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Abstract
Climate change poses a threat to cities. Geospatial information and communication technology (Geo‐ICT) assisted plan‐
ning is increasingly being utilised to foster urban sustainability and adaptability to climate change. To fill the theoreti‐
cal and practical gaps of urban adaptive planning and Geo‐ICT implementation, this article presents an urban ecosystem
vulnerability assessment approach using integrated socio‐ecological modelling. The application of the Geo‐ICT method
is demonstrated in a specific case study of climate‐resilient city development in Nanjing (China), aiming at helping city
decision‐makers understand the general geographic data processing and policy revision processes in response to hypo‐
thetical future disruptions and pressures on urban social, economic, and environmental systems. Ideally, the conceptual
framework of the climate‐resilient city transition proposed in this study effectively integrates the geographic data analy‐
sis, policy modification, and participatory planning. In the process of model building, we put forward the index system of
urban ecosystem vulnerability assessment and use the assessment result as input data for the socio‐ecological model. As a
result, the model reveals the interaction processes of local land use, economy, and environment, further generating an
evolving state of future land use in the studied city. The findings of this study demonstrate that socio‐ecological modelling
can provide guidance in adjusting the human‐land interaction and climate‐resilient city development from the perspective
of macro policy. The decision support using urban ecosystem vulnerability assessment and quantitative system modelling
can be useful for urban development under a variety of environmental change scenarios.
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1. Introduction

Climate change places increasing stress on the built envi‐
ronments of cities in the new era, bringing challenges
to urban planning and development as well as urban
services and management systems (Carter et al., 2015;
Wamsler et al., 2013). Climate change impacts on cities,
some of which are already being seen, include more fre‐
quent droughts, flooding, and other extreme weather

events, flooding due to rising sea levels, and increas‐
ing temperatures and heat waves (worsened in cities
due to urban heat island effects; Abiodun et al., 2017;
Deilami et al., 2018; Fu et al., 2017). As socio‐economic
and ecological integrated systems, cities are likely to be
subject to increasing disruptions due to climate change
(Jabareen, 2013). The main reason is that the system
integration is vulnerable and its self‐regulation capac‐
ity is relatively weak and easily affected by the changes
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of external factors (Carmin et al., 2009). The challenge
then is to better focus on human activities to cope
with and minimise urban climate and environmental
change impacts.

Because there are no international protocols on cli‐
mate adaptation planning at the local level, and most
national governments do not work together to address
potential threats, some cities are developing indepen‐
dent goals and actions to jumpstart adaptive city devel‐
opment (Carmin et al., 2012; Roberts et al., 2011).
Developing cities to be more climate‐resilient is an
increasing and pioneering effort jointly with actions
to mitigate climate change (Dolman, 2021; Hofstad &
Torfing, 2017).With themeans of geospatial information
and communication technology (Geo‐ICT), some climate‐
resilient labelled cities havemade progress in implement‐
ing timely responses to climate disasters, risk assess‐
ment of infrastructure, and coordination of urban plan‐
ning and management (Aina, 2017; Mejri et al., 2017).
Geo‐ICT generally combines geographic information and
ICT as a planning support system that facilitates effi‐
cient and effective governance, for example, through
improving master planning, coordination, and coopera‐
tion (Meera et al., 2012). It includes the geographic infor‐
mation system (GIS), the spatial database management
system, spatial information infrastructures, spatial deci‐
sion support systems, and other geospatial technologies.

Verweij et al. (2020) presented a participatory
method—QUICKScan—which promotes participatory
use and transformation of geographic data to help stake‐
holders and decision‐makers understand the human‐
land causality. Navarra and Bianchi (2013) proposed a
cadastral system in which the operating process con‐
sists of a land management paradigm, Geo‐ICT, and spa‐
tially enabled government to reduce greenhouse gas
emissions (GHG), and further create sustainable urban
governance dynamics. Pan et al. (2020) used a planning
support system to model future land‐use change and
the related GHG to suggest spatial planning and pol‐
icy changes that could significantly reduce the increase
in GHG emissions associated with urban expansion to
accommodate a growing population. Aina (2017) sug‐
gested a visual geographic information data platform to
monitor the sustainability of cities’ green facilities and
the corresponding policy effects, aiming to create smart
city development in Saudi Arabia. Hay et al. (2010) used
the heat map overlay method to assess regional energy
consumption and efficiency, allowing city planners and
decision‐makers to coordinate energy allocation and
facility planning. The methods mentioned in all these
and many other similar studies can be summarised into
three groups of methods: tool‐based planning regula‐
tion, risk reduction, and problem retreatment. Although
one or more of these methods have similar principles
and mechanisms and apply to solving the problems of
local human settlements, the degree to which they are
integrated into the overall urban planning is disparate
and limited. Typical studies put forward the systematic

problem‐oriented approach based on Geo‐ICT for the
existing environmental problems but generally fail to
translate the value of geographical data of various public
sectors into feasible and specific planning schemes.

What can motivate city policymakers to plan for
environment adaptation? Can intervention and effec‐
tive incentives enhance stakeholders’ participation in
urban planning and policy? In this article, we describe
a Geo‐ICT‐based socio‐ecological model to enhance our
understanding of the dynamic assessment of urban eco‐
logical vulnerability and the development possibilities of
climate‐resilient cities. To tackle specific local environ‐
mental and developmental issues, we used a city case
study to quantitatively consider the prerequisites of envi‐
ronmentally adaptive planning and assess the feasibility
of future urban growth. In the following sections, we dis‐
cuss a dynamic socio‐ecological model with a compre‐
hensive assessmentmechanism for urban ecosystem vul‐
nerability and present a case study of the city of Nanjing
(China) to support climate adaptation planning and the
development of climate‐resilient cities.

2. Methods

2.1. Geo‐ICT for Climate‐Resilient City Transition

Policy constraints and guidance for urban transforma‐
tion and planning are complex, and policymakers need to
take into account the impact of economic, social, natural,
and spatial factors (Wardekker et al., 2020). The commit‐
ment to building a climate‐resilient city requires a holis‐
tic operational approach (Lomba‐Fernández et al., 2019).
Therefore, we established a conceptual framework to
answer major urban planning questions in a forward‐
looking way. Inspired by Jabareen (2009), and com‐
bined with the proposed technical processing means,
we divided the Geo‐ICT‐assisted city transition into four
steps and extracted the main concepts of the four
parts, illustrated in the conceptual framework shown
in Figure 1. According to our understanding, these four
parts are related to each other and have a sequential rela‐
tionship. The conceptual elements in each part are not
only the interpretation and collection of the concepts of
their respective parts but also the sub‐concepts of the
climate‐resilient city transition.

The framework starts with urban governance and
planning, as it is the primary element of city transition
and a way to help meet the vision of a sustainable future.
Early planning decisions can involve participation, open
dialogue, and collaboration between actors, including
government personnel, social groups, community and
civil society organisations, and other local stakeholders.
Discussions on the thematic planning scheme will be
conducted in the direction of climate adaptation and
future sustainability. The concrete implementation of
these two objectives requires a deep understanding of
the existing urban environmental and ecological prob‐
lems. Therefore, in the second step, we use the method
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Figure 1. Conceptual framework of Geo‐ICT for climate‐resilient city transition.

of urban ecosystem vulnerability assessment to quan‐
tify and visualise the status quo of existing problems.
We transform the results of the research data on urban
ecosystem vulnerability into policy and strategic guid‐
ance information, aiming tomakemore integrated, delib‐
erative, and balanced urban planning in terms of socio‐
economic and ecological development. In the third step,
urban decision‐makers can formulate binding policies on
development for areas with fragile urban ecosystems,
which can be through development regulation, environ‐
mental problem mitigation, or the restructuring of exist‐
ing policy and strategy. To be more specific, according
to the assessment results of urban ecosystem vulnerabil‐
ity, policy responses can be made to set up mandatory
restricted construction areas or areas with high devel‐
opment priority, which can pave the way for the urban
expansion simulation in the next step. In the fourth
and the most critical step, we use the dynamic socio‐
ecological model to predict the future size, scale, and
shape of cities to aid smart city planning. The detailed
restriction policies of location development in the previ‐
ous step will act as a decisive factor that shapes develop‐
ment possibilities and affects urban land allocation for
future urban development and expansion. The dynamic
socio‐ecological model converts the assessment results
of urban ecosystem vulnerability assessment into input
data and combines a series of land‐use change factors
to generate future urban planning schemes. As a result,
simulation outputs will be provided to urban decision‐
makers and all stakeholders for further discussion and

guidance that connects back to the first step. Compared
with the traditional urban planning guided by static
ecological environment data analysis, this Geo‐ICT plan‐
ning support model with dynamic prediction and cyclic
progressive optimisation provides decision‐makers with
more accurate assessment information.

2.2. Study Area and Data

Nanjing has the highest population density and is one of
the largest (6598 km2) and fastest urbanising cities on
the southeast coast of China (see Figure 2). Studies show
that the annual average temperature and precipitation
in Nanjing have been continuously increasing while sun‐
shine duration has been decreasing in the past 50 years
(Li et al., 2018). The contradiction between human and
land has gradually exposed the urban system to seri‐
ous environmental problems in the region, including the
urban heat island effect, flood disasters, water pollution,
and so on (Gu et al., 2011). In response to the “Man
and the Biosphere” program initiated by UNESCO, the
city proposed to build a climate‐resilient city to solve
these ecological and environmental problems in the face
of climate change (Ji et al., 2007). This strategic think‐
ing was also reflected in the latest round of Nanjing’s
master planning schemes, in which urban planners try to
adjust the land use planning to seek amore scientific and
reasonable land development mode to adapt to climate
change. Among them, the core planning programs, such
as controlling the spread of construction land, ensuring
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the security of ecological patterns, and resisting the risk
of natural disasters, are all carried out in the key analy‐
sis directions of urban environmental carrying capacity,
ecological environmental sensitivity, and spatial develop‐
ment suitability (Qi & Gu, 2011). Taking Nanjing city as
the focus area, this study not only caters to the local plan‐
ning strategies guided by local policies but also further
explores the feasibility and applicability of the Geo‐ICT
assisted planning model established.

The research data for this study includes local socio‐
economic data and ecological‐environmental data of
Nanjing city. Taking the dynamic socio‐ecological model
input as the standard, we also prepared the land use
and land cover data of Nanjing in 2015 as the base
year. We retrieved these geographical data from the
Yangtze River Delta Science Data Centre (2019), the
National Earth System Science Data Infrastructure and
the National Science and Technology Infrastructure of
China (2020), and the National Bureau of Statistics of
China (2020). The detailed format and description of all
the data are attached in Table 1 in the Supplementary
File. Related data pre‐processing including image editing,
format conversion, coordinate system unification, and
other operations are completed in the preliminary work
of this study.

2.3. Urban Ecosystem Vulnerability Assessment

As for the assessment system of ecosystem vulnerabil‐
ity, different scholars and researchers have different pro‐
fessional experience, research priorities, and perspec‐
tives, thus no consensus has yet been reached. However,
the index system in academic research can be roughly

divided into a single type of regional index and a com‐
prehensive index. From the perspective of general def‐
inition, urban ecosystem vulnerability corresponds to
the stability of the ecological environment, which is
the variation of ecological environment in a specific
spatial region driven by natural or human activities;
such change is often detrimental to human survival and
development (Song et al., 2010; X. Zhang et al., 2017).
Therefore, when dealing with the urban ecosystem vul‐
nerability assessment, we need to not only consider
the internal function and environmental structure but
also the connection between the environment and the
socio‐economic dimension, which requires a relatively
comprehensive index system. Considering the ecologi‐
cal environment characteristics, the regional scale of the
study area, and the local geographic data availability
while referring to the existing correlation study results
of the natural ecosystem and urban system, we adopted
the “Sensitivity‐Pressure‐Elasticity” index system (Qiao
et al., 2008). Among them, ecological sensitivity refers
to the degree of sensitivity of the ecological environ‐
ment to external natural factors and disturbances caused
by perceived factors, reflecting the ability of the urban
ecosystem to resist external disturbances. Ecological
pressure refers to the pressure brought by natural dis‐
asters, human needs, and social and economic develop‐
ment to the ecological environment. Ecological elastic‐
ity refers to the ability of the ecosystem to self‐adjust
and recover to its original state under the premise
that external disturbance or pressure does not exceed
the elastic limit. Given the above, we constructed the
following ecosystem vulnerability index (EVI) structure
(see Table 1).

Figure 2. Location and map of Nanjing (China).
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Table 1. Index system for urban ecosystem vulnerability assessment in Nanjing.

Primary index Secondary index Tertiary index Calculation method description of the tertiary index

Ecosystem Ecological X1: Degree of soil erosion Calculated by the equation of soil and water loss
vulnerability sensitivity (Wan et al., 2006)
index (EVI) index (ESI) X2: Terrain factor Calculated by the digital elevation model index

conversion
X3: Landscape sensitivity Degree of landscape convergence and richness

(Fu et al., 2017)

Ecological X4: Construction pressure Ratio of construction land per square kilometre
pressure (Han et al., 2016)
index (EPI) X5: Population pressure Standardised population density

X6: Economic pressure Standardised volume level of GDP

Ecological X7: Vegetation productivity Normalised difference vegetation index
elasticity X8: Nature protection factor Standardised importance level value of nature
index (EEI) reserves

X9: Regional environmental Principle multi‐criteria assessment on the data of
suitability annual average precipitation, temperature, and

water distribution (Jafari & Zaredar, 2010)
Note: The importance level of nature reserves is retrieved from “Regulations of the People’s Republic of China on Nature Reserves”
(National Earth System Science Data Infrastructure & National Science and Technology Infrastructure of China, 2020), and it includes
national and regional protection areas.

To synthesise the calculation of the urban EVI, we
suggest the three‐helix assessment model, which is a
comprehensive evaluation suitable for the compromised
relationship among ecological sensitivity, pressure, and
elasticity of the “society‐nature” coupled system. The cal‐
culation formula is as follows (Hong et al., 2016):

EVI = f (ESI, EPI, EEI) =
n

∑
x=1
(ESIx × ws)

+
n

∑
x=1
(EPIx × wP) +

n

∑
x=1
(EEIx × wE)

(1)

where ESIx, EPIx, EEIx are respectively the ESI, EPI, and EEI
of each cell in raster datawhilews,wP,wE are theweights
of the three indexes respectively. Since each calculated
space vector needs to be weighted to carry out mul‐
tivariate statistics, we use the spatial principal compo‐
nent analysis method in the GIS spatial analysis module
(Rahman et al., 2015). This geoprocessing method calcu‐
lates the principal component of space and its contribu‐
tion rate, using the formula:

F =
m

∑
i=1

Fi ×
𝛾i

∑m
i=1 𝛾i

(2)

wj =
m

∑
i=1
(
bij

√xj
× √𝛾i
∑m
i=1 𝛾i

) /
n

∑
j=1

m

∑
i=1
(
bij

√xj
× √𝛾i
∑m
i=1 𝛾i

) (3)

where F is the overall (global) index, Fi is the i th princi‐
pal component for spatial principal component analysis,
m is the number of components, 𝛾i is the characteris‐
tic vector value of the i th principal component, wj is the

weight of the j th index, n is the number of indices, √xj
is the standard deviation of the j th index, and bij is the
load coefficient of the i th principal component on the j th
index. Thus, the secondary index in equation (1) and their
weights can be calculated using equations (2) and (3).

In addition, we also need to consider the positive and
negative correlation between the secondary index and
the primary index. Therefore, we conduct data standard‐
isation processing before calculation:

For positive index: Pf = (P − Pmin)/(Pmax − Pmin) (4)

For negative index: Pf = (Pmax − P)/(Pmax − Pmin) (5)

where Pf is the index standardisation value, P is the orig‐
inal value, and Pmax is the maximum index value while
Pmin is the minimum index value. In the proposed index
system, ESI and EPI are positive correlation indices while
EEI is a negative correlation index.

2.4. Dynamic Socio‐Ecological Modelling

In order to generate results of a phased policy that
relates to dynamic urban development, we established
a LEAM‐based socio‐ecological model, which supports
the input of urban ecosystem vulnerability as a con‐
straint for future land development. LEAM stands for
the land‐use evolution and impact assessment model,
which is a smart planning support tool for urban dynamic
spatial simulation. LEAM is a spatial model which pre‐
dicts the future development locations in a study area
with fine‐scale (30 × 30m) gridded output maps (Deal
et al., 2013; Deal & Pallathucheril, 2008; Pan et al., 2018).
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This modelling tool was originally developed for use in
Illinois, USA, and has been adapted in this work for use in
Nanjing. Some of the latest studies with the LEAMmodel
indicate that themodel is suitable for visualisation, quan‐
titative, and data transformation support (Cai et al.,
2020; Pan et al., 2019; L. Zhang et al., 2021). Similar to
the operational theory of cellular automata, LEAM con‐
sists of a simulation environment in a grid space where
the cell properties would be transformed according to
defined transformation rules and vicinities. Before the
establishment of cell transformation rules, a set of initial
drivers and projections will be imported as referenced
factors for the land‐use change simulation. The drivers
cover both physical geographical (water, soil, slope, and
other landforms) and socio‐economic aspects (residence,
employment, road network, administrative boundaries,
and other planning areas). The urban land‐use change
drivers indicate the complex interaction between the
urban system and the surrounding environment. All of
the factors combine and interact in a variety of ways in
the model to assign probabilities of potential land‐use
changes to each 30 × 30m cell in the studied grid space.
The distribution of these urban built‐up land change
probability values is the result of the general superposi‐
tion of local and global effects. It includes causal change
mechanisms, such as the accessibility of cells to city
attractors, the constraints of the ecological environment,
the social‐economic impact, and the stochastic distur‐
bance. Among them,we extract the urban ecosystemvul‐
nerability assessment result as the constraints on growth
and consider zoning effects on urban land expansion.
The change possibility of each land‐use cell from urban
unbuilt‐up area to built‐up area is defined as:

Pi, t = 𝛼(Ai,t + N(𝜃i, t−1))ϝ(Ri,t) (6)

where Pi, t is the land‐use change probability for land‐use
cell i at time step t, 𝛼 is a stochastic disturbance parame‐
ter that facilitates the generated patterns to be closer to
reality, ϝ(Ri,t) is the function of multiple growth restric‐
tions and planning zoning effects on land‐use types for
land‐use cell i at time step t, and Ai,t is the accessibility
value for land‐use cell i at time step t, and is defined as:

Ai,t =
∑n
j=1 ai,jwi,j

n
(7)

where ai,j is the attraction power of land‐use cell i to
urban attractor cell j while wi,j is the corresponding
weight and n is the total number of the attractors.

We aim to quantify how urban built‐up areas are
shaped by location‐choice factors including population
and employment centres, highways and major streets,
forest and water resources, and compare the agglom‐
eration and dispersion of developed lands in different
urban areas. The location‐choice factors are defined as
attractors in this study under the assumption that they
determine the surrounding development in a gravity‐
type function in which the attraction power decays
with increased distances. This gravity function can be

determined through the shortest distance algorithm
and data value from various sources. This study uses
Pan et al.’s (2018) parallel stochastic greedy algorithm
to find the shortest distance and the inverse distance
model to determine the attraction value for popula‐
tion, employment, and transportation attractors. In this
inverse model, for each attractor j, its attraction to land‐
use cell i is noted as ai,j and is calculated as:

ai,j = ∑
k∈Sj

pk
dij

(8)

where Sk is the set of attractors of type j, pk is the attrac‐
tion value of the kth attractor in Sk, dij is the distance
between the kth attractor in Sk, and land‐use cell i is cal‐
culated by stochastic greedy algorithm.

In addition, N(𝜃i, t−1) in formula (1) is the function
that converts the nearest neighbouring effects to a prob‐
ability value and is defined as:

N(𝜃i, t−1) =
∑k
1 (Npr,t−1 + 𝜎i)

k
(9)

where Npr,t−1 is the development possibility for neigh‐
bourhood cells in time step t−1 while 𝜎i is a spread coef‐
ficient over all surrounding cells (k ≤ 8).

In the LEAM model, land‐use transformation
potential cells are assessed by explicit quantification
drivers which contribute to the urban land‐use change.
The causal mechanisms involved in knowledge change
provide local decision‐makers with the opportunity to
test policy and investment decisions that are key compo‐
nents of the scenario planning exercise and are different
from the traditional static geographic data analysis led by
the specific planning. The accessibility approach based
on formula (7) is used to measure the current land‐use
cells of cities and population centres to help identify
areas where re‐development of existing developed land
is highly likely. The probability mapping of future urban
land‐use development (calculated by formula 6) is based
onmodel calibration and scenario setting. The details on
model calibration, validation, and parameter tuning can
be found in Appendix B in the Supplementary File.

3. Results and Discussions

3.1. Urban Ecosystem Vulnerability Assessment Results

According to the defined equation of the urban EVI
(in Section 2.3), we used the raster calculator and the
band arithmetic tool in ArcGIS Pro to generate the eval‐
uation result for Nanjing (see Figure 3). The standard‐
ised data results of three sub‐indexes ESI, EPI, and EEI
are also attached in Figure 4. Based on the distribution
of EVI results, we assigned five evaluation grades based
on the index range (equal interval) and calculated the
area proportion of each index grade as shown in Table 2.
By summarising the information in the figure and table,
we can see that the spatial heterogeneity of ESI, EPI, and
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EEI in the study area is high, and the ecological sensi‐
tivity, pressure, and elasticity of each region are differ‐
ent. Among them, the area of very low sensitivity ESI
in the study area accounted for the largest proportion—
78.6%—which is mainly distributed in the north and
south along the river plain. On the contrary, the EPI result
shows the characteristics of urban agglomeration and
distribution because it is related to human social activi‐
ties. It occupies the highest proportion in areas with very
high‐pressure—62.5%—while themain land use in these
areas is urban built‐up land and farmland area. From the
EEI result, areas with the highest area ratios are moder‐
ate and high—36.4% and 35.2% respectively. The areas
involved are mostly urban built‐up land, and the junc‐
tion and boundary of urban built‐up land, farmland, and
grassland. When the results of the three sub‐indices
were added into the range method and weighted, we
obtained the EVI with a completely different evalua‐
tion grading and distribution result. The EVI values of

moderate‐, low‐, and high‐grade areas were basically the
same, and accounted for the highest proportion. These
areas are mainly distributed along the urban develop‐
ment boundaries. Also, some highly ecosystem‐sensitive
areas are distributed in the special terrain and landforms.
For example, steep mountain areas are prone to ecolog‐
ical risks of soil and water loss while water sources and
wetlands near the Yangtze River are susceptible to flood
disasters. In general, the distribution of low ecosystem
vulnerability areas presents an increasing “circle‐layer”
distribution from the urban centre to the areas where
green space is more concentrated. The existing urban
land is mostly distributed in plain regions, where the
intensity of land development is high and the vegeta‐
tion is scarce. The ecosystem vulnerability of urban land
represented by the central urban area and the adjacent
suburban areas is high. However, the areas with moder‐
ate EVI have a relatively better ecological environment,
stronger ecological anti‐disturbance ability, and better

Figure 3. Urban EVI in Nanjing.
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Figure 4. Standardised data results of three sub‐indexes of ecosystem vulnerability in Nanjing.

disaster recovery ability. Ideally, these areas with low
urban ecosystem vulnerability would be the preferred
areas for future urban land development, regardless of
other economic and social factors.

There is a close relationship between land use and
land cover patterns and urban ecosystem vulnerability.
The dominant factor of urban ecosystem vulnerability
is the change of land use and land cover during urbani‐
sation, that is, the transformation of natural vegetation
to arable land or from arable land to urban construc‐
tion land. Apart from rivers, lakes, and steep mountain
landforms, urban construction land is the most vulner‐
able type of land use. The northern and southern sub‐
urban areas are mainly faced with the risk of cultivated
land loss and landscape fragmentation and are also the
main distribution areas of medium and high vulnerabil‐
ity. The ecosystem vulnerability of grassland forest areas
in the plain is low, but it has a certain risk of soil erosion.

3.2. Dynamic Socio‐Ecological Modelling Results

Although the results of the urban ecosystem vulnerabil‐
ity assessment guide the direction of future urban devel‐
opment in a certain sense, the specific development still
needs to follow the basic driving mechanism of urban
land‐use change (Chen et al., 2016). Therefore, in the
socio‐ecological model, we set EVI values between 0 and
1 in advance and regard it as an important part of the
possibility of urban land‐use change (see Equation 6).
The area with an EVI of 1 was defined as the restricted
construction area to keep the most vulnerable areas
from further development. As a result, we obtained the
final simulated urban built‐up land in 2040 in Nanjing
through the established dynamic socio‐ecological model
(see Figure 5). It can be noted that the future urban
built‐up land area in 2040 mainly expands outward from
the existing urban land agglomeration areas and are

Table 2. The area proportion of the primary and secondary index of urban ecosystem vulnerability in each evaluation grade
of Nanjing city.

Area proportion (%)

Evaluation grade Range of index EVI ESI EPI EEI

Very low 0–0.2 13.4 78.6 4.8 6.2
Low 0.2–0.4 26.2 6.1 5.5 16.3
Moderate 0.4–0.6 26.4 3.2 12.3 36.4
High 0.6–0.8 22.7 6.8 14.9 35.2
Very high 0.8–1 11.3 5.3 62.5 5.9
Note: The result of area proportion is derived from the proportion of the number of pixel cells in the total number of cells in each index
range by ArcGIS.
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Figure 5. Prediction map of new urban built‐up land in 2040 in Nanjing.

scattered and orderly around the urban built‐up land in
2015. In addition to the central city area, some future
urban areas are distributed in the new urban area on the
north bank of the Yangtze River while a small number of
areas are distributed in the suburban area in the south of
the city. The predicted development results are broadly
consistent with Nanjing’s comprehensive plan for 2040
in the direction, area, scale, and other aspects of the
growth plot. However, in terms of development details,
the intensity of development in areas with fragile urban
ecosystems is more emphasised in our modelling result.

3.3. Analysis of Results to Inform Planning and Policy

If we incorporate the periodic results of urban ecosys‐
tem vulnerability assessment and urban land growth
simulation into the conceptual framework of Geo‐ICT
assisted climate‐resilient city transition described above,
we find that this is beneficial to both climate adapta‐
tion in urban planning and the future sustainable devel‐
opment of the city. Firstly, it is suggested to adopt dif‐

ferent protection and restrictive development strategies
according to the results of urban ecosystem vulnerabil‐
ity assessment in Nanjing. For example, for the fragile
mountainous areas in the northern part of the city dom‐
inated by ecological sensitivity, a conservation strategy
should be adopted, such as closing mountains for for‐
est cultivation, returning farmland to natural grasslands,
and gradually restoring the damaged natural forest and
grassland ecosystems. For the regions with low ecologi‐
cal elasticity, rational utilisation of resources should be
carried out to increase the area of artificial forest, to
avoid human economic activities exceeding the scope of
regional ecological carrying capacity. For the urban core
areas with high ecological pressure, the future develop‐
ment intensity needs to be limited, and ecological corri‐
dors should be further improved to increase the urban
green space area. Secondly, the predicted growth urban
area can be used as the recommended priority area for
future planning and development, as well as the ref‐
erence basis for realising and adjusting development
expectations. To be more specific, it can be the rational
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adjustment of the vision of urban social and economic
future development, including the distribution of popu‐
lation growth, employed population growth, road plan‐
ning, economic growth, and so on. Lastly, the simulation
results can be generated repeatedly after the develop‐
ment vision is updated and changed; it can even lead to
secondary and in‐depth participatory deliberations lead‐
ing to amore socially and ecologically sound viable devel‐
opment scheme.

Supporting policy exploration and implementation
demonstrates the applicability of the Geo‐ICT assisted
modelling approach. Although future urban develop‐
ment is faced with uncertainties, a visualisation and
data‐based prediction of urban growth results increases
the possibility of the vision development direction to
meet the multiple demands from many actors in the
city. Theoretically, urban planners can adopt advanced
layout and rational planning to protect the urban nat‐
ural system, the built environment, and the human liv‐
ing environment to minimise the impact of disruptive
climate change on cities and their inhabitants. In prac‐
tice, the implementation of such planning is difficult and
often highly dependent on local and regional conditions.
However, we can always set up different EVI systems
based on the local geographical characteristics to adapt
to different cities and regions. Whether to adjust the
model parameters and forecast time to get the simula‐
tion results expected in accordance with planning needs
to be determined according to the planning scale and pol‐
icy standards of different regions. Different development
scenarios can even be formulated in the policy and strat‐
egy phase according to the development needs to reveal
the process trends and influencing factors of urban evo‐
lution in the future.

4. Conclusions

This article presents a Geo‐ICT approach for climate‐
resilient city transition, which also answers the key ques‐
tions about what, when, and how to guide urban pol‐
icymakers in planning towards a more sustainable and
climate‐resilient urban development. This approach not
only accounts for the imperfection of the support system
in the conceptual framework of city planning but also
proposes a scientific methodological guidance scheme
using existing Geo‐ICT‐related technologies. Through a
case study of Nanjing, we argue for specific types of
incentives that promote institutional change and urban
adaptation planning to respond to the call for climate‐
resilient city development. Our research results provide
decision support for the subjective urban development,
as well as ideas for the process of universal urban adap‐
tive planning in a broad sense.

The main findings of this study are that: i) the trans‐
formation of the periodic geographical data results of
urban ecosystem vulnerability assessment into policies
and strategies for sustainable development provides a
methodology for the continuous revision of urban gov‐

ernance and planning; ii) the interaction and causality
between the local environmental ecosystem and the
socio‐economic system simplified and summarised by
the socio‐ecological modelling method, can help poli‐
cymakers understand the specific impacts of proactive
policy interventions; and iii) the simulated future urban
growth can provide a reference for urban development
goals and planning schemes because it intuitively and
effectively shows towhat extent urban land can be devel‐
oped and the priority of the development in the region
at a future time. These findings not only confirm the
value of Geo‐ICT‐assisted planning through the socio‐
ecological model construction, but also expose new pos‐
sibilities for city adaptive planning and the policy‐making
process. Ideally, the generated information from the
comprehensive modelling process is an added value of
detailed planning support, which can help planners effec‐
tively collaborate, communicate, and reach consensus.
Through the city‐based case study, we find that as a sup‐
plement to planning experience knowledge, the Geo‐ICT
approach integrated multi‐planning policy‐making and
complex model simulation methods through progressive
thinking and provided a circular way of exploring poten‐
tial urban development possibilities.

In practice, the transformation from the Geo‐ICT
modelling results into concrete implementation mea‐
sures still requires a means of adapting to local condi‐
tions. We must pay attention to the results of a plan‐
ning scheme that relies entirely on the Geo‐ICT approach
to respond quickly to ecological priority development
scenarios and whether they ignore the reality of capi‐
tal dominance. The extent to which economic develop‐
ment benefits are limited by the specific development
distribution advocated, how much ecological vulnerabil‐
ity risks caused by climate change are avoided, and how
to balance the advantages and disadvantages of multiple
planning schemes need to be further explored in future
studies. Furthermore, we need to explore the influence
and feasibility of urban development beliefs and goals on
the modelling of scientific urban development because
it may lead decision‐makers into a dilemma between
maintaining the status quo and acting more aggressively.
Therefore, in future studies, onemust analysemore accu‐
rately the relationship between urban ecosystem vulner‐
ability and the possibility of future urban development,
explore the geomorphological categories of existing land
plots occupied by urban growth land, and calculate the
possible loss of urban ecosystem service value. In this
manner, we can more strongly link practical measures to
on‐going activities and thereby better support planning
and implementation that is adapted to specific develop‐
ment expectations and goals.
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