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climate risks, and wider sustainability objectives
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Abstract. A spatial optimization framework has been developed to help urban areas mitigate climate risks such as
flooding and to curb resource use and greenhouse gas emissions. Measures required to address these issues often

conflict with each other, for example more compact cities typically use less energy for transportation but increase
runoff from high intensity rainfall events. Balancing potential trade-offs and maximizing synergies between these

risks and vulnerabilities is therefore a multi-dimensional, spatial, challenge for urban planners. A spatial optimization

framework is used to optimize the following objectives to minimize: (1) risk from heat waves; (2) risk from flooding;
(3) the distance of new development to the current central business district; (4) urban sprawl to prevent increased
travel costs; and (5) the development of green-space. The framework is applied to a real case study in the North East
of England. From an initial configuration, alternative spatial configurations are tested against these objectives and the
spatial pattern is evolved over successive generations to search for spatially optimum configurations. The resulting
solutions provide planners with a range of robust spatial development patterns known to be best trade-offs which

mitigate conflicts between risk and sustainability objectives.

1 Introduction

Rising populations, increased frequency of extreme
events and actions to decarbonise are posing challenges
for urban planners [1,2,3]. Indeed, it is expected that
urban areas will become the foci of natural hazards over
the next century, due to the increased likelihood of
climate change induced hazards such inland flash floods,
coastal flood and heat wave events that are a result of
climatically driven heavier precipitation events, increased
sea level rise and higher summer temperatures [4].
Critically, cities are themselves one of the major drivers
of climate change, directly or indirectly producing 75%
of global carbon emissions [5]. Therefore, in order to
either mitigate and/or adapt to the potential impacts of
climate change it is widely accepted that there is a need
to move towards sustainable cities that are robustly
adapted to natural (and other) hazards, while
simultaneously reducing energy and resource usage to
mitigate further climatic change [6].

This transition to more sustainable configuration may
lead to conflicts between long term sustainability
objectives that lead to robust cities of the future and short
term sustainability aims such as mitigating energy use
and emissions [6]. For example, the last decade of spatial
planning policy in Europe has focused almost exclusively
on mitigation of climate change through urban
intensification [7], as denser cities are typically
associated with lower transport energy use [8,9].
However, urban densification has been found to intensify
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urban heat islands, increase flood risk, due to reduced
surface permeability, and lead to poor health outcomes
for residents [3, 10, 11]. Therefore it is essential that
spatial planners consider both short and long term
multiple sustainability objectives when designing the
cities of the future.

Within the spatial planning process, it is normal for
sustainability appraisals to consider potential conflicts
between different sustainability objectives. However, this
is often performed in a highly subjective manner with
little analytical consideration of how multiple negative
impacts in totality may negate the ability to coherently
spatially design the cities of the future [12]. However,
there is considerable evidence that analytical methods
such as spatial optimisation can be successfully employed
in the planning of individual urban infrastructure such as
water supply, land use and transport infrastructure [13,
14, 15, 16, 17, 18].

To address this challenge, this paper investigates the
utility of spatial optimisation to identify spatial
development strategies that are optimised against one, or
many, objectives. The framework is novel in that it
couples simulated annealing with Pareto-optimization to
identify optimal urban spatial development strategies for
different combinations of multiple sustainability
objectives. A case study in Middlesbrough a town in the
North East of England is used to demonstrate how spatial
Pareto-optimization can be employed to derive spatial
development patterns that are sensitive to climate induced
hazards such as heatwave and flood risk, whilst also
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contributing to other sustainability objectives such as
reducing greenhouse gas emissions, limiting urban sprawl
and protecting green space.

2 Methodology

2.1 Simulated annealing approach to spatial
optimisation

A simulated annealing optimisation algorithm is used
here. This determines optimal solutions to combinatorial
optimisation problems by utilising a probability based
acceptance criteria to intelligently search iteratively for
better solutions [19]. Simulated annealing has been used
for several spatial optimisation applications, including
resource allocation, ground water allocation and forest
planning [14, 16, 20].

Figure 1 presents the flow diagram of the simulated
algorithm utilised for a single objective. The procedure
begins with an initial spatial configuration of
development (either a random or current spatial
configuration) that becomes the current configuration,
D,, and an initial best configuration, D,. The
performance of the spatial configuration is evaluated
against the objective functions f,; and fyis to give a
measure of F which is initially set as the current (f;,) and
best ( f}) fitness values.

In simulated annealing, iteration is performed while
the temperature variable T exceeds T,,4. During each
iterative step an existing development site d; € D is
randomly moved within an 8-cell spatial Moore
neighbourhood. This forms a new spatial development
configuration, D,, 1, which is then evaluated to determine
its fitness value F which is stored as f,,,;. The current
and new configurations are then compared based on their
respective fitness values. If the performance of D, 4,
fn+1, 1s found to be superior, it replaces D,, , f,, and f, is
setto fr4q-

However, even if the solution is inferior it can still be
accepted on the basis of the Thermopolis equation:

e T > R(0,1) (1)

where A is the difference between f,, and f,,,, while R
represents a random float value between O and 1. The
ability to accept inferior performing solutions on the basis
of Equation 2 allows simulated annealing to be used to
evaluate a wide range of spatial development patterns
which prevents the algorithm converging on seemingly
spatially-local ~ non-global  optimal  development
configurations.

Throughout the operation the best performing
development pattern is retained as Dy, f;,. At the end of
each iteration the temperature variable, T, is decreased by
a cooling factor C:

Tiy1=T; x C )

where 0<C <1 (in many simulated annealing
applications C is set between 0.8 and 0.98 [14]. As T

decreases the Thermopolis equation restricts acceptance
to only superior performing spatial layouts with the
intention of converging on the solution which is globally
optimum throughout the entire range of possible spatial
development patterns. The algorithm is repeated for a
user defined number of, m, iterations, where at the start of
each iteration D,,, f, are replaced by D, and f}, to assist
convergence to a global optima.

Generate Initial
Development Plan

—>< For m iterations do:

D,=Dy
fn fb

While:

Generate new development plan and evaluate
against objective functions

D,= Dn+1 D,= Dn+1
fn :fn+1 fn=fn+l
D, =D, Dy=Dyus
fo=1o fo=for
v
:+1 = T xC

L TFalse @

Figure 1. Methodological framework of the inter-disciplinary
approach [21].

2.2 Multi-objective optimisation

In order to accommodate multiple objectives into the
optimisation procedure a weighted methodology is
employed to generate a composite fitness function
calculated by:

F = Wy frisk + Waist faist 3

where w,;¢, and wg;e; represent weights assigned to each
objective function. Within this weighted spatial
optimisation approach the iterative terms f3, f,, and f,+4
are normalised between 0 and 1 [22], which in turn
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requires knowledge of the possible maximum and
minimum performance in each objective.

Multi-objective optimisation allows one to explore a
wide range of potential optimal solutions that vary as a
function of the individual objectives. Such a set of
optimised solutions will itself have a sub-set of solutions
that are better in terms of the combined objectives than
others. In order to recognise such a sub-set a search
algorithm to identify Pareto-optimal solutions has been
employed [13, 15, 22, 23] which generates a set of
solutions known as best trade-off solutions to which
further cost-benefit analysis can be applied to derive a
trade-off curve which displays the decision boundary of
the best sub-set of possible solutions [13].

In order to apply a Pareto-optimal approach the
composite function of Equation 4 is replaced by an
evaluation of both objective functions f;sx, faise during
each iteration of the simulated annealing algorithm. If
new configurations perform better in both objectives then
the solution is accepted as D,, and stored in a solutions
list. Otherwise, A is calculated by the proportional
difference in performance for both objectives for the
purposes of the Thermopolis equation.

Once the simulated annealing algorithm is complete,
solutions in the solution list are subject to a non-
dominated sorting procedure to extract Pareto-optimal
solutions using the algorithm developed by [24], where
Pareto-optimal solutions are determined based on the
concept of domination. For M objective functions a
solution x( is said to dominate solution x® if:

1. The solution x® is no worse than x® in all
objectives; fj(xM) < f;(x®) forall j = 1,2, ..., M,
and;

2. The solution x™ is strictly better than x® in at
least one objective; fi(x™) < fi(x®) for at least

one]_' e{1,2,..,M}.

In the context of this work, Pareto-optimal spatial
configurations are extracted where no other spatial
configuration performs better in one or more objective
functions.

3 Case Study

To test the spatial optimisation framework
developed it was applied to case study within
Middlesbrough, a large town located in the North East of
the UK (Figure 2). Middlesbrough has a land area of
54.55 km®, 63% of which is classified as urban and the

2011 census recorded a population of 138,400 [25].
Population projections estimate an increase in population
of 4,880 by 2020. Therefore in order to accommodate
this increase in population effectively, Middlesbrough’s
local development framework [26] recognises that there
is a need to identify suitable areas for new residential
development.
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Figure 2. Location of the case study site, Middlesbrough, in the
North East of England.

The local development framework sustainability
appraisal  developed by Middlesbrough council
acknowledges potential conflicts between localised
sustainability objectives during the appropriating of new
residential development [27]. For example it is
recognised that new development may lead to more
private transport emissions which conflicts with the aim
to curb air pollution over the area. Thus, tools that help
planners understand how such conflicts can be minimised
with respect to future urban development is of
considerable interest.

Table 1 shows how the objectives of the regional
spatial strategy for the North East [28] relate and map to
those considered in this paper. In this case study of
Middlesbrough the aim is to derive a suite of optimised
residential development sites that can be compared to
those that have been suggested by Middlesbrough
council. Consideration of Middlesbrough’s plans, was
complemented by a wider review of academic and other
local and national government sustainability priorities
(including [29, 30, 31, 32, 33]) were used to identify five
sustainability objectives on the basis that they are used in
the local and national planning objectives, cover risk
management and sustainability issues, and can be
spatially parameterised. The five selected objectives are
introduced below.
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Framework
Sustainability Objective

Objective function

Corresponding Spatial Strategy
Sustainability Objectives

Minimise risk from

M flooding

u

Minimise risk from

Reduce the risk of flooding and

Minimize: ff150q = 10° Z(d” =z}0%) + 1071 Z(d” =z}?°° — z}°) SA14 the resulting detriment to people

and property.

(2) climate induced heat  Minimize: fyoq = Z h20%0 _ Z h2010 sa13 Reduce impacts of heat risks
J J from future climate change.
hazards
Minimise greenhouse
3) gas emissions of Minimize: fys; = Min(P(dyj,cy,R) Vey A dyj € D) SAlL To ensure good local air quality

commute between
homes and businesses
Encourage compact
city development by
minimising distance to
existing development

“

Avoid development of
green-space

(&)

Minimize: d;; = g;;

Minimize: foprqm = z dij #u;;Vd; €D

for all.

Ensure accessibility for all to
SA4  job facilities, goods and services
across the borough.

To protect and enhance local
SA10 distinctiveness of the Borough’s

urban and rural landscape.

Protect and enhance local

SAI6 biodiversity.

Table 1. Sustainability objectives incorporated within the spatial optimisation framework and their corresponding sustainability
objective from the spatial development strategy [31].

3.1.1 Minimizing flood risk

Flood was optimized on the basis of minimizing the
objective function ff;40q Which considers development
within the 1 in 100 and 1 in 1,000 year flood zones where
z{; in Objective 1 is the spatial grid representing the 1 in
n year flood zone. Floodzones shown in Figure 3a were
sourced from the UK’s Environmental Agency’s (EA)
Flood zone maps. A full depth-probability grid would
provide a richer and more accurate analysis of impacts,
but these two boundaries are used as they are the
thresholds defined by planning policy in England for
different types of infrastructure and development choices
[34].

3.1.2 Minimizing risk from heatwaves

Input data for the spatial heat hazard grid (Figure 3b)
were derived from analysis of the medium emissions
scenario of the UKCPO9 climate projections [35]. The
grid, hg}ear, is calculated relative to current conditions.

These are initially generated at a spatial resolution of
25km for 30-year time periods. In order to obtain a better
spatial resolution and also to obtain direct measurements
of estimated daily maximum and minimum daily
temperatures a spatial weather generator was employed
[36]. The spatial weather generator is a recent extension
of the a-spatial weather generator that has been widely
employed in several UK heat and heat wave impact
studies [37, 38]. From the daily data-sets generated the
mean annual frequency of heat wave events (defined as
two consecutive days of temperatures in excess of 28°C
with an intervening night temperature above 15°C) for
the 2020s period at the 90th percentile were extracted and
normalised over the study area. Given the size of
Middlesbrough there is limited variation in heat hazard
across the city.

3.1.3 Minimizing greenhouse gas emissions
from transport

Objective 3 was realised through optimizing an
accessibility measure to areas of employment and
services, namely distance of new development to the
current Central Business District (CBD) with the
reduction of commuting acting as a proxy for reducing
transport emissions. An accessibility measure is used as
they have been reported to be more strongly related to
vehicle miles travelled than other measures such as
compaction [39]. The optimization attempts to minimize
the objective function fy;;; which is expressed by the
average shortest path, P(), between proposed
development sites, d;;, and a point designated as a CBD
centroid, ¢;;, over a road network, R. Middlesbrough’s
CBD, c;j, was represented by centroid of Town Centre
Boundary as defined by Middlesbrough Council’s Local
Development Framework whilst the road network was
represented by all major roads in the Ordnance Survey
(the UK’s national mapping agency) Meridian 2 dataset
(Figure 3c).

3.1.4 Minimizing urban sprawl

Objective 4 was optimized on the basis of ensuring
new development is within existing urban borders, u;,
and characterized by the objective function fi,.4. The
current urban extent, Figure 3d, was extracted and
rasterized from Ordnance Survey Meridian 2 Developed
Land Use Areas (DLUA).

3.1.5 Minimizing use of green space

A spatial constraint on the selection of solutions in
the form of d;; # g;;V d;; € D, where g; are the spatial
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Figure 3. Spatial input datasets for the Middlesbrough case study showing: (a) the 1 in 100 and 1 in 1000 year floodplain; (b) heat
hazard; (c) the transport network and location of the central business district centroid; (d) current location of urbanised area; (e) the
location of greenspace; (f) population vulnerability; and, (g) the location of planned future development.

locations (cells) of green space (see Figure 3e).
Greenspace in Middleborough, g;;, was extracted from
Ordnance Survey MasterMap topographic data by
identifying features from the ‘Natural’ theme.

3.1.6 Population vulnerability

The 2011 census data [40] was used to extract
population figures at lower super output area (a UK
census sub-ward geography averaging approximately
1,500 people). These figures were then used to form the
population vulnerability, shown as density per hectare
data-set in Figure 3f.

All datasets were converted to a 100m raster spatial
grid. The initial plans for future residential development
in Middlesbrough was digitised from the local council’s
spatial plans [27] is shown in Figure 3g and provides a
baseline for comparing with the optimal strategies
identified by the algorithm below. The 4,880 increase in
population by 2020 that is forecast for Middlesbrough is
assumed to be distributed evenly over the 26 residential
development sites set out by the proposals.

4 Results

4.1 Improvement on current plan

The optimization algorithm identifies many
strategies that outperform the current development
proposals against all objectives. The algorithm improves
upon freqr faist and fopraw; in over 65% of the strategies
identified. =~ Moreover, the algorithm is also able to
identify strategies that improve upon the current plan
across all sustainability objectives, demonstrating
potential to significantly improve upon the current plan in
the context of these sustainability objectives.

4.2 Tradeoffs between flood risk

Figures 4 and 5 show some results of the
optimization framework plotted against the normalized
performances of Pareto-optimal fronts and the sub-set of
solutions that are optimal for more than one sustainability
objective. The performance of the current development
plan [27] is highlighted for comparison. Table 2

summarizes the best performance between two
objectives.
Conflict min() Min Median Max
(Normalized

fo v f friooa | 0(0) | 288(0.32) [ 416 (0.46)
heat 7 Jflood frear | 3575 (0) | 3642 (0.11) |3738 (0.26)
P friooa | 0(0) | 128(0.14) | 512(0.57)
flood T Jdist Faise | 2901 (0) | 3097 (0.01) |4084 (0.42)
P friooa | 0(0) | 96(0.11) | 128 (0.14)
Jtood *lsprawl g | 0(0) 6(0.04) | 9.3(0.13)

Table 2. Summary of the solutions found for different tradeoffs
between flood risk and other objectives.

Minimizing ff50q is shown to conflict with
reducing freq: and fy:- The conflict with f,.4: Occurs
as low density areas coincide with flood risk areas in the
north of the study area, whilst the conflict with fy;e;
occurs against due to the presence of several flood zones
in close proximity to the CBD. The conflict between
ffi00a and fsprawi (not shown) is minor as there are many
areas within the urban extent which are away from flood
zone areas. The discrete coverage of the solution space in
Figures 4 and 5 is because flood risk is parameterized in
three discrete values: 1 in 100 floodplain, 1 in 1000 year
floodplain and areas of no flood risk. The trade-off curve
that emerges from the optimization allows a planner to
explore the costs of improving a particular objective.
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Table 2 compares the extremes of these trade-offs, for
example from the set of best solutions, S,, achieving
min(freqt) €S, leads to normalized performance in
fflood of 0.46.

Figure 4. The tradeoff space, and pareto front, for flood and
heat risk objectives. The small points are spatial solutions that
are analysed, the large points show a solution that is optimal
against one or more objectives. The triangle shows the current
Middlesbrough development plan.

x §
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Figure 5. The tradeoff space, and pareto front, for flood and
community distance objectives. The small points are spatial
solutions that are analysed, the large points show a solution that
is optimal against one or more objectives. The triangle shows
the current Middlesbrough development plan.

The results (not shown) also demonstrate tradeoffs
between fpeqe and both fyie and fgrqu — for example
min(freqt) € S, can only be achieved with fy;, = 0.59
and fyprqwr = 0.5 at best, whereas fq; = 0.63 and 0.49
for min(fyis¢) € Sp, and min(fspyrqui) € Sp, respectively.
This is because areas close to the CBD and within the
current urban extent have higher population densities,
which in turn lead to higher heat risks.

Interestingly, solutions that are optimal for more
than one objective seem to generally perform reasonably
well against others. Thus, planners selecting any Pareto-
optimal solution would likely be closer to a best trade-off
in terms of many other objectives as the majority of the

multi-objective Pareto-optimal solutions outperform the
councils own development plan.

i . Extent:

77 1in 1000 year zj;

I fwoely, 1in 100 year 2200

1000

llwmeters -

Figure 6. The best performing spatial development strategy
(new development indicated by black raster cells) across all
other objectives from the subset of best solutions that minimise

Js‘lood-

4.3 Multi-objective strategies

The analysis can be used to explore societal
preferences and planning priorities. In Figure 7, the risk
objectives, and the sustainability objectives are
aggregated and the tradeoff between the two explored.
The spatial developments strategies that provide a best
outcome if a preference is made to prioritise risk
management, or sustainability measures, or an equal
balance of the two issues, are shown in Figure 8.

1.0

* Solutions
— Non-dominated Solutions

0 0.25 0.50 0.75 1.0

Figure 7. Pareto-optimal spatial configurations of the risk
objectives compared against the sustainability objectives for the
Middlesbrough case study. The selected solutions on the Pareto

front correspond to the spatial strategies shown in Figure 8.
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Figure 8. Spatial configurations of highlighted Pareto-optimal solutions from Figure 7.

5 Conclusion

There is a need to reconfigure urban areas increase
their resilience to flooding, heating and other climate
induced hazards, whilst achieving other sustainability
objectives such as reduced greenhouse gas emissions.
However, the complexity of addressing so many
objectives — often competing with each other — requires a
rational and transparent approach to identify these and
make choices about prioritising tradeoffs.

With this in mind, this paper has introduced a spatial
optimization approach that is shown, through
demonstration on a town in Britain, to provide planners
with information on tradeoffs and conflicts between
planning objectives. The results, and the diagnostic
information contained within them, provides an evidence
basis to help decision makers to better meet multiple
sustainability objectives when developing long term
urban development strategies.  The application to
Middlesbrough shows the method can identify
development patterns that are not only improved in terms
of flood risk but can additionally improve all other
sustainability objectives that are considered here.

The results should be considered within the political
and analytical aspects of decision making, and further
qualitative and quantitative analysis can be applied to
develop a final development plan. For example,
reweighting priorities between risk management or
sustainability criteria changes the optimal spatial patterns.
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