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Abstract. Wildfires are key to landscape transformation and vegetation succession, but also to socio-ecological values loss. | | Formatted
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spatially and temporally explicit yesults through the k.LAB software, K.LAB provides an environment for input data
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algorithms. All data and models are semantically annotated, open and downloadable in agreement with the FAIR principles

(Findable, Accessible, Interoperable and Reusable). The fire risk analysis reveals that 45% of vulnerable areas of Sicily are at |
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1 Introduction

Fire, as a natural disturbance, has played an important role in shaping forest structure, increasing biodiversity and leading the Formatted: English (United States)
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simultaneous spread of urban areas as residential buildings into the countryside have increased the fire frequency and burned

areas (Faivre et al., 2014; Robinne et al., 2016), Although this is a worldwide problem, the Mediterranean climatic area has
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Sicily (Italy), the largest island of the Mediterranean Sea with 25.711 km?, has been the cradle of several civilizations and fheir,

traditions. with continuous and intense human exploitation of natural resources (forestry, grazing, agriculture) (Antrop, 2005;
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in biodiversity and ecosystems (Cullotta and Marchetti, 2007; Peruzzi et al., 2014), Therefore, the island can be viewed as

representative of the Mediterranean basin as a whole.

Moreover, Sicily is the most populated island in the Mediterranean Sea with nearly 5 million inhabitants, similar to Denmark

or Finland (Planistat Europe and Bradley Dunbar Association, 2003), As a consequence, year after year the environment has

undergone degradation due to the increase of intensive farming practices, the urbanization growth in the most populated and
tourist areas and the loss of traditional agricultural and forest management because of the rural population abandonment (Bazan
etal., 2019; Falcucci et al., 2007; Prestia and Scavone, 2018), In the last 50 years, the increase of forest and scrub mass due to

the abandonment of traditional land management (Bonanno, 2013; Ragusa and Rapicavoli, 2017), and the increase in the

frequency of long droughts created optimal conditions for the occurrence of wildfires (Mouillot et al., 2005; Ruffault et al.,
2020), The population living in the wildland-urban interface zone is particularly at risk due to exposure to fire and difficulty

in evacuation.

Uncontrolled wildfires in Sicily have increased in recent years, making Sicily the Italian region with the highest number of<

fire events and the largest burned area between 2009 and May 2016,(Fig, 1). The probability of fire occurrence js mainly linked
\
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to ignition source, forest fuels and environmental conditions (Ganteaume et al., 2013; Hantson et al., 2015; Ricotta and Di ‘

Vito, 2014), The ignition sources are usually divided into natural causes (mainly lightning but geological causes too) and

main causes of wildfires in Sicily are human-driven (Corrao, 1992; Ferrara et al., 2019), Arson and accidental wildfires, set up

to create new pasture resources or to burn stubble, are the first causes of wildfires, especially in areas where vegetation |

interfaces with urban structures,,
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their interaction with key human and biophysical drivers, using a machine learning algorithm. Furthermore, as proof of the

advantages of using FAIR data and resources, it has been possible to analyze future fire risk under climate change and consider,

the consequences for different ecosystem services using models included in ARIES and developed by other experts.

2 Material and Methods
2.1 Study area

The case study was carried out on the island of Sicily, the largest and most populated island in the Mediterranean. Within its
2,571 ha, the altitudinal range reaches 3,357 m at the peak of one of the most active volcanoes in the world (Thomaidis et al.,
2021), The island has a Mediterranean climate with mild and wet winters and dry and hot summers, highlighting the southwest
coast, where the climate is affected by the African currents and summers. Rainfall is scarce leading to water deficits in some
provinces. Moreover, the change in land use has gradually modified the climate, with less rainfall and drier rivers (Drago,

2005; Ragusa and Rapicavoli, 2017),

The land use change caused mainly by the intense deforestation throughout Sicily's history had favored intense agricultural
practices, especially in the center and southwest. Thus, agricultural areas cover 57% of the island, whose 35% are arable lands
and 22% permanent crops. Roughly a third of Sicily is forest, shrublands and open areas. Woodlands and semi-natural areas

are sparse in the agricultural area and denser in areas with special protection, the most important being the Mount Etna

surroundings, in the Nebrodi Mountains Regional Park and the Natural Reserve of Bosco della Ficuzza (Sicilia Assessorato
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beni culturali ed ambientali e pubblica istruzione, 1996), Due to its long-lasting socio-ecological history, location in the
Mediterranean Sea, its fragility to climate change, and increasing fire regime, Sicily represents an ideal study area

representative of the Mediterranean socio-ecological context.

2.2 Fire risk analysis

The interaction of environmental and social processes drives the risk (Table 1), determined by the combination of a physical

hazard and the vulnerability of the socio-ecological elements exposed (IPCC, 2012),

Table 1. Fire risk is defined by vulnerability and hazard components (IPCC, 2012).

RISK
The potential likelihood ofnegative, consequences for the elements of value in a context considering the

probability of occurrence of fire hazards. Fire risk results from the interaction of vulnerability, exposure, and
hazard.
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All the data and resources are semantically annotated, openly accessible and interoperable within k.LAB,

Historical fire data from 2007 to 2020 were collected from two different sources: The Regional Agency of Fire Control in

Sicily was used to identify the fire perimeter and the Fire Information for Resources Management System (FIRMS) satellite |
data to locate the ignition point (Table 2).
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Table 2. Information about historical fire data

Historical fire perimeter Historical fire ignition ‘

Source Regional Agency of Fire Control FIRMS |
in Sicily

Spatial resolution GPS error, less than 10m

MODIS: Ikm |
VIIRS: 375m .
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The points without ignition were randomly generated with seeds within the study area between the 01-01-2007 and 31-12-
2020 periods. It was verified that none of these points overlap with historically burned perimeters in date and location. The

“ign” attribute differentiates ignition points (1) from non-ignition points (0) (Fig,2).
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Figure 2: Distribution of historical wildfires (category 1, black color) and no wildfires (category 0, grey color) in the Sicily region
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¢SITR: Sistema Informativo Territoriale Regionale (Regional Spatial Information System)

"k.LAB: Knowledge Laboratory

£0OSM: Open Street Map (OpenStreetMap contributors, 2020)

In the case of Sicilian wildfires, the human factor is one of the main triggers that lead to the depopulation of country areas by
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without since last E-OBS', data) | Formatted: English (United States)
Precipitation precipitation [ Formatted: English (United States)
Weekly Accumulated Continuous mm ARIES®, (based on Formatted
Precipitation precipitation during E-OBS‘, data) [ Formatted: English (United States)
Volume a week [ Formatted: English (United States), Superscript
Solar Radiation Total solar Continuous J/m~2 E-OBS‘ [ Deleted: Combustible biomass found in forests
radiation Formatted
Deleted: (...2, TableS1) Fig.
value of Forest JForest fuel type, Discrete see in S2, Table S1. | University of [r leted: 251
during Fires, Catania
( Formatted: English (United States)
Elevation Geogr-aphical Continuous m SITRS [ Formatted: English (United States)
f:;i‘t;"s“ dzg(c):iiesdea ( Formatted: English (United States)
bya :iigital [ Deleted: Biomass of Forest during Fire
elevation model [ Formatted: Font: Not Italic, Superscript
R i . [ Deleted: Geoportale Regione Siciliana,
Slope Inclination of the Continuous grade ARIES® (based on
above-water terrain elevation from [ Formatted
in a geographical SRS, [ Formatted
region [ Formatted
distance to Distance to Continuous m k.LAB/ (based on [ Formatted
ProtectedArea protected area OSM?) [ Formatted
. . . ) [ Deleted: Geoportale Regione Siciliana,
distance to Road Distance to road Continuous m k.LAB/ (based on
OSM) Formatted
Deleted: ..........
distance to Human [ Distance to human | Continuous m k.LAB/ (based on Formatted
Settlement settlement OSM?) PP -
D University of Catania

Formatted

Formatted

Deleted: A

\

RIES

(
(
(
(
\(
[

Formatted

Deleted: A

RIES

(
[ Formatted
[ Formatted

Formatted

Formatted

Deleted: ARIES

are distance to protected areas, distance to road and distance to human settlement. Those variables are calculated using
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objects. Additionally to human drivers, the fire hazard also depends on (i) weather (especially due to long dry seasons), (ji)

topography and (jii) environment, characterized by the high flammability of the Mediterranean forests (Corrao, 1992). Some
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main fuel type is ground fuels such as grass (50% of land in Sicily). 29% of the land cover on the island is non-combustible.

Among the models that were tested, one of them had the fire frequency as input, calculated with the historical wildfires from

2007-2020. This model had an accuracy above 95%. After several literature searches and discussions with experts, it was

decided not to incorporate fire frequency into the model. Although the accuracy was much better than the model finally chosen
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in unusual areas due to changes in land use or phenomena such as climate change. Finally, the difficulty of accessing new

wildfires to incorporate into the frequency variable was another important reason.
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Bayesian Networks (BN) (Pearl, 1988) have been widely used in recent years and have been highlighted as a powerful tool for

modeling complex problems, representing uncertainty and assisting stakeholders when the data is highly interlinked
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requirements are met: (i) it has reached the maximum number of parents, (ii) there are no more parents to add, (iii) the score
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37 Fire frequency analysis (Fig, 6) showed that a quarter of the area affected during 13 years (from 2007 to 2020) has burnt once
38 34.8% twice. 23.1% hawe burned three times or more, and nearly 6% hawe been burnt more than 5 times in 13 years. Burned

39 area is spread throughout Sicily, however, areas close to cities, such as Palermo, have been burnt more than others.
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042 Figure 6: Fire frequency aggregated by year. The legend shows how many times the same area has been burnt during the period of
043 2007-2020.

44 Fire ignition causes have been recorded since 2010. Figure 7 shows that, every year, more than 70% of wildfires are caused<

45 by arson, with 2010, 2011 and 2012 being particularly relevant. The percentage of wildfires caused by negligence or natural
46 effects is of little relevance. In general, it seems that the trend of arson is decreasing significantly over the years, from 91.54%
047 t0 67.06%. A large part of the percentage that decreases due to arson is replaced by wildfires of unknown origin, so we cannot

48 be confident that this trend is real.
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The k-fold cross-validation algorithm has been used to estimate the model's accuracy. This algorithm uses the training/testing
process “k” times and averages the results. The results for k=10 showed that 83.997% of the instances were correctly classified

in two values: occurrence and non-occurrence of wildfires.

We use the confusion matrix fo measure the performance of the classification (Table 6). The results show 12,172 correctly<
classified instances, but also 1,426 false positives and 893 false negatives. The type I error (false positive), i.e. detecting a fire

where it, in reality, is not, could lead to allocating efforts to unnecessary areas. Type II error (false negative), could not identify
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as the number of incorrect positive predictions divided by the total number of negatives; the best false positive rate is 0.0.

Table 6: Confusion matrix of fire hazard, BN modeling.

Real
R No fire Fire Sum

No 893

fire 3573 (type Il error) 6,466
Predicted

. 1,426

Fire (type I error) 6.599 8,025

. Sum 6.999 7.492 14,491
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The Bayes theorem is key to interpreting the output of binary classification problems using the calculated confusion matrix.

Precision is the confusion matrix probability P(Fire/TotalPredictedFire) = 6,599/8,025 = 0.822. It is the probability that the

fire predicted as fire is true. Recall P(Fire/TotalActualFire) = 6,599/7 492 = 0.881 is the percentage of the actual fires that were

correctly predicted by our classification algorithm. Table 7 also shows that the precision for the negative class (no fire) is
0.822. Moreover, the overall accuracy (weighted average between fire and no fire) is 0.841 and 0.840 for precision and recall
respectively and gives an overall picture of our model. These weighted results are close to our precision and recall values for

fire variables because our model is balanced (7,492 wildfires (51.70%) vs. 6.999 no wildfires (48,29%), Hence, the overall
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accuracy (0.84) is a good metric in this situation.

Table 7: Sensitivity analysis of fire hazard model,

TP FP Precision | Recall | F- MCC ROC PRC
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Plot (Area under ROC = 0.9147)
1

Weighted | 0.84 0.163 0.841 0.84 0.84 0.681 0.915 0.912

Avg.

The confusion matrix is also useful for measuring other significant metrics such as the ROC_(Receiver Operating<
Characteristic) curve that summarizes, the performance of the Bayesian classifier over all possible thresholds (Bradley, 1997;
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Fawcett, 2006), It measures accuracy in a weighted sort and is appropriate when the observations are balanced between each

class, as in this case. For example, we used a sorting-based method called Area Under the ROC Curve (AUC) that measures

the two-dimensional region below the ROC curve from (0.0) to (1.1). Not only the model presents a strong AUC result of

0.915 for fire hazard, because the result is close to 1. but, it also shows a significant F-Measure (a harmonic mean of the

precision and recall) with 0.847. The model performs well also in terms of uncertainty of the results. Jn Supplementary

Materials (S4, Figure S6),we display the uncertainty map associated with the standard deviation of the probability distribution
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Figure 12, shows how the percentage of vulnerable areas is distributed in each of the variables analyzed as a function of the

fire probability. Therefore, following the same trend as exposed areas, ecosystem services and ecological values increase fire

risk with the influence of climate change. The WUI (WildJand-Urban Interface) case, increases by 19% for high fire

probabilities in 2050 and almost half of the wildfires will be at medium risk. In both WAI (Wildland-Agriculture Interface)
and protected areas, half of their area could face a high fire risk in the future, doubling the 2020 data.
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Figure 12: Per ge of the vulnerable areas distributed in each of the variables analyzed (WUI, WAL, Pr d Areas) as a [ Deleted: 5

function of the fire probability.

Most of the vulnerable locations close to agricultural areas have a high probability of fire. However, one of the areas with high-<
vulnerability in the protected area overlaps with sites that are difficult to access for the population, such as the Nebrodi Regional

Park or the Madonie Regional Natural Park (Fig, 13).
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Opverall, the area with the highest socio-ecological value is in the northeastern quadrant of the island, coinciding with the areas
of highest fire risk. In contrast, low-protected regions are primarily agricultural areas, urban surroundings, or areas that have

been affected by fire in the recent past. These non-vulnerability areas dominate most of the Sicilian territory.
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Concerning the model quality, model errors are related to data location, spatio-temporal resolution or logical consistency

AGuptill and Morrison, 2013; Kraak and Ormeling, 2020). Utilizing multiple data sources adds strength to the model and has

been especially useful for detecting small wildfires related to land management: the vast majority of wildfires in Sicily. These
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kinds of wildfires may be too short-lived for the administration technicians or not intense enough to be captured by satellites.

Moreover, we consider that this strategy avoided a bias in the estimation of predictors' probabilities (Roy et al., 2005),,

The historical fire set was analyzed, filtered, cleaned and processed prior to fire hazard modeling. The frequency of wildfires

from 2007 to 2020 was analyzed; some areas have burned more than once in the same year or more than 5 years during the
13-year period. We suggest that future studies would have to study why this phenomenon can happen and how it could be
avoided, as such a high frequency of wildfires disrupts the cycle of natural processes of plants and animals, the loss of
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vegetation structure and composition and the associated ecosystem services.

Once the perimeters of each of the wildfires were identified, the associated information from the administration's wildfires was
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combined with the active fire points from the satellites to find the fire ignition area. Some differences were observed in the
satellite and the government data. This may be due to reasons mentioned above: wildfires not detectable by satellites, or
agricultural burnings detected as wildfires when the administration does not consider them as such. A great deal of effort was

spent on data collection, cleaning, validation, pre-processing, and storage that complies with FAIR principles obtaining a

reliable and open dataset: the basis of the occurrence of the fire model.

The model strength has been improved by extracting information from the predictors’ data with dynamic and static variables
such as meteorological or topographic data, respectively. Thus, the predictors have informed the model with values specific to
each fire event. In addition, the predictors come from reliable and tested sources such as Copernicus or the Italian government
as well as expert researchers and technicians. Some of the resources already existed within k.LAB such as protected areas or
human settlement distribution and others were added, as fuel types or high resolution digital elevation model. The new
information has been annotated in the semantic language k.IM and, like the historical fire data, now is open to any user and

can interact with other k. LAB models in line with the FAIR principles.

It should be noted that this model has taken into account some of the explanatory variables at the time of ignition, but also
some variables describing the ex-ante situation. Variables such as the average maximum temperature of the previous week,
the accumulated precipitation or the number of days without rain were prior to the fire. The influence of climatic factors can

help to predict the occurrence of wildfires related to climate change and the stress to which the forest was exposed (Halofsky
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et al., 2020; Trumbore et al., 2015),

The machine learning algorithm used, BN (Bayesian Network), provides a flexible and adaptable approach to structure the

peculiarities of fire hazard modeling: different data sources, changes in spatio-temporal resolution and dynamic versus static
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input data. BNs are useful in conducting probabilistic risk assessments since they are capable of directly modelling the whole
probability distributions for stable conditions and trade-offs which is crucial for risk assessments such as fire risk of complex

ecological systems. They also provide insights or quantification of the influence of a particular node on others, (Kumar and

Deleted: indicator

Banerji, 2022),, Jn addition, the evaluation of BNs presents much lower costs and efforts than other options, even when the
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dataset is partly incomplete, which is quite common for environment-related data (Bielza and Larrafiaga, 2014). Most of the
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remaining issues are related to meteorological conditions and environmental data, either due to the punctual failure of nearby
stations or problems in post-processing. However, these problems can be solved by integrating data with higher spatial

resolution, which, once semantically annotated, will automatically substitute lower-quality resources.

Another advantage of BNs is that they are not a black box models: the direct interpretation of the results, based on the

probabilities of the predicting variables, is given in each node probability distribution, Traditional modeling it is often difficult

to access the details of the model accuracy for the end user, leading to a lack of reliability. Thanks to k.LAB and its web
browser k.Explorer, the accuracy of the model is accessible and interpretable for non-expert end-users as stakeholders or land
managers as we showed in the results. In line with FAIR principles, the final output and all the variables needed to compute
the fire occurrence are supported by a narrative report produced at runtime to facilitate its interpretation. All these outputs are

open and downloadable.

The algorithm used has provided significant values to detect areas with a high probability of fire occurrence. Thus, BNs provide
a fast, reliable and accessible tool for land managers through k.LAB and semantics. The metrics related to type I and II errors
can have great implications in practice, their acceptable values give credibility to the application and use of the model in real

situations.

The integrated model has been able to simplify a problem as complex as the occurrence of wildfires by combining very
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disparate datasets. Given the results, we successfully identified the different degrees of fire hazard, The model results change
according to the most influential variables that can change over time and space, such as meteorological, biophysical data and

human pressure on the landscape.

By using k.LAB, a nodeler, can reutilize the model at any point in time, including calculating the, fire hazard,in real-time or in
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future scenarios. For example, we have run the model with future data for 2050 assuming forest management does not change.
It has been analyzed how, due to extreme temperatures and the stress that they will place on vegetation, the probability of
wildfires will be higher in a large part of Sicily and, therefore, new areas will be affected. The easy adaptation of the BN
models together with k.Explorer visualization facilities by the stakeholders simplifies the incorporation of new data in the

future to test different land management alternatives.
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