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Abstract
Due to its geographical location, geomorphology and socio-economic context, Beira
(Mozambique) is one of the cities most threatened by climate change worldwide. The
large-scale destruction wreaked by Cyclone Idai in March 2019 has turned the spotlight
on the vulnerability of the city to extreme weather events. Correspondingly, Politecnico
di Torino has launched an interdisciplinary master thesis laboratory to support Comunità
di Sant’Egidio in developing a vision for the future of Beira, based on sustainability and
resilience to climate change. In this context, the objective of the present work is to depict
the future of the extreme climatic conditions that are likely to affect the area in the next
decades.
To pursue this aim, a multi-model ensemble of climate simulations from CMIP6 (sixth
phase of the Coupled Model Intercomparison Project) has been employed to analyse
future projections under two alternative scenarios. Based on daily temperature and
precipitation data, indices of moderate climate extremes are computed and analysed. The
performance of models in simulating the indices in the study area is firstly assessed by
comparing them with indices derived from the ERA5 reanalysis dataset. Subsequently,
trend analysis and the temporal comparison of probability density functions are employed
to assess the projected changes of the indices.
The results obtained for indices based on maximum and minimum daily temperature are
consistent with global warming. An increase in the intensity and frequency of temperature
extremes is projected along the 21st century for both future scenarios. On the other side,
projections concerning precipitation indices are more uncertain, given that models often
disagree on the sign of change. Nonetheless, the results suggest the increase in the drought
conditions and of the intensity and variability of heavy rainfall under the high emission
scenario. Besides, extreme precipitation events are expected to last longer, thus
potentially increasing the risk of flooding.
Furthermore, a methodology has been proposed to extrapolate from the observed indices
information about the critical precipitation events that have devastated the area in the past
(e.g. cyclone Idai). This empirical approach has led, despite a certain degree of
uncertainty, to correlate the values of internationally recognised indices with high-return
period precipitation events and to predict an increase of their frequency according to
future projections.
The output of this work is intended to be useful for data-based decision making regarding
adaptation strategies and for future studies on the climate of the area.
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1. INTRODUCTION
1.1

Beira after the storm

Climate change is affecting weather and climate patterns in every region of the globe.
Extensive changes in the atmosphere, hydrosphere, cryosphere and biosphere have been
attributed to the human influence on the climate system, and risk continuing at such a
pace that societies might not be able to adapt.
Mozambique is one of the countries of Africa most threatened by climate change. The
reason is the socio-economic vulnerability of the country and its exposure to climate
hazards.
Mozambique is the ninth country with the lowest human development index (HDI) in the
world1. After 15 years of violent civil war (from 1977 to 1992), Mozambique emerged as
one of the most impoverished economies worldwide. Since then, the economy has
undertaken sustained growth but is still characterized by strong inequalities2. Over 46%
of Mozambicans live in chronic poverty, unable to satisfy basic food needs, without
having access to basic services such as education and adequate housing. This percentage
rises to 50% in the province of Sofala, which is the study area in this thesis (Trujillo, M.,
2019).
Most Mozambicans live in rural areas (84% of the total population, often in informal
settlements) and work in the agricultural sector, most of the time for their subsistence.
Indeed, the economy of Mozambique is largely based on agricultural production (25% of
the country’s GDP), one activity that is being heavily affected by altered precipitation
and drought patterns, especially in rain-fed fields (Jägermeyr et al.,2021). Expanding and
promising sectors for the economy of Mozambique are liquefied natural gas production3
and eco-tourism (Da Silva, Jose Juliao, 2019).

1

https://hdr.undp.org/en/content/human-development-index-hdi
https://www.worldbank.org/en/news/infographic/2018/11/14/mozambique-poverty-assessment-strongbut-not-broadly-shared-growth
3
https://www.bbc.co.uk/news/world-africa-22008933
2
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Mozambique is located in South-Eastern Africa, bordered by the Indian Ocean throughout
2300km of coastline, in front of Madagascar. The climate is tropical, characterized by
two seasons: a wet season from October to March and a dry season from April to
September. Its geographical location has some inconveniences, among which is to
function as natural drainage of water from the Africa interior. Indeed, rivers flow in a
West-East direction ending into the ocean, and the topography is characterized by a
descending altitude towards the coast, a succession of mountains, plateaus and plains (Da
Silva, Jose Juliao, 2019). During the rainy season, the coastal lowlands are often subjected
to flooding due to overflowing rivers, coastal storms and tropical cyclones. These hazards
are critical since about 40% of the population lives on the coasts, making it the most
densely populated area in the country. Over the course of its history, Mozambique has
had to deal with a succession of natural disasters with devastating impacts, including
floods due to meteorological extreme events and prolonged droughts.

Figure 1: Mozambique maps. Left: Population density of Mozambique, in thousands inhabitants.
Right: Topography of Mozambique, colours represent the altitude in meters.
Source: The World Bank, 2012.

In this context, is important to address the role of climate change, to investigate how it
affects the climate hazards that already in the past have caused widespread destruction
(Appendix B). The intensification of the hydrological cycle and the sea level rise are
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among the well-documented effects of climate change that pose a threat to the coastal
communities of Mozambique. Mozambique ranked fifth worldwide by the value of the
Global Climate Risk index between 2000 and 2019 and first considering only 2019
(Eckstein et al., 2021). The negative primacy in 2019 is a consequence of the large-scale
destruction caused by Tropical Cyclone Idai, which hit the centre of the country causing
thousands of fatalities and enormous damages. The area most impacted by the Cyclone
was the Province of Sofala, in central Mozambique, with 53% of the inhabitants affected
(Trujillo, M., 2019).
The capital of this province, the city of Beira, is the fourth largest city of Mozambique,
home of approximately half a million inhabitants. It has a strategic relevance for the
country because of its port, a gateway for trade. The settlements, mostly informal, are
characterised by high population density, inadequate infrastructure and a high rate of
poverty (Spekker et al., 2017). The city is situated in a wetland, at a point of convergence
of the Buzi and Pungwe Rivers – two major water bodies of Mozambique and is largely
located below the high tide level (Chemane et al., 1997).

Figure 2: Left:Location of the Sofala province in Mozambique. In red, the area of the city of Beira. Source: Estatisticas
do
distrito
cidade
de
Beira.
Right: Satellite image of the city of Beira, washed by Pungwe and Buzi rivers. Source: Earthstar Geographics, webmap
by ESRI;

According to the International Red Cross, Cyclone Idai destroyed 90% of the city of
Beira4. The cyclone made landfall near the city on 14th March 2019 bringing a

4

https://www.africanews.com/2019/03/19/beira-the-mozambican-city-barred-beaten-battered-by-cycloneidai/
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combination of strong winds (180-220 km/h), heavy rain (200mm in 24 hours) and storm
surges (over 4 meters). An estimated 3,000 sq. km of land and 700.000 hectares of
cultivated land were flooded and about 1.5 million people were heavily affected (Trujillo,
M., 2019). An insight into Cyclone Idai is contained in Appendix B.

Figure 3: Flooding after the passage of TC IDAI in Mozambique, near Beira. Sources:
left:
https://www.cesvi.eu/news/cyclone-idai-tragedy-mozambique/
right:
National Institute of Disaster Management, Mozambique

Figure 4: Map illustrating the cumulative satellite detected
surface waters in the Sofala province and its surroundings, as
observed from the Sentinel-1 imagery acquired between 13 &
26 March.
Source: UNITAR (https://unitar.org/maps/countries/67)
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In the context of these tragic events, Politecnico di Torino launched the interdisciplinary
master thesis laboratory: “After the storm. Designing post-cyclone strategies for the city
of Beira, Mozambique”. The aim is to support the Comunità di Sant’Egidio, which
operates on the territory, in developing a vision for the future of Beira, based on
sustainability and resilience to climate change.
Indeed, extreme weather events of this magnitude could recur and potentially become
more frequent or more intense due to current climate change. After Idai, Cyclone Eloise
hit Beira on 23 January 2021, causing further damage to a city that has not yet fully
recovered from the destruction of 2019. In the first few months of 2022 alone, five tropical
storms formed in the Mozambique Channel, bringing torrential rain and strong winds to
the coastal populations of Madagascar and Mozambique. Such a high number of storms
in such a short time has not been repeated since 19755.
The vulnerabilities of the city to extreme weather events pose a huge adaptation
challenge. Beira must necessarily be ready and take the opportunity to rethink itself in a
way that is safe for its inhabitants. The municipality of the city, together with external
partners, has elaborated after the disaster of 2019 the Municipal Recovery and Resilience
plan to ‘Built Beira Back better’6.
The present work intends to fit into this ambition. The objective is to analyse data from
climate models concerning the future of climate extremes in the city area and understand
how they are expected to change during the 21st century. In particular, extremes of
temperature and precipitation will be studied according to established methodologies
in the field of climatology, but also new approaches will be explored. Finally, the results
will be discussed and related to climate change, and possible impacts to the community
will be outlined. The output of this thesis is intended to be useful to support climate
change adaptation strategies and actions, and for future studies on the climate of the area.

5

https://www.gdacs.org/
https://www.slideshare.net/BasAgerbeek/beira-municipal-recovery-and-resilience-plan-volume-1-mainreport
6
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Figure 5: Representation of the Beira city with its main elements: the port, the coast, the social infrastructures.
Source: https://storymaps.arcgis.com/stories/2112d5d782004c9ea79069c2de881748

1.2

Climate extremes, how are they monitored?

This study consists of an investigation of future temperature and precipitation extremes
over the area of Beira, Mozambique, through the analysis of data derived from state-ofart General Circulation Models (see Chapter 2).
First of all, what is meant by an ‘extreme’?
Building on the definition given in the last IPCC report, an extreme weather event is “an
event that is rare at a particular place and time of year” and an extreme climate event is
“a pattern of extreme weather that persists for some time, such as a season” (IPCC, 2021).
The concept of ‘extreme’ in climatology is not straightforward. The complex nexus of
dynamic and thermodynamic processes that happen in the atmosphere as well as the
hydrosphere or the terrestrial environment, results in highly variable conditions including
temperature and precipitation, which can be defined as ‘extreme’. Extreme events can
extend over different spatial and temporal scales, including, for instance, the passage of
a tornado for a few minutes or a drought condition in a region that lasts for decades (IPCC,
2012). Moreover, the extremity of an event depends on the geographical context. For
instance, the occurrence in Northern Europe of one month of daily temperatures that
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normally occur in Beira would be considered as a heat wave. In this thesis, the focus is
given on climate extremes rather than weather extremes, although the concepts are
interconnected. Sometimes the term ‘extreme’ includes also the outcomes that physical
phenomena have on human society or the natural environment. In this case, the definition
becomes even more complex, since it is strictly dependent on the stakeholders involved
and their critical thresholds (social, ecological or physical). Nonetheless, in this thesis, a
climate extreme refers only to the physical dimension; in contrast, the term ‘impact’ is
used for the resulting outcomes on society and ecosystems (section 5.5).
A changing climate leads to a variation in the intensity, frequency, duration, timing and
geographical extent of climate extremes (IPCC, 2012). Figure 6 shows that the change of
the probability distribution of a climate variable (e.g. daily maximum temperature) is
linked to the changes in the extremes. In a changing climate, the distribution might shift
(change of the mean), widen/narrow (change in variability), change its shape or of all
these together. Thus, an increase in the occurrence of warm days (daily maximum
temperature above a certain threshold) may result from an increase in the mean daily
maximum temperature, a change in the variance or shape of its frequency distribution.

Figure 6: Left: The effect of changes in temperature distribution on
extremes. a) effects of a shift of the entire distribution toward a warmer
climate; b) effects of an increased temperature variability; c) effects of
a variation in the shape of the distribution, i.e. an increased asymmetry
toward the hotter part of the distribution. Source: IPCC, 2012
Right: probability distribution of daily precipitation. The extremes are
located at the right-tail of the distribution. Source: Zhang et al. (2011)
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A relevant question is how regional changes in the extremes can be inferred from the
mean global climate changes. This is important because of the implications that global
mean temperature targets have on climate extremes7. Due to the complex nature of the
climate systems, there is not necessarily a linear relation, especially for precipitation,
between the global mean climate and the local mean or extreme climate. For instance,
regional feedbacks such as soil moisture-temperature feedback8, enhances temperature
extremes compared to mean changes. Especially in coastal regions like the coastline of
Mozambique, regional changes depend on how the global forcings influence the
atmospheric patterns (IPCC, 2012). Regional analysis is, therefore, necessary to
investigate changes in the extremes.
Moreover, these non-linearities may eventually bring to abrupt changes in the climate
systems, leading to variations in the extremes greater than could be expected with gradual
warming. If tipping points are crossed, the result could be a high impacts scenario for
society.
Among these challenges, how are climate extremes monitored and studied?
A large quantity of the literature on climate extremes is based on the usage of so-known
‘extreme indices’. They began to appear and spread during the 1990s when there was a
distinct need for a standardised methodology in the global scientific community to study
climate extremes, exchange results and data among different studies and countries
(Alexander et al., 2019). Although many different indices have been proposed and used,
the most commonly employed are the internationally recognised ETCCDI indices. They
were formulated by the Expert Team on Climate Change Detection and Indices
(ETCCDI), a group of experts co-sponsored by the World Meteorological Organisation
(WMO) Commission for Climatology (CCl), the World Climate Research Programme
(WCRP) and the Joint Technical Commission for Oceanography and Marine
Meteorology (JCOMM). A set of 27 core indices that measures the frequency, intensity,
and duration of temperature and precipitation extremes at the annual timescale
employing daily climate data9. They can be sub-divided into three subgroups. The first
7

For instance, the Paris Agreement, whose target is to keep the mean global temperature anomaly
compared to pre-industrial era “well below 2°C”
8
increasing temperatures result in a higher atmospheric moisture demand, which can induce soil drying
and further enhance the temperature increase, in a positive feedback mechanism
9
http://etccdi.pacificclimate.org/list_27_indices.shtml
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type of indices describes the maximum or minimum annual temperature or precipitation
amount. They have been employed to infer design values for engineering structures
(Zhang et al., 2011). The second type measures the number of days in a year in which
absolute or relative thresholds are exceeded. Relative thresholds are based on percentiles
of the base period climate10 computed for each calendar day, and for this reason, they are
meaningful in every region regardless of the local climate. However, this approach can
lead, for instance, to a ‘heat wave’ in the middle of the winter and to a ‘wet day’ in the
middle of the dry season. Therefore, the choice of the index can vary depending on the
application: for impact studies, absolute thresholds are preferred, while for climate
change studies percentile-based thresholds are favoured. The third type of indices
measures the annual maximum duration of periods of wetness, dryness, heat or cold. All
the indices describe ‘moderate climate extremes’ i.e. events occurring one or a few times
in a year. Therefore, they do not characterize rare events located at the very end of the tail
of the distributions (with high return periods), which are instead studied with the Extreme
Value Theory (ETV)11.
The full set of 27 core indices is listed in Zhang et al. (2011). In the following pages, a
subset of these is computed and analysed. Moreover, some more indices have been
defined to deepen the characterization of climate extremes over the area of Beira. The
rationale of using those indices, their formulation, and their meaning is going to be
detailed in the correspondent section of the methodology (3.1).
The next chapter (Ch. 2) describes the climate data and models employed. Chapter 3
details the methodology for investigating future climate change extremes in the area of
interest. Chapter 4 is devoted to the results obtained, while chapters 5 and 6 are dedicated
to the discussion of the results and conclusions, respectively.

10
11

e.g. 95th percentile of 1961-1990 daily precipitation time series
A statistical methodology to model the probability of the least probable events (Abarbanel et al., 1992)
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2.

DATA AND MODELS

2.1

Climate Models

The fulfilment of the purpose of this work, described above, is implemented through the
manipulation and statistical analysis of climate data. Particularly, the Climate Extremes
Indices (ETCCDI) are computed starting from daily data, namely maximum and
minimum temperature and precipitation. These were retrieved as the outputs of climate
models, numerical representations of the climate system that allow the understanding of
how the climate may change in the future. General Circulation Models (GCMs), and
more, in particular, the Earth System Models (ESMs), are the most complex class of
climate models simulating the physics, chemistry and biology of the atmosphere, land
and oceans in great detail all around the globe. For this reason, they require
supercomputers to generate their outputs. GCMs describe the climate using a threedimensional grid on the globe, each model being characterized by a certain horizontal,
vertical resolution and grid type. Differential equations (converted in computer codes),
representing physical processes of the climate system, are solved giving as output the
climate variables characterizing each box at each time step. Regional Climate Models
(RCMs) are built from the GCMs by employing downscaling techniques to solve the
climate system to higher spatial resolution (~ 10 − 50𝑘𝑚) compared to GCM (~ 100 −
1000𝑘𝑚). They are important for impact analyses at the regional scale, providing
projections with greater detail and a more accurate representation of localised extreme
events12 . Although this study is concerned with analysing future climate projections at a
local scale (the area surrounding Beira) and therefore regional models would be more
suitable, it was decided to use state-of-the-art global models instead of more aged regional
modes.

12

https://cordex.org/about/what-is-regional-downscaling/
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Figure 7: A representation of a General Ciculation Model. The Earth is subdivided into boxes that are connected
through fluxes of mass and energy. In each box, numerical equations representing physical and chemical processes
are solved. 13

The Working Group on Coupled Modelling (WGCM) of the World Climate Research
Programme (WCRP) started the Coupled Model Intercomparison Project (CMIP) in
195514. Its objective is to set up a collaborative framework in which scientists can share
and compare their models, that guarantees high quality gridded data across the globe in a
standardized format. A multi-model context is crucial to international climate change
assessments (Li et al., 2021). This coordinated effort, in which multiple climate models
have been run for a common set of experiments (common experiment protocols, forcings
and outputs), allows performing Multi-Model Ensembles (MMEs) analyses. MMEs are a
set of simulations derived from structurally different models. They allow to assess the
structural uncertainty of the models (i.e. the uncertainty introduced by choices in the
model design), essential to quantify the full uncertainty in climate change projections
(Hawkins, 2011). Moreover, it has been demonstrated that MMEs increase the reliability
and consistency of the model projections (Tebaldi, Knutti, 2007).

13
14

http://celebrating200years.noaa.gov/breakthroughs/climate_model/welcome.html
https://www.wcrp-climate.org/wgcm-cmip
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CMIP6 is the 6th phase of the Coupled Model Intercomparison Project. Its data coming
from state-of-art global climate models underpin the Intergovernmental Panel on Climate
Change 6th Assessment Report, the most authoritative report on the state of global climate
change. CMIP6 consists of around 100 models run produced by 49 different modelling
groups15. It includes both historical and future simulations (like the other CMIP phases).
Historical runs span the period between 1850 and 2014, in other words from when the
instrumental measurements of climate variables exist until the near-present. They are
forced by externally imposed forcing based on observations, such as the atmospheric
composition of GHGs caused by human activities. They serve to assess models
performance (comparing their output with the observations), to perform attribution
studies (unfold the causes of climate change), and to track changes over the different
generations of models belonging to CMIPs (Eyring et al., 2016).
Future simulations span the period between 2015 and 2100 (2300 for some extended
simulations). They are based on future scenarios relevant to societal concerns about
climate change mitigation, adaptation and impacts, described in detail in O’Neill et al.
(2016). The Shared Socio-economic Pathways (SSPs) are five alternative narratives
describing the evolution of society throughout the 21st century. They take into account
elements such as future population, urbanization, GDP and the type of policies
implemented. Based on them, emissions and land-use scenarios are generated with an
Integrated Assessment Modelling16 (IAMs) approach. Thereby, each SSP can result in
different radiative forcing outcomes by the end of the century. For instance, mitigation
policies applied to each one of the SSPs could produce a forcing pathway that stabilized
at 4.5Wm2, as visible in Figure 8. The latter figure shows the full collection of SSPs and
forcing outcomes as a matrix of possible integrated scenarios. Scenarios in the context of
the CMIP6 are referred to as SSPx-y, where x is the SSP code and y is the forcing outcome
by the end of the century.

15

https://www.carbonbrief.org/
IAMs are models that uses different kind of input data – e.g. physical, economic and social – to
produce information useful for decision-making.
16
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Figure 8: Scenarios matrix for CMIP6 simulations. Each cell is a combination of SSP and climate outcome based on
a forcing outcome that IAM demonstrated to be feasible. Green cells represents the corresponding CMIP5 RCPs of
each raw, the socio-economic scenarios for the older generation of models. Dark blue cells indicate scenarios that
will serve as the basis for climate model projections, which have the priority to be ran by the modelling groups.
Source: O’Neill et al., 2016

Graphs in Figure 9 represent the evolution of the CO2 emissions, concentrations,
anthropogenic radiative forcing and global mean temperature corresponding to different
SSPx-y.

Figure 9: Evolution of the CO2 emissions, concentrations, anthropogenic radiative forcing and global mean
temperature for the scenarios defined in the context of the CMIP6. Grey areas represent scenarios variability.
Source: Riahi et al., 2016

For climate change studies, it is increasingly common to present future projections based
on global average temperature change that predict (i.e. global warming levels, GWLs)
instead of indicating a future epoch or scenario. In Chapter 5, the results will be compared
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with the present literature, and therefore the GWLs are going to be employed to describe
future projections.
CMIP6 simulations are the main source of data used in this study. For future projections,
two scenarios were selected, respectively SSP1-2.6 and SSP5-8.5. SSP1-2.6 updates the
RCP2.6 pathway from CMIP5 and represent a scenario of sustainable-oriented growth
(“Taking the green road”). It represents the best-case scenario producing mean global
warming by the end of the century below 2°C compared to the pre-industrial era, and so
is suitable to support policy goals. SSP5-8.5 on the contrary is the worst-case scenario
(producing mean global warming of 4-5°C by the end of the century compared to the preindustrial era), updating the RCP8.5 pathway from CMIP5. It represents a scenario with
unconstrained economic growth and fossil-fuel use (“Taking the highway”) (Li et al.,
2021). They are the low and high end of the range of future pathways, and therefore they
were chosen to summarise the full range of possibilities regarding climate extremes on
Beira.
In addition to data derived from climate model simulations, data based on climate
observations were also used in this work. The ERA5 reanalysis dataset, the latest
generation of ECMWF reanalyses of the global climate, is the source of observation data
for this study. ERA5 provides hourly estimates of a large number of climate variables
covering the Earth on a 30km grid and resolves the atmosphere using 137 levels and
covering the period between 1979 and 2020. By using advanced modelling and data
assimilation systems, model data are combined with observations into a consistent dataset
(Hersbach, 2018). Reanalysis data are employed in this thesis in different contexts as
described in sections 2.3.2, 3.2, 3.4.

2.2

Climate data

As previously stated, data for future projections were retrieved from an ensemble of
climate models part of the last phase of the Coupled Model Intercomparison Project
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,CMIP6. They were downloaded by the Climate Data Store17 (CDS) following specific
guidelines through the Climate Data Store Application Program Interface. CDS provides
a single point of access to a wide range of quality-assured climate datasets via a
searchable catalogue18. Models used for the analysis were chosen, among the different
simulations of CMIP6, depending on the availability on the portal. Particularly,
depending on the availability of daily data of maximum and minimum temperature and
precipitation for both the historical and the future projection run.
As a result, among the models which are part of the CMIP6, an ensemble of 18
simulations made by models were selected based on the SSP5-8.5 and 12 based on the
SSP1-2.6. Description of climate variables is provided in Table 1. Moreover, the
complete set of models which are part of the ensembles is listed in Table 2, together with
their horizontal resolution and the institution that built up the model. Reanalysis climate
data were equally downloaded from CDS19, having an hourly temporal resolution
and 0.25° × 0.25° lon-lat spatial resolution

Table 1:Description of daily variables used in this study, output of the ensemble of simulations

Variable

Unit

Definition

Abbreviation

Daily maximum near-

°C

Daily maximum temperature of air at 2m above the
surface of land, sea or inland waters.

Tx

°C

Daily minimum temperature of air at 2m above the

Tn

surface air temperature
Daily minimum near-

surface of land, sea or inland waters.

surface air temperature
Precipitation

mm

The sum of liquid and frozen water, comprising rain

pr

and snow, that falls to the Earth's surface. It is the sum
of large-scale precipitation and convective
precipitation. This parameter does not include fog, dew
or the precipitation that evaporates in the atmosphere
before it lands at the surface of the Earth. This variable
represents amount of water per unit area and time.

17

https://cds.climate.copernicus.eu
https://climate.copernicus.eu/climate-data-store
19
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview
18
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Table 2: Information about the CMIP6 models used in this study

Model

Modelling centre

Scenario

Resolution
(𝒍𝒐𝒏 × 𝒍𝒂𝒕)

ACCESS-CM2

CSIRO-ARCCSS (Australia)

CMCC-ESM2

Centro Euro-Mediterraneo per I

SSP1-2.6
SSP5-8.5
SSP1-2.6

Cambiamenti Climatici (Italy)

SSP5-8.5

CNRM-CM6-1-HR

CNRM-CERFACS (France)

SSP5-8.5

0.5° × 0.5°

CNRM-CM6-1

CNRM-CERFACS (France)

1.4° × 1.4°

CNRM-ESM2-1

CNRM-CERFACS (France)

SSP1-2.6
SSP5-8.5
SSP1-2.6

1.875° × 1.25°
1.25° × 0.94°

1.4° × 1.4°

SSP5-8.5
CanESM5

Canadian Centre for Climate

SSP5-8.5

2.8° × 2.8°

Modelling and Analysis (Canada)
EC-Earth3-CC

EC-Earth-Consortium (Europe)

SSP5-8.5

0.7° × 0.7°

EC-Earth3-Veg-LR

EC-Earth-Consortium (Europe)

SSP5-8.5

1.125° × 1.125°

GFDL-ESM4

Geophysical Fluid Dynamics

SSP1-2.6

1.25° × 1°

Laboratory (USA)

SSP5-8.5

Institute of Numerical

SSP1-2.6

Mathematics (Russia)

SSP5-8.5

Institute of Numerical

SSP1-2.6

Mathematics (Russia)

SSP5-8.5

National Institute of

SSP5-8.5

1.875° × 1.25°

SSP1-2.6

2.8° × 2.8°

INM-CM4-8
INM-CM5-0
KACE-1-0-G

2° × 1.5°
2° × 1.5°

Meteorological Sciences (South
Korea)
MIROC-ES2L

MIROC (Japan)

SSP5-8.5
MIROC6

MIROC (Japan)

SSP1-2.6

1.4° × 1.4°

SSP5-8.5
MPI-ESM1-2-LR
MRI-ESM2-0
NESM3
NorESM2-MM

Max Planck Institute for

SSP1-2.6

Meteorology (Germany)

SSP5-8.5

Meteorological Research Institute

SSP1-2.6

(Japan)

SSP5-8.5

Nanjing University of Information
Science and Technology (China)
Norwegian Climate Centre
(Norway)

SSP5-8.5

1.875° × 1.865°

SSP1-2.6
SSP5-8.5

0.25° × 0.94°

25

1.875° × 1.865°
1.125° × 1.121°

2.3

Pre-processing

2.3.1 Cut and Remap original data
Raw data were processed to compute the extreme climate indices. For doing that, CDO –
Climate Data Operators – has been used. It is a collection of command-line Operators
developed by the Max Planck Institute for Meteorology to manipulate climate data20.
First, historical runs for each model and variable (with period 1850-2014) were cut to
daily datasets with period 1961-2014 and time-merged with the corresponding projections
(2015-2100) to have the full-time interval (1961-2100). Secondly, for each dataset, only
one grid cell has been selected with the nearest neighbor (NN) approach on Beira
coordinates 34.85°N -19.83E. This choice was made since working with data deriving
from a single grid cell allows to avoid having time series resulting from a spatial average
that would risk “dampening” the signal coming from a change in the extremes. The final
product is a set of time series of daily maximum and minimum temperature and
precipitation for each model and both socio-economic scenarios.

2.3.2 Bias Correction
Climate models are affected by systematic errors that are essentially due to the
simplification with which they inevitably represent the real-world climate. Indeed, since
the climate is an extremely complex system, it remains fundamentally impossible to
describe all its processes. Therefore, in a climate model, several approximations are
present, in particular linked to the parameterizations of sub-grid processes (IPCC, 2015).
For this reason, statistics of temperature and precipitation projections derived from
climate models in a certain period do not usually fit those of observations in the same
period. Bias correction methods try to improve the fitting of climate model simulations
to observations in a control period and to enhance the reliability of future projections

20

https://code.mpimet.mpg.de/projects/cdo/
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(Enrique Soriano, 2019). Therefore, before proceeding in the calculation of indices,
temperature and precipitation daily time series have been corrected by using a simple bias
correction method. The ERA5 reanalysis dataset is used as the source of observation data
for the bias correction. Reanalyses datasets are often used for model evaluation due to
their gridded outputs, directly comparable with model simulations (Sillmann et al.,2013).
Moreover, they are the only source for publicly available information about temperature
and precipitation extremes in the area of interest. However, this approach also has some
limitations, especially concerning precipitations. Indeed, precipitation data derived from
reanalysis are less constrained to real observations and more to the reanalysis model
(Kistler et al.,2001), and therefore are affected by biases and less reliable than temperature
data (Zhang et al.,2011). Nevertheless, in the context of bias correction, these errors are
often argued to be acceptable since they are much smaller than biases present in the
models (Glencker et al., 2008). The bias correction method employed is very simple. The
purpose is to align the means of the raw temperature and precipitation datasets and the
observation dataset in the period in which reanalysis data are available. The original time
series is “scaled” to the observational time series (as visible in Figure 10, bottom). This
is done by removing from each time step the mean of the entire dataset and adding the
mean of the reanalysis dataset for daily maximum and minimum temperatures. Instead,
for precipitation, this would not be possible since it would lead to days of negative
rainfall. Hence, the mean of the reanalysis data is multiplied while the mean of the
simulated dataset is divided to each time step. This simple manipulation of raw time series
allows to preserve the variability of the models ‘output and so is the climatic signals
connected with climate extremes that are of interest for this study. The following
formulas are applied to the original datasets.

 𝑇𝐵𝐶 (𝑖) = 𝑇𝑟𝑎𝑤 (𝑖) − 𝑇̅𝑟𝑎𝑤 + 𝑇̅𝑜𝑏𝑠
 𝑝𝑟𝐵𝐶 (𝑖) =

𝑝𝑟𝑟𝑎𝑤 (𝑖)
̅̅̅̅𝑟𝑎𝑤
𝑝𝑟

∗ 𝑝𝑟
̅̅̅𝑜𝑏𝑠

(1)
(2)

Where 𝑇̅𝑟𝑎𝑤 𝑎𝑛𝑑 𝑝𝑟
̅̅̅𝑟𝑎𝑤 represents the averages of the raw datasets in 1979-2020 while
𝑇̅𝑜𝑏𝑠 𝑎𝑛𝑑 𝑝𝑟
̅̅̅𝑜𝑏𝑠 represents the averages of the reanalysis dataset in the same period.
𝑇𝑟𝑎𝑤 (𝑖) 𝑎𝑛𝑑 𝑝𝑟𝑟𝑎𝑤 (𝑖) are the original data for each time step i, while 𝑇𝐵𝐶 (𝑖) 𝑎𝑛𝑑 𝑝𝑟𝐵𝐶 (𝑖)
are the data at the same time step i after the bias correction.

27

Figure 10: Representation of the bias correction applied to daily minimum temperature simulated by ACCESSCM2.Up: PDFs of the observed and simulated Tn in the reanalysis period. The bias is the difference between the
means. Bottom: The simulated time series is scaled readjusting the mean to the observed one. A 10-years moving
average is applied to the time series to smooth them.

The subsequent analyses, which are going to be described in detail in the next chapters,
have been performed using codes developed from scratch in Matlab® and R
programming languages.
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3. METHODOLOGY
The methodology developed in this work aims at investigating future scenarios regarding
extreme climate in areas around the city of Beira.
Figure 11 is a diagram showing the main steps of the methodology. To begin, Climate
Extremes Indices were selected and defined. Indices were then calculated. Before
analysing what models say about the future, their performance to predict reality was
assessed. For doing that, the time series of annual indices were compared to the time
series of indices computed through observational data. Afterwards, future projections of
indices were taken into consideration. To assess the temporal change of the indices,
different analyses were conducted.
The core analysis is the assessment and computation of trends in the time series of indices
(i.e. Trend Analysis). Complementary to that, a temporal comparison of probability
density functions and mean absolute anomalies was performed to have a better insight
into the way the indices are projected to change. The latter temporal comparisons were
made on three sub-periods of the main study period (1961-2100): the baseline period
(1981-2010), the near future (2026-2055) and the far future (2071-2100).
In addition, the correlation between the indices and the extreme events that had dramatic
consequences for the city of Beira was investigated. To this end, the cross-correlation
between the indices was first explored using the rank correlation coefficient by Spearman.
Finally, a procedure was developed to correlate the indices and the “critical events” over
Beira and to assess whether they are going to increase or decrease in the future.
Each of these steps is going to be described in detail in this chapter.
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Figure 11: Diagram showing the methodology of the work. All the steps are performed using raw data derived from
the two different socioeconomic scenarios (SSP1-2.6, SSP5-8.5).

3.1

Indices Definition and Calculation

Among the 27 ETCCDI conventionally used to assess climate moderate extremes, 16
were selected since they were considered as more relevant for the analysis and the study
area. Of these, half describe extreme temperature events and the other half describe
extreme rainfall events.
In addition, four more indices have been analysed, whose ID names are ETR, nR95p,
inR95p, and cwd95. ETR has been defined following Frinch et al. (2002) while the others
have been directly suggested here as complementary information to get a more complete
framework about the precipitation extremes over Beira. Overall, 20 indices are computed
from daily temperature and precipitation data using Climate Data Operator line
commands21.

21

https://gitlab.dkrz.de/k204210/cdo_cei
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The following Table 3 displays the selected indices and their definitions. Tx stands for
daily maximum temperature, Tn stands for daily minimum temperature and pr stands for
daily precipitation. For the calculation of the percentile-based indices, a bootstrapping
procedure is employed within the base period (on which percentiles are computed), in
order to avoid artificial discontinuities are reported in Zhang et al. (2005).

Table 3: Extreme Climate Indices used in this study. Percentiles are computed over the base period 1981-2010.
* Non-ETCCDI

ID

Indicator Name

Definition

Unit

TXx

Maximum annual

Annual maximum value of daily
maximum temperature

°C

Minimum annual

Annual minimum value of daily

°C

temperature

minimum temperature

Daily temperature range

Annual mean difference between

temperature

TNn
DTR

°C

Tx and Tn.

ETR*

Extreme temperature range

Difference between TXx and TNn

°C

Tn10p

Warm nights

Percentage of days when Tn <

%

10th percentile

Tx10p

Cold days

Percentage of days when Tx <
10th

Tn90p

Warm nights

Tx90p

Warm days

percentile

Percentage of days when Tn >
90th

%
%

percentile

Percentage of days when Tx >

%

90th percentile

wsdi

Warm spell duration index

annual count of days with at least
6 consecutive
days when TX > 90th percentile

days

sdii

Simple daily precipitation

Annual total precipitation divided
by the number of wet days (pr >

mm

index

1mm)

Rx1day

Max 1-day precipitation

Annual maximum 1-day

mm

precipitation

Rx5day

Max 5-day precipitation

Annual maximum 5-day
precipitation
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mm

PRCPTOT Annual total precipitation

annual total precipitation in wet

mm

days (pr > 1 mm)

R95p

Very wet days

Total precipitation when pr > 95th

mm

percentile

cdd

Consecutive dry days

Annual maximum number of
consecutive days
with pr < 1 mm

days

cwd

Consecutive wet days

Annual maximum number of
consecutive days
with pr > 1 mm

days

R20

number of heavy

annual count of days when pr >

days

precipitation days

20 mm

Number of very wet days

Annual count of days in which pr

nR95p*

days

> 95th percentile

inR95p*
Cwd95*

Number of independent
extreme precipitation
events
Consecutive very wet days

Annual count of very wet days (pr
> 95th percentile) divided by at
least 7 dry days (pr < 1 mm)
Annual maximum number of
consecutive days
with pr > 95th percentile

events
days

TXx and TNn are direct indicators of the intensity of warmest and coldest annual
temperatures. They are intuitive absolute measures of how hot or cold a year has been.
DTR is a measure of the average thermal excursion between day and night. Analysing its
changes is interesting to understand how the temperature regime changes.
ETR is a measure of the width of temperature distribution across the year. It is computed
as the annual difference between TXx and TNn. If the yearly minimum temperature
increases faster than the yearly maximum, the temperature distribution becomes narrower
(and vice versa). Therefore, an increase in this index might indicate that temperature
variations become more extreme.
Tx10p, Tn10p, Tn90p, and Tx90p are measures of the annual frequency of extreme
temperature events, in terms of exceedance (or not-exceedance) of percentile thresholds.
They allow stating if the “extreme event” defined as belonging to the first and last portion
(10%) of the temperature distribution, is going to happen more or less often in the future.
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Therefore, they are useful to understand if the definition of “extreme event”, as defined
in a reference period, is appropriate also for the future.
wsdi is an index concerning heat waves. According to its definition, a heatwave is a period
of at least six consecutive days in which temperature is above the 90th percentile. The
indicator counts the number of days characterized by a heatwave in one year. Heatwaves
are important temperature extreme events that need to be assessed due to the serious
implications on human health (McGregor et al., 2015).
sdii is a very simple and intuitive measure of average precipitation intensity. It measures
how much it rains when it rains.
Rx1day and Rx5day are measures of the short-term extreme precipitation intensity. They
are flood indicators and because of that, they are essential for the present analysis.
PRCPTOT is the measure of the total annual rainfall amount and it is connected to water
availability. As a matter of fact, the region of Beira is characterized by a large amount of
fallen precipitation compared to the more internal part of Mozambique. It is of interest to
understand how the annual rainfall pattern is projected to change.

Figure 12: Rainfall amount over Mozambique in December, January and February, during the rainy season. The
area of the city of Beira presents relatively high values of precipitation with respect to other parts of the country.
Source: INAM, Instituto Nacional de Meteorologia (www.inam.gov.mz)
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R95p is a measure of the cumulative intensity of the extreme precipitation events, that are
of particular interest for the present study. It is correlated with both the number and the
intensity of extreme events.
cdd is a duration index connected to meteorological droughts. An increase would mean a
dryer climate, with potentially important consequences on natural and social systems due
to reduced water availability.
cwd is a duration index connected to high flood risk. An increase in this index would
mean higher chances of flooding. Hence, it is important for this study.
R20 is a measure of the frequency of heavy precipitation days in a year, where a “heavy
precipitation day” is defined as a day with precipitation greater than 20mm. Thus, it is
related to flood frequency and flood risk. Nonetheless, considering the climate features
of Mozambique22, the threshold of 20mm used to define a precipitation extreme is only
representative of the wet season and not of the dry season (Tinley, K.L., 1982). In other
words, future projections of R20 successfully allow analysing how the frequency of the
rainiest days in the year is going to change but do not give any information about the dry
season.
For this reason, nR95p is defined. For this index, the “very wet day” is a day in which the
95th percentile is overcome (in the same way as for R95p). Given that the percentile is a
threshold that varies depending on the day of the year, also changes in the rainfall regime
of the dry season may be detected. Indeed, an “extreme precipitation event” defined in
this way might be a day in which the fallen precipitation is low in absolute values, but
high if compared to the usual precipitation that falls on that particular day of the year.
The inR95p index aims at describing the frequency of meteorologically independent
extreme events. It is the annual count of the number of very wet days (above 95th
percentile) that are separated between each other by at least 7 consecutive dry days (with
pr < 1mm). For the determination of the 7-day threshold, the IETD (Inter-Event Time
Definition) approach was used. The IETD is the minimum dry period between two
independent events. If the time between two wet days is greater than the IETD, they are

22

https://www.inam.gov.mz/
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considered separated events. One traditional determination method for IETD is the
“average annual number of events analyses” (Joo et al. 2014). This consists of
determining IETD as the point where increasing IETD does not change the annual number
of rainfall events significantly. The following Figure 13 shows the variation of the number
of independent extreme events as the IETD value changes. Applying a conservative
approach, the value of IETD= 7 days has been chosen to separate independent extreme
events.

Figure 13: determination of IETD for defining independent extreme storms in the inR95p index. Different lines
represent the different models. Changing the IETD value results in changing the number of detected annual
independent extreme events in the rainfall time series. IETD =7 was chosen because the number of events does not
change “significantly” after that.

cwd95 is the measure of the annual maximum duration of consecutive wet days above the
95th percentile. Consequently, it is an indication of the length of precipitation extremes
that is noticeably an important factor concerning the risk of flooding.
The last three indices (not part of the core ETCCDI list) are very much connected, and
therefore it might be interesting to see if there is some pattern emerging by looking at
them together.
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3.2

Ability of models to simulate temperature and

precipitation extremes
The evaluation of climate models through the comparison of their outputs with
observations is a prerequisite for applying them confidentially (Flato et. al, 2013).
Therefore, before going further into the analysis of projected indices, the performance of
the models in simulating temperature and precipitation extremes needs to be evaluated.
This is done by comparing the simulated indices to the indices produced starting from
daily data provided by the reanalysis data (ERA5) as it is frequently done in literature,
for instance in Li et al. (2021), Sillmann et. al. (2013), Gleckler et al. (2008).
The quantitative assessment of the performances of the models was accomplished by
computing a Performance Index. It is defined as the relative error (i.e. bias) between the
mean, along the period 1979-2014, of an index simulated by the models and the mean of
the same index calculated from ERA5 data. The period of 35 years was chosen since it is
the intersection of the reanalysis period (1979-2020) and the historical run period (19612014). The bias is normalized, in a way to make values between the indices comparable
to each other. Formula 3 represents the Performance Index calculation for a generic index
“Ind”. The subscript “m” stands for the model to which the Performance Index is referred.

𝑃𝐼𝐼𝑛𝑑,𝑚 =

̅̅̅̅̅̅̅̅
̅̅̅̅̅̅̅̅̅̅̅
𝐼𝑛𝑑𝑚 −𝐼𝑛𝑑
𝑒𝑟𝑎5
̅̅̅̅̅̅̅̅̅̅̅
𝐼𝑛𝑑𝑒𝑟𝑎5

(3)

This procedure roughly follows Sillmann et al. (2013) that had analysed the performance
of CMIP5 models in simulating ETCCDI indices through the Root Mean Square Error
(RMSE) computed on spatial patterns. However, contrarily to their study in which the
whole globe is considered, here only one-grid cell is taken. Hence, the measure of
performance is different.
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The results are collected in the following Figure 14, a Portrait Diagram (Gleckler et. al,
2008), to have a compact graphical overview of the performance of the models. Each
column contains one of the 18 models, while each row is one of the 20 indices. The
analysis was performed before and after Bias Correction (Figure 14) to assess the
efficiency of the bias removal. A white box indicates a very low bias between models and
ERA5. A blue box indicates that the model tends to underestimate the value of the index,
while the value tends to be overestimated in a red box.
Moreover, the statistical significance of the agreement between the simulations of the
models and the observations is tested with the Two-sample Kolmogorov-Smirnov test
(Smirnov, N.V., 1939). The statistical test compares the cumulative distributions of the
time series and accepts or rejects the Null Hypothesis of the same distribution underlying
the data.
The results are yet shown in Figure 14, by indicating a black dot on the boxes for which
the Null Hypothesis is not rejected, i.e. the model and the reanalysis distributions are not
significantly different, and therefore there is good agreement between predictions and
observations.
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Figure 14: Portrait Diagrams displaying the Performance Index (normalized bias between models' projections and
reanalysis over the period 1979-2014) with a blue-red color scale. In this way, the performance of models is
evaluated. The black dots indicate where the null hypothesis of the Kolmogorov-Smirnov test of the same underling
cumulative distribution is not rejected. Up: Indices computed starting from data not-bias corrected. Bottom: Indices
computed starting from bias-corrected data
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The overall Model Performance is obtained by averaging the Performance Index over
the indices (over each column of the Portrait Diagram). This quantity is contained in Table
4 in which is applied the same colour scale as in Figure 14.

Table 4: Model Performance Index before bias correction (left) and after bias correction (right).

Model
ACCESS-CM2
CMCC-ESM2
CNRM-CM6-1HR
CNRM-CM6-1
CNRM-ESM21
CanESM5
EC-Earth3-CC
EC-Earth3-VegLR
GFDL-ESM4
INM-CM4-8
INM-CM5-0
KACE-1-0-G
MIROC-ES2L
MIROC6
MPI-ESM1-2LR
MRI-ESM2-0
NESM3
NorESM2-MM
Ensemble Mean

Model
Performance
(no BC)
0.152
0.006

Model
ACCESS-CM2
CMCC-ESM2
CNRM-CM6-1HR
CNRM-CM6-1
CNRM-ESM21
CanESM5
EC-Earth3-CC
EC-Earth3-VegLR
GFDL-ESM4
INM-CM4-8
INM-CM5-0
KACE-1-0-G
MIROC-ES2L
MIROC6
MPI-ESM1-2LR
MRI-ESM2-0
NESM3
NorESM2-MM
Ensemble Mean

0.076
0.056
0.037
0.093
0.107
0.047
0.107
-0.117
-0.002
0.117
0.151
0.234
0.010
0.013
0.292
0.005
0.077

Model
Performance
(BC)
-0.034
-0.068
0.065
0.109
0.110
-0.009
-0.033
0.021
0.053
-0.142
-0.079
-0.025
-0.025
0.146
0.147
0.030
-0.038
0.044
0.015

The Index Agreement is obtained by averaging the Performance Index over the models
(over each raw of the Portrait Diagram). This quantity is contained in Table 5 in which
is applied the same colour scale as in the above Figure 14.
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Table 5: Index Agreement before bias correction (left) and after bias correction (right).

Model
TXx
TNn
DTR
ETR
wsdi
Tn10p
Tx10p
Tn90p
Tx90p
sdii
Rx1day
Rx5day
R95p
PRCPTOT
cdd
cwd
cwd95
R20
nR95p
inR95p

Index
Agreement
(no BC)
-0.009
0.127
-0.224
-0.072
-0.737
-0.006
0.005
0.050
0.037
0.448
0.105
0.162
0.242
0.273
0.589
-0.062
0.090
0.529
0.050
-0.059

Model
TXx
TNn
DTR
ETR
wsdi
Tn10p
Tx10p
Tn90p
Tx90p
sdii
Rx1day
Rx5day
R95p
PRCPTOT
cdd
cwd
cwd95
R20
nR95p
inR95p

Index
Agreement
(BC)
0.014
0.038
0.002
0.003
-0.737
-0.006
0.005
0.050
0.037
0.286
-0.072
-0.028
0.036
0.012
0.666
-0.137
0.090
0.052
0.051
-0.059

Overall, the models compare well with the ERA5 reanalysis. However, there are some
differences, particularly regarding WSDI, which is heavily underestimated by all the
models. By looking at the single simulated and observed time series in Figure 15, one
very large value is recorded in the year 1993 that is not reproduced by the models. This
outlier is probably the main source of the large bias between the means of the time series.
On the contrary, CDD and SDII tend to be overestimated by the majority of the models,
as clearly visible in the time series in Figure 15 - bottom.
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Figure 15: Comparison between ERA5 and models time series after the Bias Correction. The thick black line
represents the Ensamble Mean, while the shading is the area between the 5th and 95th percentile.

In general, by looking at the portrait diagrams in Figure 14 and Table 5, it is possible to
say that annual values of precipitation extremes tend to be overestimated by the models.
This divergence is in part corrected by the bias correction. This procedure does not have
a uniform effect on the agreement between models and observations. The Index
Agreement shows well this behaviour. For many indices, the Index Agreement remains
constant after the BC while for others it increases or decreases. This depends on how the
indices are defined. For instance, the temperature indices based on percentile threshold
exceedances remain the same, since the bias correction changes both the value of the data
and the value of the thresholds so that the number of exceedances remains unchanged.
However, by comparing the two portrait diagrams, it can be said that bias correction
brings the relative errors towards more “faded” colours and more statistically significant
agreements. Indeed, the number of black dots increase, 186 before bias correction and
225 after. The Model Performance of 11 models out of 18 increases after the Bias
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Correction and in particular the Ensemble Mean, which is the most statistically robust
reference for future predictions (Flato et al, 2013), outperforms most models and has its
bias decreased after BC procedure.
The validation of climate performances of the models in simulating indices of
precipitation and temperature extremes over Beira gives confidence to future predictions.

3.3

Future Projections

The analysis of projected future tendencies of climate extremes is the core part of the
present work. For this investigation, three 30-year periods are used as a reference for the
baseline period (1981–2010), the near future (2026–2055), the far future (2071–2100).
Different analyses have been conducted to determine the projected changes of the indices.
Firstly, the climate change signal was highlighted as the difference between the mean
over future periods and the mean over the reference period. This provides an overview of
the sign and the magnitude of change that we are going to expect in climate extremes over
Beira (Sillman et al.,2013). Secondly, the presence and the magnitude of trends in the
extreme indices time series are assessed. This is widely documented as the statistically
most robust way to detect the rate of change of climate indices (Zhang et al., 2011). Lastly,
probability density functions are computed and their evolution in time is studied. The
trend analysis and the analysis are described in detail in this section. The results are going
to be displayed in the following Chapter 4.
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3.3.1 Trend Analysis

The traditional approach of time series analysis assumes time-series data to be generated
by a process composed of a deterministic part and a stochastic part. The time-evolution
of the deterministic component can be described by a mathematical equation that while
the stochastic is unpredictable and makes the climate variables as ‘random variables’. The
deterministic part of climatic a time series can be, broadly speaking, separated into the
Trend and the Periodical (or Seasonal) components. The Periodical component is any
regular oscillation around the trend of data values. In climate science, it can be attributed
to any physical process for instance seasonality or long-term climatic oscillations such as
El Niño-Southern Oscillation. The Trend component is the long-term pattern or tendency
of the data. The presence or not of this component in the data determines if the time series
is stationary (no trend) or non-stationary (trend presence) (Dagum, E. B. 2001).
Trend analysis is a central process in assessing the state of the climate and provides an
overall estimate of the variations in the climate variables (Mahmood, R., Jia, S., 2017).
Regression Analysis is the main statistical approach to estimate the trend component. In
particular, OLS (ordinary least square) is the best-known estimation method and its fields
of application are very diverse, including climatology (Tank et al.,2003). An important
assumption underlying this linear regression model is that the data under study are
attributable to a normal distribution. An initial sample analysis of the time series of
indices of temperature and precipitation extremes highlighted their non-conformity to the
normal distribution. Hence, different techniques have been used for the trend analysis in
this study. The Slope Estimator by Sen (Sen, 1968) was used to provide the estimate of
the trend, while the Mann-Kendall test (Mann 1945; Kendall, 1948), was applied to the
time series to evaluate the significance of the trend at the 5% level (p=0.05). An insight
of the two statistical techniques is clearly explained in Wang, X.L., Swail, V.R. (2001)
and Pohlert, T. (2020).
The Sen Slope Estimator is a non-parametric estimation method, i.e. it does not make
specific assumptions about the distribution of the data under consideration. Moreover, it
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is a “robust” estimator, i.e. is less sensitive to the presence of outliers. The slope of the
line is given by the median of the slopes that can be calculated for each pair of points in
the data set.
A set of linear slopes is calculated as follow:
𝑠𝑘 =

𝑋𝑗 − 𝑋𝑖
𝑡𝑗 − 𝑡𝑖

(4)

𝑓𝑜𝑟 1 ≤ 𝑖 < 𝑗 ≤ 𝑛

Where: s is the slope, X denotes the variable, n is the number of data, and i, j are indices.
The slope is then calculated as the median from all slopes:
𝑏 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑠𝑘 )

(5)

The intercepts are computed for each time step t as:
𝑎𝑡 = 𝑋𝑡 − 𝑏 ∗ 𝑡

(6)

On the other hand, the Mann-Kendall test is a nonparametric test for randomness against
trend. As for the Sen Estimator, the use of the Mann-Kendall test is well documented in
climate extreme analysis (for instance Dagum, et al., 2001; Zhang et al., 2011; Russo et
al., 2011). The null hypothesis, H0, is that the data are Independent and Identically
Distributed (IID). The alternative hypothesis, HA, is that the data follow a monotonic
trend. The test statistics S is defined as:
𝑛−1

𝑛

𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑋𝑗 − 𝑋𝑘 )

(7)

𝑘=1 𝑗=𝑘+1

where
1
𝑠𝑔𝑛(𝑥) = { 0
−1

𝑖𝑓 𝑥 > 0
𝑖𝑓 𝑥 = 0
𝑖𝑓 𝑥 < 0

(8)

The variance of S is given by:
𝑉𝑠 = 𝑛(𝑛 − 1)(2𝑛 + 5)/18

(9)

The significance of the trend is assessed using a Z value defined as:
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𝑆−1
𝑍=

√𝑉𝑠
0
𝑆+1
{ √𝑉𝑠

This value is compared with 𝑍𝛼
2

𝑖𝑓 𝑆 > 0
𝑖𝑓 𝑆 = 0

(10)

𝑖𝑓 𝑆 < 0

| 𝐹𝑛 (𝑍𝛼 ) =
2

𝛼
2

(11)

𝐹𝑛 being the standard cumulative Distribution and 𝛼 being the significance level for the
test. H0 is accepted if |𝒁| ≤ 𝒁𝜶
𝟐

The (1-α) confidence interval of estimator b is ( 𝑋𝑀1 , 𝑋𝑀2 +1 ), with:
∗

𝑛 = 𝑍𝛼 𝑉𝑠
2

;

𝑛 − 𝑛∗
𝑀1 =
2

𝑛 + 𝑛∗
; 𝑀2 =
2

(12)

To sum up, the Trend Analysis gives as output the magnitude and the significance of a
trend in each of the time series. Therefore, the analysis is repeated for each index, for
each model (including the Ensemble Mean time series), and both the future socioeconomic scenarios.

3.3.2 Probability Density Functions
Empirical Probability Density Functions (PDF) have been computed as further analysis
to deepen the knowledge about future temporal changes of indices.
The comparison of empirical density functions over time has been widely used in
literature as a way to analyse changes in climate variables (Fallmann et al.,2017; Xu et
al.,2015; Ongoma et al.,2018). In this work, PDFs are produced by binning annual values
of the indices for the 30 years sub-periods: base period (1981-2010), near future (20262055), far future (2071-2100). In this case, data from all the models are used without
distinction. Hence, the number of data points used to compute each PDF is equal to the
number of models multiplied by the number of years in a sub-period: 18·30 = 540 for
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SSP5-8.5 and 12·30 = 360 for SSP1-2.6. This is the same procedure as the one performed
by Russo et al. (2011).
For each index, the probability distributions relative to different periods are tested to be
significantly different between each other with the two‐tailed Kolmogorov‐Smirnov test
(Smirnov, N.V., 1939) with the null hypothesis that the cumulative distribution functions
computed for two periods are identical.
Subsequently, statistics of the distributions i.e. Median, standard deviation and 95th
percentile, are computed to assess their changes in time. It should be remarked that these
statistics are computed over data coming from different models. Hence, for instance, an
increase of the standard deviation in the far future compared to the reference period
indicates a greater disagreement between models and not a greater climate variability in
physical terms.
The empirical distribution functions are estimated employing the Kernel Density
Estimation (Rosenblatt, M.,1956). It is a nonparametric technique for the estimation of
the empirical probability density function. Unlike a histogram, which is the traditional
empirical PDF representation, it produces a smooth PDF based on individual locations of
all sample data. Therefore, it allows for better visual comparisons of distributions over
time and does not suffer from the subjectivity of the binning procedure, which strips data
of their position by replacing them with an interval (Węglarczyk, S. 2018). The drawback
is that the smoothing may hide some features of the distribution, for instance, high peaks
or bi-modality.
Kernel estimate 𝑓̂(𝑥) assigns each i-th sample data point 𝑥𝑖 a function 𝐾(𝑥𝑖 , 𝑡) called a
kernel function:
𝑛

1
𝑥 − 𝑥𝑖
𝑓̂(𝑥𝑖 ) =
∑𝐾 (
)
𝑛ℎ
ℎ

(13)

𝑖=1

where parameter h, called smoothing parameter, governs the amount of smoothing
applied to the sample. A compromise between over-smoothing (too high h value) and
under-smoothing (too low h value) is needed (Węglarczyk, S. 2018). The h parameter is
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empirically determined for each index, by comparing the resulting PDFs with the
corresponding histograms (Figure 16).
As a result, the kernel transforms the point location of 𝑥𝑖 into an interval centered in 𝑥𝑖 .
Many types of kernel functions exist. Here, the Gaussian kernel function is employed,
that produces the smoothest estimate:
𝐾(𝑡) =

1
√2𝜋

𝑡2

𝑒− 2

(14)

To sum up, PDFs are produced for each index and each of the three sub-periods. The
distributions relative to the future periods are tested to be significantly different from the
one of the base period and relevant statistics are computed.

Figure 16:PDFs of the maximum annual temperature (TXx) computed by binning values from all the models over the
30-years subperiods, through the Kernel Density Estimator. Histograms are plotted for comparison. The curve
allows a better view of the distributions and their evolution over time, but it " abates" some probability peaks.
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3.4

Correlation between extreme indices and critical

events in Beira
The whole province of Sofala in Mozambique, and especially the city of Beira, have
experienced numerous disasters in the past, which are linked to extreme precipitation and
tropical cyclones, including the cyclone Idai in March 2019, which is the actual trigger
for this thesis project. One fundamental question this work aims to answer is the
following: is there any connection between the climate extreme indices and these kinds
of disasters? If so, how can it be useful in predicting how climate change will affect their
frequency?
As just recalled, the present analysis is based on climate extremes that describe
“moderate” extreme events with return periods of generally less than one year, and
therefore are not directly representative of events with very high return periods that have
dramatic impacts on the study area. Therefore, an additional investigation was performed
to evaluate if the ETCCDI can provide information about the destructive events that upset
the province of Sofala and Beira. In such a manner, through the analysis of standard
internationally recognised indices relatively simple to compute, it would be possible to
infer on more complex-to-handle weather features such as extreme rainfalls caused by
tropical cyclones, that from now on will be simply called “critical events”. This term is
not meant to indicate a single abrupt physical phenomenon, but also the combination of
several phenomena of the same or different nature, connected or consecutive, which result
in putting the city of Beira under serious stress in terms of large-scale destruction and loss
of human life.
Subsequently, once the correlation pattern is found, a final investigation aims at
determining if climate models, through the indices projections, provide a signal of change
for future critical frequency of events.
How to put in relation gridded annual indices and this kind of events?
In the analyses described so far, only one grid cell was considered for the computation of
the indices. Namely, from each gridded dataset the closest cell to the coordinates of the
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city of Beira was extracted. However, the spatial scale of one single grid cell cannot fully
represent the critical events (Konrad et al., 2002). To obtain reliable results, a larger area
is therefore used for this analysis: a 3°× 3° lon-lat, from 33° to 36° in longitude and from
-18° to -21° in latitude. Such indices are computed for each model grid cell and following
spatially averaged. The resulting time series are more suitable to represent large-scale
extreme events.
Figure 17 exhibits an overview of the analysis that is going to be described in this section.
Further details are reported in the corresponding results section (4.2).

Figure 17: Flow diagram showing the steps of the approach applied in order to infer about critical destructive
precipitation events by the analysis of moderate climate extremes indices.
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Firstly, the correlation between the indices themselves is analysed. In this way,
relationships between the indices are explored and more knowledge is acquired for their
use in subsequent analyses. A similar approach as in Seo et al. (2019) is followed,
computing the rank correlation coefficient by Spearman (Spearman, C., 1904). The
aforementioned statistical measure was chosen since its use is often reported in climate
extreme studies (Zhang et al., 2019), and more specifically because of the non-linear
relationships between the indices (Pesce et al., 2020) as opposed to the correlation
coefficient by Pearson, more suitable for detecting linear relationships.
Secondly, after the most disruptive events for the city of Beira have been identified,
visually inspecting the time series of observed indices results in a subset of the indices
that are best suited to correlate with the critical events. This is done by evaluating the
index values in the years in which the critical events occurred: is the index recoding a
relatively high value in these years?

Figure 18: Representation of the values of Rx1day computed starting from reanalysis data, for the year 2019 over the
area of interest. This image demonstrates that the index of extreme rainfall contains information about the criticality
of that year for Beira, given the high values reported (reddish areas). From this point, an empirical approach
described in this paragraph was developed to construct a criterion whereby, starting from indices values, one year is
defined as “critical” for Beira.
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Thirdly, the correlation between the subset of indices and the critical events is assessed
through the K-mean clustering algorithm (MacQueen, J., 1967). The algorithm partitions
data into k mutually exclusive clusters based on their attributes. It is an iterative procedure
that aims at minimizing the sum of the distances between the centroid and all the points
of the cluster. Indeed, critical years (i.e. years in which one or more critical events
occurred) can be identified as a part of a cluster of points in the n-dimensional space
where n is the number of the selected indices. In other words, by putting together all the
information coming from the selected indices, the critical years stand out from the rest.
As a result, the indices were found to capture the criticality that a year had for Beira.
Thereafter, a criterion has been defined for a year to be defined as critical. To do that, the
Critical Zone is defined.
An n-dimensional point, representing one year characterized by n-index values
(𝑥1 , 𝑥2 … 𝑥𝑛 ), belongs to the Critical Zone if 𝑥𝑖 ≥ 𝑐𝑖 ∨ 𝑖 = 1 … 𝑛 , with 𝑐 being the
vector containing properly defined thresholds.
Thresholds are defined for each index from the values of the critical years. In this way, a
criterion is established to determine whether a year characterised by any value of the
indices is critical or not for the city of Beira and its surroundings.
Finally, once the correlation between the observed indices and documented critical events
is established, it is time to make future considerations. Through model projections of
indices values, the frequency of critical events is studied to see how it will change over
the century.
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4. RESULTS
4.1

Future Projections

This section presents the results regarding future changes in the indices of climate
extremes over Beira. A complete report of future projections of indices is reported in
Appendix B. For ease of reading, this section aims at showing only the most relevant
results. The indices have been grouped into four categories regarding their interpretation:
intensity of extreme temperatures, frequency of extreme temperatures, the intensity of
extreme precipitation, and frequency of extreme precipitation. The groping is only
indicative and is a way to provide the results more clearly. The Mean Trend (MT), i.e.
trend computed over the multi-model ensemble mean, is the main reference for providing
results. Therefore, it will be referred to as simply “trend”. However, in order not to neglect
the information deriving by individual models, the percentage of models that detect a
significant trend is also indicated. Moreover, as a measure of the spread of the magnitude
of the detected trends by different models, the Trend Variability is computed, i.e. the
standard deviation of the slopes of the models (𝑏𝑖 ) expressed as a percentage of the Mean
Trend (MT) (Russo and Sterl, 2011):
 𝜎𝑛 = 𝜎(𝑏𝑖 ) / 𝑀𝑇 ;

(15)

A low 𝜎𝑛 indicates a little dispersion around the Mean Trend (i.e. good agreement in the
MT value), while high values of 𝜎𝑛 indicates disagreement in the magnitude of the trend
across the models. Therefore, it can be interpreted as a measure of the reliability of the
Mean Trend.
Complementary to the analysis along the entire study period (1961-2100), sub-periods of
30-years have been analysed and compared to each other: the base period (1981-2010),
the near future (2026-2055), and the far future (2071-2100). Over these temporal
windows, mean absolute differences are computed and represented as box plots showing
the models spread, and Probability Density Functions are compared to each other as
described in section 3.3.2.
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4.1.1 Intensity of Extreme Temperatures
The projections regarding temperature extremes are unequivocally consistent with a
warming tendency. All the models agree on future warmer extreme temperatures. This is
visible in Figure 19, which shows the mean absolute anomalies of temperature intensity
indices for both scenarios and future periods. The box plots illustrate the inter-model
spread: the middle line represents the multi-model median and the box boundaries
represent the upper and lower quartiles.

Figure 19: Box plots representing the intermodal variability of the mean absolute anomalies in the near future (20262055) and far future (2071-2100) of Temperature Intensity indices compared to the baseline period (1981-2010), for
both scenarios.

All the models agree on a significant positive trend for the maximum and minimum
annual temperatures (TXx and TNn) in both scenarios. Regarding SSP5-8.5, TXx presents
a trend of 0.48°C/decade while TNn is increasing to the lesser extent of 0.41°C/decade.
The same pattern but more attenuated is conserved for SSP1-2.6: 0.18°C/decade for TXx
and 0.16°C/decade for TNn. As visible in the following Figure 20 as well as in the above
boxplots, by the end of the 21st century, the lower emission scenario predicts a
stabilization of the temperature values, while in the higher emission scenario staggering
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values are reached. The standard deviation of the trend 𝜎𝑛 is very low for these indices,
meaning that there is very good agreement between the models and therefore the results
are very much reliable.

Figure 20: Temporal evolution of maximum of daily maximum temperature (TXx) and minimum of daily minimum
temperature (TNn). A moving average of 10 years is applied to the Ensamble Means (thick lines). The shadings
represent the areas between the 75th and 25th percentiles. The black line represents the historical period simulation,
the dashed line represents the observed values of the indices, and the red and blue lines are the future scenarios.

By looking at the probability distributions (Figure 21), the change that the maximum and
minimum annual temperatures will undergo is evident. The displacement of the mean of
the distribution is consistent with the increase of global mean temperature under global
warming (around 5°C by the end of the century compared to the baseline period according
to SSP5-8.5). In the far future under SSP5-8.5, a bi-modal distribution indicates that the
predictions made by the models split into two groups, in which temperature peaks reach
different intensities.

Figure 21: Temporal evolution over the three sub-periods of probability density functions of TXx (left) and TNn
(right) in the scenario SSP5-8.
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DTR shows a positive trend of 0.02°C/decade for SSP5-8.5 and 0.01°C/decade for SSP12.6. More than 2/3 of the models detect a significant trend, but the model spread (𝜎𝑛 ) is
very large (in the order of 200%) indicating low agreement around the precise magnitude
of the mean trend. Overall, the emerging signal indicates that the day-to-night
temperature difference is going to increase but at a relatively slow rate. Indeed, less than
0.3 °C increase over one century in the average daily thermal excursion does not represent
a dramatic change.

Figure 22: Trend detected for the Daily Temperature Range over the scenario SSP5-8.5. Thick line is the Ensemble
mean. The shading represents the area between the 95th and 5th percentile

The extreme temperature range ETR shows a slow positive rate of change and high
uncertainty as well. In both scenarios, a positive trend emerges, but only in the higher
emission scenario this is statistically significant and its value is 0.07°C/decade. Only half
of the models agree on the statistical significance of a trend and the trend spread is even
in this case very high (159%). The slightly positive signal is consistent with the difference
in the trend magnitude between TXx and TNn being ETR the annual difference between
these indices. Table 6 summarises the results of the trend analysis described so far.
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Table 6: Sum up of Trend Analysis results for Temperature Intensity indices. Yellow coloured cells in the Mean Trend
column indicate a statistically significant trend.

4.1.2 Frequency of Temperature Extremes
Percentile-based temperature indices - Tn10p, Tx10p, Tn90p, Tx90p – are the ones that
present the strongest positive signal with the lowest uncertainty. All the models agree on
a significant positive change. The following Figure 23 provides an overview of the
average variations that these indices, as well as the heatwave index – wsdi – will undergo
in the near and far future.
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Figure 23: Box plots representing the intermodal variability of the mean absolute anomalies in the near future (20262055) and far future (2071-2100) of Temperature frequency indices compared to the baseline period (1981-2010), for
both scenarios.

Warm days (Tx90p) and warm nights (Tn90p) are bound to increase. The trend for Tn90p
is 7.29%/decade in SSP5-8.5 and 2.55%/decade in SSP1-2.6. This is approximately an
increase of 26 and 9 warm nights per decade respectively, with 𝜎𝑛 values of 16.5% and
47%. Tx90p presents a positive trend of is 4.89%/decade in SSP5-8.5 and 1.47%/decade
in SSP1-2.6. This is approximately an increase of 18 and 5 warm days per decade
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respectively, with 𝜎𝑛 equal to 33% and 57% (very good agreement between models). In
conclusion, results indicate that warm nights are increasing faster than warm days.
Figure 24 illustrates the difference between the two future scenarios. Over the SSP1-2.6,
the warm nights and cold nights occurrences tend to stabilise after mid-century. On the
contrary, over the SSP5-8., they keep increasing until they reach the point where almost
all the days in a year the thresholds are overcome. Therefore, the temperature regime is
projected to change so that what was defined in the reference period as a heat extreme
will become the norm. This is a symptom of a radical shift in the temperature distribution
and indicates that the definition of temperature extremes will not be the same in the future.
Indeed, by looking at the Tn90 graph, is visible that the median by the end of the century
approaches 100%. A fixed threshold being exceeded as a normal occurrence leads to the
saturation of the probability increase and may result in an underestimation of the trend.

Figure 24: Temporal evolution of warm nights (Tn90p) and warm days (Tx90p). A moving average of 10 years is
applied to the Ensamble Means (thick lines). The shadings represent the areas between the 75 th and 25th percentiles.
The black line represents the historical period simulation, the dashed line represents the observed values of the indices,
and the red and blue lines are the future scenarios.

Figure 25 further shows the radical change that the distributions of frequency of warm
days and night would undergo under the two scenarios. The baseline period distribution
is also compared to the ERA5 distribution. The difference between the scenarios is once
again very evident by looking at the far-future distribution, which under SSP1-2.6
remains similar to the near-future distribution while under SSP5-8.5 completely diverges.
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Figure 25: PDFs temporal evolution and comparison with ERA5, regarding Tn90p and Tx90p under SSP5-8.5 (up)
and SSP1-2.6 (bottom).

On the other hand, as can be expected, cold days (Tx10p) and cold nights (Tn10p) are
bound to decrease. The trend recorded for Tn10p amounts to -1,27% per decade in the
higher radiative forcing scenario and 0.97%/decade in the lower higher radiative forcing
scenario. This is approximately a reduction of 4.5 and 3.5 cold nights per decade
respectively, with 𝜎𝑛 equal to 6.9% and 17% (very good model agreement). The trend
detected for Tx10p is -1.12%/decade under SSP5-8.5 and 0.74%/decade under SSP1-2.6.
This is approximately a reduction of 4 and 3 cold days per decade respectively, with
𝜎𝑛 values of 7% and 17% (very good model agreement). Therefore, cold nights are
projected to decrease faster than cold days.
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Figure 26: Temporal evolution of Tn10p and Tx10p with relative negative trends. The thick line is the ensemble mean
while shading represents the area between the 5th and 95th percentile.

The above Figure 26 shows the temporal evolution of the two indices under SSP5-8.5.
The Ensemble Mean converges to the 0-value because following the half of the century
none of the days in one year are projected to have a minimum or maximum temperature
below the 10th percentile. Once more, the definition of cold extreme (10th percentile) made
on the baseline period (1981-2010) is not suitable for the future because of the change in
the temperature regime. As a consequence, the computed trend is lower than it would be
with a more “updated” extreme definition. In Figure 27, trends are computed over the
three sub-periods (baseline, near future, far future) to visualize how they change because
of the obsolete definition of the extreme. The trend computed over the baseline period is
not affected by it and is therefore reported in the Table 7 below.

Figure 27: Trend computed over sub-periods for Tn10p and Tx10p. Is evident the effect of trend "flattening" as a result
of the obsolete threshold definition

Index & Scenario
Tn10p SSP5-8.5
Tn10p SSP1-2.6
Tx10p SSP5-8.5
Tx10p SSP1-2.6

Trend
over
the
[% of days/decade]
-2.16
-1.78
-1.61
-1.15

baseline

period

Table 7: Trend values for Tn10p and Tx10p under SSP5-8.5 and SSP1-2.6 considering only the baseline period, not
affected by the "flattening effect"
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The Warm Spell Duration Index, wsdi, is also projected to increase in both scenarios
although in different ways. In the low emission scenario, the positive trend value is 0.88
days/decade with a good agreement between models (𝜎𝑛 = 24%). In the high emission
scenario, the trend value is 2.74 days/decade with higher disagreement between the
models (𝜎𝑛 = 98%). However, as clearly visible in Figure 28 below, after mid-century in
the high-emission scenario index values rise monotonically year after year reaching very
high values by the end of the century. This behaviour was also evident by looking at the
boxplots anomalies (Figure 23).

Figure 28: Temporal evolution of warm spell duration index (wsdi) under the two future scenarios. A moving average
of 10 years is applied to the Ensamble Means (thick lines). The shadings represent the areas between the 75 th and
25th percentiles. The black line represents the historical period simulation, the dashed line represents the observed
values of the indices, and the red and blue lines are the future scenarios.

Therefore, it is of interest to estimate the trend only in the last portion of the time series,
where the models project this steep increase. The trend value in the far future (2071-2100)
is 26 days/decade, which is surprisingly high. After the mid-century according to the
worst-case scenario, every year on average an increase of 2.6 days of heat waves is
projected. These very high values can be explained by remembering the definition that
has been given to the ‘heat wave’: at least 6 days consecutive days with a maximum daily
temperature greater than 90th percentile (computed on 1981-2010). The projected shift in
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the temperature regime results, as for the other temperature frequency indices, in what is
termed extreme in the base period being the norm in the future in this scenario. In
particular, by the last quarter of the century, the ‘extreme event’ will occur so commonly
as to make almost one-third of the year to be classified as ‘heatwave period’.
The following Table 29 summarises the results of the trend analysis for indices of
frequency of extreme temperature.

Table 8: Sum up of Trend Analysis results for Temperature frequency indices. Yellow coloured cells in the Mean
Trend column indicate a statistically significant trend.

4.1.3 Intensity of Precipitation Extremes
Indices of precipitation extremes do not show such a clear direction of change. Indices of
precipitation intensity show the weakest change over time and low agreement between
the predictions made by the models.
This is visible in the projected absolute differences in the following Figure 30. Here, the
high variability between model predictions is demonstrated by the fact that box plots cross
the zero-line, meaning that many models project an opposite sign of change. However,
by looking at the median of the models (the thick middle line in the boxplot), especially
for SSP5-8.5, an increasing signal emerges for the indices concerning short-term extreme
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precipitation (Rx1day, Rx5day, sdii) and a decreasing signal emerges for the indices
concerning cumulative annual precipitation sum (PRCPTOT, R95p). More details are
provided through the trend and the probability density functions analysis.

Figure 29: Box plots representing the intermodal variability of the mean absolute anomalies in the near future (20262055) and far future (2071-2100) of Precipitation intensity indices compared to the baseline period (1981-2010), for
both scenarios.

Rx1day and Rx5day show positive trends under the SSP5-8.5 scenario respectively of
0.49mm/decade and 1.13mm/decade with the trend variability of 142% and 156%. Only
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one-third of models detect a significant trend in this scenario for these indices. Besides,
under the SSP1-2.6, no significant trend is detected. Probability distributions over the
three sub-periods are not significantly different from each other in either scenario.
However, the increase in the 95th percentile under SSP5-8.5 is remarkable. It increases by
17mm for Rx1day and 54mm for Rx5day over 2071-2100 compared to 1981-2010. The
most extreme rainy events are projected to intensify more than the moderate extreme
events.

Figure 30: Positive trends detected for Rx1day and Rx5day under SSP5-8.5

For the Simple Daily Intensity Index (sdii) a positive trend of 0.06mm/decade is recorded
under SSP5-8.5. Fifty percent of the models agree on a significant trend and the trend
variability is high, 104%. Concerning the PDFs, a significant change compared to the
baseline period is recorded only in the far future, with a slight increase of the median
(from 7.7 to 8.2 mm) in standard deviation (from 2.8 to 3.5 mm) and the 95th percentile
(from 13.8 to 15.8 mm). The slight shift is visible in Figure 32 together with the
distribution of observed data. The difference between the projected index and the
observation is larger than the evolution of the projected indices over time. This gives less
confidence in the interpretation of future changes. Under SSP1-2.6 instead, no significant
trend is present.
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Figure 31: PDFs evolution under SSP5-8.5 and the observed PDF in the baseline period (dashed line)

A decreasing tendency is to be expected for the total annual precipitation PRCPTOT. The
trend is equal to -8.16mm/decade under SSP5-8.5 and -5.09mm/decade under SSP1-2.6
with trend variability of 122% and 161%. The PDFs show a significant decrease in the
median from 929 mm (1981-2010) to 827 mm under SSP5-8.5 and 841mm under SSP12.6 (2071-2100).

Figure 32: Trend (left) and PDF (right) evolution of PRCPTOT under SSP5-8.5.

The very wet days, R95p, show a decreasing trend only for SSP1-2.6, equal to 1.52mm/decade, while no significant trend is detected under SSP5-8.5. This is unusual
since normally the higher radiative forcing scenario is the one with a more robust trend.
Nonetheless, this “role-reversal” is due to the very high disagreement between the
models, as visible in the absolute anomaly in the above Figure 30 (boxplots). Therefore,
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the predictions concerning R95p turned out to be unreliable due to very high inter-model
variability.
Table 9 summarises the results of the trend analysis for indices of intensity of extreme
precipitation.

Table 9: Sum up of Trend Analysis results for Precipitation intensity indices. Blue colored cells in the Mean Trend
column indicate a statistically significant trend.
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4.1.4 Frequency of Precipitation Extremes
The analysis of the frequency of precipitation extremes led interesting patterns of change
to emerge. From the following Figure 34 may be noticed that the models agree more on
the sign of change compared to the precipitation intensity indices.

Figure 33: Box plots representing the intermodal variability of the mean absolute anomalies in the near future (20262055) and far future (2071-2100) of Precipitation frequency indices compared to the baseline period (1981-2010),
for both scenarios.
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Consecutive Dry Days (cdd) are projected to increase over Beira in both scenarios. A
positive trend is detected, consisting of 1.15days/decade (78% of models report a
significant trend, 𝜎𝑛 = 78%) under SSP5-8.5 and 0.62 days/decade (33% of models report
a significant trend, 𝜎𝑛 = 79.5%) under SSP1-2.6. The PDF analysis results in a consistent
upward shift of the median, the standard deviation, and the upper tail of the distribution,
which is statistically significant only in SSP5-8.5 (Figure 35).

Figure 34: Consecutive dry days. Up: time series and trends for both scenarios. Shading indicates the area between
the 95th and 5th percentile. Bottom: evolution of the pdf over the three reference periods under the two scenarios.

Consecutive Wet Days (cwd) report a trend of -0.12 days/decade (27% of models detect
a significant trend, 𝜎𝑛 = 174%) under SSP5-8.5, while under SSP1-2.6 no significant
trend is detected (none of the models detects a significant trend). Therefore, the
decreasing signal about this index is very fragile. A decreasing of the median and the 95th
percentile of the PDF is recorded, but also in this case the magnitude of change is very
low.
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Figure 35: Time series of Consecutive wet days and the detected trend. Shading indicates the area between the 95th
and 5th percentile. Thick line represents the ensemble mean.

The number of Heavy Precipitation days, R20, do not show any statistically significant
change in both scenarios.
On the contrary, the number of very wet days, nR95p, show an evident increasing trend
with a very similar magnitude for both scenarios: 0.68days/decade (83% of models report
a significant trend, 𝜎𝑛 = 150%) under SSP5-8.5 and 0.67 days/decade (67% of models
report a significant trend, 𝜎𝑛 = 120%) under SSP1-2.6. Figure 36 below shows the trend
and the PDF evolution under SSP5-8.5. The increased probability of the right tail of the
distribution is evident, the 95th percentile increases from 34 days in the base period to 54
days in the far-future.

Figure 36: nR95p time series and trend under SSP5-8.5. Shading indicates the area between the 95 th and 5th
percentile (left). Thick line represents the ensemble mean. Evolution of the PDFs over the three reference periods
under SSP5-8.5.
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The number of independent extreme precipitation events, inR95p, show a negative trend
of -0.21 events/decade SSP5-8.5 (94% of models report a significant trend, 𝜎𝑛 = 106%)
and -0.13 independent events/decade under SSP1-2.6 (92% of models report a significant
trend, 𝜎𝑛 = 117%). Therefore, the analysis reveals a decreasing frequency of independent
extreme events for both scenarios.

Figure 37: inR95p time series and trend under SSP5-8.5. Shading indicates the area between the 95th and 5th
percentile (left). The thick line represents the ensemble mean.

Finally, the maximum number of consecutive extreme precipitation events, cwd95, is
simulated to increase for both scenarios: 0.21 events/decade SSP5-8.5 (78% of models
report a significant trend, 𝜎𝑛 = 111%) and 0.16 independent events/decade under SSP12.6 (98% of models report a significant trend, 𝜎𝑛 = 117%). The major change regarding
the evolution of the PDFs is the increase of the 95th percentile: from 7 days to 11 days
under SSP1-2.6 and 15 days under SSP5-8.5.

Figure 38: cwd95 time series and trend under SSP5-8.5. Shading indicates the area between the 95th and 5th percentile
(left). Evolution of the PDFs over the three reference periods under SSP5-8.5.
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Table 10 summarises the results of the trend analysis for indices of frequency of extreme
precipitation.

Table 10: Sum up of Trend Analysis results for Precipitation frequency indices. Blue coloured cells in the Mean Trend
column indicate a statistically significant trend.

4.1.5 Summary
The analysis of the indices has revealed a picture of future climate extremes in the area
of the Beira city according to two future scenarios. Figure 39 summarises the projected
changes by the end of the century on Beira, compared to the base period. The boxplots,
showing the inter-model variability, are drawn on the standardised anomalies of the
indices i.e. the absolute anomaly divided by the standard deviation in the baseline period.
Indeed, from Figure 39 the different impacts that the two scenarios have on the extremes
may be captured. As far as temperature extremes are concerned, SSP5-8.5 leads to
warmer extreme conditions than SSP1-2.6. In particular, the standardised anomaly of
wsdi “blasts” by the end of the century, to the point of having a different scale of values
from the other indices, and therefore having to be represented in a different graph. For
precipitation extremes, the high emissions scenario leads to a general emergence of a
signal of change by the end of the century, despite greater model variability than SSP12.6.
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Figure 39: Box plots of the 20 indices showing the standardised anomaly at the end of the century 2071-2100,
compared to the baseline period 1981-2010. wsdi is represented in a different box because its values are out of scale
compared to the others, due to the very large increasing at the end of the century, as described in 4.1.1

4.2
Correlation between extreme indices and critical
events in Beira
This section presents the relationship between the indices of extremes and the destructive
events that upset Beira. The aim is to suggest an empirical methodology to use the indices
of extremes as an indicator of critical destructive events with high impact for the city of
Beira. More in particular, a combination of the indices is used to highlight a space of
phases that defines one year as "critical”, i.e. one year in which one or more destructive
events occurred.
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4.2.1 Indices cross-correlation
As described in the methodology, the first step was to describe the correlation between
the indices themselves through the correlation coefficient by Sparkman. Figure 40 shows
the correlation tables in which correlation values are replaced with a colour scale. The
first table displays the cross-correlation of indices computed starting from observations
(ERA5), while the second table (below) displays the cross-correlation of indices
computed starting from model simulations. Here, the “mean correlation” is displayed,
meaning that each value within a cell is the average over the eighteen correlation values
from the models. The almost perfect equivalence of the two tables confirms the reliability
of models in simulating the indices.

Figure 40: Correlation Tables. The colours scales with values of the non-dimensional Spearman's correlation
coefficient (that varies between -1 and 1). Above, the correlation table of observed indices (ERA5). Below, the
correlation table of simulated indices (mean value over the 18 models’ correlations).
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Several interesting pieces of information emerge from the preliminary correlation
analysis.
Firstly, the a strong correlation between the indices concerning the intensity of
precipitation (upper left quadrant). On the contrary, low correlation values are recorded
between the frequency precipitation indices. Moreover, by looking at the correlation
between intensity and frequency precipitation indices, the situation appears to be “faded”.
Only the Number of Heavy precipitation days (R20), show a high correlation in particular
with the intensity index (sdii), the total precipitation (PRCTOT), and the total
precipitation above 95th percentile (R95p).
A strong correlation is also recorded between temperature frequency indices (lower right
quadrant) and between temperature frequency indices and temperature intensity indices.
This means that, for instance, a high value of annual maximum (TXx) or minimum (TNn)
temperature corresponds on average a high duration value of heat waves (wsdi). This is
not surprising, but not obvious either.
The correlation between precipitation and temperature indices is very low, as expected.
The negative correlation between Daily Temperature Range (DTR) and almost all the
precipitation indices is remarkable. In particular, a very low correlation is computed
between the above-mentioned index and the total annual precipitation (PRCTOT). One
explanation of this result might be related to the fact that on average the daily temperature
range is smaller on rainy days. If the sky is cloudy, the daily maximum temperature is
reduced, and the minimum temperature may be increased due to less heat being lost to
the upper atmosphere and retained near the ground.
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4.2.2 Identification of critical destructive events
The second step is to identify which are the destructive events that occurred in Beira, to
evaluate if the indices are able to reproduce their criticality. The EM-DAT disaster
database23 provides information about the past disasters that happened in Mozambique
and the province of Sofala. Moreover, the humanitarian information service provided by
the United Nations Office for the Coordination of Humanitarian Affairs (OCHA)
provides a record of the ongoing and past disasters around the globe, including floods that
happened in Mozambique24. The main source of information regarding the tropical
cyclones that affected the area of interest was the Direction of Météo-France in La
Réunion25, which has been designated as the Regional Specialized Meteorological Centre
(RSMC) for Tropical Cyclones in the South-West Indian Ocean by the World
Meteorological Organization (WMO) in 1993 (Draxler et al., 1993). Further knowledge
was acquired from the Australian Severe Weather website26, and from FAO
documentation (Adriana Herrera et al., 2010). Table 11 reports the main destructive
events connected to extreme precipitation that happened in the province in Sofala from
1985 onwards (because of information availability). These events caused thousands of
fatalities and billions of dollars of damages. A more detailed insight on this topic is
reported in Appendix A.

23

https://www.emdat.be
https://reliefweb.int/disasters
25
http://www.meteofrance.re/cyclone/
26
http://www.extremestorms.com.au/
24

75

Critical Events that affected the city of Beira
Year
1997
2000

Months

Event

People

People

affected

killed

400.000

87

>2.000.000

800

Riverine floods

500.000

115

January to

Floods and

400.000

150

February

Tropical Cyclone
>2.000.000

>1300

January to

Riverine floods and

February

Tropical Storm Lisette

January to

Floods and

March

Tropical Cyclone
Eline-Leon

2001

January to
April

2007

Favio
2019

March

Tropical Cyclone
Idai

Table 11:Description of the most critical events for the city of Beira. Data about people affected and killed are
estimations. Source: https://www.emdat.be

A Tropical Cyclone, like in the case of Idai, combines extreme winds, extreme rainfall
and can trigger storm surges. However, it should be specified that these events are rarely
the result of a single “climatic hazard”, but they are the consequence of compound events
affecting the area over a relatively short period. For instance, a severe rainy season
characterised by torrential rain followed by a tropical cyclone, or multiple storms in
sequence. In addition, is essential to bear in mind that disasters are not only the result of
a natural hazard but of the complex interrelation between the severity of one event, the
vulnerability, and the exposure to that event. However, in these analyses the focus is only
on the physical dimension of the event, leaving aside the social and economic dimensions.
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4.2.3 Indices and Critical events

At this point, the time series of the observed indices (ERA5) were visually inspected to
answer the following question: is there a signal emerging from the time series of the
indices in correspondence with the years in Table 11? Figure 41 shows the indices that
were selected since they present relatively high values in correspondence to 1997, 2000,
2001, 2007 and 2019. Hence, a correlation is potentially present.

Figure 41: Bar diagram for the time series of selected indices. Red bars are located in correspondence to the years
1997, 2000,2001, 2007 and 2019, where relatively high values are recorded
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The indices for which high values are present in correspondence to the critical years are
the ones that most intuitively are connected with the extreme rainfall. However, the
indices taken individually do not manage to distinguish unambiguously the three critical
years from the others. Nevertheless, criticality is successfully isolated by taking into
account the years in which more than one index has relatively high values. In other words,
the years in which Beira suffered from extreme critical events can be identified by
considering the information from all the indices in Figure 42. Here, the K-means
clustering algorithm (MacQueen, J., 1967) has been applied to verify whether the threedimensional scatter plot generated by the indices successfully manages to isolate the
critical years (Figure 42). Running the algorithm with a predefined number of k = 5
clusters results in the critical years to be part of a single group. This demonstrates that
some of the indices of moderate extremes if combined can reveal the years in which Beira
and the province of Sofala experienced one or more destructive critical events. In other
words, the observed precipitation indices reveal the signal that critical events have had
on precipitation and are therefore possible to infer about these events from the analysis
of the indices.

Figure 42: Three-dimensional scatter plot of the indices chosen to correlate with the critical events. K-means
clustering is used to divide the 30 years into 5 clusters. In red is the critical cluster, grouping the critical years for
the city of Beira.
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At this point, it is necessary to identify what defines a year as belonging to the “red”
group. In this respect, the “Critical Zone” is defined as the 6-dimensional open sub-space
so that appropriate index values are simultaneously exceeded. These thresholds have been
established, with a certain degree of subjectivity, taking into account the values of the
indices in the critical years, i.e. rounding down the minimum value of the five critical
years. Table 12 contains the threshold values and Figure 43 displays them on the indices
time series.

Figure 43:Timeseries of observed indices and relative thresholds used to define the n-dimensional Critical Zone
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Index values that if simultaneously exceeded define a critical event
Rx1day

Rx5day

sdii

R95p

PRCPTOT

R20

75 mm

140 mm

8 mm

700 mm

1100 mm

12 days

Table 12: Threshold values for each index. They are used to define a year as critical

In addition, Figure 44 shows the representation of the Critical zone in 3D (for obvious
reasons a 6D representation would not be possible). In conclusion, one point falling into
the Critical zone is defined to represent a year in which Beira and the province of Sofala
experienced one or more destructive critical events.

Figure 44: The concept of Critical Zone. Three-dimensional representation of the Critical Zone (red parallelepiped)
within the 3D scatterplot of Rx1-Rx5-R95p.

To summarize, a correlation between the values of a subset of extreme precipitation
indices and the most dramatic events that upset Beira in the past was established. In doing
that, a criterion has been set, according to which a year is defined to be or not to be
“critical”.
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4.2.4 Future projections of critical events
In the last place, it is interesting to assess what the models project about the future of
critical events. Namely, is the frequency of these kinds of disasters going to increase or
decrease according to model projections under the high radiative forcing scenario (SSP58.5)?
For each model, the frequency of projected critical events is computed as the count of
years falling within the Critical Zone in the past (1981-2020), the mid-term (2021-2060),
and the far future (2061-2100). Afterwards, the mean of the model results is computed,
reported in Table 13. The three graphs in Figure 45 show this analysis in 2D for Rx1day,
Rx5day, and R95p for the sake of understanding.

Figure 45: Representation of the position of simulated years in 2D. Red lines are the boundaries of the Critical Zone.

81

Past (81-20)

Mid-term (21-61)

Long-term (61100)

Mean n. of simulated critical events

1.94

3.11

2.17

Table 13: Count of years falling in the Critical Zone on the three sub-periods averaged over the models.

By looking at Table 13, a sign of an increase in the frequency of these events emerges
clearly in the medium term with an increase in the order of 60%, while the increase seems
to attenuate in the long term (around 10% increase compared to the past).
To have a measure of the uncertainty of these measures, a bootstrap resampling procedure
is applied. Half of the models are randomly selected iteratively (n° iterations = 100) and
the previous computation is repeated each time. In this way, the standard deviation of the
different realizations for the three results is computed, as reported in Table 14.

Past (81-20)

Mid-term (21-61)

Long-term (61-100)

Mean (bootstrapping)

1.87

3.07

2.10

Standard deviation

0.56

0.82

0.63

(bootstrapping)
Table 14: Mean and standard deviation of the sampling distribution resulted from the bootstrapping procedure. Data
are resampled using 9 out of 18 models 100 times, and the results about the frequency of critical events are each time
recorded.

As visible in Table 14, the magnitude of the uncertainty does not allow making
predictions confidentially, since the sample distributions of the results over the three
periods overlap each other. In other words, the increase in the frequency of projected
critical years is not statistically significant, especially concerning the long-term
projections. To be noted is that the mean number of the simulated past critical events
(1.94) is lower than the critical events that happened, suggesting that the models tend to
underestimate the magnitude of extreme precipitation.
For this reason, the analysis was repeated by taking a smaller subset of indices (n=3),
namely Rx1day, Rx5day and R95p. They were chosen among the others since they do
not show a high correlation between each other (𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝜌𝑠 < 0.7),
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meaning that they reveal independent information. The clustering algorithm (K-means),
applied with a predefined number of k=5 clusters, resulted in the ‘critical cluster’ to be
composed by the years 2000, 2007 and 2019 that were without any doubt the most
stressful for Beira because of the intense tropical cyclones that devastated the area
(Appendix A). Table 15 reports the thresholds used to define the Critical Zone, which
this time is a 3-dimensional parallelepiped subspace (as in the above Figure 44).

Index values that if simultaneously exceeded define a critical event
Rx1day

R95p

Rx5day

110 mm

750 mm

180 mm

Table 15: Threshold values for the subset of three indices used to define a year as critical.

Results are given in the Tables below. Table 16 reports the mean number of simulated
critical events over the three periods. Table 17 reports the results of the bootstrapping
procedure to assess the uncertainty of results.

Past

Mid-term

Long-term

(81-20)

(21-61)

(61-100)

Mean n. of simulated critical events

0.5

1.44

2.17

Table 16:Count of years falling in the newly defined Critical Zone on the three sub periods averaged over the models.

Past (81-20)

Mid-term (21-61)

Long-term (61-100)

Mean (bootstrapping)

0.49

1.42

2.15

Standard deviation

0.01

0.12

0.09

(bootstrapping)
Table 17: Mean and standard deviation of the sampling distribution resulted from the bootstrapping procedure. Data
are resampled using 9 out of 18 models for 100 times.
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Given that 2000, 2007 and 2019 were the most critical for Beira compared to 1997 and
2001, it was to be expected that the mean number of projected future critical events would
be lower than in the previous analysis.
All in all, predictions about future critical events made using only these three indices
results in their sharper and gradual increase over time. Moreover, the standard deviations
of the sampling distributions are very low and therefore the results are to be said to be
statistically significant.
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5. DISCUSSION
The study conducted so far has led to an insight into the extreme temperature and
precipitation conditions projected along the 21st century in the area of the city of Beira.
This section aims at summarising and interpreting the results into a coherent picture, by
focusing also on their impacts on socio-economic and natural systems (section 5.5). Given
the complex interrelationship between climate change and the different scales on which
it acts, it is interesting to put in relation the findings of this study at the local scale (area
of Beira) with global and regional (South Eastern Africa region – SAEF) observations
and projections. The aim is to confirm whether the results of this work are in line with
findings at larger scales and to put them into a broader context with the support of relevant
literature. In particular, the main reference for discussion are the recently published IPCC
assessment reports, AR6 working groups I, II (IPCC, 2021), and the more outdated SREX
report (IPCC, 2012).

5.1

Extreme Temperatures

The future projections over the area of Beira highlight a consistent increase of intensity
and frequency of the temperature extremes for both scenarios, with a unanimous
consensus among the models. However, while in the best-case scenario (SSP1-2.6) in the
long-term (after mid-century) extreme temperatures tend to stabilise, the worst-case
scenario predicts that extreme temperatures would continue to rise to very high levels by
the end of the century.
Temperature peaks will increase in intensity: by the end of the century (2071-2100) a
median increase of the maximum annual temperature (TXx) of 4.8°C under SSP5-8.5 and
1.4°C under SSP1-2.6 is predicted compared to the baseline period (1981-2010).
Minimum temperatures (TNn) will rise accordingly, with a slightly lower extent.
Heatwaves’ days (wsdi) are projected to increase consistently: by the end of the century
a median increase of 49 days under SSP5-8.5 and 9 days under SSP1-2.6 is predicted.
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The increase in the frequency of warm days (Tx90p) and nights (Tn90p) suggests a future
radical change in the temperature regime compared to 1981-2010 according to the worstcase scenario, given that temperature extremes in the base period will be the normality by
the end of the century. To explain this, it must be taken into account that the tropical
climate of Mozambique implies that the 90th percentile and the median daily maximum
temperatures are not too far apart. For this reason, a shift of about 4-5°C in the maximum
daily temperature distribution (according to the global warming scenario under SSP5-8.5)
towards higher temperatures results in a saturation of the probability of occurrence of the
90th percentile, since the ‘future mean maximum daily temperature’ has the same value
of the past ‘extreme’. The same can be said by looking at the decrease in the frequency
of cold days (Tx10p) and cold nights (Tn10p). Warm nights are projected to increase
faster than warm days and, accordingly, cold nights are projected to decrease faster than
warm nights (see 4.1.2, 4.1.3).
Studies conducted at the global scale have led to consistent evidence of warming of
observed temperature extremes. It has been demonstrated that changes in temperature
extremes are driven by human-induced climate change (IPCC, 2012; IPCC, 2014).
Extreme temperatures warming robustly scales with global warming. However, local and
regional feedbacks strongly influence extreme temperatures (e.g. soil moistureevapotranspiration-temperature feedback), as well as external forcings (land use/cover
changes and aerosol concentrations), so that changes in extreme temperatures are often
greater than those in average temperatures (Seneviratne et al, 2021). At the regional scale,
not many studies have been conducted on the observed changes in South-Eastern Africa
–SEAF– due to a lack of data, however among the existing studies an increase in the
intensity and frequency of hot extremes is detected (Seneviratne et al, 2021).
Regarding future projections, at the global scale models predict substantial warming in
temperature extremes by the end of the 21st century. There will be more frequent hot
extremes and fewer cold extremes in a warmer climate and is very likely heatwaves will
occur with a higher frequency and longer duration, especially considering global warming
scenarios above 2°C (IPCC, 2012). In ESAF, projections are in line with the results of
this study. For instance, Li et al. (2021) describe at the 4°C warming level a median
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increase of almost 5°C in annual TXx and TNn compared to pre-industrial levels, which
agrees with the results over Beira, described in section 4.1.1.

5.2

Heavy Precipitation

Projections about heavy precipitations over Beira contain a large degree of uncertainty.
The latter is somewhat reduced by considering the highest emissions scenario (SSP5-8.5)
in the distant future, where significant and consistent changes emerge. In this case, the
intensity of precipitation extremes is set to increase. Heavy precipitation events become
heavier (Rx1day, Rx5day). The change is non-linear: the rarest and most extreme events
(that occur in average 1 time over 20 years) are projected to intensify more. As regards
the frequency of precipitation extremes, the future context for the city of Beira according
to the SSP5-8.5 scenario is to be predicted as follows. The number of heavy precipitation
days (R20, pr greater than 20mm) will not change significantly. Nonetheless, the number
of wet days (nR95p, pr greater than 95th percentile) is projected to increase. This means
that consistent rainy days are going to increase in the dry season, since the threshold of
20mm is representative only of the wet season, whereas the percentiles are thresholds that
depend on the day of the year, thus including also the dry season. Independent extreme
meteorological events (inR95p) are projected to be less frequent but to last significantly
longer (cwd95).
At the global scale, there is consistent evidence of an increase in heavy precipitation
events over land, although there are wide seasonal and regional variations (IPCC,2012;
IPCC,2014). In general, warming increases the atmospheric vapour holding capacity
following the Clausius-Clapeyron relationship (~7% increase/°C). Consequently, the
hydrological cycle tends to intensify, leading to more extreme rainfall. The increase of
Rx1day over the last decades of the 20th century is estimated to be consistent with C-C
concerning global mean temperature rise (Fischer et al., 2016). However, extreme
precipitation is very much connected with the large-scale modes of variability such as El
Niño-Southern Oscillation, whose warming-induced changes are complex and uncertain.
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Moreover, precipitation extremes are also affected by local forcings including changes in
aerosols, land cover change and urbanization (Seneviratne et al, 2021). This makes
changes in extreme precipitation heterogeneous and complex to model, which explains
the large uncertainty in model projections.
CIMP6 models indicate on the ESAF region a future increase of intensity and frequency
of heavy precipitation extremes. Li et al., (2021) show at the 4°C warming level a median
increase of more than 15% in the 50-year Rx1day and Rx5day events compared to the
1°C warming, that is a similar increase to the one found in this study for the area of Beira
(4.1.3, increase on the 95th percentile of the probability distribution).

5.3

Droughts

Droughts refer to periods with below-average moisture conditions and limitations in
water availability (Wilhite and Pulwarty, 2017).
Future projections indicate increasing dry conditions over Beira. Meteorological droughts
(lack of precipitation) are expected to increase for both future scenarios. Indeed, the total
annual precipitation (PRCPTOT) is projected to decrease by around 10% under SSP58.5 and 7% under SSP1-2.6 by the end of the century compared to the baseline period.
Consistently, the number of consecutive dry days (cdd) is projected to increase (4.1.4).
Atmospheric dynamics is the dominant factor in precipitation deficiency, with
mechanisms taking place on different spatial and temporal scales (e.g. blocking patterns);
droughts are therefore phenomena strictly region-dependent (Seneviratne et al, 2021).
Studies conducted at the global and regional scale confirm the projected increase of
meteorological droughts in the area of Beira. A strong increase in cdd is indeed
projected for 4°C of global warming over most of the African continent (Sillmann et al.,
2013). In the ESAF, there is evidence of a change in meteorological droughts already at
the 1.5°C warming level (Xu et al., 2019).
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5.4

Extreme weather events

Within sections 3.4 and 4.2, an empirical approach was developed to relate selected
annual indices of moderate precipitation extremes to the extreme weather events that led
to severe damage in the city of Beira. In particular, the focus was on the heavy rainfall
associated with tropical cyclones that had caused extensive floods in the city.
After determining a criterion that, starting from the values of the reanalysis-derived
indices, makes it possible to infer about this type of events, future assumptions were made
using indices computed under the SSP5-8.5 scenario. A signal of future increases in the
frequency of extreme weather events emerged from the analysis (see 4.2.2).
In the 11th chapter of AR6 (Seneviratne et al, 2021) the challenges of the quantification
of climate change effects on extreme storms are remarked. This is in part because they
are rare, local, and influenced by stochastic variability. Models do not manage to
accurately represent the small-scale physical processes that drive changes in the extreme
storms, and therefore future projections are challenging. Identifying past trends of
Tropical Cyclones metrics is a challenge because of the heterogeneous instrumental data
that collect the long-term records. Using only the most recent homogenized data (acquired
by satellites) it has been observed a global tendency towards an increase of intensity of
tropical cyclones (Knutson et al. 2020). In addition, the widening of the Hadley cell has
likely caused the poleward shift of cyclones tracks (Sharmila and Walsh, 2018) which
poses an increased threat on Beira. Moreover, there is evidence of the increased TC
intensification rates (Kishtawal et al. 2012). In the ocean that bathes the city of Beira,
South-West Indian Ocean, an increase of the most intense cyclones (category 3-5) has
been observed in recent decades (Fitchett, 2018). Specifically, it has been observed a
more frequent landfall of tropical cyclones over central to northern Mozambique
(Malherbe et al., 2013).
Future projections for this basin, and in other basins worldwide, agree on a general
reduction in the total number of tropical cyclones, but in the increase in the proportion of
most powerful and dangerous tropical cyclones (category 4-5). These studies show that
heavy rainfall associated with TCs is likely to increase with warming at a greater rate than
the C-C scaling (Malherbe et al., 2013; Knutson et al., 2020). These findings are
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consistent with the projected increase in the number of critical precipitation events over
the area of Beira.

5.5

Impacts

Studying and monitoring the extreme climate events described in the previous paragraphs
is crucial, since the impacts they have on human conditions and assets, on ecosystems
and the natural physical environment. Predicting the impacts of this kind of events is a
complex task since involves elements from different fields of knowledge, entailing earth,
social and economic sciences. The concept of risk associated with the extreme climate is
the result of the interconnection between the entity of the hazardous physical event and
the exposure and vulnerability of people, infrastructures, environmental services, etc.
Moreover, impacts related to different extreme climatic events are often interconnected,
which adds another degree of complexity.
Detailed impact analysis for the area of Beira goes beyond the scope of the present work.
This section merely outlines the potential increased risk that the area may experience as
a result of the projected changes in climate extremes of temperature and precipitation.
The latest IPCC report, details the past and future impacts of climate change worldwide.
Chapter 9 (Trisos et al., 2022) focuses on vulnerabilities and adaptation options for
Africa. The following Figure 46 shows the increased risk due to climate change for three
selected key risks in Africa.

Below, the impacts of precipitation and temperature

extremes changes are identified by the sectors they affect, focusing on the case of Beira.
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Figure 46: Burning embers showing the increased risk due to climate change for selected key risks in Africa. The
projected increase is assessed for global warming increasing above pre-industrial levels (1850–1900). At the actual
level of global warming (about 1.1°C), all three risks are already classified to moderate risk (IPCC, 2022).

5.5.1 Ecosystems
High-temperature extremes, droughts and floods substantially affect ecosystems and
ecosystems services. In Africa, communities are particularly dependent on regulating and
provisioning ecosystem services (Scholes et al., 2018) such as water quality regulation,
coastal protection, crop and livestock productivity, and wild-harvestable food. Extreme
climate might severely test the resilience of ecosystems and therefore their services. Dry
and hot conditions promote the generation and spread of wildfires, which, although part
of the functioning of ecosystems, are going to increase (Jones, et al., 2020). If tipping
points are crossed, systems may undergo abrupt changes. For instance, forests may shift
from being net carbon sinks to net carbon sources (Hubau,et al. 2020). In South-East
Africa, the risk of abrupt disruption of biodiversity largely increases above 2°C. More
specifically, models project that at coral reefs of the region are going to be destroyed by
bleaching by more than 90% (Hoegh-Guldberg et al., 2018).
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Mangrove ecosystems are very important as carbon sequesters and shoreline protection
in Mozambique. These are compromised by extreme events. For instance, mangrove
cover in Mozambique was reduced by 48% after Cyclone Eline in 2000 (Macamo et al.,
2016).
A key sector for Mozambique that is very vulnerable to extreme climatic events is Naturebased tourism (Da Silva, Jose Juliao, 2019). Increased heat stress for tourists and
employees, reduced animal mobility, disrupted tourism activities and infrastructures due
to extreme weather conditions are among the impacts that threaten this important
business.

5.5.2 Water scarcity and food security
Water and food availability are strictly connected. Both are largely impacted by climate
extremes.
Even though the area of Beira is not characterized by a high vulnerability to water
scarcity27 (Pörtner et al., 2022, figure 7S.6), prolonged droughts might exacerbate water
management challenges for municipal and agricultural use. Precipitation deficits might
have dramatic consequences also on rain-fed agricultural production. The long droughts
that struck Mozambique between 1981 and 1984 have affected more than four million
people and killed about one hundred thousand28. Besides, heatwaves negatively affect
crop yields and livestock productivity (Lobell et al. 2011). Water deficit in rivers or lakes
and high temperatures heavily affect the fishery sector as well, which is particularly
important for Beira and in general for Mozambique, a country with vast seacoasts whose
inhabitants largely depend on small-scale fishing for a living (Bilika et al., 2019). At the
4°C global warming level, models project that the Maximum Catch Potential (MCP, a

27

In the area of Beira a large amount of precipitation falls annually compared to other parts of the
country. Moreover, the presence of Pungue and Buzi rivers assure large amount of water.
28
https://www.emdat.be
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matrix used for fish biomass abundance) along African costs would decrease by 12-69%
(Golden et al., 2016).
Moreover, floods and severe tropical storms may impact the food supply chains (roads,
infrastructures…), driving rising food insecurity. Between 2015 and 2019, an estimated
62 million people in eastern Africa needed humanitarian assistance due to climate-related
food emergencies (Gebremeskel et al., 2019).
A 2018 World Bank analysis stated that experiencing a cyclone, flood or drought leads
to a reduction of as much as 25-30 percent in per capita food consumption and about 0.4
fewer meals per person per day (Baez et al., 2018).

5.5.3 Human Health
Climate extremes, such as heatwaves, droughts and floods influence human health and
well-being.
Extreme heat and heat stress might be fatal and are associated with increased
hospitalisation. Elevated night-time temperatures, as projected for Beira, does not allow
human body relief from heat stress. Even if the proximity of the sea mitigates the effect
of urban heat islands, the elevated humidity combined with heatwaves might induce great
heat stress. The most vulnerable are young children and the elderly.
Infectious diseases in developing countries like Mozambique have often followed floods.
In Beira, in the weeks after Cyclone Idai, a cholera epidemic added to the disaster
(Macamo, et al., 2021). Floods might also cause a displacement of malaria epidemic
regions by changing the breeding sites for vector mosquitoes. Droughts might affect
mosquito-borne diseases as well and they are also linked with meningitis (Molesworth et
al., 2003). Indirect health impacts related to extreme events are mental health impacts
related to traumatic experiences of loss, disruption and displacement, often underexamined (Neria et al., 2008).
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5.5.4 Human settlements and infrastructures
Human settlements concentrate elements of exposure. The coastal city of Beira is
especially at risk because of the projected increase in the intensity of extreme coastal
storms and heavy precipitation events, and because of the vulnerability of the informal
settlements and the inadequate drainage systems. The city is located only a few meters
above sea level, and this makes the area much vulnerable to coastal floods. Moreover, in
many cases of coastal settlements (including Beira), the ability of natural coastal systems
to respond to extreme climate events has been reduced with urbanization, because of the
removal of the protection provided by dunes and mangroves ecosystems. Cyclone Idai
had a devastating effect on the infrastructure of the city of Beira: approximately 70% of
the houses were partially or completely destroyed (Trujillo, M., 2019).
Adaptation actions are required to make the city more resilient to such events, which are
bound to increase due to climate change. Many interventions have been designed and are
being implemented to enhance the protection of Beira from floods. Grey-green
interventions such as the restoration of mangroves ecosystems inside the city (along the
Chiveve River) and along the coast, the expansion of sand dunes, breakwaters systems
and coastal walls are part of the Beira Recovery and Resilience plan29 that was developed
after the Cyclone Idai disaster.

29

https://www.slideshare.net/BasAgerbeek/beira-municipal-recovery-and-resilience-plan-volume-1-mainreport
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6. CONCLUSIONS
In these years, the world is facing a challenge of unprecedented magnitude, in which
complex decisions have to be taken to ensure a fair future for the next generations. Sound
knowledge of the changes taking place in the climate system is of primary importance to
make informed decisions. In particular, the study of climate extremes is relevant because
of the large impacts they have on human systems. Beira is one of the cities most
threatened by climate change worldwide, highly vulnerable to climatic extremes. This
thesis aimed to analyse the changes in temperature and precipitation extremes that are
expected in the Beira city area throughout the 21st century. The results provide the latest
information on the extreme climate response to two future scenarios (SSP1-2.6 & SSP58.5).
Temperature extremes will rise consistently with global warming. In the worst-case
scenario (SSP5-8.5), what is considered an 'extreme' today will be the norm by the end of
the century. Temperature peaks will increase in intensity and minimum temperatures will
rise accordingly, with a slightly smaller extent. The duration and frequency of heatwaves
are expected to increase slightly under SSP1-2.6 and consistently under SSP5-8.5. For
extreme precipitation, a sign of change emerges only by considering the SSP5-8.5
scenario. The models predict a decrease in total annual rainfall and longer dry spells,
indicating increasing risk of droughts. Heavy rainfall is projected to become heavier. An
increase in the number of very wet days is expected to happen in the dry season (MayOctober). In general, extreme precipitation events are going to be less frequent but last
longer. The increasing duration of extreme events is the signal that emerges most clearly
from data, and that pones challenge for the drainage system of the city. Certainly, it may
be concluded that it would be substantially easier for the community of Beira to adapt to
the changing climate extremes if a global socio-economic scenario more similar to SSP12.6 than to SSP5-8.5 were to be realised.
A further outcome of this thesis was to develop an empirical approach to relate annual
extreme moderate precipitation indices to the disasters caused by the torrential rains that
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devastated the city of Beira. This correlation makes it possible to verify that the annual
indices manage to capture the criticality of an event of extreme precipitation for the city
and to make future assumptions based on model projections under the SSP5-8.5 scenario.
The latter reveals that such events are bound to increase, although with a certain degree
of uncertainty related to some steps of the methodology. Indeed, the limitation of this
approach is the subjectivity in the choice of the subset of indices used in the correlation
analysis, and criticality thresholds (see paragraph 4.2.1). Future developments of this
methodology should include a more objective method for the characterisation of critical
events than a set of predefined thresholds, such as the application of machine learning
techniques to identify a parametric subspace in the multi-dimensional space of indices. In
addition, a dimensionality reduction technique such as PCA (Principal Component
Analysis) may be used to determine objectively the optimal combination of indices used
as impact predictors.
Several other improvements or developments could be made. For instance, the
computation of temperature extremes indices based on percentiles (section 4.1.2) could
be repeated using moving reference periods as in Russo et al. (2011), to separate those
changes resulting from a shift in PDF from those resulting from an increase in climatic
variability. Moreover, the whole study could be repeated employing data from higher
resolution regional models (RCMs) that have been proven to simulate better extreme
rainfall events compared to their host GCMs thanks to their ability to cope with
topography and coastlines. Besides, they are more suitable to simulate tropical cyclones
and the associated precipitation (Seneviratne et al, 2021).
In the aftermath of the Cyclone Idai disaster, the municipality of Beira prepared the Beira
Recovery and Resilience Plan addressing both immediate recovery needs and longer-term
strategies to make Beira a resilient city; a roadmap to ‘Build Beira Back Better
(BBBB)’30. The plan covers the key areas of infrastructure which proved to be vulnerable
during the Idai event, namely the coastal protection, the drainage system, the sewage, the
solid waste management, the roads, and the housing.

30

https://www.slideshare.net/BasAgerbeek/beira-municipal-recovery-and-resilience-plan-volume-1-mainreport
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The methodology and the results obtained in this work may provide useful information
for updating and calibrating the existing improvement measures or as a basis for designing
new adaptation actions. Moreover, it may be trustful support and reference for further
investigations on the climate of the area.
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8. APPENDIX A: destructive past events
for Beira
In this appendix, the most critical rainfall-related events for the city of Beira that have
occurred in the recent past are briefly described.

1997
Heavy rains and subsequent floods affected Mozambique and the province of Sofala for
over one month (January-February). On the 2nd March, Severe Tropical Storm Lisette
made landfall just north of the city of Beira. The storm caused a storm surge of about 4m
along the coasts of Beira, and dropped heavy rainfall across the region, causing severe
flooding. in Mozambique, 17,000 homes were destroyed, and 300,000 people were
affected. Across the country, the storm killed 87 people.

2000
In February 2000, Mozambique was ravaged by an equivalent of two years' worth of
rainfall in less than two weeks. On the 22nd of the same month, the Leon-Eline Tropical
Cyclone made landfall about 80 km south of Beira. The subsequent torrential rains and
strong winds on the areas that were already flooded left a situation that was considered
the country's worst natural disaster in a century31. More than 2 million are estimated to
had been affected, with over 700 fatalities. Damage and destruction of homes, schools,
hospitals, roads, power systems and other infrastructures were extensive. The inundation
hit 140.000he of agricultural crops, killed or seriously injured 350.000 cattle, and vastly
destroyed fishing equipment, severely affecting key sectors for Mozambique’s economy
and subsistence. Images of the flooding spread around the world, and the scale of the
event prompted extensive documentation of the disaster, including a book entirely
devoted to it (Christie et al., 2001).

31

Reason et al., 2004; DisasterRelief https://reliefweb.int/
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Figure 47: During the flood, residents had to climb trees to save themselves, while waiting for rescue32

Figure 48: Cyclone Eline-Leon. Right: Track of the cyclone approaching the area of Beira. Colours toward the violet
indicate an increasing power of the tropical cyclone (category 4 TC). Source: http://www.meteofrance.re
Right: Cyclone Eline while making landfall close to Beira. The red line is the Mozambique boundary with the
ocean. Source: RSMC ARCHIVES33

Figure 49: Flooding of Mozambique before and after the cyclone and number of persons affected. Area of Sofala was
heavily affected by the event. Source: Relifweb34

32

https://chemonics.com/wp-content/uploads/2017/10/Mozambique-Disaster-Preparedness.pdf
http://www.meteo.fr/temps/domtom/La_Reunion/webcmrs9.0/anglais/archives/index.html
34
https://reliefweb.int/map/mozambique/mozambique-provinces-affected-february-2000-flooding
33
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2001
After the 2000 disaster, the following year's rainy season was not kind to Mozambique.
During February, prolonged and heavy rainfall in the central part of the country and
increased flows from the Kariba and Cabora Bassa dams in neighboring countries caused
extensive flooding. In particular, the flooding occurred in the Sofala province because of
the overflow in the Buzi and Pungoe Rivers35. 500.000 people were affected and 115 is
the estimated number of deaths.

2007
Between December 2006 and February 2007, heavy rains across northern and central
Mozambique led to flooding in the Sofala province, affecting and estimated of 285,000
people in the whole Mozambique. These rains closely followed earlier flooding from
October to December 2006, which affected 46,500 people. On February 22, Tropical
Cyclone Favio made landfall in Mozambique, killing 10 people and affecting more than
160,000 people, destroying crops and undermining local food security 36.

Figure 50: Cyclone Favio while making landfall in the south of Beira. Source: RSMC ARCHIVES37

35

Report: 2001 Floods Lessons Learned Workshop Beira 26 – 27 July. OCHA final report.
https://reliefweb.int/report/mozambique/fews-mozambique-food-security-warning-cyclone-faviodrought-rack-south-north
37
http://www.meteo.fr/temps/domtom/La_Reunion/webcmrs9.0/anglais/archives/index.html
36
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Figure 51: Cyclone Favio track, area affected by it and by the previous floods. Source: US Agency for International
Development38

2019
In the period between December 2018 and March 2019, heavy precipitation and flooding
affected around 10.000 people in the province of Sofala. Tropical Cyclone Idai made
landfall during the night of 14 to 15 March causing a destructive combination of torrential
rain, high winds and storm surges. The massive flooding resulting from torrential rainfall

38

https://reliefweb.int/map/somalia/usaidofda-programs-mozambique-22-mar-2007
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(more than 200mm in one day), strong winds (215 km/h) and storm surges (4.4m high)
left the city of Beira in an inundated state with catastrophic devastation. The
unprecedented damages on facilities, infrastructures and the enormous amount of
fatalities made it the most destructive and deadliest tropical cyclone in the South-West
Indian Ocean of recorded history. The situation was further aggravated by cholera
epidemics and the spread of Malaria, due to the precarious hygienic conditions after the
catastrophe. The humanitarian disaster has shifted the spotlight on the vulnerability of
Mozambique and Beira, raising the question of whether a future for the city is possible
under climate change.

Figure 52: Cyclone Idai approaching Mozambique
on 14 March 2019. Image acquired by Nasa’s aqua satellite39

39

https://worldview.earthdata.nasa.gov/
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Figure 53: Rainfall accumulation between 3 and 17 March 2019 and storm track of Idai cyclone. Image taken from
Probst et al. (2019)

To be noted is the very large spatial scale of these events, visible in the previous figures
(48,50,52,53), confirming the choice of having considered a 3 × 3 lonlat area as dataset
(section 3.4).
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9. APPENDIX B: future projections
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