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The objective of this work is to develop a methodology for the identification of extreme rain and drought events
that have occurred in the last 30 years using products derived from satellite images.

Proposed methodology uses statistical reducers such as percentile, drought indexes, and map algebra at a geo
Torrential raing big data scale. The daily precipitation data from the Precipitation Estimation from Remotely Sensed Information
Drought Using Artificial Neural Networks-Climate Data Record and Climate Hazards Group InfraRed Precipitation with Station
Risk Data were validated by comparison with ground station data. Extreme event maps were obtained from the use of
high percentiles. Drought maps were obtained from the standardized precipitation index using low percentiles.

The data were migrated to a geographic information system that allows interrelation with other geographic
data. Its application to the study of the fortifications preserved in Andalusia classified all structures according to
the level of exposure to these dangers and identified two areas of precipitation with different characteristics
according to the influence of existing teleconnection patterns.

Applied to the study of heritage landscapes, this methodological model minimizes the uncertainty associated
with the use of satellite precipitation products, facilitates the planning of preventive conservation activities, and

Geo big data

the management of existing resources in occurrence of extreme events.

1. Introduction

In recent years, there has been a growing interest in the use of remote
sensing in many different disciplines (Barmpoutis et al., 2020; Gao et al.,
2020; Holloway and Mengersen, 2018; Weiss et al., 2020). This growth
reflects the substantial changes that have occurred in the production and
availability of satellite images, channels of information in open access,
potential interested users, and broadening of analysis methodologies
(Ghamisi et al., 2019). To date, thousands of satellites have been sent
into space to gather accurate and relevant data useful for scientific
research, weather predictions and climate and environment monitoring.
Consequently, remote sensing generates terabytes of information daily
that is sent from the satellites to ground data stations (Ma et al. 2015;
Chuvieco & Emilio 2007; Toth & J6zkéw 2016; Kumar & Mutanga 2018;
Chuvieco 2016).This has modified the fundamentals of the space system
and services associated with remote sensing and has led some authors to
identify a paradigm shift and theorize about the opportunities offered by
this changing situation (Denis and Pasco, 2015).

As a result, in recent years new analysis methods and software have
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emerged that allow working with large volumes of data (Mutanga and
Kumar, 2019; Wang et al., 2016). Although desktop software does not
allow working with complete satellite series, working in the cloud offers
affordable services. The Google Earth Engine® (GEE) computing plat-
form is an example of these emerging tool (Google Developers: Get
Started with Earth Engine, 2022). The processing in the cloud using an
Application Programming Interface (API) and a code editor based on
JavaScrip and/or Python language makes it possible to massively
analyze series of satellite images from a personal computer (Gorelick
et al.,, 2017; Kumar and Mutanga, 2018; Mutanga and Kumar, 2019).
GEE opens the possibility of jointly analyzing the satellite images
available since 1980, working with historical series and analyzing global
environmental phenomena, changes, and trends (Ma et al., 2015;
Mutanga and Kumar, 2019; Wang et al., 2016).

In the management of cultural heritage, this new way of detecting,
analyzing, and therefore, understanding the space (globally) offers both
new challenges and available resources for the management of cultural
heritage landscapes (Cuca and Hadjimitsis, 2019). Cultural landscapes
are the result of natural and anthropic modifications of territory and
have ecological, environmental, and social significance (Rossler, 2006)
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Nomenclature

Acronyms

AEMET State Meteorological Agency of Spain

CDF cumulative density function

CHIRPS Climate Hazards Group InfraRed Precipitation with Station
Data

CLC Corine Land Cover

EATL East Atlantic

GEE Google Earth Engine
GIS Geographic Information System

GLDAS Global Land Data Assimilation System

GRACE Gravity Recovery and Climate Experiment

GSMaP Global Satellite Mapping of Precipitation

LIDAR  Light Detection and Ranging

MIRAS Microwave Imaging Radiometer using Aperture Synthesis

MO Mediterranean Oscillation

NAO North Atlantic Oscillation

PERSIANN Precipitation Estimation from Remotely Sensed
Information Using Artificial Neural Networks-Climate Data
Record

PR precipitation radar

RP reference period

SAR synthetic aperture radar

SMOS  Soil Moisture and Ocean Salinity

SPI Standardized precipitation index

TRMM  Tropical Rainfall Measuring Mission

UAV unmanned aerial vehicle

WeMO  West Mediterranean Oscillation

WMO  World Meteorological Organization

WRUS  West Russia
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Fig. 1. Location of the Andalusia region, South of Spain. Base maps from EsriDigitalGlobe.

Cultural landscapes are not only resources that favor sustainable
development of the populations that inhabit them, in addition they offer
capability of mitigating and adapting to ongoing climate change
(Bonazza et al., 2021; Cacciotti et al., 2021; Wilson, 2019). The recent
growing interest in the protection of cultural landscapes has been
accompanied by the development of international letters and recom-
mendations that highlight the need to ensure long-term preservation
through the development of monitoring management tools and strate-
gies (Dastgerdi et al., 2019; Taylor et al., 2014; Council of Europe, 2009;
UNESCO., 2020).

In this context, the remote sensing analysis technique hold great
potential as it allows:

- recovering information over a long period of time (i.e., decades),

- monitoring at global/national/regional/local and district scales with
very low economic cost,

- data collection without interfering with the terrain being investi-
gated (i.e., non-destructive technique).

Despite these potentialities, the number of articles that use remote
sensing as an analysis technique in the heritage field is limited. Existing
studies have researched the prospecting of archaeological sites (Luo
et al.,, 2019; Hadjimitsis et al., 2020), the analysis of risk in heritage
structures (Abate & Lasaponara, 2019; Agapiou et al., 2020; Cuca,
2017), and the sustainable management of urban and non-urban land-
scapes (Agapiou et al., 2015; Hadjimitsis et al., 2013; Wellmann et al.,
2020; Xiao et al., 2018). Although passive sensors and multispectral
images are the most used tools, in the last 10 years, there has been a
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Fig. 2. A) Land cover map in Andalusia indicating the distribution of fortifications (black triangles). (Based on data from the Corine Land Cover). B) Altitude range
for the Andalusia with the distribution of preserved fortifications (black triangles). (Based on data from the Shuttle Radar Topographic Mission: SRTM 30).
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Fig. 3. Examples of medieval rammed earth fortification preserved in the Andalusian Region in Spain: A) Carmona, B) Sevilla C) Niebla., Image taken by Moreno

M., 2021.

Table 1
Classified SPI values.

SPI values Cualitative scale
>2.00 Extremely humid
1.50 to 1.99 Very humid

1.00 to 1.49 Moderately humid
-0.99 to 0.99 Normally

-1.00 -1.49 Moderately dry
-1.50 -1.99 Very dry

< -2.00 Extremely dry

gradual increase in the use of high spatial resolution tools as Light
Detection and Ranging (LIDAR), and radar satellites (synthetic aperture
radar: SAR). These tools are used in combination with other geo-
informatics techniques, such as Geographic Information System (GIS),
laser scanning, and unmanned aerial vehicle (UAV) (Ambrosia et al.,
2019; Luo et al., 2019; Themistocleous, 2020).

Analyzing the methodological approach used to process data in past
cultural heritage studies it reveals that most authors worked with a
limited number of satellite images by downloading and processing raw
data. This means that the use of satellite images on a big data scale,
despite being widespread in other fields, is scarce in cultural heritage.
Pioneering works using this type of methodology were those by Aga-
piou, Levin and Elfadaly (Agapiou and Lysandrou, 2021; Elfadaly et al.,
2022; Levin et al., 2019), although most published articles only
explained the possibilities that this novel method could offer in the

future in risk management (Agapiou, 2017; Wang & Luo, 2020) and in
environmental and climatic control of heritage landscapes (Lasaponara
& Masini 2020).

Despite the availability of data, knowledge, and resources, this
methodological gap has delayed and hindered the development of
studies to analyze global phenomena in cultural landscapes using his-
torical satellite data. This situation is specially worrying in the case of
the development of studies that analyze the environmental risks that
may impact cultural landscapes in the context of climate change.

Changes in temperature, precipitation patterns, droughts, and heavy
rain events are expected to pose a major risk for the conservation of
heritage assets (Aktas 2021; Brimblecombe, Grossi, & Harris 2011;
Carroll & Aarrevaara 2018; Fatori¢ & Seekamp 2017; Gandini, et al.
2017; Orr et al. 2021; Sesana et al. 2021). Most of these studies discussed
the necessity of obtaining reliable climatic data that interrelate with
vulnerability data (Phillips 2015) without explaining in detail where to
obtain these climatic data or how to use them to retrieve information
regarding the vulnerability over a specific territory (Gandini et al.
2017). The few published climate forecasts and re-analyses have low
spatial resolution and did not have access to raw data (Cagigas et al.
2020; Sabbioni et al. 2010). Although they are useful for understanding
the possible effects associated with climatic change, they are too general
and further studies should be completed to develop tools for the
collection of climate and hazard data. Therefore, indices or thresholds
obtained from satellite product analysis, that offer a practical solution to
collect meteorological data over specific heritage landscapes, should be
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Fig. 4. Methodological process.

correlated with vulnerability indices with the help of heritage man-
agement specialists, restorers, and architects.

In this context, the novelty of this study is the use of statistical
analysis methodologies on satellite images to assess climatic hazards in
specific heritage sites. The study objects analyzed are drought and
extreme precipitation.

Drought is a natural phenomenon caused by decreases in precipita-
tion that induce a hydrological, meteorological, and socioeconomic
imbalance (Pena et al., 2016). Droughts have complex environmental
impacts that can affect numerous ecosystem components. Since the mid-
20th century, studies have reported the use of drought indices based on
the analysis of precipitation, temperature, soil moisture, and health of
vegetation (Heim 2002; Zargar et al. 2011). Since the availability of
satellite images (i.e., beginning of the 21st century) (Jiao et al. 2021; Liu
et al. 2020; West et al. 2019) droughts have been studied using the
satellite products:

- precipitation by Global Satellite Mapping of Precipitation (GsMaP)
or Tropical Rainfall Measuring Mission (TRMM).

temperature as by Moderate Resolution Imaging Spectroradiometer
(MODIS) and Advanced Spaceborne Thermal Emission and Reflec-
tion Radiometer (ASTER).

soil moisture by Soil Moisture Active Passive (SMAP) or by Soil
Moisture and Ocean Salinity (SMOS).

groundwater by Gravity Recovery and Climate Experiment (GRACE).
evapotranspiration by MODIS and Global Land Data Assimilation
System (GLDAS).

vegetative vigor by MODIS and Landsat.

More recently, new instruments onboard satellites, such as Synthetic
Aperture Radar (onboard the Sentinel 1), Microwave Imaging Radiom-
eter using Aperture Synthesis (MIRAS onboard the SMOS), radar
altimeter (onboard the JASON-3), or the many tools constituting the
gravimetric satellite GRACE have been implemented (Lopez et al. 2020;
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Fig. 5. Cumulative distribution function of daily precipitation data (right y-axis) averaged over the 1991-2020 period as collected by AEMET, CHIRPS, and PER-
SIANN. Frequency of daily precipitation thresholds (histograms on the left y-axis) as calculated for AEMET (blue), CHIRPS (orange), and PERSIANN (green). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Percentiles, precipitation threshold, occurrence and return period at the Seville
Airport location as obtained by CHIRPS.

Precipitation registers in Seville airport (CHIRPS; 1991-2020)

Percentiles  Precipitation Accumulated Cumulative Return
amount (mm/ Events Probability Period
day) (rain days) (day)

92.22 0 10,958 100% 1
95.71 7 852 7.775% 13
98.68 16 263 2.400% 42
99.44 26 88 0.803% 125
99.70 35 47 0.428% 233
99.90 49 16 0.146% 685
99.95 54 10 0.091% 1096
99.97 59 6 0.054% 1826
99.98 64 3 0.027% 3653
99.99 68 2 0.018% 5479
100.00 72 1 0.009% 10,958

Vishwakarma 2020). Additionally, there is also a great interest in the
massive recovery and analysis of historical satellite series using machine
learning, big data, algorithms, and scripts (AghaKouchak et al. 2015;
Balti et al. 2020; Jiao et al. 2021; Sahoo et al. 2015; Xu et al. 2016).

Extreme precipitation events are characterized by rainfall exceeding
a specific threshold, commonly expressed in percentiles, to make them
exceptional events (Camuffo et al.2020; Schar et al. 2016; World
Meteorological Organization 2016). In heritage landscapes, extreme
precipitation events can generate floods and are one of the main causes
of degradation (Figueiredo et al.2020; Maierhofer et al. 2008). Extreme
precipitation studies in the literature are based on data collected both
from ground meteorological stations and satellite resources. The most
widely used resources are TRMM, GsMaP, Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS), and climate rean-
alysis datasets like ERA-5 or Precipitation Estimation from Remotely
Sensed Information Using Artificial Neural Networks-Climate Data Re-
cord (PERSIANN) (Michaelides et al. 2009; Sun et al. 2018).

Within this framework, this study proposes the use of satellite re-
sources to map the drought and extreme precipitation trends in

Andalusia, Spain (Mediterranean area) over the last 30 years and it
evaluates how these factors condition the conservation of the rammed-
earth fortifications preserved there.

2. Earth fortifications in the Andalusian territory, Spain

Located within the Mediterranean area, the Andalusian territory is in
the south of the Iberian Peninsula, bounded by the Atlantic Ocean to the
west, and the Mediterranean Sea to the east (Fig. 1). With a location at
latitude 37° 00’ N and longitude 3° 50’ W, its climate is strongly influ-
enced by subtropical anticyclones and shows marked differences during
mild-humid winters and very dry summers (Fernanda & Lopez 2003;
Gomez-Zotano et al. 2015). According to the Koppen climate classifi-
cation, Western Andalusia has a temperate climate with a markedly dry
and hot summer while Eastern Andalusia has a dry cold steppe climate
with small areas of warm deserts located in Almeria (Ministerio de
Medio Ambiente, 2011). The altimetric differences and the effects of the
two different water masses present during the seasons give rise to
different climatic sub-regions. Based on these aspects, Gomez-Zotano
et al. (2015) proposed a division of Andalusia into five climatic sub-
regions: coastal, interior, mid-mountain, high mountain, and south-
eastern climates. Coastal climates are influenced to a greater degree by
ocean influence than inland climates, while medium and high mountain
zones have lower temperatures. Unlike temperature, the precipitation
values show strong oscillations within the same region.

Fig. 2 shows the land cover types in Andalusia. Agricultural areas
(light yellow in Fig. 2a), located in the valley of the Guadalquivir River
(less than500 m a.m.s.l.) are the predominant type of coverage. Forests
and semi-natural environments at higher altitudes (>500 m.a.m.s.l.) are
largely located in the mid-mountains (green color in Fig. 2a). Within this
group, scrub areas are the most frequent and include a great variety of
ecosystems, such as steppes, plains, and scrublands. While artificial
surfaces (i.e., cities and towns) are located mainly in the provincial
capitals and coastal areas.

Medieval rammed-earth fortifications are an essential characteristic
of the historical landscape within Andalusia (Fig. 3). According to the
digital guide of the Cultural Heritage of Andalusia (https://guiadigital.
iaph.es), the remains of 216 medieval walls or fortresses are preserved
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ion in Seville airport (CHIRPS, 1991-2020)
Year/Month | January (mm) | February (mm)| March (mm) April (mm) May (mm) June (mm) July (mm) August (mm) September October (mm)
(mm) (mm) (mm) mm

1991 20.42 106.63 96.92 34.01 15.98 9.77 52.57 116.55 54.23 61.22 568.30
1992 25.33 40.91 28.41 56.92 20.16 18.27 29.82 94.50 20.95 17.21
1993 45.66 29.59 43.38 63.92 56.42 11.63 19.72 147.93 92.05 13.43 528.76
1994 40.19 48.48 11.65 40.83 56.76 9.81 11.37 41.55 89.56 11.41 361.62
1995 19.59 49.25 25.39 34.08 11.93 i 8.61 14.26 97.78 222.46 498.05
1996 29843 69.60 3418 6.3 61.20 8.8 3138 30.16 980 | 3393 [ eerz |
1997 202.19 38.24 48.14 14.04 49.82 39.47 182.80 160.92 749.21
1998 77.35 38.59 34.05 4335 5390 | 656 | 38.31 10.56 36.46 43.70 382.83
1999 56.74 11.58 49.62 28.69 20.16 9.71 36.96 178.16 33.24 61.22 486.07
2000 52.37 20.32 143.77 A 21.21 41.00 85.90 61.22 524.12
2001 132.08 25.54 94.80 12.02 50.01 64.48 102.51 58.47 584.66
2002 35.41 11.69 84.74 67.35 78.45 25.16 136.51 59.75 527.70
2003 51.37 59.27 44.70 129.64 32.57 186.65 105.45 125.96 754.59
2004 19.87 83.95 46.49 49.48 X . .
2005 38.32 35.00 21.98
2006 103.61 48.95 62.74 48.91
2007 38.99 57.59 26.49 57.99
2008 53.85 65.19 20.41 131.02
2009 65.12 94.06 48.87 4114
2010 153.80 239.50 91.15 64.83
2011 52.85 58.06 57.09 102.74 27.66
2012 27.36 17.62 50.70
2013 50.50 46.75 120.98 45.58
2014 69.05 72.56 55.04 34.84
2015 63.65 E 24.61 52.23
2016 55.10 38.01 22.74 70.38
2017 22.52 75.53 37.89 38.61
2018 81.33 44.07 77.91 91.58
2019 37.34 13.30 9.93 114.45
2020 58.43 34.58 55.85

Month average 67.17 49.36 45.47 60.38 34.70 29.94 73.94 M 526.77

Fig. 6. Precipitation occurrence over the 1991-2020 period for the Seville Airport location. Data obtained by CHIRPS. In red months and years with higher pre-
cipitation, in orange with medium range precipitation, and in green with lowest precipitation. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

(black triangles in Fig. 2). To understand their current role within the
region and in several urban contexts, their significance in terms of his-
toric, cultural, social, and identity value must be considered in addition
to their potential in attracting tourism and employment. Castles, ram-
parts, and towers made of rammed earth are exposed to the elements,
and the changing climatic conditions affect their long-term conservation
(Beckett et al. 2020; Avram et al, 2001.).

3. Resource data and methods

To analyze the precipitation patterns of Andalusia, a very recent
reference period (RP) of 30 years was selected (1991-2020).

Precipitation data were obtained from two different satellite re-
sources: PERSIANN and CHIRPS. Although there are other satellite re-
sources to evaluate rainfall, such as GPM and GSMaP they only have
data since 2000, which makes it impossible to use them to analyse cli-
matic normal period based on 30-years data. Other resources like Terra
Climate offer only one image per month, which makes it impossible to
use them to analyze extreme events that happens to daily temporal scale.

PERSIANN is a daily quasi-global precipitation product from 1983 to
present with a spatial resolution of 0.25° (approximately 27 x 27 km).
From infrared satellite images, the PERSIANN algorithm can calculate
the intensity of rain on the Earth’s surface (Hsu et al., 2021).

CHIRPS is obtained from TRMM constellation satellites and histori-
cal ground stations. It offers a daily product, from 1981 to the present,
with a spatial resolution of 0.05° (approximately 5 x 5 km) (Funk et al.,
2015).

The historical series of both satellite resources were analyzed on a
big data scale using GEE. The developed scripts made it possible to
jointly analyze 10,000 satellite images and obtain daily precipitation
data for the entire Andalusian region over the RP (30 years).

Because the estimation of rainfall by satellite is subject to errors due
to the non-direct relationship between the observed and calculated
variables, it is necessary to validate the models before use. To validate
the reliability of the satellite data analyzed, they were compared with
data collected by a reference ground station. The ground station used is
located at Seville Airport (Lat. 37° 25’ 0" N - Long. 5° 52’ 45" W, and
altitude 34 m. a.m.s.1.). It is a complete ground weather station owned

by the State Meteorological Agency of Spain (AEMET) in accordance
with the provisions of the World Meteorological Organization (WMO).
The data collected by CHIRPS and PERSIANN for the same coordinates
were downloaded using scripts from the GEE. The frequency distribu-
tions of these three different meteorological resources were then
compared.

The cumulative density function (CDF) of the daily precipitation
values over the RP were calculated from the ground weather station and
two satellite resources. Then CDF was compared with the ground
weather station to evaluate the precision and accuracy of the satellite
resources analyzed.

A percentile is the data relating to the n™ value obtained by dividing
an assigned set of n linearly ordered data, so that the number of values
less than h constitutes a given percentage of n. Using percentiles as
statistical reducers, maps of extreme rainfall events were obtained from
the analysis of the CHIRPS and PERSIANN satellite images in GEE. This
analysis was carried out on the 10,958 satellite images available from
1991 to 2020.The 99.9th and 99th percentile maps were used to identify
the areas where the strongest precipitation events have accumulated
over the RP. Based on the highest percentile maps, a daily rainfall
amount threshold in millimeters was determined to define extreme
precipitation events.

The results obtained for each pixel of the Andalusia territory were
further classified into five ranges according to the mm/m? fallen on the
rainiest days. The pixel values over the 290 locations where fortifica-
tions were located were extracted. This allowed classifying the fortifi-
cations‘ site according to the heavy rain hazard (very low, low,
acceptable, high, and very high danger).

Then, the Standardized Precipitation Index (SPI) was calculated over
the RP annually. SPI represents the number of standard deviations by
which the observed variable deviates from the long-term mean for a
normally distributed random variable (Guttman 1999; McKee et al.
1993).

SPI(j)= (Zxj-X j(2)) 6%j(z).

¥xj: sum of daily precipitation over the jth time step (j equals to 12
months).
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99.00th percentile. Data obtained from the CHIRPS (above) PERSIANN (in the middle) y AEMET (bellow).

X j: average daily precipitation over the jth time step (j = 12
months).

oxj: standard deviation of daily precipitation over the jth time step in
a reference period.

z: reference period (30 years).

Because of its simplicity, this index is recommended for drought
monitoring by the WMO (Organizacion Meteorologica Mundial, 2012).
By using SPI, the historical precipitation distribution for the annual time
steps were compared with the total precipitation for the RP. As a result,
30 annual SPI maps were obtained for the last 30 years. The SPI maps
included in this study were calculated from the analysis of CHIRPS
satellite images. The obtained SPI values were classified according to the

Table 1 scale (Organizacion Meteorolégica Mundial, 2012).

All the achieved and elaborated information was then migrated to a
geographic information system. The fortifications were georeferenced
using the digital guide of the cultural heritage of Andalusia
(https://guiadigital.iaph.es). In total, the analyzed and elaborated data
allowed the reconstruction of maps on extreme precipitation thresholds
and periods of droughts for all the groups of 216 fortifications over the
RP. Finally, these maps were classified according to a hazard scale from
1 to 5 to easily identify the most endangered areas that need disaster risk
reduction prioritization actions. Fig. 4 shows a scheme of the method-
ological process described in this section.
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Fig. 8. Fortifications classified according to danger of extreme rainfall with a color code reported in the legend. The percentage of fortification at different danger

level is also reported as pie chart on the top right.

4. Results and discussion
4.1. Validation

The data validation process was accomplished by comparing the
CHIRPS and PERSIANN satellite resources with the data collected by the
AEMET Seville Airport ground station over the RP.

Fig. 5 report the total data sample size (n = 10958), the absolute and
cumulative distribution (i.e., %), the mark or threshold of the daily
precipitation value per each reported percentile, and the further sub-
division in intervals or range adopted for the extreme event classifica-
tion. The three resources analyzed show a distribution strongly skewed
to the right with similar peaks (i.e., >95% of the daily precipitation
values are lower than 15 mm/day). These peaks indicate a high fre-
quency of days without rain and, in the case of precipitation, the
development of rainfall of weak or moderate intensity. In turn, in the
three analyzed resources, less than 1% of the recorded data corre-
sponded to precipitation values above 50 mm/day (i.e., heavy rainfall
events).

Looking at the dispersion of the data, the precipitation threshold
corresponding to a selected percentile changes according to the resource
used (Fig. 5). The maximum value (i.e., 100th percentile) collected in
the AEMET was 106.40 mm/day, in CHIRPS it ranged between 80.00
and 87.00 mm/day, while in PERSIANN between 65.00 and 73.00 mm/
day. These data reflect a tendency in satellite resources to underestimate
precipitation values in the case of torrential rain occurrences. Of the two
satellites analyzed, PERSIANN showed the least dispersion and thus, a
greater tendency to underestimate the data collected during heavy
rainfall events.

In general, the analysis showed that the precision of the collected
data was acceptable, with a discrepancy in accuracy by up to 31 mm/
day. Therefore, although satellite resources provide data regarding the
distribution of rainfall with continuous spatial and temporal coverage,
however it is necessary to redefine their thresholds based on reliable
calibrations from the ground stations.

In addition to the rainfall threshold at high percentiles (>99th
percentile), the return period of such extreme occurrences was assessed
at specific geographical points. The return period is one of the most
important hydrological variables in the analysis of extreme events. It is

based on the statistical record of the past and allows the prediction and
determination of the probability of risk (i.e., frequency of occurrences).
The longer the return period, the lower is the probability of an event
occurring.

Table 2 shows the cumulative probability and return period for the
highest percentiles obtained by elaborating the data collected by the
CHIRPS satellite. The 99th percentile represents the top 1% heaviest
precipitation events identified with a threshold of rainfall higher than
21.00 mm/day. Over the analyzed RP, 145 events with these charac-
teristics were registered, giving a return period of 76 days. The 99.90th
percentile records precipitation events above a threshold of 49.00 mm/
day. Over the RP, 16 events were registered, giving a return period of
one event every 2 years. Finally, the 99.99th percentile registers events
above 68.00 mm/day. Over the 1991-2020 period, only two events with
these characteristics were registered, giving a return period of 15 years.
Because an extreme event corresponds to extraordinary events, the
99.90th and 99.00th percentiles were used to prepare maps of the
heaviest rainfall events in Andalusia.

Fig. 6 shows the monthly distribution of precipitation events at
Seville Airport over the RP. The data used were obtained from CHIRPS.
The annual average rainfall was 526.77 mm. The rainiest months were
the winter months (October, November, and December), presenting an
average that oscillates between 73.94 and 75.38 mm/month. July and
August were the driest months, with an average of less than 3.00 mm/
month. In turn, the years with more annual accumulated precipitation
were 1996 and 2010. As Fig. 6 shows, the results obtained from the
analysis of the data collected by CHIRPS are very similar to the normal
climatic values offered by the AEMET based on the data collected by the
ground station (https://www.aemet.es/es/serviciosclimaticos/datosc
limatologicos).

4.2. Data analysis

4.2.1. Extreme precipitation events and their occurrences
The precipitation regime of Andalusia is generally moderate, with
high interannual variability and heavy rainfall concentrated over few
days alternated with long periods of no rain (Martinez-Artigas et al.,
2021; Torell6-Sentelles and Franzke, 2021; Pena et al., 2016).
Percentile maps allow for better localization of heavy rainfall events
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Fig. 9. Annual SPI reconstructed for each year over the reference period 1991-2020. Data obtained from CHIRPS. The SPI scale used to highlight risk is reported in

the legend.

over the territory. Fig. 7 shows the risk maps obtained by the analysis of
the 99.00th (Fig. 7a), 99.90th (Fig. 7b), and 99.99th (Fig. 7c) percentiles
from the images available in CHIRPS and PERSIANN and the 99.99 th
from the data available in AEMET. Although the thresholds vary
considerably depending on the selected percentile at ground (99.00th
percentile = 21.00 mm/day; 99.99th percentile = 68.00 mm/day) and
with the selected satellite resource (PERSIAN 99.99th percentile =
85.00-111.00 mm/day; CHIRPS 99.99th percentile = 123.00-222.00
mm/day), the separation between areas with heavier extreme pre-
cipitations and those with weaker extreme events is equally detected
over all the obtained percentiles maps. This clarifies the identification of
the most endangered areas.

The maps over Andalusia can be split into two distinct zones
depending on the strength of extreme rain events: the western side
constitutes the zones of stronger extreme rain events over the RP, while
the eastern side constitutes the zones of weaker extreme events. The
highest mountains of the Sierra Nevada do not follow this trend; they are
in the eastern zone but have heavy extremes. The spatial resolution of
CHIRPS (5x5km) and Persiann (27x27 km) conditions the capability to
identify differences between local factor and precipitation. According to
the WMO (Organizacion Meteorolégica Mundial, 2020), estimating
meteorological variables at the local level requires a maximum separa-
tion between ground stations of 100 km. Thus, the spatial resolution of
both satellite resources work within the admissible ranges. Despite this,
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Fig. 10. Classification of Andalusia according to meteorological drought. A)
10th percentile of annual SPI; B) 5th percentile of annual SPI; C) 2nd percentile
of annual SPI. The SPI scale used to highlight risk is reported in the legend.

to identify differences between the precipitation values on the coast, the
valleys and the mountains it is recommended a maximum separation of
10 km between ground stations. In such a case, only CHIRPS works
within the suggested ranges. Fig. 7 shows how in CHIRPS the altitude
influences the occurrence of extreme precipitation but in PERSIANN not.
The main reason is the scale threshold, that modify the observed
geographic phenomena and the accuracy of the results (Quattrochi et al.,
2017; Wu and Li, 2009).

Despite this, the magnitude of extreme rain events does not show a
direct relationship with altitude in this study area..The identified
western and eastern zones are subjected to the influence of
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teleconnection patterns. In the literature, several climatic indices have
been used to detect the correlation between distant climatic events and
evaluate how the natural variability of the climate influences local
precipitation and temperature patterns. Numerous studies have related
the effects of teleconnection patterns in the Iberian Peninsula with
variability in rainfall (Casado et al. 2010; Criado-Aldeanueva & Soto-
Navarro 2020; Garcia-Barron et al. 2018; Martin-Vide & Lopez-Bustins
2006; Martinez-Artigas et al. 2021).

Particularly interesting is the study carried out by Martinez-Artigas
(2021), which analyzed the above correlations and obtained a region-
alization that overlaps with the two zones differentiated in this study. In
fact, in the western zone of Andalusia, the Atlantic flows penetrate
without encountering obstacles until arriving at the Betic system. This
western zone shows a good correlation with the North Atlantic Oscil-
lation (NAO) and the Mediterranean Oscillation (MO) (Criado-Aldea-
nueva & Soto-Navarro 2020; Martinez-Artigas et al. 2021). The NAO is a
North-South anomaly dipole with a north dipole centered in Greenland
and south dipole centered in the Atlantic Ocean between 35 and 40° N,
capable of detecting the strength and direction of western winds. It
measures the difference in pressure at sea level that occurs between
Iceland and the Azores. This index explains the trend of wind flow in
North Atlantic. NAO (positive and negative) anomalies influence the
temperature and rainfall patterns in Europe and North America. The
yearly variability of the NAO makes it a predictor of future climate. For
example, negative NAO values mainly reduce the disturbances directed
toward the south, generating cold and dry winters in the northern
Europe, snowfall in the USA, and increased precipitation in southern
Europe (Martinez-Artigas et al. 2021).

The eastern zone of Andalusia is more influenced by the humid and
warm flows coming from the Mediterranean, and thus it is more influ-
enced by the teleconnection detectable using the West Mediterranean
Oscillation (WeMO) index. In this zone, the torrential rains registered
between September and November are related to the negative phase of
the WeMO (Meseguer-Ruiz et al., 2021). Analyzing the links between
these climatic indices and the magnitude of extreme events is useful for
understanding cycles of repeatability (or return period) and forecasting
risky periods in advance.

In Fig. 8, the extrapolation of the values of the mapped percentiles at
the location of the preserved fortifications allows the classification of the
hazard level for these types of heritage buildings. The fortifications
indicated on the map with red circles (8.80%) have a higher probability
of being strongly affected by extreme rainfall, especially considering
that ongoing climate change is worsening the current conditions (Olcina
2020; P.R. Shukla et al. 2020). The increase in humidity and the erosive
power of extreme rainfall are the main causes of degradation of these
structures Beckett et al., 2020; Mileto et al., 2017), especially in the
absence of preventive maintenance and conservation policies. The
degradation processes triggered in these contexts include the appear-
ance of pathologies such as moist areas, iron-rich patina, alveolation,
and fissured or cavernized rocks that reinforce the base of the structures,
efflorescence, and erosion of the bare wall. In extreme situations, they
can cause the structures to bulge because of the expansion of the clays,
the displacement, and the sanding alteration of the base (Bui et al. 2009;
Moreno et al. 2019; Shao et al. 2013; Yun-xia et al. 2017).

4.2.2. Drought areas and their occurrences

Andalusia is in a transitional area between the influences of polar
and subtropical atmospheric circulations. This makes the precipitation
patterns in this region complex, making it difficult to identify drought
risk. The aridity derived from an evapotranspiration potential greater
than that of rainfall during long periods without rain also makes the
forecast of return periods of droughts difficult to assess (Torello-Sen-
telles and Franzke, 2021; Pena et al., 2016).

The use of drought indices such as SPI is, therefore, very useful. At
short time scales, (1-3 months) SPI is related to the soil moisture con-
tent, while at longer time scales (6 months and 1 year), it is related to the
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different danger level is also reported as pie chart on the top right.

availability of groundwater. Fig. 9 shows that at a 12-month time scale,
the SPI was reconstructed using precipitation data obtained by CHIRPS
over the Andalusian region for the RP. From the long-term climate re-
constructions available in the literature, it is evident that Andalusia has
regularly experienced drought events over the recent decades. The re-
sults obtained allow us to compare the intensity, spatial extension, and
frequency of meteorological drought registered in different zones of the
analyzed region. Eight years during the RP presented moderate drought
events (SPI ranging from -1.00 to —1.49) that affected a large part of the
analyzed territory. Six years presented strong drought events (SPI from
-1.49 to -2.00; orange color in the map) that affect more limited
geographic areas. Finally, extreme drought events (SPI > -2.00; red
color in the map) were identified in the eastern part of Andalusia in 1998
and 2005.

The low percentile maps (Fig. 10) allow the identification of areas of
the territory that have been more intensely affected by droughts. The
10th percentile map indicates that for the entire Andalusian territory,
the years analyzed contained moderate drought below 10% (SPI from
-1.00 to -1.49; Fig. 9a). The 5th and 2nd percentile maps (Fig. 10b and
10c) make it possible to identify sub-areas with severe and extreme
droughts i.e., being within the 5% and 2% of extreme events among all
the data analyzed, respectively. These sub-areas most affected by
droughts are identified in the eastern zone, corresponding to the sub-
desert Mediterranean climate.

The modeled situation is especially alarming in the context of climate
change. Climate models regionalized by the AEMET indicate an increase
in evapotranspiration in semi-arid areas of the Mediterranean and pre-
dict a reduction in water resources in the years to come (CEDEX, 2017).
Similar to the development of extreme precipitation events, the rela-
tionship between the periods of drought recorded in Andalusia and the
teleconnection patterns has been highlighted by different authors,
particularly highlighting the influence of WeMO and the East Atlantic/
West Russia (EATL/WRUS) index (Mathbout et al. 2021). Although it
exceeds the objectives of this research, deepening the knowledge of
these relationships will allow forecasting future risk situations associ-
ated with severe drought events.

From a risk management point of view, identifying fortifications in
environments that have been most affected by drought events over
recent years is very useful. The degradation processes of rammed-earth
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fortifications in this environment include cracking of the walls and
detachment. After intense rain, the external part of the mud walls un-
dergoes a disintegration process that generates a slurry film. These films
tend to detach during droughts due to the lack of humidity and high
temperatures (Cui et al. 2019). In the presence of strong winds, periods
of drought also generate strong erosion and sandblasting processes
(Richards et al. 2020).

Fig. 11 shows the extrapolation of the drought values obtained by the
analysis of the 2nd percentile of the SPI at the locations of the fortifi-
cations. As in the case of extreme rainfall events, the fortifications were
classified into five groups according to the risk analysis. Of the fortifi-
cations analyzed, 6.02% were located in areas that were highly
dangerous due to drought. Although the fortifications located in Almeria
(Southeast) will be the most affected by drought, there is a small group
of fortifications located in the eastern coastal area of Andalusia that have
a high risk of drought during the summer (Fig. 11) and a high risk of
extreme rainfall in the winter (Fig. 8).

In conclusion, Fig. 12 shows the top 5 fortifications located in the
most dangerous areas due to both extreme rainfall (blue-colored table in
Fig. 12) and drought (red-colored table in Fig. 12). However, the type of
remains preserved (rampart, settlement, castle, tower, etc.), construc-
tion technique used (monolithic or mixed rammed earth), and the pre-
sent state of conservation of the fortification will also affect the level of
risk they will be subjected to. Therefore, the proposed method is a part of
a broader research work that also aims, in the next stages, to analyze
vulnerability (Moreno et al. 2019) and risk at the heritage landscape
scale.

5. Conclusions

The validation of the CHIRPS and PERSIANN satellite resources with
the ground weather station located at the Seville Airport shows that
these two resources, allowed to achieve a high precision but a low ac-
curacy in the reconstruction of extreme rainfall values. Therefore, the re-
adjustment of thresholds used in ground-based stations becomes
necessary when comparing ground- and satellite-based data together.

Google Earth Engine allows access to preprocessed satellite images
and joint analysis of large volumes of information. The comparison
between massive and statistical analysis of data from satellite resources
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and ground meteorological stations allows knowing the degree of con-
fidence and precision of the different satellite resources over a specific
territory. This aspect ensures a correct interpretation of the data and
minimizes the uncertainty associated with the use of satellite precipi-
tation products obtained from indirect measurements and predictive
model.

To correct underestimations and define thresholds capable of
detecting extreme events, the relative data were analyzed instead of
absolute data. This analysis was based on big-data scale analysis of >
10,000 satellite images using percentile-type statistical reducers,
indices, and map algebra. this approach together with the readjusted
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thresholds after validation with ground stations allowed the evaluation
of rainfall recorded over the entire analyzed land cover (i.e., the
Andalusia region in Spain) and the identification of the areas most
affected by extreme rainfall and droughts.

This methodology can be easily replicated elsewhere based on
available data from CHIRPS and ground weather stations. The simplicity
of the model allows to join analysis with other hazard mapping, as well
as the periodic updating of the information. Its use in the elaboration of
risk maps, the development of warning systems, and predictive risk
models has high potentiality to design a more efficient management plan
and implementation of the conservation resources. In this way, using
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elaborated cartography in applications such as risk or hydrological
modeling sometimes requires resampling of pixel size to improve spatial
resolution. In this case, the uncertainty and the errors dependent on the
change of scale must be evaluated prior to the elaboration of the model
(Hong et al., 2014; Wu and Li, 2009). The applicability of the proposed
method of analysis to the Andalusia region demonstrated its reliability
owing to the achieved results. In fact, the analysis was capable of
detecting a range of extreme rainfall regimes that considerably differed
between the eastern and western zones of the region. The observed
trends underlined the development of extreme precipitation events (in
terms of mm/day) occurring in the western zone under the influence of
the North-South Atlantic teleconnection pattern. The fortifications
located in this area can therefore be strongly affected by humidity
problems, and erosion of the base after the occurrence of such extreme
rainfall events.

In terms of the incidence of droughts, this method is also promising
as it highlighted how the southeastern area, characterized by the pres-
ence of a sub-desert Mediterranean climate, has been the area most
affected by droughts in recent years. The fortifications in this area can be
strongly affected by fracturing, sandblasting, and detachment due to
periods of drought.

Lastly, the links between these areas and the frequency of occurrence
with the location of sites of the rammed-earth fortifications preserved in
the region allowed the classification of the degree of danger in the
surrounding landscape in relation to the analyzed hazard variables.
Through our work, we were able to list fortifications in danger of
extreme rainfall or drought.

The results presented are a part of a more complex research project
on multivariable risk assessment of heritage landscapes. In this context,
the proposed method allows to obtain climatic trends and extreme
precipitation events by CHIRPS and PERSIANN (Ashouri et al., 2015;
Hsu et al.,, 2021). Along with the use of satellite resources such as
TRMM, GPM or GSMAP, capable of quantifying the force, duration, and
intensity of a daily rain event (Funk et al., 2015; Tang et al., 2020),
allows monitoring the hazard levels in the rainy season in heritage
landscapes. In turn, the joint analysis of the vulnerability (Diaz et al.,
2022; Moreno et al., 2019) and the hazards (Moreno et al., 2022) allows
identifying points of greater risk and therefore must be intervened with
higher urgency to avoid the loss of heritage structures.”.

The maps obtained facilitate the handling of large volumes of sat-
ellite information and enable its addition as a cartographic base in multi-
criteria risk models created with Geographic Information Systems. It is
especially useful in the case of earthen architecture in which the water
access inside the structures is one of the main causes of degradation, as
well as in archaeological sites that are exposed to inclement weather.

To sum up, the proposed model is a simple and useful tool to support
risk mitigation and provide a better understanding of the time scale and
of the locations/fortifications over which preventive conservation ac-
tions must be implemented, or extraordinary maintenance and adapta-
tion actions must be planned and realized, for effective climate change
impact and disaster risk reduction.
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