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Abstract

Assessing the increased impacts/risks of urban heatwaves generated by stressors such as 
a pandemic period, such as the one experienced during the COVID-19 pandemic, is com-
plicated by the lack of comprehensive information that allows for an analytical determi-
nation of the alteration produced on climate risks/impacts. The assessment of the in-
creased impacts/risks of urban heatwaves generated by stressors such as those due to the 
presence of a pandemic is complicated by the lack of comprehensive information that al-
lows for the functional determination of the increased impacts/risks due to such stressors. 
On the other hand, it is essential for decision makers to understand the complex interac-
tions between climate risks and the environmental and socioeconomic conditions gener-
ated by pandemics in an urban context, where specific restrictions on citizens’ livability 
are in place to protect their health. This study aims to address this need by proposing a 
fuzzy multi-criteria decision-making framework in a GIS environment that intuitively al-
lows experts to assess the increase in heatwave risk factors for the population generated 
by pandemics. This assessment is accomplished by varying the values in the pairwise 
comparison matrices of the criteria that contribute to the construction of physical and so-
cioeconomic vulnerability, exposure, and the hazard scenario. The framework was tested 
to assess heatwave impacts/risks on the population in the study area, which includes the 
municipalities of the metropolitan city of Naples, Italy, an urban area with high residential 
density where numerous summer heatwaves have been recorded over the last decade. 
The findings indicate a rise in impact/risks during pandemic times, particularly in munic-
ipalities with the greatest resident population density, situated close to Naples.
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1. Introduction
Heatwaves represent one of the most severe climate-related hazards affecting urban 

systems, with impacts on population that are expected to intensify due to ongoing global 
warming and increasing urbanization [1]. Their assessment poses a methodological chal-
lenge, since the effects of heatwaves cannot be described solely by hazard intensity but 
require the integration of multiple interacting components. In particular, urban impacts 
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result from the combination of four factors: the hazard, expressed by the magnitude, du-
ration, and spatial extent of the heatwave; exposure, which quantifies the presence of peo-
ple, infrastructures, and assets potentially affected; physical vulnerability, related to the 
structural and morphological characteristics of the built environment; and social vulner-
ability, reflecting socio-demographic profiles and adaptive capacities of urban popula-
tions [2] (Figure 1).

Figure 1. Schema of methods for impact assessment of urban heatwaves.

1.1. Research Background and Related Works

Multi-criteria assessment models (MCA) provide a robust computational framework 
for capturing these heterogeneous factors and integrating them into a unified estimation 
process. By combining diverse data sources, ranging from remote sensing and climatic 
observations to census information and urban morphology data, MCA approaches enable 
the construction of composite indices that quantify impact levels across urban areas. This 
methodological flexibility is particularly suited to computational heatwave risk assess-
ment applications, as it supports both deterministic and data-driven techniques. MCA-
based impact estimation enhances the capacity to identify spatial heterogeneity, detect 
critical hotspots, and evaluate alternative adaptation strategies. Moreover, it enables the 
design of scalable decision-support tools that can be integrated into urban information 
systems and early warning platforms. In this way, the multi-criteria approach not only 
advances the quantitative understanding of heatwave impacts but also provides opera-
tional instruments to support urban resilience planning [3–5].

While the baseline multi-criteria framework integrates hazard, exposure, and vulner-
ability components to estimate heatwave impacts, its applicability can be further extended 
to account for systemic stressors that co-occur with extreme climate events. A critical ex-
ample is the interaction between heatwaves and pandemics, such as the COVID-19 crisis, 
which revealed how simultaneous hazards can amplify urban risk and produce non-linear 
impact dynamics. A study conducted by [6], collecting mortality data from numerous lo-
cations in 30 European countries from 2014 to 2023, found that during exceptional heat-
waves during the coronavirus pandemic, the increase in mortality was even greater com-
pared to that observed during heatwaves in the absence of a pandemic.

From a computational perspective, this amplification of heatwave impacts/risks gen-
erated by the presence of pandemics can be modeled by introducing an additional layer 
of dynamic modifiers to the multi-criteria model. These modifiers capture how pandemic 
conditions reshape the key dimensions of impact assessment:

• Exposure is altered by changes in mobility patterns, lockdown restrictions, and the 
redistribution of population presence in residential vs. public spaces. During a 
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pandemic, vulnerable populations may be more confined indoors, increasing de-
pendence on housing quality and cooling infrastructure. 

• Physical vulnerability is influenced by reduced maintenance and operational capac-
ity of urban infrastructures, as well as shifts in energy demand peaks caused by in-
creased stay-at-home practices. 

• Social vulnerability is critically exacerbated: health system stress, economic down-
turn, and reduced availability of social support amplify the sensitivity of populations 
to heat stress. Moreover, the co-occurrence of respiratory illnesses with high temper-
atures increases health risks in ways not fully captured by traditional vulnerability 
metrics. 

• Hazard perception and response capacity may also change; early-warning systems, 
emergency shelters, and public health interventions can become less accessible or less 
effective under pandemic constraints. 

Methodologically, this can be operationalized by introducing a time-dependent im-
pact change function, in which baseline heatwave impact scores are adjusted according to 
pandemic-related indicators (e.g., infection rates, hospital occupancy, and mobility indi-
ces). Such a function allows for scenario-based simulations that reflect the compounding 
effects of heatwaves and pandemics, providing a more realistic representation of systemic 
urban risk. 

However, it is very difficult to analytically determine the impact variation function 
over time because it depends on numerous variables, some of which, such as the growth 
of infections and hospital admissions, are difficult to obtain at the local scale. 

The use of multi-criteria decision-making and multi-criteria decision analysis 
(MCDA) models [7] can represent an optimal solution for assessing heat wave risks in 
urban settlements in the presence of critical issues [8–10], due to their ease of modeling 
indices related to specific stressors. The use of multi-criteria fuzzy-based methods, such 
as Fuzzy AHP [11,12] and Fuzzy TOPSIS [13–15], can play a significant role in the evalu-
ation of the criteria and stress factors produced by the concomitance of different types of 
hazards in urban settlements. 

In [9] an MCDA model based on Fuzzy AHP is applied to assess the heat vulnerabil-
ity of urban public spaces; the use of fuzzy criteria allows for a more consistent modeling 
of the factors that determine urban heating in public spaces, consistent with expert rea-
soning. 

A review of fuzzy MCDA systems applied to determine heatwave risks in urban set-
tlements and to analyze and manage urban heat islands is given in [16]. 

In [17] a GIS-based fuzzy MCDA framework is proposed to evaluate which urban 
areas were most critical in the presence of heat waves in urban settlements with high pop-
ulation density and built-up areas. The framework implements the GIS-based Hierar-
chical Fuzzy-Multi-Criteria Decision Analysis (GHF-MCDA) model proposed in [18] to 
build the hierarchy of the criteria. In this model each criterion node is associated with a 
fuzzy set. The expert sets the fuzzy sets in the leaf nodes and assigns the weights to each 
criterion, using Saaty pairwise comparison matrices [19,20]. The model determines the 
fuzzy sets to assign to each criterion and evaluates the criticality of each alternative, given 
by the membership degree to the fuzzy sets in the root node, which constitutes the alter-
native’s suitability to meet the set of criteria. 

The GHF-MCDA model is used in [21] to assess the most vulnerable urban areas in 
a multi-hazard climate scenario of heatwave and pluvial flooding. The urban study area 
is partitioned into subzones, which represent the alternatives whose criticality is assessed 
during the multi-hazard scenario. The degree of criticality is determined by the suitability 
of the alternative to meet the set of criteria, called the criticality of the subzone. 
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1.2. Objective and Motivation of the Research 

In this work a GHF-MCDA-based framework is proposed to assess the growth of 
heatwave impacts on residents’ health during pandemic periods. This amplification of the 
impact/risks is determined by appropriately varying the pairwise comparison scores of 
the sub-criteria at the leaf nodes of the hierarchical model to increase the relevance of the 
most critical criteria during pandemic events. The expert assesses the impact of the pan-
demic’s presence on a criterion related to vulnerability, exposure, or hazard indices by 
varying the scores of the elements of the pairwise matrix. The increase in impact/risk in a 
subzone is assessed by comparing the criticality obtained during a heatwave scenario in 
the presence of the pandemic with that obtained in its absence. 

The primary objective of the proposed framework is to provide an assessment of the 
amplification effect of heatwave impacts/risks generated by the presence of pandemic sce-
narios, without the need to functionally determine the growth values of impacts/risks due 
to the pandemic. 

The use of a fuzzy-based GHF-MCDA model allows the expert user to construct the 
criteria hierarchy and to model the complexity of the entities of an urban settlement in its 
intrinsic and social characteristics in a simple way and close to its reasoning in order to 
evaluate, based on its knowledge, the changes in the relevance of the criteria during a 
pandemic scenario by altering the pairwise comparison matrices between them. 

The proposed framework also has the advantage of being encapsulated in a GIS-
based framework, allowing for the assessment of the spatial distribution of impacts/risks 
during heatwaves both in the absence and presence of pandemic scenarios and to analyze 
where the presence of the pandemic has generated a significant increase in risks for the 
exposed population. These characteristics make the framework a useful tool to support 
managers and local decision makers in assessing which urban areas may be most at risk 
during heatwave scenarios in the presence of pandemics so as to adopt preventive resili-
ent strategies and measures. 

In the following section the GHF-MCDA model is discussed, and the proposed 
framework is presented. The results of the experimental tests carried out in the munici-
palities of the metropolitan city of Naples, in Italy, are shown and discussed in Section 3. 
A brief concluding discussion on the benefits of the framework and future research per-
spectives is included in Section 4. 

2. Materials and Methods 
This section outlines the approach taken to evaluate the increased impacts/risks of 

heatwave scenarios during pandemics. The next section describes the GHF-MCDA model. 
The following paragraph outlines the GHF-MCDA model. Section 2.2 outlines the sug-
gested framework and details the framework’s application used to assess how pandemic-
related challenges impact heatwave risks in urban areas. 

2.1. Preliminaries: The GHF-MCDA Model 

The GHF-MCDA model [17,21] is a hierarchical fuzzy-based MCDA model aimed at 
assigning to each subzone into which an urban area is divided a score related to the degree 
to which it meets a set of criteria. 

Let A = {a1, a2, …, am} be the set of alternatives given by the urban m subzones. Let r1, 
r2, …, rn be a set of n criteria, where the criterion rk is expressed as a linguistic label of the 
fuzzy set: R୩ = ൛μୖౡ(aଵ)/aଵ, . . . , μୖౡ(a୧)/a୧, . . . , μୖౡ(a୫)/a୫ൟ  k = 1,2,…,n (1) 
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and μୖౡ(a୧) denotes the membership degree assigned to the ith alternative in meeting the 
kth criterion. 

To the kth criterion is assigned a weight αk called the Coefficient of Relative Significance 
(for short, CRS) [22]; it denotes the relevance of the kth criterion in selecting the best alter-
native. The value of αk ranges in [0, 1], and the following constraint holds: 1n෍α୩୬

୩ୀଵ = 1 (2) 

To determine αk, the Saaty’s AHP pairwise comparison matrix is used. Let B be the 
pairwise comparison nxn matrix where bkj gives the relevance of the criterion rk with re-
spect to the criterion rj. The values that can be assigned to bkj are shown in Table 1. The 
conjugate elements bjk are set to 1/bkj, and the diagonal elements bkk are set to 1. 

Table 1. Values of the Saaty’s pairwise comparison matrix. 

Relevance of rk on rj bkj Relevance of rk on rj bkj 
Equally important 1 Equally important 1 

Equally or slightly more important 2 Equally or slightly less important 1/2 
Slightly more important 3 Slightly less important 1/3 

Slightly to much more important 4 Slightly to way less important 1/4 
Much more important 5 Way less important 1/5 

Much to far more important 6 Way to far less important 1/6 
Far more important 7 Far less important 1/7 

Far more important to extremely more important 8 Far less important to extremely less important 1/8 
Extremely more important 9 Extremely less important 1/9 

The CRS value αk of the kth criterion is given by: α୩ = n ⋅ w୩ (3) 

where w୩  is the kth component of the normalized eigenvector w corresponds to the 
greatest eigenvalue solution of the characteristic equation: |𝐁 − λ𝐈| = 0 (4) 

The fuzzy set R is assigned to criterion r, placed at the root of the criteria hierarchy, 
where: 

R = ሩR୩஑ౡ୬
୩ୀଵ  (5) 

The membership degree of the ith alternative to the fuzzy set R is given by: μୖ(a୧) = min୩ୀଵ,..,୬(μୖౡ஑ౡ(a୧)) (6) 

It constitutes the score assigned to the ith alternative. 
In GHF-MCDA, each criterion is decomposed into a hierarchy of sub-criteria. Let r୩(୦) 

be the kth criterion at the level h and let r୩ଵ(୦ାଵ), r୩ଶ(୦ାଵ), … , r୩௡ೖ(୦ାଵ) be its nk sub-criteria at the 
level h+1. The fuzzy set assigned to r୩(୦) is given by: 

R୩(୦) = ሩቀR୩୨(୦ାଵ)ቁ஑ౡౠ(౞శభ)୬ౡ
୨ୀଵ  (7) 

and the membership degree of the ith alternative to Rk(h) is given by 
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μୖౡ(౞)(a୧) = min୨ୀଵ,..,୬ౡ ቊμୖౡౠ(౞శభ)஑ౡౠ(౞శభ) (a୧)ቋ (8) 

To a criterion in a leaf node, the expert assigns a fuzzy set given by a triangular fuzzy 
number (TFN) [23] built on the numerical domain of a numerical index used to evaluate 
how much the subzone meets the criterion; a TFN is easily created by setting three domain 
values (α, β, γ), with α ≤ β ≤ γ, which allows the construction of a triangular membership 
function of the form 

μୖౡ(౞)(a୧) =
⎩⎪⎨
⎪⎧0              x ≤ αx − αβ − α    α < x ≤ βγ − xγ − β    β < x ≤ γ

0              x > γ
 (9) 

Two other types of TFNs used in [17] in describing the fuzzy sets of the sub-criteria 
at the nodes are the semi-trapezoidal fuzzy sets Right function (R-function) and Left func-
tion (L-function). 

An R-function is defined by two numbers, α and β, with α ≤ β. It is generally used to 
create the first fuzzy set in the fuzzy partition of a numerical domain and is given by: 

μୖౡ(౞)(a୧) = ൞ 1              x ≤ αβ − xβ − α    α < x ≤ β
0              x > β  (10) 

An L-function is defined by two numbers, α and β, with α ≤ β. It is generally used to 
create the last fuzzy set in the fuzzy partition of a numerical domain and is given by: 

μୖౡ(౞)(a୧) = ൞ 0              x ≤ αx − αβ − α    α < x ≤ β
1              x > β  (11) 

To illustrate the process, a simple model is considered in which a root criterion is 
broken down into 3 leaf sub-criteria. Let’s define the root criterion r called good livability. 
It is hierarchically broken down into three leaf sub-criteria r1, r2 and r3, called, respectively: 
high employment rate, low crime rate, and medium per capita income. 

Suppose we consider the first two sub-criteria, high employment rate, and low crime rat 
equally important, and the third, medium per capita income, slightly more important than 
the other two. Saaty’s pairwise comparison matrix is given by: 

The fuzzy set R1 high employment rate is created on the domain of an index that 
measures the percentage of employed people in relation to all employable residents in the 
subzone, ranging from 0 to 100. It is given by the following L-function TFN: 

μୖభ(x) = ൞0              x < 10(30 − x)20    10 ≤ x ≤ 30
1              x > 30  (12) 

The fuzzy set R2 low crime rate is created on the measure of the number of crime events 
detected in the last year, ranging from 0 to 2000. It is given by the following R-function 
TFN: 

μୖమ(x) = ൞1              x < 100(x − 100)400    100 ≤ x ≤ 500
0              x > 500  (13) 
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The fuzzy set of medium per capita income is created on the measure of the annual 
average of the per capita income of the citizens, ranging from 0 to 100,000 €. It is given by 
the following TFN:

μୖయ(x) =
⎩⎪⎨
⎪⎧0                   x < 10ସx − 10ସ1.5 ∙ 10ସ      10ସ ≤ x ≤ 2.5 ∙ 10ସ7 ∙ 10ସ − x4.5 ∙ 10ସ   2. 5 ∙ 10ସ ≤ x ≤ 7 ∙ 10ସ0                   x > 7 ∙ 10ସ

(14)

The three fuzzy sets, created as triangular numbers, are shown in Figure 2.

(a) (b) (c)

Figure 2. Fuzzy sets assigned to the leaf sub-criteria high employment rate (a), low crime rate (b), and 
medium per capita income (c).

For each alternative, after acquiring the values of the criteria indexes in the leaf nodes, 
GHF-MCDA determines the membership degrees of the corresponding fuzzy sets and, 
subsequently, assigns the membership degrees of the fuzzy sets corresponding to the hi-
erarchically superior criteria generated using Formula (6).

In the example, the leaf nodes are represented by the three sub-criteria r1, r2, and r3. 
Let the values of the three indices recorded for the ith subzone a୧ be: employment rate = 
58%, crime rate = 301, and per capita income = 35,000 €. Subsequently, the values of the mem-
bership degree of the three fuzzy sets are: μୖభ(a୧) = 0.56, μୖమ(a୧) = 0.50, and μୖయ(a୧) =0.78.

To determine the CRS’s of each of the three sub-criteria, the characteristic eigenvalue 
equation (4) is solved, using the pairwise comparison matrix in Table 2; the CRS’s of the 
three sub-criteria are constituted by the normalized components of the eigenvector corre-
sponding to the largest eigenvalue.

Table 2. Saaty’s pairwise comparison matrix for the criterion good livability in the example.

1 1 ½
1 1 ½
2 2 1

The greatest eigenvalue is given by = λ = 3 and the corresponding eigenvector is v = 
(½, ½, 1). Its normalized value is: (0.25, 0.25, and 0.50).

Then, the CRS’s of the three sub-criteria are, respectively, αଵ = 0.75, αଶ = 0.75, and αଷ = 1.5.
Using (6), is obtained the membership degree to the fuzzy set R, assigned to the cri-

terion r. It is given by μୖ(a୧) = min(0.56଴.଻ହ, 0.50଴.଻ହ, 0.78ଵ.ହ଴) = min(0.65, 0.59, 0.65) =0.59. It is the score assigned to the ith alternative in satisfying the criterion.
The GHF-MCDA method is implemented in two phases. In the first phase the domain 

expert creates the hierarchical structure of criteria, assigning the fuzzy sets to each leaf 
sub-criterion. Algorithm 1 is structured in pseudocode in this phase. For each leaf sub-
criterion, the expert defines the numerical index used to evaluate the adherence to the sub-
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criterion and create as a fuzzy number the corresponding fuzzy set. For each other crite-
rion, the eigenvalue solutions of the characteristic equation (4) are found, and the eigen-
vectors of the greatest eigenvalue are determined; then the CRS assigned to the child 
nodes are calculated by (3). 

Algorithm 1: Create Hierarchical Structure of criteria 
Input:       Set of n criteria  
Output:     Hierarchical structure of criteria 
Set the n criteria r1, r2, …, rk, …, rn at the first level in the hierarchy 
Construct the L-levels hierarchical model of the criteria  
For l = L to 1 

  For each criterion r(l)k at the lth level 
   If r(l)k is a leaf node then  

     Define the numerical index used to evaluate the adherence to the 
sub-criterion 

     Create the fuzzy set R(l)k on the domain of the numerical index 
   Else 
     Create the AHP pairwise comparison matrix of the child nodes 
     Find the eigenvalues of the characteristic equation (4) 
     Compute the normalized eigenvectors of the greatest eigenvalue 

     Compute the Coefficient of Relative Significance (CRS) of the child 
nodes by (3) 

   End if 
  Next node  

Next l 

In the next phase, after partitioning the study area into subzones, the values of the 
indices associated with each leaf node are calculated for each subzone. Subsequently, for 
each subzone, the GHF-MCDA method, starting from the leaf nodes, determines the 
membership degrees to the fuzzy sets in each node based on the membership degrees to 
the fuzzy sets in its subnodes, using Formula (5). The suitability of the ith subzone is given 
by the membership degree of the subzone to the fuzzy set assigned to the radix criterion 𝜇ோభ(భ)(𝑎௜). 

The algorithm will end when the membership degree to the fuzzy set of the root 
node, which constitutes the suitability level of the subzone, has been determined for all 
the subzones. The GHF-MCDA method is schematized in pseudocode in Algorithm 2. 

Algorithm 2: GHF-MCDA method 
Input:   Spatial dataset with the subzones of the study area 
Output:  Array s[] containing the suitability of each subzone 
For i = 2 to m 

 s[i]:= 0 //initialization of the suitability value of the ith subzone 
 Compute the membership degrees to the fuzzy sets in the leaf nodes 
  For l = L to 1 
  For each node r(l)k at the lth level 
    If r(l)k is a leaf node 

    
Compute the value of the numerical index assigned to the 
node 

    Compute the membership degrees to the fuzzy set assigned to 
the node 

   Else 
    Compute the membership degree 𝜇ோೖ(ౢ)(𝑎௜) by (7) 
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   End if 
   Next r(l)k 
  Next l  
 s[i]:= 𝜇ோభ(భ)(𝑎௜) 

Next i 
Return s[] 

2.2. The Proposed Framework and Its Application to Assess the Impacts of Heatwave  
During Pandemics 

The proposed framework aims to estimate the worsening of impacts/risks generated 
by heatwaves in the presence of pandemic scenarios. The GHF-MCDA model is applied 
to evaluate the impacts generated by heatwave phenomena both during normal times 
(normal scenario) and during a pandemic emergency (pandemic scenario). 

To simulate the effect of the pandemic, variations are made to the values of the pair-
wise comparisons between the criteria, which will generate variations in the CRSs as-
signed to the criteria. 

The flow diagram in Figure 2 schematizes the framework. 
In the preprocessing phase, the MCDA hierarchical structure is created to assess the 

impact/risk of a heatwave phenomenon in the normal and pandemic scenario. In this 
phase the indices assigned to the leaf nodes and the fuzzy sets are defined. 

During the data acquisition phase, the data extracted from the census and remote-
sensed datasets are imported; then, the study area is partitioned into subzones, and the 
values of the indices are calculated by subzone. 

In the next phase, for each of the two scenarios, normal and pandemic, the pairwise 
comparison matrices between criteria are defined, and the GHF-MCDA method is exe-
cuted, where the suitability assigned to each subzone represents the criticality of the sub-
zone in the presence of the hazard scenario. Finally, the resultant criticality maps are com-
pared, and the criticality increase map is created, showing in which subzones the critical-
ity assessed in the normal scenario is significantly increased in the pandemic scenario. 

The criticality increase map allows us to analyze in which subzones the risks/impacts 
have significantly worsened due to the presence of the pandemic. If CNi is the criticality 
of the ith subzone assigned in the normal scenario and CPi is the criticality of the ith sub-
zone assigned in the pandemic scenario, then the criticality increase in the ith subzone is 
given by the formula: IC୧ = CP୧ − CN୧CN୧ ∙ 100 (15) 

It expresses as a percentage the increase in the criticality of the sub-zone in the new 
pandemic scenario. 

The framework in Figure 3 is applied to assess the impact/risks of urban subzones 
during heat waves. 
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Figure 3. Flow diagram of the proposed framework.

Figure 4 shows the hierarchical structure of the criteria. The radix node is the health 
impact generated by a heatwave hazard scenario. The criticality values CNi and CPi pro-
vide the impact on the health of the residents in the ith subzone in the presence of the 
normal and the pandemic scenarios, respectively.

The hazard scenario is evaluated by measuring the Land Surface Temperature (LST), 
a satellite measure of the soil temperature, and calculating the mean LST in the subzone.

The exposure is evaluated by measuring both the population living in the subzone 
and the population density.

The vulnerability is partitioned in the vulnerability of the physical element’s residen-
tial buildings and open spaces and in the social vulnerability. The residential buildings’ 
vulnerability is evaluated by considering the density of old buildings and the density of 
reinforced concrete buildings. Open space vulnerability is evaluated by considering the 
coverage of healthy vegetation and of waterproof soil; these two measures are obtained 
by the satellite Normalized Difference Vegetation Index (NDVI). Social vulnerability is 
evaluated by measuring the percentage of vulnerable residents and the unemployment 
and homeless rates.
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Figure 4. Hierarchical structure of the criteria.

In Table 3, for each leaf sub-criterion is described the index related to the criterion 
and the source used to calculate the index.

Table 3. Description of the indices related to the leaf sub-criteria.

Parent Criterion Leaf Sub-criterion Index Source

Hazard scenario High LST Mean Land Surface Temperature in the subzone Multispectral 
satellite imaging

Exposure

High population 
density Number of residents by kmq Population and 

building census
Small residential 

housing area per in-
habitant

Average residential housing area per inhabitant, in square me-
ters

Population and 
building census

Residential 
building vulner-

ability

High density of old 
buildings Number of old buildings by kmq Population and 

building census
High reinforced con-

crete buildings Number of reinforced concrete buildings by kmq Population and 
building census

Open spaces 
vulnerability

Low cover of 
healthy vegetation

Surface covered by healthy vegetation with respect to the sur-
face of the subzone

Multispectral 
satellite imaging

High cover of water-
proof open spaces

Surface covered by waterproof open spaces with respect to the 
surface of the subzone

Multispectral 
satellite imaging

Social vulnera-
bility

High percentage of 
vulnerable residents

Percentage of vulnerable residents (sum of the number of chil-
dren under 5 years old and the number of elderly people aged 

65 and over) with respect to the number of inhabitants

Population and 
building census

High unemployment
rate Percent of unemployed residents Population and 

building census
High number of 
family members

Mean number of members per family Population and 
building census

The pairwise comparison matrices between sub-criteria refer to a normal scenario are 
reported in Tables 4–9. The pairwise comparisons were constructed based on the assess-
ments performed by an expert in climate risk issues in urban settlements. The expert is a 
long-standing domain expert, with in-depth knowledge of the issues relating to climate 
and environmental risks in urban agglomerations. He used the framework as a user, 
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setting TFNs at the nodes and scoring the pairwise comparison matrices for the normal 
and pandemic scenarios. 

Table 4. Pairwise comparison matrix of the radix criterion health impact in a normal scenario. 

 Hazard Scenario Exposure Vulnerability 
Hazard Scenario 1 1 1 

Exposure 1 1 1 
Vulnerability 1 1 1 

Table 5. Pairwise comparison matrix of the radix criterion exposure in a normal scenario. 

 High Population Density Small Residential Housing Area per Inhabitant 
High population density 1 1 

Small residential housing area per in-
habitant 1 1 

Table 6. Pairwise comparison matrix of the radix criterion vulnerability in a normal scenario. 

 Residential Building Vulnerability Open Space Vulnerability Social Vulnerability 
Residential building vulnera-

bility 1 2 1 

Open spaces vulnerability 1/2 1 1/2 
Social vulnerability 1 2 1 

Table 7. Pairwise comparison matrix of the radix criterion residential building vulnerability in a 
normal scenario. 

 High Density of Old Buildings High Density of Reinforced Concrete Buildings 
High density of old buildings 1 2 

High density of reinforced concrete 
buildings 1/2 1 

Table 8. Pairwise comparison matrix of the radix criterion open spaces vulnerability in a normal 
scenario. 

 Low Cover of Healthy Vegetation High Cover of Waterproof Open Spaces 
Low cover of healthy vegetation 1 3 

High cover of waterproof open spaces 1/3 1 

Table 9. Pairwise comparison matrix of the radix criterion social vulnerability in a normal scenario. 

 High Percentage of Vulnerable 
Residents 

High Unemployment 
Rate 

High Number of Family 
Members 

High percentage of vulnerable 
residents 1 1 1 

High unemployment rate 1 1 1 
High number of family mem-

bers 1 1 1 

The expert was asked to review the pairwise comparison matrices to see what 
changes to make in a heatwave pandemic scenario. 

The following tables show the revised pairwise comparison matrices in a pandemic 
scenario. 
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The pairwise comparison matrix of the radix criterion, health impact, has not under-
gone any changes. Instead, the pairwise comparison matrix of the criterion exposure is 
changed (Table 10). The expert believed that in a pandemic scenario, the residential hous-
ing area per inhabitant is a slightly more significant indicator than the population density. 
In bold are shown the modified scores. 

Table 10. Pairwise comparison matrix of the radix criterion exposure in a pandemic scenario. 

 High Population Number Small Residential Housing Area Per Inhabitant 
High population density 1 1/2 

Small residential housing area per in-
habitant 2 1 

In the pairwise comparison matrix of the criterion vulnerability the expert believed 
that in a pandemic scenario, the social vulnerability is of equal or slightly more significant 
than the building vulnerability and is slightly more important than the open space vul-
nerability (Table 11). 

Table 11. Pairwise comparison matrix of the radix criterion vulnerability in a pandemic scenario. 

 Residential Building Vulnerability Open Space Vulnerability Social Vulnerability 
Residential building vulnera-

bility 1 2 1/2 

Open spaces vulnerability 1/2 1 1/3 
Social vulnerability 2 3 1 

The pairwise comparison matrices of the criteria residential building vulnerability 
and Open space vulnerability have not undergone any changes. Instead, the pairwise 
comparison matrix of the criterion social vulnerability is changed (Table 12). The expert 
believed that in a pandemic scenario, the percentage of vulnerable residents is more sig-
nificant than the unemployment rate and the homeless rate (Table 12). This assessment is 
motivated by the fact that, in times of pandemic emergency, young children and the el-
derly are particularly vulnerable compared to other segments of the resident population. 

Table 12. Pairwise comparison matrix of the radix criterion social vulnerability in a pandemic sce-
nario. 

 High Percentage of Vul-
nerable Residents 

High Unemployment 
Rate 

High Number of Family 
Members 

High percentage of vulnerable resi-
dents 

1 4 4 

High unemployment rate 1/4 1 1 
High number of family members 1/4 1/4 1 

The GHF-MCDA algorithm is run twice, once for the normal scenario and once for 
the pandemic scenario. The result of the GHF-MCDA algorithm is a criticality thematic 
map showing the spatial distribution by subzone of the criticality in the range [0, 1]. The 
criticality increase map is obtained by comparing the criticality values obtained for the 
two scenarios. 
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3. Results and Discussion 
The framework was tested on a study area comprising all 92 municipalities of the 

metropolitan city of Naples, Italy (Figure 5). The 92 municipalities constitute the subzones 
whose health impacts are assessed during normal and pandemic scenarios. 

In the study area, several summer heat waves have been recorded in recent years, 
which can generate health alarms due to the high average density of the resident popula-
tion. 

 

Figure 5. The municipalities in the metropolitan city of Naples (Italy). 

The subzones of the study area are represented by municipalities with different ur-
ban and socio-demographic characteristics. The municipalities located in the vicinity 
north and east of the city of Naples are more densely populated and have a higher density 
of built-up areas than the island municipalities and coastal municipalities further from the 
city. 

The data used in the experimental tests, aggregated by municipality, include: 

• census data provided by the Italian Institute of Statistics (ISTAT), aggregated by cen-
sus zone and municipality; 

• remote-sensed LST dataset with a resolution of 30 × 30 m, obtained by Landsat mul-
tispectral imaging on a heatwave scenario of 12 days occurred between 31 July 2022 
and 11 August 2022; 

• remote-sensed NDVI dataset with a resolution of 10 × 10 m, obtained by Landsat 
multispectral imaging on a heatwave scenario of 12 days that occurred between 31 
July 2022 and 11 August 2022. 

All data were aggregated by municipality to determine the index values at the leaf 
nodes for each subzone. 

The framework was implemented in the suite ESRI ArcGIS Pro 3.5 using the ESRI 
ArcPy Python 2.4 libraries. 

The fuzzy numbers assigned to the leaf nodes by the expert consist of L-functions 
and R-functions. Table 13 specifies the fuzzy numbers defined for each leaf node. 
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Table 13. Fuzzy numbers assigned at the leaf nodes. 

Fuzzy Set Type α  β  
High percentage of vulnerable residents L-function 0.1 0.3 

High unemployment rate L-function 0.04 0.2 
High number of family members L-function 2 3 
Low cover of healthy vegetation R-function 0.1 1 

High cover of waterproof open spaces L-function 0.01 0.5 
High density of old buildings L-function 10 200 

High density of reinforced concrete buildings L-function 10 200 
Small residential housing area per inhabitant R-function 1 130 

High population density L-function 100 15,000 
High LST coverage L-function 30 50 

In Figure 6 the thematic map of the impact during the heatwave scenario is shown. 

 

Figure 6. Thematic map of heatwave normal impact scenario. 

The map shows the distribution of heatwave impacts, classifying them into three lev-
els: high, medium, and low. Areas with a high impact level are concentrated around the 
municipality of Naples, especially in the northern part. Further high levels of impact are 
found in the southern area around the municipalities of Castellammare di Stabia and 
Torre Annunziata, two large, densely populated cities with a compact building fabric and 
a scarcity of green areas. The northeastern municipalities respond better thanks to the high 
quantity of green areas and low building and population density. 

In Figure 7 the thematic map of the impact during the pandemic scenario is shown. 



Information 2026, 17, 97 16 of 22 
 

https://doi.org/10.3390/info17010097 

 

Figure 7. Thematic map of heatwave pandemic impact scenario. 

The map shows the distribution of pandemic impacts, classifying them into three 
levels: high, medium, and low. Compared to the heatwave scenario, the pandemic one 
highlights a general increase in heatwave impacts. This increase mainly affects municipal-
ities located in the northern part of the Naples metropolitan area, within the denser urban 
continuum surrounding the city, as well as other compact urban centers in the southern 
part of the study area. These municipalities are characterized by high population density 
and high building density, conditions that tend to exacerbate heat-related impacts. 

Municipalities with lower population density and a greater presence of vegetated or 
permeable areas show more stable impact levels in the two scenarios, indicating a greater 
ability to mitigate the effects of heatwaves even under pandemic conditions. 

These results are consistent with the assessments made by the expert, who deemed 
the results obtained for the municipalities with the greatest criticalities to be correct in 
both the normal and pandemic scenarios, based on his knowledge of the housing, build-
ing, environmental, and social characteristics of the municipalities in the metropolitan city 
of Naples. 

Table 14 lists the municipalities most affected by both phenomena. 

Table 14. The most impacted municipalities. 

Municipality Heatwave Impact—Normal Scenario Heatwave Impact—Pandemic Scenario  
San Giorgio a Cremano 0.637 0.733 

Casavatore 0.578 0.595 
Portici 0.454 0.529 
Napoli 0.443 0.549 
Cardito 0.378 0.480 
Arzano 0.378 0.480 

Mugnano di Napoli 0.375 0.477 
Melito di Napoli 0.357 0.445 

Casalnuovo di Napoli 0.328 0.424 
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Grumo Nevano 0.327 0.424 

As can be seen from the results, the 10 municipalities with the highest heatwave im-
pact values all have pandemic impact values above 0.40. In these municipalities, which 
were already the most critical in a normal scenario, the intensification of critical factors in 
the pandemic scenario produces a further increase in the impacts on residents’ health. 

Figure 8 shows the criticality increase map, obtained by the criticality comparison 
process. 

 

Figure 8. Thematic map of criticality increase. 

As for the previous outputs, the results are classified into three levels: high, medium, 
and low increase. Municipalities that already had high values during the heatwave sce-
nario show a limited relative increase under pandemic conditions. In these areas, expo-
sure and vulnerability levels are already high, and the pandemic scenario causes a mar-
ginal amplification of pre-existing critical conditions. Conversely, the highest increases in 
criticality are observed in municipalities that had medium or low impact levels in the nor-
mal heatwave scenario. With the pandemic, they appear to be affected by a significant 
reconfiguration of the conditions of exposure and vulnerability. Although their absolute 
criticality values remain lower than those of the most affected municipalities, the relative 
increase is significant and demonstrates how sensitive these municipalities are to the ef-
fects of the pandemic. 

Evaluation of the Robustness of the Results 

To assess the robustness of the findings, a modification was applied to the experts’ 
assessments concerning the pandemic scenario, changing the scores in the pairwise com-
parison matrices of the root criteria exposure (Table 15) and vulnerability (Table 16), 
where the score given by the expert is indicated in brackets, and the revised score is high-
lighted in bold. In the pairwise comparison matrix for the root criterion exposure, a higher 
importance (score of 3, compared to the earlier score of 2 set by the expert) was given to 
the sub-criterion Small residential housing area per inhabitant over the sub-criterion high 
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population density. In the pairwise comparison matrix for the root criterion vulnerability, 
more significance was attributed to the sub-criterion social vulnerability than to the sub-
criteria residential building vulnerability, and social vulnerability (the new scores are, re-
spectively, 4 and 3, compared to the earlier values provided by the expert, which were 3 
and 2). 

Such variations are compatible with degrees of uncertainty that can be attributed by 
the expert when assigning scores in pairwise comparisons between the criteria. 

Table 15. Pairwise comparison matrix of the radix criterion exposure in a pandemic scenario. 

 High Population Number Small Residential Housing Area Per Inhabitant 
High population density 1 1/3 (1/2) 

Small residential housing area per in-
habitant 3 (2) 1 

Table 16. Pairwise comparison matrix of the radix criterion vulnerability in a pandemic scenario. 

 Residential Building Vulnerability Open Space Vulnerability Social Vulnerability 
Residential building vulnera-

bility 
1 2 1/3 (1/2) 

Open spaces vulnerability 1/2 1 1/4 (1/3) 
Social vulnerability 3 (2) 4 (3) 1 

These changes in the pairwise comparison matrix scores did not alter the order of the 
most critical municipalities, as shown in Table 17. The resulting criticalities increased 
slightly for all municipalities, but this increase was not significant. The largest difference 
between the determined criticality values is 0.016. 

Table 17. Criticality values of the most impacted municipalities in the old and new pandemic sce-
narios and the difference between the criticality values obtained in the two scenarios. 

Municipality 
Heatwave Impact—Pandemic Sce-

nario 
Heatwave Impact—New 

Pandemic Scenario Heatwave Impact Difference 

San Giorgio a Cremano 0.733 0.736 0.003 
Casavatore 0.595 0.611 0.016 

Napoli 0.549 0.555 0.007 
Portici 0.529 0.531 0.002 
Cardito 0.480 0.492 0.012 
Arzano 0.480 0.484 0.004 

Mugnano di Napoli 0.477 0.481 0.004 
Melito di Napoli 0.445 0.453 0.008 

Casalnuovo di Napoli 0.424 0.429 0.005 
Grumo Nevano 0.424 0.427 0.003 

These results show that the framework is stable under slight variations in the param-
eters associated with the pairwise comparison matrix scores. 

4. Conclusions and Future Works 
The proposed framework has demonstrated its effectiveness in assessing and spa-

tially representing the health impacts of heatwaves in complex urban contexts, both under 
ordinary conditions and in pandemic emergency scenarios. Its application to the metro-
politan area of Naples, characterized by pronounced urban and socio-demographic 
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heterogeneity, made it possible to identify clear territorial patterns that are consistent with 
the physical and settlement characteristics of individual municipalities. 

Beyond confirming well-established relationships between urban form, population 
density, and heatwave impacts, the framework allows these structural patterns to be in-
terpreted within alternative systemic stress conditions, highlighting how their relevance 
persists or is reshaped under compound crisis scenarios. 

The results show that the highest heatwave impacts are strongly correlated with high 
population density, compact urban fabric, and limited availability of vegetated surfaces. 
Municipalities belonging to the central and peri-urban continuum of Naples systemati-
cally exhibit higher criticality, confirming the role of intense urbanization as an amplifying 
factor of vulnerability to extreme heat. 

Importantly, these results should not be interpreted as purely descriptive correla-
tions but as evidence of how structural urban characteristics condition the sensitivity of 
territories to additional stressors, such as pandemic-related constraints. 

Conversely, municipalities with a greater presence of green areas and lower building 
density display a higher capacity to mitigate impacts, even under extreme climatic condi-
tions. 

The analysis of criticality increase provides further interpretative insights. In munic-
ipalities that were already highly critical under the baseline heatwave scenario, the pan-
demic results in a limited relative increase, as risk conditions are structurally elevated. In 
contrast, the largest relative increases are observed in municipalities that, under normal 
conditions, exhibited medium or low impact levels. This finding highlights how the pan-
demic can significantly alter the balance of exposure and vulnerability factors, abruptly 
increasing the fragility of territories that appear less critical under ordinary circumstances. 

This behavior confirms that pandemic conditions do not simply amplify pre-existing 
heatwave impacts but can actively reconfigure the balance between exposure and vulner-
ability components, revealing latent fragilities that remain hidden in single-hazard assess-
ments. These findings are consistent with previous studies on heatwave–COVID-19 inter-
actions, which highlight how pandemic-related limitations—such as reduced mobility, 
prolonged indoor exposure, and increased pressure on health and social systems—can 
exacerbate heat-related impacts beyond what is captured by single-hazard assessments. 
Unlike epidemiological approaches based on ex-post health outcomes, the proposed 
framework supports ex-ante scenario analysis. 

Overall, the framework is confirmed as a flexible and robust tool to support spatial 
planning and public health prevention policies, enabling the identification of both struc-
turally vulnerable areas and those that are particularly sensitive to concurrent crisis sce-
narios. 

In particular, the use of fuzzy pairwise comparison matrices enables the incorpora-
tion of expert knowledge to represent scenario-dependent shifts in the relative importance 
of criteria, overcoming the current lack of analytical models capable of deterministically 
describing how urban risk profiles transform under pandemic conditions. 

Future developments may include the integration of dynamic data, such as mobility 
flows, time-dependent health data (e.g., hospital admissions and mortality), and updated 
socio-economic indicators, in order to enhance the framework’s sensitivity to temporal 
variability and rapidly evolving emergency conditions. 

Such developments would further enhance the framework’s role as an exploratory 
decision-support system, supporting ex-ante scenario analysis rather than ex-post impact 
evaluation. 

Finally, the results suggest the need to strengthen nature-based adaptation policies, 
such as increasing green infrastructure and permeable surfaces, particularly in municipal-
ities that exhibited marked increases in criticality under the pandemic scenario. In this 
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perspective, the framework could evolve into a decision-support tool for the ex-ante eval-
uation of the effects of urban planning interventions and climate mitigation strategies on 
public health. By comparing alternative scenarios, decision makers can identify not only 
structurally critical areas but also territories whose vulnerability is highly sensitive to 
changes in social and environmental stress conditions. 

A further line of research concerns the extension of the model to other combined risk 
scenarios, such as the co-occurrence of heatwaves with air pollution events or energy 
blackouts, which are increasingly frequent in the context of climate change. Moreover, 
applying the framework to other metropolitan areas would allow its transferability to be 
assessed and enable comparisons among different patterns of urbanization and territorial 
resilience. In this perspective, the proposed approach contributes to a more realistic rep-
resentation of systemic urban risk, explicitly acknowledging uncertainty and complexity 
as intrinsic features of compound hazard scenarios. 
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