Edinburgh Research Explorer

A spatial fuzzy logic approach to urban multi-hazard impact
assessment in Concepcion, Chile

Citation for published version:

Araya-Munoz, D, Metzger, M, Stuart, N, Wilson, A & Carvajal, D 2017, 'A spatial fuzzy logic approach to
urban multi-hazard impact assessment in Concepcion, Chile', Science of the Total Environment, vol. 576,
pp. 508-519. https://doi.org/10.1016/j.scitotenv.2016.10.077

Digital Object Identifier (DOI):
10.1016/j.scitotenv.2016.10.077

Link:
Link to publication record in Edinburgh Research Explorer

Document Version:
Peer reviewed version

Published In:
Science of the Total Environment

Publisher Rights Statement:
12 month embargo to be set.

General rights

Copyright for the publications made accessible via the Edinburgh Research Explorer is retained by the author(s)
and / or other copyright owners and it is a condition of accessing these publications that users recognise and
abide by the legal requirements associated with these rights.

Take down policy

The University of Edinburgh has made every reasonable effort to ensure that Edinburgh Research Explorer
content complies with UK legislation. If you believe that the public display of this file breaches copyright please
contact openaccess@ed.ac.uk providing details, and we will remove access to the work immediately and
investigate your claim.

OPEN (75 ACCESS

Download date: 08. Sept. 2024


https://doi.org/10.1016/j.scitotenv.2016.10.077
https://doi.org/10.1016/j.scitotenv.2016.10.077
https://www.research.ed.ac.uk/en/publications/0a144b87-05e1-4caf-9694-75bdc9e10885

Running head (shortened title): Assessing multi-hazard impacts in Concepcién, Chile

Article type: Original Article

A spatial fuzzy logic approach to urban multi-hazard impact
assessment in Concepcion, Chile

Dahyann Araya-Mufioz?*, Marc J. Metzger?, Neil Stuart!, A. Meriwether W. Wilson?,
Danilo Carvajal®*

1 School of GeoSciences, University of Edinburgh, Drummond Street, Edinburgh EH8 9XP, United Kingdom
2 Instituto de Geografia, Pontificia Universidad Catdlica de Valparaiso, Av. Brasil 2241, 2362807 Valparaiso, Chile
3 Instituto de Investigacion Multidisciplinar en Ciencia y Tecnologia, Universidad de La Serena, Benavente 980, La Serena 1720170, Chile
4 International Organization for Dew Utilization (OPUR), 60 rue Emeriau, Paris 75015, France
* Corresponding author: School of GeoSciences, University of Edinburgh, Drummond Street, Edinburgh EH8 9XP, United Kingdom Tel.: +44

(0) 131 650 9172; fax: +44 (0) 131 650 2524;
E-mail address: D.Araya-Munoz@sms.ed.ac.uk

Abstract

Even though most cities are exposed to more than one hazard, local planners and decision-makers still have a limited
understanding of the exposure and sensitivity to and the spatial distribution of hazards. We examine the impact of multiple
hazards in the Concepcidn Metropolitan Area (CMA), Chile. A flexible methodology based on spatial fuzzy logic modelling
was developed to explore the impact of weather-related hazards, including coastal flooding, fluvial flooding, water scarcity,
heat stress, and wildfire. 32 indicators were standardised and then aggregated through a stepwise approach into a multi-
hazard impact index. We find that all the municipalities in the CMA increased their level of impact between 1992 and 2002,
due to a larger increase in the exposure rather than the modest decrease in sensitivity. Municipal sensitivity was driven
mostly by changes in the population’s age structure. Wildfires and water scarcity appeared to have the largest impact on
all municipalities. Fuzzy modelling offered high flexibility in the standardization and aggregation of indicators with diverse
characteristics, while also providing a means to explore how the interaction of numerous indicators influenced the index.
The resulting maps can help identify indicators, components, and hazards or combinations of hazards that most influence
the impact on municipalities. The results can be used to improve and promote dialogue amongst policy-makers and
stakeholders regarding prioritisation of resources for urban development in ways that can also reduce exposure and
sensitivity and lower vulnerability to climate change. The methods presented can be adapted to other cities.
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1. Introduction

The spatial assessment of recent past exposure and sensitivity to multiple hazards can serve as a first step to
strengthening the understanding of the base conditions of a city, which is a fundamental element in urban
planning (Mastrandrea et al., 2010). Even though most cities are exposed to more than one hazard (Dilley et
al., 2005), and there is substantial evidence to indicate that the impact of hazards will increase (IPCC, 2012),
there is still limited knowledge among local planners and policy-makers of exposure and sensitivity to hazards
and their spatial distribution (Funfgeld, 2010). Thus, there is a pressing demand for suitable methods to
analyse urban exposure and sensitivity to hazards, which can be combined with adaptive capacity to assess a
city’s overall vulnerability.

Many attempts have been made to explore the specific impacts of droughts, floods, heat waves, sea level rise,
and wildfires (Fischer and Schar, 2010; Fried et al., 2004; Hinkel et al., 2010; Lehner et al., 2006), and a growing
number of hazard-specific studies focus on urban areas (Birkmann et al., 2012; Taubenbock et al., 2011).
However, few studies explore combined multi-hazard impacts (Forzieri et al.,, 2016; Lung et al., 2013;
McCubbin et al., 2015; Preston et al., 2008), and even fewer the multi-hazard impact in urban areas
(Rosenzweig and Solecki, 2001; Swart et al., 2012). This is due in part to the complexity of these kinds of
assessments, which justifies the ongoing discussion regarding the definition of the concepts of exposure and
sensitivity and the interrelations between the two. Multi-hazard impact assessments also involve difficulties in
accessing hazard of diverse nature, intensity, and scale (Kappes et al., 2012) and in accessing and managing
multiple databases (Greiving et al., 2006). In the case of future impact, there is also the challenge of projecting
the socio-economic factors underlying sensitivity (Schauser et al., 2010). Finally, the connections that can exist
among hazards, as with heat stress and wildfires, and different scales of analysis are additional challenge
(Forzieri et al., 2016).

Despite these challenges, there are important advantages to taking a multi-hazard approach (UN, 2002), which
provides a more realistic assessment of the complexity of an urban area and an integrated view of the total
impact related to weather-related hazards (IPCC, 2012). It favours the identification of the factors affecting
multiple hazards, particularly in relation to socio-economic factors of social sensitivity, such as the connection
between the elderly population, and heat stress and fluvial flooding. Additionally, the multi-hazard approach
permits the identification of possible links among hazards in an area, as with droughts and increases in vector-
borne diseases (Greiving et al., 2006). Since the intensity of pre-existing impacts provides some insight about
the degree of harm that climate change can cause in the near future this approach offers a basis for
understanding current impact (Dessai and Hulme, 2004; Miller and Bowen, 2013). Furthermore, they increase
knowledge and awareness of the impact assessment, since they allow for testing the selection of indicators,
their aggregation, and the comparison of different hazards (Gallina et al., 2016; Kappes et al., 2012).

In the present study, the temporal and spatial distribution of exposure and sensitivity to multiple hazards was
tracked for the nine municipalities in the Concepcidn Metropolitan Area (CMA) in Chile through a multi-hazard
impact (MHI) index, based on the work done by Lung et al. (2013) and Swart et al. (2012) who assessed the
impact of multiples hazards in Europe and employed a set of urban indicators to assess vulnerability to climate
change. We used indicators to track related hazards, exposure, and sensitivity in 1992 and 2002, through a
fuzzy overlay approach using geographic information systems (GIS). The use of biophysical and socio-economic
indicators is based on the access to reliable data set, see (Cutter and Finch, 2008). Fuzzy Logic (Zadeh, 1965) is
a multi-valued logic approach which involves the assignment of partial or intermediate values over a well-
defined range (0 to 1). Therefore, it favours the identification of different degrees of impact rather than overly
crude, binary understandings like ‘vulnerable’ or ‘not vulnerable’. Fuzzy logic offers a flexible and
straightforward standardization of spatial objects of different values favouring comparison (Espada et. al,
2013), enabling the comparison of differences in exposure and sensitivity levels between municipalities over
time. Furthermore, it facilitates addressing the data variability and vagueness as well as imprecision of
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interpretations (Acosta et al., 2013; Mazzorana and Fuchs, 2010). (Pradhan, 2011) notes that analysis using
fuzzy logic in GIS i) allows researchers to evaluate complex problems in a practical way, ii) is understandable
and easy to implement, iii) allows flexibility in the combination of maps and iv) is easily implemented in the GIS
language.

This research is framed around the following questions: a) Which were the most exposed and most sensitive
municipalities of the CMA in 1992 and 2002?; b) How did exposure and sensitivity change across CMA
municipalities between 1992 and 20027?; and c¢) Which hazards have the greatest influence on the calculation
of the MHI index developed for the municipalities? Our results are intended to help stakeholders and policy-
makers in the municipalities to understand the baseline conditions of the area, and thus support the first stage
in the process of planning for climate change in cities; the situation analysis (Grafakos et al., 2015).

2 Study Area and Methods
2.1 The Concepcion Metropolitan Area

The CMA is located in the coastal area of the Bio-Bio Region in southern-central Chile (Figure 1); it covers 2,077
km? with 220 km of coastline. It is Chile’s second most important city after the capital of Santiago, and
comprises ten municipalities (listed in Fig. 1). The CMA has a warm-temperate coastal Mediterranean climate,
with winter rainfall and high atmospheric humidity, and a dry season lasting from four to five months
(Errazuriz et al. 1998).
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Figure 1. CMA location and table of population projections of CMA municipalities for 2002 (NIS, 2011).

As in many developing countries, the CMA’s urban expansion has been rapid and uncontrolled, with the
population more than doubling in the last 50 years. The varied terrain of the region has directed expansion,
which has occurred predominantly around the municipalities of Concepcion and Talcahuano, forming two axes
of influence of urban dynamics (Almuna et al. 2012). An inadequate land use policy has resulted in strong
spatial socio-economic segregation (Azdcar et al. 2010; Sabatini et al. 2001), resulting in land use conflicts,
environmental and ecological problems, and particularly compromising the proper functioning of watersheds



(Mardones and Vidal 2001; Pauchard et al. 2006). More than 50% of the metropolitan area is exposed to
varying degrees of risk from flooding, waterlogging, tsunamis, and landslides (Mardones and Vidal, 2001).

2.2 Developing the multi-hazard impact index

The CMA’s MHI index was developed in three stages (Figure 2). In the first stage, the overall indicator
framework was determined through a critical review of the literature regarding exposure and sensitivity, from
which an aggregation framework of selected indicators was established to calculate and create the MHI index
(stage two). In the third and final stage, sensitivity and uncertainty analyses were carried out to test the
robustness, relevance, and significance of the selected indicators to exposure and sensitivity for the model
outputs. All analyses were carried out using the GIS software ArcGIS v10 (ESRI, 2012).

STAGE 1 STAGE 2 STAGE 3
—»  Indicators Framework —» Indicators's Aggregation — - Results Evaluation
I I |
Literature Review Spatial Analysis Sensitivity analysis

I I |
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ii) Are indicators spatially Fuzzy Overlay
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Multi-hazard impact
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Figure 2. Stages in the development of the multi-hazard impact assessment in the CMA.

Stage 1: Conceptualisation of the indicator framework

Five natural hazards were analysed: coastal flooding, fluvial flooding, water scarcity, heat stress, and wildfire.
As in Lung et al. (2013), the selection of hazards was based on i) those that impacted urban areas with social
and economic consequences (Mardones and Vidal, 2001), ii) those that are expected to be a concern in the
future (Boulanger et al., 2014; Klempa, 2009), and iii) those that for which reliable data is available for
assessment. Table 1 presents the indicators that were selected based on the literature review, the experience
of local stakeholders, and data availability. Further criteria for indicator selections included the availability of a
reliable 20-year time series from 1982 to 2002 for each municipality. Supplementary Material S1 presents a
detailed description of the CMA indicators. Schauser et al. (2010) and Swart et al. (2012) presented an
extensive review of indicators that was used to study urban exposure and sensitivity.



Table 1. Details of selected indicators of exposure and sensitivity

Indicators used to assess changes in exposure and sensitivity to coastal flooding

Indicators/Proxies Unit/description Component Source®
A t tal . .
rea Prone 0 coasta % of area in the coastal flooding area Exposure NSGM
flooding
Residents in the area % of residents in the area at risk of coastal flooding Sensitivity NIS
o . . .
Critical infrastructure % of t'ransport infrastructure in the area at risk of coastal Sensitivity MPW
flooding
Elderly people % of population > 65 years in the area at risk of coastal Sensitivity NIS
flooding
% of population < 5 years in the area at risk of coastal
Very young people 0 p pulat! y ! ! Sensitivity NIS
flooding
Indicators used to assess changes in exposure and sensitivity to fluvial floods
Indicators/Proxies Unit/description Component  Source®
Area prone to fluvial .
roodipng % of flooded area, magnitude of a 50-year flood Exposure NSGM
Residents in the area % of residents in the area at risk of fluvial flooding Sensitivity NIS
% of transport infrastr reinthe ar risk of fluvial
Critical infrastructure %0 t ansport infrastructure in the area at risk of fluvia Sensitivity MPW
flooding
% of lation > inth isk of fluvial
Elderly people % 0 ;_)opu ation > 65 years in the area at risk of fluvia Sensitivity NIS
flooding
% of lation < 5 inth t risk of fluvial
Very young people 60 Popu ation years in the area at risk of fluvia Sensitivity NIS
flooding
Indicators used to assess changes in exposure and sensitivity to water scarcity
Indicators/Proxies Unit/description Component  Source®
Droughtiness Standardised precipitation index (SPI) Exposure MA
Water exploitation Water exploitation index (WEI) Exposure GDW
Water consumption Water consumption per capita (litres/day) Sensitivity SISS
Growth of wat . . I e
rowth otwater Variation in urban population served by drinking water Sensitivity NIS
demand
Poverty % of the population living in extreme poverty or poverty Sensitivity MSD
Elderly people % of population > 65 years Sensitivity NIS
Very young people % of population < 5 years Sensitivity NIS
Indicators used to assess changes in exposure and sensitivity to heat stress
Indicators/Proxies Unit/description Component  Source®
Very hot days Fre;quency of very hot days, with maximum temperature > Exposure MSC
95% percentile
Very hot nights Freqt:ency of Yery hot nights, with minimum temperature Exposure MSC
> 95 percentile
Number of tive d ith i t t
Heat wave umh ero copsecu ive days with maximum temperature Exposure MSC
> 95% percentile
Population density Population density, people/km? Exposure NIS
Poverty % of the population living in extreme poverty or poverty Sensitivity MSD
Elderly people % of population > 65 years Sensitivity NIS
People 65+ Livin
AIo:e & % of households composed of one adult >65 years Sensitivity NIS
Very young people % of population < 5 years Sensitivity NIS
Indicators used to assess changes in exposure and sensitivity to wildfires
Indicators/Proxies Unit/description Component  Source®
Wildfires events Ratio of the total number of wildfire fires to the area at Exposure NFC



risk of wildfire

Total area burned Ratio of total area burned to the area at risk of wildfire Exposure NFC
FWI Forest fire weather index (FWI) Exposure MSC
Residents in the area % of residents in the area at risk of wildfire Sensitivity NIS
Critical infrastructure % of transport infrastructure in area at risk of wildfire Sensitivity MPW
Elderly people % of population > 65 years Sensitivity NIS
Very young people % of population < 5 years Sensitivity NIS

bSource: NIS—National Institute of Statistics, MSD—Mlinistry of Social Development, MH—Ministry of Health,
MHUD—Ministry of Housing and Urban Development, GDW—General Directorate of Water, SISS—
Superintendent of Sanitary Services, MSC—Meteorological Service of Chile, NFC—National Forest Corporation
of Chile, MA—Miinister of Agriculture, MPW —Miinistry of Public Works.

Stage 2: Aggregation of indicators through fuzzy logic

Indicator standardization with fuzzy membership functions

The attribute values for indicators reflecting exposure and sensitivity were each transformed using linear or
non-linear fuzzy membership functions to create standardised indicator values. According to the different
ways that each indicator is understood to influence the impact on a municipality, four fuzzy membership
functions were studied to standardise the actual ranges of each indicator’s data into fuzzy membership values
from 0 to 1. Membership values close to 1 reflect a greater exposure and sensitivity to weather-related
hazards, whilst membership values approaching O indicate the contrary. Figure 3 graphically illustrates the
fuzzy membership functions.
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Figure 3. Fuzzy membership functions used for standardisation of the indicators. The horizontal axis shows the
range of attribute values for each layer to be standardised, while the vertical axis indicates the corresponding
membership values for each point.

In most cases, a positive linear membership function was selected to represent the positive linear relationships
assumed between an indicator and exposure and sensitivity. This can be illustrated by indicators of sensitivity
such as 'residents in the area’ and ‘critical infrastructure’. However, in some cases it was not appropriate to
use a fuzzy linear function to characterise a relationship, as when there was not enough robust data available
regarding minimum and maximum indicator values. In such cases, a midpoint value may be the best available
data (see midpoint in Figure 3), so fuzzy large functions were selected instead for indicators such as ‘total area
burned’ or ‘wildfire events’, as they have an increasing relationship with exposure.

Aggregation with fuzzy overlay functions



After the membership values were assigned to each indicator, fuzzy overlay functions were used to aggregate
each of the various components. First, individual indicators of each hazard were aggregated into exposure and
sensitivity. Second, the exposure and sensitivity of each hazard were combined into a hazard-specific impact.
Third, the exposure and sensitivity of all hazards under study were aggregated to assess their combined effect.
Finally, the overall MHI index was calculated by combining specific hazard impacts in a fourth level of
aggregation (see Figure 4). To perform the process of aggregation, the fuzzy overlay functions available in
ArcGIS were studied, and the GAMMA function selected to explore the relationships between the multiple
input criteria by taking all the input values into consideration in the analysis. This is fundamental, since in
impact assessment the combination of evidence is more important than any one input. Further discussion on
the selection and use of the GAMMA function can be found in (Araya-Mufioz et al., in press.; Ki and Ray, 2014;
Lewis et al., 2014; Malins and Metternicht, 2006; Vafai et al., 2013), while Supplementary Material S2 provides
a list of the fuzzy overlay functions. To have a superior comparative representation of the differences in the
level of exposure and sensitivity across the urban area, outputs were tested for values of (y) in the range [0, 1]
in increments of 0.1. For the aggregation process as a whole, y = 0.8 was selected, since it produces the largest
spread of values of the index.
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Figure 4. Stage of aggregation. Hazard§ included were coastal flooding (H1), fluvial flooding (H2), water scarcity
(H3), heat stress (H4), and wildfires (H5).



3. Results
First level of aggregation: CMA exposure and sensitivity by hazard

At the first level of aggregation, Figure 5 shows radar charts for the exposure and sensitivity of each of the five
hazards assessed per municipality. The values represented range from 0 (non-membership) to 1 (full
membership). In the 1990s, two new municipalities were established in the CMA, San Pedro de la Paz in 1995
and Chiguayante in 1996; these two municipalities therefore have no values plotted for 1992.

The results show substantial contrasts between municipalities and overall from 1992 to 2002, with an increase
in exposure and a smaller decrease in sensitivity. Wildfire, heat stress, and water scarcity were the hazards to
which exposure and sensitivity were generally highest in all municipalities. Exposure and sensitivity to coastal
flooding can be observed for those municipalities that have coasts, so Hualqui and Chiguayante do not have
any such values. Exposure and sensitivity to fluvial flooding present the lowest values, since this hazard affects
only specific areas of the different municipalities. Coastal and fluvial flooding displayed the largest variability of
all hazards across municipalities. Exposure and sensitivity do not always coincide; there are cases in which
sensitivity is higher than exposure, such as in heat stress in Hualqui, and exposure is higher than sensitivity, as
with water scarcity in Coronel. The following paragraphs describe in detail the most important results by
hazard.

Chiguayante Concepcién Coronel
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080

Forest fire ™ River Flood Forest fire < ) = River Flood  Forest fire < ~ River Flood
\ \J/water Heat stress / Water ) ~ \Jwater
Heat stress scarcity odt sress scarcity Heat stress scarcity
Hualqui Lota Penco
Coastal flood Coastal flood Coastal flood
Y 1.00 1. 5
080t
/

Forest fire < . River Flood  Forest fire < = River Flood Forest fire < " River Flood
\ /Water \ ‘Water ! 'Water
. Heat stress 5

Heat stress scavcity Heat stress scarcity scarcity
San Pedro de la Paz Talcahuano Tomé
Coastal flood Coastal flood Coastal flood
100 . 1.00 . 1.00 1.
Forest fire _". \‘ e , River Flood Forest fire < ] Forest fire > River Flood

River Flood

Water “\/water Heat stress /Water

\ \
Heat stress scarcity scarcity scarcity

Figure 5. Hazards from the first fuzzy aggregation by municipality. Exposure is depicted in red, sensitivity in
blue. Dashed lines represent 1992; solid lines represent 2002.



Second level of aggregation: Hazard-specific impacts on CMA municipalities

Figure 6 presents the impact by hazard for each municipality from the second level of aggregation. It shows
that all municipalities were exposed to more than one hazard and that the impacts of these hazards varied
across municipalities. While Chiguayante and Hualqui benefited from their limited exposure to coastal areas,
the rest of the municipalities were exposed to all the studied hazards. It also shows that wildfires, which affect
all municipalities, ranked above the other hazards in the years studied. Wildfires were a significant threat to
Penco, Hualqui, and Tomé in both 1992 and 2002, while Hualqui and Lota had the largest increases in wildfire
impact. Water scarcity and heat stress hazards followed wildfires in the ranking. Water scarcity was the hazard
with the largest increase in the CMA during the study period (46.8%). Hualqui and Tomé saw the largest
increases in water scarcity, due mainly to population growth. Heat stress varied between municipalities; Lota,
Talcahuano, and Tomé had higher heat stress levels, while Penco, Concepcidn, and Talcahuano saw the highest
increases between 1992 and 2002. Even though almost all CMA municipalities were exposed to coastal
flooding, they were a major threat in Talcahuano, Coronel and Penco. Similarly, fluvial flooding affected nearly
all the municipalities but ranked near the bottom of the list of hazards because it affected only specific areas of
each municipality. In general, most municipalities saw increases in the impact of fluvial flooding because they
expanded into areas of greater fluvial risk. Talcahuano, Lota, and Coronel had the highest increases in fluvial
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Figure 6. Impact of each hazard from the second fuzzy aggregation by municipality for 1992 and 2002.

Third level of aggregation: Overall CMA exposure and sensitivity

Figure 7 shows the third level of aggregation: fuzzy overlay values of exposure and sensitivity within the range
of 0 to 1 for each municipality in 1992 and 2002. In general, exposure increased and sensitivity decreased, due
mainly to sensitivity indicators that relate to socio-economic factors like poverty; these indicators declined as a
reflection of the broad improvement in Chile’s socio-economic condition. The increase in exposure (30.4%)
was much larger than the decrease in sensitivity (-8.1%) between 1992 and 2002. In 2002, Lota and Penco had
the highest gaps between exposure and sensitivity, with exposure higher in both cases. Only Hualqui and San
Pedro presented similar levels of exposure and sensitivity; the difference between the two components was
similar for all other municipalities.
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Significant increases in exposure were observed in Talcahuano and Lota, while Coronel and Tomé showed
lower increases in exposure. In 1992, Talcahuano, Tomé, and Penco presented the highest exposure; they
remained the most exposed to 2002. Most municipalities showed a decrease in sensitivity between 1992 and
2002, though Coronel and Lota saw increases. Penco and Talcahuano showed the largest decreases. Tomé and
Talcahuano were the most sensitive municipalities in both 1992 and 2002.
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Figure 7. Exposure and sensitivity by municipality (1992-2002); red is exposure and blue is sensitivity.
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Fourth level of aggregation: The CMA multi-hazard impact index

For the fourth and final level of aggregation, Figure 8 shows that during the study period all municipalities had
increased MHI levels. The gap in 1992 between the municipalities with the highest and lowest index values
was 173%; that widened to 234% in 2002. In 1992, Talcahuano, Tomé, and Penco showed the highest MHI
index values, while Hualqui and Lota had the lowest values. In 2002, the ranking of the municipalities was
nearly unchanged. Tomé, Talcahuano, and Penco had the highest index values, while Chiguayante, Hualqui,
and Lota had the lowest values. The position of Chiguayante and Hualqui is due partly to the fact that, unlike
all other municipalities, they are located far from the sea and therefore do not have exposure to coastal
flooding. The position of Lota is explained largely due to its comparatively low exposure and sensitivity to
fluvial floods in both 1992 and 2002. Relative change shows that the MHI index increased by an average 8.9%
over the decade, with the municipalities with the lowest values on of the index experiencing the greatest
increases. For instance, in Coronel the index increased by 24.8%, and in Lota by 55.9 %. Meanwhile, Penco and
Hualqui presented smaller increases of 8.4% and 9.79% respectively.

1992 2002

CMA CMA

Min 0.21 Min 0.19
Max 0.58 Max 0.64
Mean 0.42 Mean 0.45
StD 0.3 StD 0.15
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Figure 8. Absolute changes in the CMA multi-hazard impact index, 1992-2002.
4. Discussion

4.1 The multi-hazard impact index

The present study presents a novel framework for the evaluation of multiple hazards in the urban context that
offers flexibility in the evaluation of hazards of different natures. The indicators that explain the index were
normalised through membership functions to generate comparable values to enable the collective analysis of
hazards. The structure of the index allows for consulting different levels of the various components of the
index, including those for the impact of each hazard and those for the impact of aggregated hazards. This
enables differentiation of and information about the socio-economic and biophysical factors that underlie and
explain exposure and sensitivity.
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The use of indicators to represent sensitivity and exposure to specific hazards at two time points permitted
tracking their temporal and spatial changes. Monitoring helps to identify changes in the status of
municipalities and reveal hotspots of exposure or sensitivity to a specific hazard or to multiple hazards. It is
thus possible to emphasise the differences across CMA municipalities. A robust set of indicators to assess the
impacts of different hazards has been proposed, which has the added benefit that it can be systematically built
and refined over time. This study is the first to use fuzzy modelling for the standardisation, aggregation, and
mapping of the impact of multiple hazards using ArcGIS. The fuzzy approach proved to be an efficient tool for
the straightforward standardisation of multiple indicators, offering the possibility of assigning partial
membership and thus incorporating realism into the analysis. It also demonstrated flexibility in the aggregation
of indicators with differing attribute ranges and granularities along with components and hazards. This
flexibility favours the assessment of hazards of different nature, which cannot be evaluated by direct
comparison or simple addition (Kappes et al. 2012).

The GAMMA aggregation function proved to be optimal for carrying out this aggregation process, as it was
able to take into consideration multiple input criteria. This function permitted an appropriate aggregation
between inputs with high and low memberships from multiple eligibility criteria. Similar results were
demonstrated by Lewis (2014), who noted that the GAMMA fuzzy overlay function best recognises trade-offs
between combinations of multiple criteria. Sensitivity analysis showed that the best value of aggregation isy =
0.8, since this value permits the maximum differentiation between CMA municipalities. Lower GAMMA values
resulted in MHI index values that were lower than the input values of the indicators, while a GAMMA of 0.9 or
higher resulted in higher MHI index values than input indicator values. It should also be noted that a larger
number of indicators leads to a greater increase in the of GAMMA function, particularly when several
indicators have values lower than 0.5; in the present study that resulted in very low MHI index values. It is
striking but true to stipulate that the existence of just one indicator with very low values (i.e., a median near 0)
may substantially reduce the value of the associated hazard. On the other hand, for a large number of
indicators with values greater than a 0.5 increase the effect of SUM term of GAMMA function became more
noticeable, which is particularly problematic when indicators have a median close to 1 and narrow ranges, as
represented by low standard deviations. Finally, if the distribution of an indicator is complex by dint of being
highly asymmetric or containing outliers, the resulting index can be very sensitive to that characteristics.

The model results stage proved to be very useful in discriminating input indicators with different levels of
impact. Initially, 46 indicators were used as model inputs to study exposure and sensitivity to each hazard.
After initial evaluation, only 32 indicators remained: five for coastal flooding, five for fluvial flooding, seven for
water scarcity, eight for heat stress, and seven for wildfires. This procedure enabled the discarding of all
indicators that had no major influence on the model, facilitating the analysis process, and reducing the data
required.

The structure of the MHI index was designed and built in four stages, which can be analysed separately or
together. Thus, it is simple to refer to the results and explain the origin of a specific end value in the index. It is
also easy to identify exposure and sensitivity separately and specific hazards individually, emphasising their
differences. The value of the MHI index and its structure resides not only in the fact that it permits the
identification of municipalities and sectors that are more exposed and sensitive than others to specific hazards,
but also in its ability to identify municipalities that are highly exposed and sensitive to more than one hazard,
which is critical in terms of urban planning. A municipal scale was used to provide information that enabled
understanding the base conditions of the city. This scale of work facilitates addressing processes and dynamics
at the local level (Barnett et al., 2008), which in many cases determines the degree of impact, as these are
more visible and palpable at the local scale rather than from national, let alone global, perspectives (Eriksen
and Kelly, 2007).
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The proposed method is highly transportable to other urban municipalities worldwide, with some refinement
to respond to the specific urban context. This method is intended to be simple, accessible, practical, and
operable by other scientists, stakeholders and planners. Consequently, the assessment was based on ArcGlS, a
widely used tool that enables a flexible, transparent, and straightforward aggregation of the multiple criteria
that explain the MHI index through fuzzy tools and facilitates their spatial representation in maps. This favours
the implementation of the model in other urban areas globally. In addition, the model design permits
integration with adaptive capacity models for vulnerability assessment. See (Araya-Mufioz et al. in press).

Limitations

Any selection of indicators can be executed arbitrarily (Hinkel, 2011; Luers et al., 2003). In this study, the
selection of indicators was based on current knowledge of the studied hazards and the availability of reliable
data for the studied period; it was assumed that these would explain the condition of sensitivity and exposure
for each hazard. Thus, these results could change as knowledge on the subject expands and new data become
available. They may also evolve if different indicators are selected; for example, if in this research ‘very young
population’ had not been selected as a sensitivity indicator, sensitivity values would have increased because of
the greater influence of the ‘elderly people’ indicator. They could also vary if a different set of hazards were
studied. The selection of indicators was also limited by the availability of reliable data sets. As commonly
occurs in developing countries, the Chilean databases for the evaluation of impacts have several shortcomings;
data may i) not exist, ii) be very recent, or iii) not be comparable, because the methodologies for their
calculation have changed.

This study began by considering each indicator as equally important in representing the MHI, and in fuzzy logic
weighting does not apply. However, indicators and components may indirectly acquire different weights
through the assessment: 1) given the structure of the index, with a different number of indicators for each
hazard, hazards with a higher number of indicators tend to have lower results, because fuzzy GAMMA consists
of SUM and PRODUCT terms, the latter of which is strongly influenced by the number of indicators: the higher
the number of indicators, the lower the result. 2) Given the structure of the index, when an indicator is
relevant to more than one hazard (e.g., ‘elderly people’), it may be overrepresented in the aggregation of the
hazards. The effect on the index of such indicators was reported through an uncertainty analysis. 3) With fuzzy
membership functions, particularly with fuzzy LARGE, the higher spread increased differentiation between
municipalities, which affected the average of the indicator. A large spread implied a higher differentiation
between municipalities and a higher impact on the index, but also a lower average. 4) The fuzzy GAMMA
function used in the aggregation process, which is composed by fuzzy SUM and fuzzy PRODUCT overlay
functions, enables the balancing of multiple input criteria (Lewis et al. 2014). However, when a selected
GAMMA value is close to 0, the PRODUCT term of GAMMA becomes more important, giving more weight to
the lowest components of the index; for values above 0.7 GAMMA, this influence tends to decline.

In addition, some authors argue that in order to encourage transparency and credibility in a study of
vulnerability, the approach must be based on stressors or specific hazards (Luers et al. 2003; Tol and Yohe
2007), because the aggregation of results can be considered an oversimplification that may hide information
or situations of interest by incorporating uncertainties (Lung et al., 2013). To avoid this situation to some
degree, the four stages involved in this assessment can each be consulted as a way to ensure transparency.
Furthermore, the possible interdependences, such as the cascade effect, between hazards were not evaluated
in this assessment (Gallina et al., 2016). Finally, this study focused on evaluating the impacts of multiple
hazards at the urban scale and therefore did not directly assess the impact experienced by specific individuals;
rather, it assessed the impacts on society as a whole in the different municipalities.

Improvements and recommendations

14



There remains work to do in the design of indicators for monitoring changes in exposure and sensitivity to
various hazards in the CMA. There are other hazards that should be considered for future studies, such as
hantavirus, storms, pluvial floods, landslides, and liquefaction. There is evidence of all of these having affected
the area in the past, and each could be aggravated by future socio-economic and climatic change. In addition,
since widely available information was used in this research so as to be easily replicated in other cities
nationwide or worldwide, it would be useful to identify the exposure, sensitivity, and indicators that most
influence the impact by hazard in other cities, shedding light on the socio-economic drivers of MHI and their
spatial distribution in the broader urban context. These are likely to change depending on specific time and
place.

In light of the rapid changes in developing-country urban areas like the CMA, regularly reviewing and updating
the MHI socioeconomic indicators is clearly required. Census statistical data updates can provide the necessary
information to identify spatial changes at the municipal level of exposure and sensitivity to each hazard. This
information offers the possibility of tracking changes in the structure of exposure and sensitivity over time. It
would also be advisable to present the proposed set of indicators, methods, and different results of the MHI
assessment to stakeholders in the area under study in order to contrast this assessment with their knowledge
(see Preston et al., 2008; Sperotto et al., 2016). This would allow researchers to learn from informed feedback
regarding the set of indicators, the method developed in this study, and the most effective ways of presenting
the results.

4.2 Multi-hazard impact index on the CMA

The results of this study highlight the increase in weather-related risks for municipalities in the CMA in the
years studied. They also point to the differences between hazard-specific impacts and their relative
importance in the magnitude of change of the MHI index. Hazards such as wildfires, water scarcity, and heat
stress, to which all municipalities were exposed, are of great importance in defining the overall level of
municipal impact. In this context, municipalities like Tomé, Penco, and Talcahuano require special attention
because of the higher impact of their overall risk.

The higher importance of wildfires, water scarcity, and heat stress compared to fluvial and coastal flooding
arises because, beyond the fact that they affect all municipalities, the change in exposure for these hazards
was greater than the reduction in sensitivity to them. For fluvial flooding, even though both exposure and
sensitivity increased, only specific parts of the city were affected. For coastal flooding, even though exposure
was high in seven municipalities, in almost all municipalities both exposure and sensitivity have decreased due
to the expansion of urban areas to areas outside the area of coastal flooding risk.

The CMA has one of the largest forest plantation areas in Chile (NFC, 2015), with a buffer zone at the wildland-
urban interface of 100 metres (NFC, 2006). Despite this buffer zone, most fires occur in areas around cities
(NFC, 2010). Between 1985 and 2002, over 13,295 fires affected the CMA, burning over 76,006 ha of wild land
and 22.7% of the forest area. 20 fires affected more than 500 hectares, and are thus termed large fires,
covering a total area of 50,162 hectares, nearly two thirds of the entire area burnt in the 1985-2002 period.
Seven municipalities in the CMA (Tomé, Lota, Penco, Coronel, Concepcidn, San Pedro De La Paz, and Hualqui)
appear on the nationwide list of critical municipalities in terms of the occurrence of forest fires (NFC, 2010).
Gonzalez et al. (2011) note that the summer water deficit and winter decrease in precipitation are among the
causes of the lengthening the CMA fire season in recent years. Future reduction of precipitation combined
with a temperature increase could favour the degradation of vegetation and thus the increased generation of
fuel to spread fires (Gonzalez et al., 2011).

15



Water scarcity is another hazard of interest, as the increase in its exposure was much greater than the
reduction in its sensitivity. Currently, most superficial basins in the study area (the Bio-Bio and Itata Rivers and
the coastal watersheds) have no resources to meet new water consumption demands (MPW, 2012). Regarding
groundwater resources, MPW (2012) notes that no study has been completed on either recurrent or long-term
availability. Despite the lack of additional water resources, it is expected that the demand for water will
continue to grow in the near future (GDW, 2007; Partnership, 2000). Additionally, a sustained long-term
reduction in rainfall and continued population growth are expected, which could increase pressure on water
resources in the area.

Our findings also indicated that rapid changes in age structure and poverty reduction played an important role
in sensitivity. Among social sensitivity indicators, an increase in the elderly population and a decrease in the
very young population occurred in all municipalities. Nationally, the ratio of elderly people per hundred
children is expected to be 170 by 2050 (NIS, 2005). The NIS estimates that the CMA population over 65 will
grow by 180% between 1990 and 2020, while the population under five will decline by 30%. The total fertility
rate decreased in the study period from 2.52 to 2.00, or below replacement level (NIS, 2011, 2007). Moreover,
the poor population decreased during the study period in all municipalities, though the relative differences
between municipalities remained largely unchanged. This implies that both the richest and the poorest
municipalities maintained their 1992 positions in the 2002 ranking. This reduction of poverty at the municipal
level did help to reduce sensitivity, but structural inequalities observed in the CMA are the cause of the rigid
ranking of socio-environmental sensitivity.

In view of the increasingly older population, age structure should be considered carefully if we are to
understand the current and future impacts of climate change on these municipalities. There is general
agreement that the elderly population is particularly sensitive to climatic stresses such as heat events, floods,
droughts, wildfire, sea level rise, and higher concentrations of pollutants and allergens in the air. Therefore,
reducing the sensitivity of the elderly would have significant effects on the overall municipal level of climate
change vulnerability. We observed, for instance, a comparatively higher proportion of elderly people in poor
municipalities like Tomé and Hualqui. In 2020, it is expected that the elderly will comprise 14.3% of the
population in Tomé and 10.4% in Hualqui. It is therefore necessary to introduce measures to buttress this
group’s resources and reduce its sensitivity, which in turn would reduce overall municipal levels of climate
change vulnerability. Finally, tracking the changes in the level of sensitivity that policy measures might achieve
for this group would help to inform future decisions and research.

5. Conclusions

The present study offers an assessment of the impact of multiple hazards in the CMA based on the aggregation
of available indicators through a fuzzy-based model. This assessment enabled the successful spatial tracking of
changes in exposure and sensitivity to various hazards across CMA municipalities and over time. Our findings
showed that fuzzy modelling offers high flexibility in the standardisation and aggregation of indicators with
diverse characteristics. Fuzzy membership, due to its partial membership feature, allows for a straightforward
and realistic standardisation of the indicators. The fuzzy overlay function GAMMA provides a better balance
between aggregations of multiple indicators, components, and hazards than other measures, because GAMMA
recognises and considers the particularities of each input in the aggregation process. Special care must be
taken in both the selection of the GAMMA value and in the membership functions used for indicator
standardisation. ArcGIS software offered a straightforward model implementation and analysis of the results,
showing the benefits of their use in the field of vulnerability to climate change. This research provides a
procedure to assess the impact of diverse weather-related hazards in a realistic and consistent manner, which
allows scientists, stakeholders, and decision-makers to improve their understanding of the base conditions of
the city. It also provides a set of urban indicators that can be built upon systematically over time and thus used
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to monitor changes. The method proposed here i) encourages transparency and easy communication of
results due to its staged structure, ii) favours comparative analysis among index components, iii) can easily be
implemented together with an adaptive capacity model to evaluate a city’s overall vulnerability, since it was
designed for that purpose, and iv) presented a flexible method that can be implemented in other cities, taking
into consideration differences in the urban context and any user-specific requirements to support decision-
making processes.

The municipalities of Tomé, Talcahuano, and Penco should be most closely monitored, because they presented
both a higher exposure and a higher sensitivity in 1992 and 2002. From 1992 to 2002 all municipalities in the
CMA increased their MHI levels. This increase was mainly influenced by the relatively large increase in
exposure, which was moderated by a smaller decrease in sensitivity. Changes in the age structure are driving
the sensitivity of the municipalities, though to different degrees. However, the MHI index ranking of
municipalities was maintained throughout the studied period, meaning that despite the economic progress
and social change experienced by the CMA municipalities, they have not significantly changed their sensitivity.
The hazards that were shown to be most relevant for all municipalities are wildfires and water scarcity, but all
hazards should be taken seriously, since most municipalities were affected by multiple hazards.
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