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ABSTRACT 

Wildfires detection is a major issue for authorities. There are 

various causes of fire events with the most common being 

human influence. A fire risk prediction model through the 

analysis of geo-environmental and climate data is important 

for early warning and fire management. In this work, a dataset 

from multiple modalities, including road density, travelers, 

forest-agriculture interface, burned areas from historical fire 

events, metrological data, land cover, vegetation indices from 

data cube, is generated. Artificial intelligence and machine 

learning models can use this multimodal dataset to improve 

forest fire management. 

Index Terms— data cube, wildfires, Cyprus, fire 

management 

1. INTRODUCTION

Forest significantly impact ecosystems worldwide and are 

frequent geophysical event, with an estimated 3.5-5 million 

km2 [1], [2] burned area annually based on satellite data. In 

the Mediterranean, increases in the frequency and affected 

areas have been noted, leading in property loss, deaths and 

significant environmental degradation [3], [4]. 

Cyprus is located in the Eastern Mediterranean, an area 

where forest fires frequently occur, especially during the 

summer period. Factors like drought, hot summers and 

flammable vegetation contribute to the increased risk of 

forest fires [5], [6]. Effective fire management strategies, 

including early warning systems and the use of remote 

sensing, are crucial for mitigating these risks. 

Effective wildfire risk prediction and management 

depend on the up-to-date, spatial explicit representation of the 

environment, mainly focusing on the biomass and 

characteristics of live and dead vegetation, which is the 

primary factor influencing fire behavior and risk [7]. 

Furthermore, an effective wildfire risk prediction can 

improve the decision-making, evaluation, and risk 

management, which is a prerequisite for the achievement of 

the EU forest strategy for the 2030 goal to improve the 

quantity and quality of EU multi-functional forests [7]–[9]. 

Taking that into consideration, forest fires can be 

analyzed using a data cube approach, which integrates 

various variables related to wildfire drivers and historical 

records of ignitions and burned areas. This allows for the 

assessment of machine learning models in tasks such as short-

term wildfire danger forecasting and final burned area 

estimation. The use of data cubes in wildfire modeling 

provides opportunities for the implementation of additional 

tracks to mitigate the increasing threat of wildfires in the 

Mediterranean region [10], [11]. Additionally, the integration 

of spatial parameters with the probability of fire occurrence 

using classical frequent itemset algorithms and GIS can help 

in spatial forecasting of forest fires and generating forest fire 

risk zone maps with good prediction accuracy [12]. Satellite 

observations, specifically using Moderate Resolution 

Imaging Spectroradiometer (MODIS) data, can be used to 

develop unsupervised spatio-temporal data mining methods 

for mapping forest fires, overcoming limitations in both data 

and methods employed by prior efforts [12]. Other 

approaches include leveraging a nearest neighbor imputation 

model that integrates LiDAR and Landsat data sources into a 

space-time data cube, enabling efficient analysis of vast 

forest structure data in the form of time series analyses [13]. 

The performance of machine learning models commonly 

used in wildfire modeling tasks can be influenced by the 

quality and representativeness of the data used. To that end, 

approaches like [14], [15] combine data cubes, machine 

learning, and geospatial ontology-based data access (OBDA) 

technologies. This integration allows for effective 

harmonization of diverse data sources, enhancing the 

accuracy and efficiency of fire risk computations. The use of 

geospatial OBDA technologies is a key feature, facilitating 

semantic querying and improving data interpretation, thereby 

offering a more advanced fire risk management tool. 

Highlighting the importance of forest fire monitoring and 

management for effective climate mitigation, ecosystem 

conservation, and the reduction of biodiversity loss, the 
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current work aims to contribute to fields like efficient 

mapping, analysis and management of forest fires, especially 

within the Eastern Mediterranean and Middle East 

(EMMENA) region. This is achieved through the creation of 

data cubes that contain satellite data alongside several 

vegetation and meteorological data. In-detail information can 

be found at the respective “Data Collection” section. 

As shown above, available -though limited studies in the 

field- literature emphasize the utilization of data cube 

frameworks for managing complex spatial-temporal datasets, 

thus improving the capability to map and monitor forest 

attributes and their changes over time. 

The aim of this study is to generate a dataset for fire risk 

prediction from different modalities. Section 2 describes the 

modalities of the dataset. Section 3 gives a statistical analysis. 

Section 4 gives the discussion and conclusions. 

 

2. DATA COLLECTION AND PROCESSING 

 

2.1. Data Collection 

 

According to data provided by the Forest Department for the 

period 2000-2022, as shown in Figure 1, 37.2% of fire events 

in Cyprus were deliberate, followed by agricultural activities 

that correspond to 19.7%. Obviously, the majority of fire 

events can be linked to human activities while a smaller 

percentage are caused by natural causes (e.g. lighting). 

Moreover, abandoned agricultural lands significantly 

increase the risk of fires particularly during the summer 

period where the flammable vegetation components increase. 

Additionally, grazing and specifically overgrazing 

constitutes land degradation. The proximity to the roads and 

urban areas further increases vulnerability. In addition, the 

lack of preventive measures in private forests is also an 

important threat.  

 

 
Figure 1. Causes of forest fires in Cyprus for the period 2000-2022 

To effectively model, map and predict forest fires, it is 

essential to compile a comprehensive set of independent 

explanatory variables known as fire causative factors. These 

factors are selected based on their potential correlation with 

the unique characteristics of the area investigated, the 

historical fire events, and the availability of relevant data 

[16]. The variables most frequently employed to simulate and 

forecast the incidence of fires are obtained from the analysis 

of topography, precipitation, and vegetation conditions, due 

to their significant correlations with fuel conditions [17].  

Throughout this study, the following eight variables 

were collected that encompass a diverse range of geo-

environmental and climate factors:    

 

1. Road density: To comprehensively model human 

activities and predict deliberate wildfires, a road density 

layer was meticulously crafted using OpenStreetMap 

(OSM). This layer is based on the premise that a more 

intricate road network enhances accessibility to forested 

areas, consequently elevating the likelihood of wildfire 

occurrences.  

2. Travelers: Activities like picnic, natural trails and 

camping sites significantly influence the occurrence of 

fires, so three layers were generated using the data that 

provided by the Republic of Cyprus Open Data Portal.   

3. Forest-agriculture interface: Recognizing the 

heightened wildfire ignition risk in regions characterized 

by intricate forest-agriculture mixtures [18], specialized 

layer was developed detailing the forest-agriculture 

interface in Cyprus. This layer serves as a valuable 

resource in refining the accuracy of our fire risk prediction 

models. 

4. Burned Areas: The burned areas were collected by 

EFFIS - European Forest Fire Information System, which 

supports the services in charge of the protection of forests 

against fires in the EU and neighbor countries and 

enriched with data from Forest Department in Cyprus. 

5. Digital Elevation Model (DEM): The DEM for the 

purposes of this study was retrieved from Copernicus’ 

EU-DEM. This product is a hybrid one, based on SRTM 

and ASTER GDEM data fused by a weighted averaging 

approach with a spatial resolution at 25m 

(https://land.copernicus.eu/imagery-in-situ/eu-dem). The 

DEM was used to obtain the elevation, slope, and aspect. 

These topographic features were selected because they are 

widely recognized as key variables that are closely linked 

to fire-related phenomena. They provide a significant 

influence on the spatiotemporal patterns of various other 

variables, including precipitation, temperature, humidity, 

evapotranspiration, soil moisture, and wind speed. 

Furthermore, they play a crucial role in determining the 

occurrence and behavior of fires, such as their speed and 

spread [19] 

6. Land cover. The Copernicus’ Corine Land Cover 

(https://land.copernicus.eu/dashboards/clc-clcc-2000--

2018) (CLC) datasets from the years 2012 and 2018, with 
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a spatial resolution of 100m, were obtained and processed 

for this study. Land cover facilitates the development of 

fire probability models because it serves as an indirect 

indicator of the landscape's susceptibility to fire [20]. For 

example, the Xerothermic environment in the 

Mediterranean region, particularly during the summer 

season, is marked by high air temperatures and low 

relative humidity. These conditions create conducive 

environments for incidents with high flammability. 

7. Meteorology: All meteorological factors analyzed, 

including Temperature, Dewpoint, Wind speed, Wind 

direction, and Precipitation, were retrieved from the 

ERA5-Land reanalysis datasets, which are accessible 

through the Copernicus EO program. These factors 

significantly contribute to the occurrence and intensity of 

forest fires, and their variability directly impacts the 

frequency and severity of wildfires. These variables were 

downscaled to a finer resolution of 500m using the nearest 

neighbor interpolation. 

 
Figure 2. Resample of the spatial resolution for the Meteorological 

dataset at 500m. 

8. Vegetation indices: The Normalized Difference 

Vegetation Index (NDVI) and the Enhanced Vegetation 

Index (EVI) were obtained from NASA products of the 

Moderate Resolution Imaging Spectroradiometer 

(MODIS), MYD13A1 and MOD13A1. Each pixel value 

of those products is an average of the daily products 

collected within 16 days, with 500m spatial resolution 

(https://modis.gsfc.nasa.gov/data/dataprod/mod13.php). 

The importance of vegetation condition in modeling fire 

occurrence is well-established, as it directly influences the 

probability of burning and subsequent fire characteristics, 

such as size and severity [21]. The NDVI and the EVI are 

extensively utilized as they effectively capture the 

characteristics and variations in surface biomass, 

providing valuable insights into the composition, 

distribution, and dynamics of vegetation communities 

[22]. 

 

2.2. Data Processing 

 

The collected data were preprocessed as shown in Figure 3 in 

order to clean and normalize to ensure consistency across the 

dataset (spatially and temporally). Additionally, the data 

annotation was conducted in order to label the data with 

relevant metadata to make the retrieval and analysis of the 

data more efficient. After that, the annotated data were 

populated into the data cube, structured to support easy access 

and their manipulation. 

 

 
Figure 3 Workflow diagram for the proposed methodology 

 

3. EXPLORING TRENDS AND RELATIONSHIPS USING THE 

DEVELOPED MULTIMODAL DATASET 

 

In this section, examples of the visualizations for various 

factors are presented. Data cubes offer a significant 

advantage through their capability to provide direct access to 

harmonized data, allowing for straightforward   queries in 

space and time. To build successful wildfire risk prediction 

models, a comprehensive study of the data is essential to 

recognize the specificities of the dataset and address any 

potential discrepancies to ensure the robustness and 

reliability of the models. 

The following  Figure 4 is a clear demonstration of 

datacube’s capability to provide immediate data access, 

showcasing an intuitive, color-coded delineation between 

fire-affected regions (yellow) and unaffected areas (purple). 

These plots, ready to be utilized as training labels, highlight 

a significant imbalance between the two classes. This 

disparity is a critical factor to consider when developing 

machine learning algorithms, as it necessitates strategies to 

ensure balanced representation and prevent model bias. 

 

 
Figure 4. Visualization of burned areas through the data cube.    

 
Following, a visual examination of trends and 

relationships between temperature, precipitation and burned 

areas from 2000 until 2022 is presented in Figure 5 and a 

representation of burned areas. The time series analysis plot 

shows distinct trends and relationships among temperature, 

precipitation, and burned areas from 2000 to 2022. The data 

indicates significant variability in all three parameters. The 

temperature (red line) shows a fluctuating pattern without a 
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clear increasing or decreasing trend over the years. 

Additionally, the precipitation (blue line) also varies with 

notable peaks around 2005, 2008 and 2017. The burned areas 

present a decrease over the period, particularly after 2010. 

Furthermore, the peak in burned areas shows an inverse 

relationship between precipitation and the extent of burned 

areas. In contrast the temperature peaks do not consistently 

align with the highest burned areas, indicating that while 

temperature plays a role, precipitation is a more dominant 

factor in influencing the burned areas. Also, this trend can 

correlate with the status of Cyprus where the 37,2% of fire 

events were deliberate which are not directly influenced by 

natural climatic factors which could explain this lack. Taking 

into account this finding we incorporate human activities in 

our multimodal dataset.  

Moreover 2000, 2007, 2016 and 2021 were the most 

disastrous in total burned area. Although in 2004 more than 

400 fire events were recorded, the total burned area of that 

year remained at low levels, which suggests that prevailing 

meteorological and environmental conditions may not have 

favored rapid fire spread and/or that the suppression efforts 

managed to put out the fires timely. The latter is also linked 

with the wildfire's location and the accessibility to the fire 

trucks. 

 
Figure 5. Time series analysis of temperature, precipitation and 

burned areas in Cyprus for the period 2000-2022. 

 
 

4. DISCUSSION AND CONCLUSIONS 

 

The spatiotemporal analysis of wildfire occurrence and 

identification of wildfire risk areas are of significant 

importance, especially for researchers, managers, and 

decision makers in the field of hazard mitigation and climate 

change. Developing an effective fire risk prediction model 

using environmental data is essential for early warning and 

fire management. In this study, a comprehensive multimodal 

dataset was created, integrating data from various sources 

such as road density, traveler activity, forest-agriculture 

interfaces, historical burned areas, meteorological data, land 

cover, and vegetation indices. Multidimensional arrays, in 

other words datacubes, are a common practice to combine 

and harmonize different data sources for more 

comprehensive analysis. This study aims to enhance the 

ERATOSTHENES Data Cube in order to integrate satellite 

and vector data from several sources, which will be used in 

the future to calculate the Fire Risk Prediction Model for 

Cyprus using machine learning algorithms. The created 

dataset supports the development of artificial intelligence and 

machine learning models to improve forest fire management.  

Apart from that, this dataset can also be utilized for the 

development of a digital twin for modeling wildfires in the 

future. Overall, this study demonstrates the potential of using  

data cube/ multimodal datasets to improve wildfire risk 

prediction and management. By integrating diverse data 

sources and utilizing advanced machine learning techniques, 

authorities can develop more effective strategies for 

mitigating the impact of wildfires, particularly in areas like 

Eastern Mediterranean where fire risks are widespread.  
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