies [17,26,27,31–37], but landslide
risk also needs to be reduced to some extent, because land use conversion is very costly. We have
obtained 100 non-dominated plans of various weight combinations, but the range of plans that can
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actually be selected is narrow. If the Pareto front line is moved inward (southwestward), we can obtain
more plans distributed on the left side of the red line (Figure 7). We expect this can be done in future
studies by incorporating the actual land use in the initial population or by establishing strict constraints
such as the conversion ratio [37,38] and maximum cost [39]. In this study, we employed some climate
variables from the RCP scenario to reflect the long-term future of the study area in land-use planning.
The spatial resolution of the RCP scenario can create some problems in generating land-use plans.
The scenario data are produced at the resolution of 1 km by KMA and the resolution of other variables
is 30 m. We considered a resolution of 100 m because further downscaling could decrease the reliability
of the scenario data. However, the resolution of 100 m is too large to express linear land-use patterns
such as rivers, railroads, and highways and subtle changes in soil and topography. In fact, the linear
land-use types tend to disappear in all optimized plans. Therefore, we expect that the resolution
problem of climate scenarios will be solved in future studies on land-use planning.

Our optimized results can also be considered spatial adaptation options or solutions for the
potential landslide problem under climate change. Climate change research has so far focused on
the assessment of the impacts of climate change on disasters, ecology, and industry. We now need
to discuss spatial adaptation: how to change the actual space in response to climate change impacts
because climate change is already happening [23]. Adaptations to disasters such as landslides are
a priority, as these events can lead to the loss of life and property. There are two ways to simulate
land-use changes for adaptation: land-use predictions based on scenarios and land-use optimization to
generate scenarios. Land-use prediction simulates land-use changes by a transition rule set based on
the past trends and agent behavior. If we want to solve problems using land-use predictions, we have
to establish related strategies first, then change the transition rule set, and finally simulate future
land-use changes. It is not guaranteed, however, that simulated land-use change is appropriate for the
problem at hand. Using the second approach, the land-use optimization, we can simulate appropriate
land-use changes for the initial problem and then establish strategies to facilitate land-use optimization.
GA is considered one of the most effective optimization tools. In some studies, these two approaches
were applied in the coupled form to complement each other [40,41], but the optimization model was
better than the prediction model in terms of problem-solving performance [42].

To obtain more reasonable adaptation options, we plan to conduct future research that considers
the positive possibilities together with the negative impacts of climate change [43]. This study focused
only on reducing the negative impacts of climate change by avoiding planning in urban areas where
landslides are most likely to occur. However, by considering positive possibilities such as the expansion
of suitable cultivation areas or habitats together, we can link the optimized results to sustainability
in future climate change research, which will consider the balance among the social, environmental,
and economic aspects.

5. Conclusions

In this study, we suggested tools to identify comprehensive land-use alternatives that could
contribute to the reduction of the potential landslide risk in Pyeongchang-gun. This approach can
provide guidance to municipal governments when allocating urban, agricultural, and natural areas
and when establishing spatial adaptation plans that consider extreme meteorological disasters under
climate change. The model developed based on GA is generally flexible and thus, can easily be applied
to other similar problems. We only need to modify some part of the fitness function and dataset
according to the objectives or adjust model parameters that suit the problem. For example, to consider
the landslide hazard under different climate change scenarios, we could generate new optimized plans
for that problem by replacing landslide hazard maps derived from new scenarios. Our model could
also be used to generate land-use allocation plans for other cities suffering from landslides. A risk
matrix for the land-use priority, objectives, and constraints, however, should be identified for any
new cases.
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