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Abstract: In the Mediterranean region, particularly in Antalya, southern Türkiye, rising forest fire
risks due to climate change threaten ecosystems, property, and lives. Reduced soil moisture during
the growing season is a key factor increasing fire risk by stressing plants and lowering fuel moisture
content. This study assessed soil moisture and fuel moisture content (FMC) in ten fires (2019–2021)
affecting over 50 hectares. The Fire Weather Index (FWI) and its components (FFMC, DMC, DC)
were calculated using data from the General Directorate of Meteorology, EFFIS (8 km), and ERA5
(≈28 km) satellite sources. Relationships between FMCs, satellite-based soil moisture datasets
(SMAP, SMOS), and land surface temperature (LST) data (MODIS, Landsat 8) were analyzed. Strong
correlations were found between FWI codes and satellite soil moisture, particularly with SMAP.
Positive correlations were observed between LST and FWIs, while negative correlations were evident
with soil moisture. Statistical models integrating in situ soil moisture and EFFIS FWI (R: −0.86, −0.84,
−0.83 for FFMC, DMC, DC) predicted soil moisture levels during extended fire events effectively,
with model accuracy assessed through RMSE (0.60–3.64%). The SMAP surface (0–5 cm) dataset
yielded a lower RMSE of 0.60–2.08%, aligning with its higher correlation. This study underlines
the critical role of soil moisture in comprehensive fire risk assessments and highlights the necessity
of incorporating modeled soil moisture data in fire management strategies, particularly in regions
lacking comprehensive in situ monitoring.
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1. Introduction

In recent years, wildfires have become more widespread globally, increasingly linked to
the impacts of climate change. In Mediterranean countries such as Spain, Portugal, Greece,
and Türkiye, the risk of forest fires is increasing due to higher temperatures, unpredictable
weather patterns, climate change and changes in land cover [1–7]. For example, in Portugal,
natural fires are more likely to occur in the summer months when temperatures are high
and relative humidity is low [8]. Similarly, in Spain, temperatures are projected to increase
by 3.7–5.3 ◦C by the end of the 21st century compared to the period 1961–2010 under
a high emission scenario [9]. In Greece, with the ongoing increase in greenhouse gas
emissions, the temperature is projected to rise by 4.3 ◦C by the end of the 21st century
compared to mid-20th-century levels [10]. The importance of temperature anomalies as
a significant risk factor is also highlighted in Türkiye’s 2021 Climate Assessment report,
which notes that 2021 was the fourth warmest year, with temperatures 1.4 ◦C above the
1981–2010 average [11,12]. Besides temperature anomalies, this increased risk is also related
to moisture dynamics in vegetation, soil, and atmosphere, which are other critical factors
significantly affecting ignition probability and fire behavior.

Several meteorologically based indices have been developed to explain the relationship
between forest fires and climatic conditions, as well as to calculate weather-based fire
danger [13,14]. Major fire danger rating systems in different countries use estimates of
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moisture levels in mineral and/or organic soil layers to assess wildfire risk [15,16]. For
example, the Canadian Fire Weather Index (FWI), a key part of the Canadian Forest Fire
Weather Index System (CFFWIS), is one of the most widely used indices. The FWI, a
numerical rating of fire intensity, is weather-dependent and serves as a good indicator
of fire danger, measuring both the ease of fire spread and the availability of fuel due to
drought conditions [17]. It also includes moisture codes that account for moisture content
stored in the organic layers of forest floors, helping to evaluate fire potential based on
factors such as fuel moisture [13]. Alongside the Canadian FWI, other significant models
used include the European Forest Fire Information System (EFFIS) FWI and ERA5 FWI,
which utilize satellite-based products to analyze fire weather conditions and monitor global
trends and implement fire danger metrics from the Canadian FWI system [18,19].

Factors like fuel (dead and living vegetation) and fuel moisture significantly impact
fire intensity, contributing 21.5% and 16.5%, respectively, to forest fire behavior [20]. The
quantity, type, and arrangement of fuel affect fire spread and intensity, while fuel moisture
is influenced by soil moisture, rainfall, soil temperature, relative humidity, temperature,
and solar radiation [21]. Fuel moisture content (FMC), expressed as a percentage of the
oven-dry weight, measures the water content in both live and dead fuels and is essential
for improving fire risk indices due to its direct influence on fire ignition, spread, and
development [22–24]. Distinguishing between dead and live fuels is important because
their FMCs vary based on different factors. Dead fuels are primarily affected by weather
and environmental conditions, whereas live fuels are also influenced by soil moisture. Fuels
with high moisture content require higher temperatures or prolonged exposure to heat
to ignite. Moreover, fire spreads more slowly in wet fuels because evaporated moisture
inhibits combustion by diluting flammable gases in the reaction zone and cooling the
flames [25–27]. The Canadian FWI system uses three FMCs to represent organic layers
at or below the forest floor: the Fine Fuel Moisture Code (FFMC) for fine surface litter
(10–20 mm deep), the Duff Moisture Code (DMC) for loosely packed duff (50–100 mm
deep), and the Drought Code (DC) for deeper organic materials (100–200 mm deep) [28].
Both the DMC and DC correlate significantly with soil moisture levels in adjacent mineral
horizons due to moisture exchange through capillary and vapor transport [29–32]. A
study on Siberian forest fires found that the previous summer’s moisture levels were a
better indicator of burned areas than precipitation anomalies or fire weather indices [33],
leading to a modification of the FWI methodology by integrating soil moisture deficit using
Sentinel-1 radar satellite data [34]. However, FMC models using precipitation data may not
accurately represent soil moisture in topographically complex landscapes or heterogeneous
moisture environments [35]. Further research into the relationship between soil moisture
content and FMC is necessary to improve the accurate interpolation of FMC observations
across diverse environmental conditions, given the limited availability of studies in this
research area [35]. Since estimating fuel moisture over a large area is still challenging, soil
moisture is used as an indicator of fuel moisture content [36].

Soil moisture or soil water content, representing the water content within the un-
saturated soil zone where the soil is not fully saturated but contains a mix of water and
air, also plays an important role in fire dynamics. In areas with deep organic horizons,
retained moisture functions as both soil and fuel moisture reserves, which is crucial due
to the increased flammability of dry organic material. Low soil moisture contributes to
rapid wildfire ignition and spread, while optimal levels act as a natural deterrent. Soil
moisture’s behavior mirrors fuel moisture content, emphasizing its importance in assessing
wildfire risk [37–42]. Despite the critical importance of soil moisture data, acquiring in
situ soil moisture data presents considerably greater challenges compared to meteorolog-
ical weather data, and there is limited availability of global observational soil moisture
data. Therefore, much of the research in the literature has focused on local and regional
case studies [37,43,44]. Studies examining the role of soil moisture in fire dynamics have
used model-derived soil moisture information or drought indices like the Keetch–Byram
Drought Index or Standardized Precipitation Index [2,39,41]. However, these modeled or
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proxy variables have certain drawbacks, such as limited accuracy in capturing localized
soil moisture variations and potential discrepancies between modeled data and actual field
conditions [45]. Methodologies for monitoring soil moisture are advancing rapidly due to
ongoing innovations in in situ and proximal sensors, satellite technologies, and enhanced
modeling capabilities [46–48]. In particular, over five decades of experimental and opera-
tional studies have demonstrated the application of active and passive microwave remote
sensing for monitoring soil moisture. The strength of radar signals increases with higher
soil moisture levels, as moist soil alters its electrical properties and enhances interaction
with radar waves. This interaction enables radar systems to measure soil moisture across
various surfaces and vegetation types accurately. Specialized satellite missions such as the
European Space Agency (ESA)’s Soil Moisture Ocean Salinity (SMOS) [49] and the National
Aeronautics and Space Administration (NASA)’s Soil Moisture Active Passive (SMAP) [50]
use microwave sensors to provide global soil moisture data, enabling comprehensive
wildfire risk assessment [49–54].

While weather stations and satellites offer global coverage for monitoring atmospheric
conditions, soil monitoring, particularly regarding soil moisture levels, faces limitations
due to coverage and technological constraints [55]. The primary drawback of Earth ob-
servation (EO) satellites is their global coverage over multiple days, resulting in lower
temporal resolution compared to in situ measurements, with a typical return interval of
1–3 days. While this return interval may not pose a significant problem for long-term soil
moisture monitoring, it can be a limitation in capturing rapid changes in soil moisture
conditions, especially during dynamic events such as sudden rainfall or fire outbreaks.
Challenges remain, however, in monitoring soil moisture beyond surface layers and accu-
racy limitations under dense forest cover [29,56,57]. Improved algorithms show that remote
sensing is capable of effectively detecting soil moisture even under forest canopies [58,59].
In addition to low temporal resolution, the lower spatial resolutions (typically 1–9 km) also
affect usability. In this context, improvements in algorithms are essential to increase the
accuracy and reliability of measurements through downscaling as well as increasing spatial
resolution. This approach allows for finer-grained soil moisture data, offering detailed
insights into local variability [60].

Understanding the relationship between Land Surface Temperature (LST) and soil
moisture is very important for accurately mapping fire hazards. LST is a critical indicator
of fire activity, influenced by factors such as solar radiation, vegetation cover, and moisture
levels, which impact vegetation dryness. Specifically, LST not only affects vegetation growth
and fuel storage but also determines the moisture content of vegetation, directly influencing
vegetation flammability [37,38]. Moreover, deviations from typical temperature patterns,
as indicated by anomalies in LST, play a significant role in identifying areas prone to fires
in relation to soil moisture content. For example, abnormally low surface temperatures
may indicate high soil moisture levels, suggesting reduced fire susceptibility [61,62].

The existing literature consistently emphasizes the critical role of soil moisture in
improving wildfire hazard assessments [22,36,41,63,64], particularly in providing more
accurate estimations of fuel moisture and fuel load compared to traditional drought indices.
However, there remains a significant gap in the literature regarding the direct use of soil
moisture as an indicator of FMC, or the clear inference of such a relationship. This study
aims to address this gap by specifically investigating the correlation between three key
moisture-related components of the FWI system—namely, FFMC, DMC, and DC—using
two different satellite-based soil moisture datasets (from SMAP and SMOS), along with in
situ soil moisture measurements from ten forest fires that occurred in Antalya between 2019
and 2021. The study innovates by assessing the consistency and establishing models linking
regional-scale soil moisture data with these FWI components derived from both in situ and
satellite observations. Validation included statistical metrics such as correlation coefficients
and Root Mean Square Error (RMSE) against in situ measurements. Furthermore, the
relationship between FWI FMCs for each fire and LST data, obtained from MODIS and
Landsat 8, as well as in situ observations, was analyzed and compared.
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Three key questions guide this investigation:

1. What is the strength of the correlation between FMCs and satellite-derived soil mois-
ture data, and which FMC component performs best?

2. How accurately can soil moisture be predicted using statistical models based on
conventional regression applied to each EFFIS FWI fuel moisture code?

3. How do soil moisture dynamics vary across forest fires occurring in different seasons
and within diverse land use and land cover (LULC) types in our study area?

2. Materials and Methods
2.1. Study Area

The Mediterranean Basin, known for its frequent forest fires, falls under the Cs
(Mediterranean) category of the Köppen–Geiger climate system. This classification sig-
nifies mild, rainy winters followed by hot, dry summers, prevalent in countries such as
France, Italy, Greece, and Türkiye [65,66]. Forest fires are widespread along the Marmara,
Aegean, and Central Mediterranean coastlines in Türkiye, reflecting this climate pattern.
For instance, Antalya in southwestern Türkiye, situated in the Mediterranean Csa subtype,
experiences summer forest fires due to high temperatures and low humidity (Figure 1). The
Mediterranean Csa climate, a variant of Cs with hot, dry summers and mild, wet winters,
exhibits summer soil moisture deficiency caused by changes in circulation, air mass, and
pressure systems [67].

Türkiye’s General Directorate of Forestry reports 63,724 forest fires over the past
two decades, with over 90% caused by human activities [68]. Forest fires are primarily
driven by ‘fuel’ availability, posing challenges in assessing forest fuels and vegetation
dynamics during fires due to their dynamic disturbance and succession processes [26].
Combustion, propelled by oxygen and heat, spreads rapidly during dry periods when low
humidity and high temperatures reduce soil moisture, thereby increasing fuel susceptibil-
ity [69]. Conversely, adequate moisture content in vegetation, soil, and the atmosphere acts
as a natural deterrent to fire ignition and spread.
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By 2023, the number of automatic meteorological stations, also known as automatic
weather observation stations (AWOS), collecting hydrometeorological data such as air
temperature, relative humidity, wind speed and direction, precipitation, solar radiation,
surface pressure, and temperature, reached 1717 [72], with only 366 of these stations
measuring soil moisture [73].

This current situation implies a lack of in situ soil moisture data with sufficient spatial
and temporal resolution, which can make it difficult to use these data for soil moisture/fire
assessment and modelling. In addition, since soil moisture can vary greatly even over small
distances [74], point measurements of soil moisture may not represent soil moisture at the
landscape scale. In this context, remotely sensed and modeled soil moisture information is
clearly a necessity as a complementary strategy for measuring soil moisture [75].

Selected Forest Fires in Antalya Region between 2019–2021

Since EFFIS FWI data became available after 2019, only ten fires varying in size
and exhibiting diverse LULC patterns in the Antalya region between 2019 and 2021 are
considered for a comparative analysis of the fuel moisture codes determined by the three
different FWIs. In the selection process, fires exceeding 50 hectares (based on EFFIS’s
criteria for assessing the severity of forest fires in Europe [76]) and presenting different fire
danger risks were specifically taken into account. Additional detailed information about
these ten fires is provided in Table 1, while Figure 2 illustrates their locations and sizes.

Table 1. Forest fire information for the ten forest fires analyzed.

#ID Start
(d/m/y)

Finish
(d/m/y)

Burned Area
(ha)

Burned Area
over the Total

Burned Area (%)

1 7 August 2019 7 August 2019 63 0.0877
2 2 September 2019 2 September 2019 56 0.0778
3 20 January 2020 20 January 2020 55 0.0764
4 22 August 2020 22 August 2020 142 0.1973
5 18 September 2020 18 September 2020 78 0.1084
6 17 February 2021 17 February 2021 266 0.3694
7 26 June 2021 26 June 2021 121 0.1681
8 28 July 2021 6 August 2021 54,769 76.0389
9 29 July 2021 (1) 10 August 2021 15,860 22.0277
10 29 July 2021 (2) 30 July 2021 266 0.3694
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There are 62 meteorological stations in the Antalya region. However, due to insufficient
data on wind and/or precipitation in 18 stations, and with one station situated at sea, the
data from the remaining 43 stations were utilized for analysis. As shown in Figure 2,
soil moisture data could only be collected from 15 out of these 43 stations. As reported,
these stations may exhibit inconsistencies in soil moisture data responses to precipitation,
often attributable to sensor issues stemming from inadequate maintenance [77]. Important
meteorological data considered in the analysis for each date are provided in Figure 3. On
29 July, 1 and 2 denote the fires that occurred in two separate locations on the same day. As
shown, for Fire #4 event, there is no record for soil moisture, and the main differences in the
values are seen due to seasonal changes (i.e., Fire #3 and Fire #6). Moreover, precipitation
recorded was 0% for all fires except for Fire #6 event, which had 0.8 mm.
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Using LULC data sourced from ESA WorldCover, we examined the distribution of
each LULC class within the burned areas of the ten fires analyzed (Figure 4). The analysis
reveals that forests are the most severely affected, followed by shrublands and cultivated
areas. Interestingly, even wetlands, typically inundated for a considerable part of the year,
are susceptible to fires during specific periods (e.g., 20 January 2020 and 17 February 2021).
Given the lower proportion of agricultural and residential areas compared to forests in this
region, the extent of fire impact is relatively low, highlighting the vulnerability of forest
ecosystems to such disasters.

2.2. Data

The data sources utilized in the study are categorized into subsections.

2.2.1. FWI Data

Three different FWI datasets were used in the analysis:

1. Canadian FWI system

The Canadian FWI system, originating in 1970, combined previous wildfire risk indices
to address fire behavior factors like spread rate and intensity [1]. Evolving further, the
FWI now offers a comprehensive assessment of potential wildfires by incorporating fuel
moisture levels and current weather conditions, which include moisture fluctuations across
different soil layers on the forest floor.
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The Canadian FWI System, based on a standard red and white pine forest, consists of
six subcomponents. Three of these (FFMC, DMC, and DC) are fuel moisture codes, while
the other three (Initial Spread Index (ISI), Built Up Index (BUI), and FWI) are fire behavior
indices [34]. The FFMC, for instance, precisely measures moisture levels in flammable
materials such as branches, leaves, dry grasses, bark, and other substances within a depth
of 0–2 cm on the forest floor. This provides essential information about the moisture content
of deceased organic matter, including debris and residues within this thin layer. DMC
evaluates moisture levels in decaying organic matter found 5–10 cm beneath the surface
residues and debris layer, providing crucial data on moisture conditions within this specific
layer of organic material. DC measures organic moisture content at a 10–20 cm depth in
the forest floor [28,65]. Together, these three codes characterize fuel conditions from the
surface down to deeper soil layers, covering both litter and organic layers [1].

In Figure 5, the three moisture codes delineate the fuel moisture content across three
categories of forest floor fuels within the “standard” mature pine stand [28]. Surface soil
moisture refers to the water in the upper 10 cm of soil, while root zone soil moisture denotes
the water available to plants, typically considered to be within the upper 200 cm of soil.
The key characteristics of these moisture indices are outlined in Table 2.

Table 2. The key characteristics of three fuel moisture codes in the Canadian FWI system [28].

Features
Fuel Moisture Codes

FFMC DMC DC

Fuel association Litter and other dried fine
fuels

Moderately deep, loosely
compacted organic layers

Deep, compact
organic layers

Fire potential indicator Easy ignition
Probability of lightning fires;

fuel consumption in
moderate duff

Mop-up difficulty;
fuel consumption of deep

organic material

Depth (cm) 0–2 5–10 10–20

Fuel loading (t/ha) 5 50 440
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Table 2. Cont.

Features
Fuel Moisture Codes

FFMC DMC DC

24 h rainfall threshold
(mm) 0.5 1.4 2.8

Time-lag constant 16 h 12 days 52 days

Required Weather Inputs

Temperature ✔ ✔ ✔

Relative Humidity ✔ ✔

Windspeed ✔

Rain ✔ ✔ ✔
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In this study, Canadian FWI calculations were performed using in situ data from
43 meteorological stations in the Antalya region, including hourly temperature (◦C), hu-
midity (%), wind speed (m/sn), and precipitation (mm = kg/m2) for the years 2019–2021,
acquired from the General Directorate of Meteorology.

2. EFFIS FWI

The Joint Research Centre (JRC) of the European Commission established a research
group in 1998 to advance methods for forest fire danger assessment and burnt area mapping
in Europe, leading to the creation of the EFFIS in 2000. EFFIS integrates the FWI from
the European Centre for Medium-Range Weather Forecasts (ECMWF) and MeteoFrance
models for short-term forecasts. Since 2007, FWI has been integrated into EFFIS at the EU
level under the Copernicus Emergency Management Service (CEMS). EFFIS provides FWI
forecasts as well as monthly and seasonal temperature and rainfall anomaly forecasts for
Europe and the Mediterranean region, enabling fire danger assessment.
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In this study, EFFIS FWI values at an 8 km resolution were utilized along with the
delineation of burn area boundaries, obtained from the EFFIS data center through its web
platform (https://effis.jrc.ec.europa.eu/, accessed on 20 February 2024) [76].

3. ERA5 FWI

ERA5, a product of ECMWF, provides comprehensive historical weather and climate
data from 1940 to the present [78]. ERA5 FWI employs the Canadian FWI System, replacing
previous indices derived from ERA-Interim [79,80]. Developed collaboratively by the JRC
and ECMWF as part of the Global Wildfires Information System (GWIS), ERA5 FWI consists
of seven indices that assess various aspects of fuel moisture and the influence of wind on
fire ignition likelihood and behavior [81].

In this study, ERA5 FWI data with a spatial resolution of approximately 0.25◦ × 0.25◦

(equivalent to roughly a 28 km grid cell size) were obtained through the Copernicus Climate
Change Service (C3S) Climate Data Store (CDS) in NetCDF format (https://cds.climate.
copernicus.eu/, accessed on 20 February 2024).

2.2.2. Soil Moisture Data

Two different datasets were utilized in the analysis:

• In situ soil moisture data

Soil moisture data for each fire were estimated using the Kriging interpolation method,
utilizing observations from nearby meteorological stations. Due to the scarcity of data
collected from a small number of stations, this interpolation approach is well suited for
mapping a variable of interest or generating continuous surfaces, especially effective when
fewer spatial sample points are available [82]. Soil moisture at these stations is recorded at
soil depths of 0–20 cm and on weekly, daily, and hourly time scales.

• Satellite-derived soil moisture data

1. SMAP soil moisture data: SMAP Level-4 (L4) soil moisture data, derived from SMAP
L1C (NASA, Jet Propulsion Laboratory, Pasadena, CA, USA) Radiometer Half-Orbit 36 km
EASE-Grid Brightness Temperatures (SPL1CTB) and GEOS-5 Forward Processing (FP)
Model Data from NASA’s GMAO, integrates daily surface meteorology and precipitation
corrections using NOAA’s Climate Prediction Center data [83]. For more technical details,
refer to the NASA user guide [84] and related work [83].

This study utilized SMAP L4 data, providing global estimates of surface soil mois-
ture (0–5 cm) and root zone soil moisture (0–100 cm) at 9 km spatial resolution and 3 h
temporal resolution from 2019 to 2021. The dataset, accessed via Google Earth Engine
(GEE), includes both directly sensed surface soil moisture and modeled root-zone soil
moisture [85]. SMAP L-band brightness temperatures from descending satellite passes
were integrated into a global cylindrical 9 km EASE-Grid 2.0 projection [86,87], with a
preference for descending orbits to align with SMOS product ascents. Additionally, SMAP
L4 includes supplementary research products such as surface meteorological variables, soil
temperature, evapotranspiration, and net radiation, which were not validated in this study.

2. SMOS soil moisture data: Data originate from the SMOS mission initiated by ESA
in November 2009. This mission employs an L-band two-dimensional synthetic aperture
radiometer equipped with multi-angle and full polarimetric capabilities for microwave
radiometry, allowing it to measure soil moisture and ocean salinity levels from space. The
SMOS Level 4 (L4) global surface soil moisture data offer estimates for surface (0–5 cm) soil
moisture, typically with a mean latency of around 2.5 days [83].

In this study, we employed daily ascending orbit SMOS L4 global surface soil moisture
data at a spatial resolution of 1 km, focusing specifically on the 0–5 cm depth range. These
data were obtained through a downscaling algorithm developed and distributed by the
Barcelona Expert Centre (BEC) through SMOS-BEC data distribution and visualization
service (http://bec.icm.csic.es, accessed on 20 February 2024), enabling finer resolutions
ranging from 100 m to 1 km [60]. For more comprehensive details on the Level 4 retrieval
process, refer to the BEC SMOS Soil Moisture Products Description file provided in [60].

https://effis.jrc.ec.europa.eu/
https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
http://bec.icm.csic.es
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2.2.3. Meteorological Data

Air temperature and soil temperature data collected from the meteorological stations
were used in the analysis.

2.2.4. Satellite-Derived Land Surface Temperature (LST) Data

Satellite-derived LST data are effective in assessing burn severity in large-scale Mediter-
ranean wildfires by identifying high-risk areas with increased temperature and altered
soil moisture [64,65]. This study uses two satellite-derived LST datasets to evaluate and
correlate soil and fuel moisture, aiding fire risk assessment and management.

1. MODIS Daily LST: The MOD11A1 V6.1 product, accessible through NASA LP DAAC
at the U.S. Geological Survey (USGS) Earth Resources Observation and Science (EROS)
Center and via the GEE platform, provides daily global LST and emissivity values
at a spatial resolution of 1 km within a 1200 by 1200 km grid [88]. LST pixel values
are derived from GEE using the Generalized Split-Window algorithm under clear-sky
conditions, with a confidence level of at least 95% over land at an elevation of up
to 2000 m or at least 66% over land at an elevation greater than 2000 m, and with a
confidence level of at least 66% over lakes [89]. For more detailed information, please
refer to the MOD11 User Guide V6 at [90].

2. Landsat 8 LST: Landsat 8 Thermal Infrared Sensor (TIRS) data, with a spatial resolution
of 100 m, are utilized for deriving LST. For Landsat 8, band 10 (B10) is employed as
the thermal band, while the red (B4) and near-infrared (NIR) bands (B5) are used to
calculate Normalized Difference Vegetation Index (NDVI) in LST data retrieval based
on the Mono Window algorithm. Similar to MODIS LST data, Landsat 8 LST data
were obtained through the GEE platform [91].

2.2.5. ESA World Cover Data

This dataset provides the initial global land cover products, validated in quasi-real-
time, utilizing Sentinel-1 and Sentinel-2 data at a spatial resolution of 10 m for 2020 and
2021. It was retrieved through the GEE [92].

2.3. Methodology

The flowchart in Figure 6 outlines the methodology used. For each of ten fires from
2019 to 2021, FWI values, representing a numerical rating of fire intensity, were calculated
using the Canadian FWI system, EFFIS, and ERA5.

Only three fuel moisture codes were analyzed in this study: FFMC, derived from
air temperature, relative humidity, wind, and precipitation; DMC, calculated from air
temperature, relative humidity, and precipitation; and DC, calculated from air temperature
and precipitation data [28]. Correlations between these three moisture-related components
of the FWI system and two different satellite-based soil moisture datasets (from SMAP and
SMOS) and in situ soil moisture data were then analyzed for ten wildfires that occurred
in Antalya between 2019 and 2021. Moreover, the study also looked into analyzing the
relationships with two weather-related factors, soil temperature and air temperature, during
the same timeframe, along with utilizing LST data from MODIS and Landsat 8 sources.
Models that showed strong correlation with in situ soil moisture data underwent validation
using information from the Fire #8 event, which began on 28 July 2021 and lasted for
ten days. Since the study primarily analyzed data starting from 28 July 2021, the dataset
covering the subsequent 9 days starting from 29 July was considered. Their performance
was assessed using the RMSE.
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2.3.1. FWI Fire Danger Classes

The FWI fire danger classes from EFFIS form the basis for the danger maps in this
study, ensuring consistent spatial representation of fire risk across Europe, the Middle East,
and North Africa. The addition of the “Very Extreme” class was prompted by the June 2021
Mediterranean fires [93]. Details on the class ranges used for fire danger, defined by EFFIS
satellite data, are available in previous studies [16]. This study details the thresholds for fire
danger classes involving FWI fuel moisture codes specifically, as displayed in Table 3, where
each code operates on a relative scale of values indicating increasingly severe burning
conditions with higher values [28].

Table 3. Thresholds of the fire danger classes for fuel moisture codes within the FWI system [94].

FWI Fire Danger Classes FFMC DMC DC

Low <82.7 <15.7 <256.1
Moderate 82.7–86.1 15.7–27.9 256.1–334.1

High 86.1–89.2 27.9–53.1 334.1–450.6
Very High 89.2–93.0 53.1–83.6 450.6–600.0
Extreme 93.0–96.0 83.6–160.7 600.0–749.4

Very Extreme >96.0 >160.7 >749.4

2.3.2. Correlation Analysis and Model Establishment

Pearson correlation analysis (Equation (1)) measures the linear relationship between
two continuous variables using the correlation coefficient (r), which ranges from −1 to
1. An r value close to 1 indicates a strong positive correlation, while an r value near −1
suggests a strong negative correlation; an r value close to 0 implies no correlation [95].

r =
n ∑ XY − ∑ X∑ Y√(

n∑ X2 −
(

∑ X)2.
(

n∑ Y2 − (∑ Y) 2
(1)
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where n denotes the number of variables in the dataset, and X and Y refer to specific
variables within the dataset.

In this study, correlation analyses were conducted to evaluate the impact of FWI fuel
moisture codes, computed using various input sources, on satellite-based SMAP/SMOS soil
moisture, in situ (on-site) soil moisture, MODIS/Landsat 8 LST, and in situ meteorological
data, including soil temperature and air temperature. Afterward, a linear model fitting
the best straight line to data points in a scatterplot was selected to quantify relationships
between variables. The model equation Y = β0 + β1X + ϵ represents how the dependent
variable Y changes with the independent variable X, where β0 is the intercept, β1 is the
slope coefficient indicating the relationship strength, and ϵ accounts for error. The error
term ϵ accounts for deviations between predicted and actual values, capturing unexplained
variability in the data [95].

2.3.3. Validation

The objective of the validation process was to evaluate the robustness of the method-
ologies employed and to enhance confidence in the interpretation of results about soil
moisture dynamics and fire danger assessment within the study area. For validation pur-
poses, the optimal model was selected based on the highest correlation coefficient, which
indicated the best fit line between variables and was subsequently used for predictions.
Model predictions were then compared with observed data from in situ measurements and
independent sources such as satellite data. More specifically, the accuracy of the soil mois-
ture predictions was evaluated against ground-truth measurements obtained from in situ
observations and satellite-derived soil moisture data, particularly from SMAP and SMOS
datasets. Statistical metrics including correlation coefficients and RMSE were computed to
evaluate the agreement between predicted and observed values. RMSE, which indicates
the average magnitude of the errors between predicted values and actual observations, is
calculated as the square root of the average of the squared differences using Equation (2).

RMSE =

√
∑n

i=1(xi − x̂i)
2

n
(2)

where i represents a variable, n is the number of variables, xi denotes the actual observations,
and x̂i represents the estimated observations.

The fire day data served as the primary dataset in the linear regression model. For
validation purposes, the performance of the model was evaluated using data from two fires
lasting more than one day, since there were no fires larger than 50 hectares in the region
and/or no in situ measurements, even if there were other fires. Specifically, models showing
strong correlations with in situ soil moisture data were validated using information from
Fire #8 and #9, which lasted 10 and 13 days, respectively. The dataset from the second day
onwards of each fire event was evaluated using RMSE, excluding the first day, which had
already been included in the model establishment.

After calculating RMSE, model evaluation utilized leave-one-out cross-validation
(LOOCV), where each iteration involves training on n − 1 samples and testing on the
remaining sample, resulting in n iterations, akin to k-fold cross-validation with k = n [96,97].
LOOCV is computationally intensive due to its exhaustive nature but provides unbiased
error estimates and consistent results by using all sample combinations for training. It is
preferred for small datasets to maximize the training set size [96,98,99].

3. Results
3.1. Fire Danger Classes

In this study, an analysis was conducted on forest fires larger than 50 hectares that
occurred between 2019 and 2021. Firstly, the distribution of these events by month aligns
with the typical fire season in Türkiye, which varies regionally and typically extends from
May to September. For each of the ten fires, six fire danger classes (Low, Moderate, High,
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Very High, Extreme, and Very Extreme) were determined using three distinct datasets of the
FWI system, including their fuel moisture codes. These calculations are presented in Table 4,
enabling a comparative analysis of fire danger assessments derived from different sources
(Canadian FWI system, EFFIS, ERA5) and using various fuel moisture codes (FFMC, DMC,
DC) within the FWI system.

Table 4. Fire danger classes calculated for both FWI and FWI’s fuel moisture codes from three
different FWI datasets.

#ID

Fire Danger Class

Canadian FWI System EFFIS FWI ERA5 FWI

FWI
Fuel Moisture Codes

FWI
Fuel Moisture Codes

FWI
Fuel Moisture Codes

FFMC DMC DC FFMC DMC DC FFMC DMC DC

1 E VE VE E E VE E E VH VH VE VE

2 VH VH VE VE VH VH E VE VH E VE VE

3 M VH L L M H L L M H L L

4 E VE VE VE E VE VE VE E E VE VE

5 E VH VE VE H H VE VE VH VH VE VE

6 L M L L L L L L L L L L

7 E E VE VE H VH E VH VH VH E VH

8 VE VE VE VE VE VE VE E E E VE VE

9 E VE VE VE E VE VE E E E E E

10 VH VH VE VE VH E VE VE VH E VE VE

Fire Danger Class: Low (L)—Moderate (M)—High (H)—Very High (VH)—Extreme (E)—Very Extreme (VE).

Firstly, concerning the general FWI index, as depicted in Table 4, it is evident that the
EFFIS FWI demonstrates better consistency with the Canadian FWI compared to the ERA5
FWI, which incorporates data from a meteorological satellite with lower spatial resolution.

Upon examining the ten forest fires outlined in Table 4, an analysis of fire danger
assessment within burned areas reveals some differences between FWI models and data
sources. Consistency in fire danger classes is generally observed across the three fuel
moisture codes in the three FWI datasets, with variations typically limited to 1–2 ranges.
This agreement is evident in the classification of some fires as very extreme, extreme, very
high, and low risk. However, interesting results have been noted in some fires. For instance,
Fires #3 and #6 are notably different from the others due to variations in both their LULC
classes (Figure 4) and the seasons during which they occurred (i.e., winter season; 20
January 2020 and 17 February 2021). Since the main LULC class of Fire #6 is herbaceous
wetland, the FWI and moisture codes are classified as “Low”. In contrast, the main LULC
class of Fire #3 is mixed, including tree cover, shrubland, cropland and grassland alongside
wetland areas. In particular, the higher FFMC codes observed compared to Fire #6 are
associated with higher surface moisture levels at 0–2 cm depths in the forest floor, where
combustibles and other materials are abundant. However, in the lower layers, the other
two fuel moisture codes remain “low”.

On the other hand, the consistency of fire danger classes is higher, especially for
large fires occurring in various areas, such as Fires #8 and #9, which persisted for longer
durations (i.e., 10 days and 13 days on 28 July 2021 and 29 July 2021, respectively).

3.2. Anaylsis

Table 5 presents the correlations between the three fuel-moisture-related components
of the FWI system and soil moisture datasets for the ten fires. As indicated in Table 5, the
Pearson correlation coefficient between the three FWI fuel moisture codes and daytime
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satellite-based soil moisture levels reveals a strong inverse relationship. In terms of their
relationship with in situ soil moisture data, it is important to note that in situ soil moisture
measurements typically cover depths of 0–20 cm. Consequently, the three fuel codes exhibit
varying degrees of correlation with these data. The highest correlation values (ranging
from −0.80 to −0.97) are observed with EFFIS FWI, while the Canadian FWI system shows
comparatively lower correlations (ranging from −0.64 to −0.77).

Table 5. Correlations between FWI fuel moisture codes and various soil moisture datasets.

ERA5 FWI EFFIS FWI Canadian FWI System SMOS
L4

0–5 cm

SMAP
L4

0–5 cm
FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

SMOS L4
0–5 cm −0.87 −0.45 −0.65 −0.85 −0.70 −0.68 −0.79 −0.68 −0.70 1 0.79

SMAP L4
0–5 cm −0.86 −0.64 −0.81 −0.86 −0.84 −0.83 −0.84 −0.81 −0.85 0.79 1

In situ soil
moisture
0–20 cm

(%)

−0.85 −0.66 −0.84 −0.80 −0.97 −0.88 −0.64 −0.76 −0.77 0.71 0.87

When assessing forest floor moisture levels, in situ soil moisture demonstrates the
strongest correlation with both satellite-based FFMC datasets (−0.85 and −0.80 for ERA5
and EFFIS, respectively). Moreover, for all three fuel moisture codes across all three datasets,
DC consistently demonstrated the highest correlation, with values ranging from −0.77 to
−0.88. Regarding satellite-derived soil moisture, in general, correlations with SMAP data
were found to be stronger than those with SMOS data. Although the SMAP soil moisture
product provides data for two different depths (0–5 cm and 0–100 cm), only the upper
layer was considered due to FMCs being collected between 0–20 cm for consistency with
the penetration depth. Within the 0–5 cm moisture level, the highest correlations were
observed between the FFMC values of all FWIs, ranging from −0.84 to −0.86. Slightly
lower correlations were observed between the DMC and DC values of all FWIs, ranging
from −0.64 to −0.85.

A reasonable agreement was found between the SMOS product measured from 0–5 cm
data and the corresponding fuel moisture codes, alongside in situ measurements. Partic-
ularly, the highest correlation was observed in FFMC data obtained from the thin layer
(0–2 cm) of deceased organic matter, encompassing debris and residues, showing correla-
tions ranging from −0.79 to −0.87 with the forest floor moisture layer. Additionally, the
SMOS product demonstrated the highest correlation (−0.79) with SMAP level 4 (0–5 cm)
data. In terms of their relationship with in situ soil moisture data, the correlation was
relatively lower (−0.70), primarily due to differences in the penetration depth of the L-band
from in situ instruments.

Additionally, Table 6 displays the correlations between the three fuel-moisture-related
components of the FWI system and four other relevant parameters. Specifically, these
parameters include two separate satellite-derived LST datasets—MODIS and Landsat 8—as
well as in situ soil and air temperature data.

Table 6 shows a significant correlation between MODIS/Landsat 8 LST and the three
moisture-related components of the FWI system. As can be seen, there is a positive
correlation between LSTs and FWI fuel moisture codes, along with a negative correlation
between soil moisture. A slightly higher correlation was observed with MODIS LST data
(min/max: 0.61/0.89) compared to Landsat 8 LST (min/max: 0.43/0.85). No particular
correlation was observed with any of the FWI moisture codes for all FWI datasets. Both
LST datasets exhibited higher correlations with SMAP data (−0.90 to −0.94) compared to
SMOS data (−0.71 to −0.78).
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Table 6. Correlations of FMCs and soil moisture datasets with other relevant parameters.

ERA5 FWI EFFIS FWI Canadian FWI System
SMOSL4
0–5 cm

SMAP
L4

0–5 cm
FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

FFMC
0–2 cm

DMC
5–10 cm

DC
10–20 cm

Soil Tem-
perature

5 cm
0.86 0.48 0.77 0.81 0.98 0.82 0.68 0.81 0.79 −0.70 −0.87

Air
Tempera-

ture
0.85 0.45 0.66 0.82 0.84 0.68 0.79 0.87 0.84 −0.73 −0.90

MODIS
LST 0.86 0.61 0.82 0.82 0.89 0.84 0.76 0.88 0.89 −0.78 −0.94

Landsat 8
LST 0.77 0.43 0.72 0.80 0.85 0.77 0.73 0.78 0.80 −0.71 −0.90

A similar relationship trend was also observed with two meteorological datasets, air
temperature and soil temperature. Both in situ temperature datasets exhibited higher
correlations with SMAP data (−0.87 to −0.90) compared to SMOS data (−0.70 to −0.73).

As a general conclusion, given that the Canadian FWI system and its subcomponents
were initially designed for red pine and white pine forests, the predominance of red pine
(Pinus brutia) in the Antalya region likely enhances the efficacy and applicability of these
codes within this particular geographical area.

3.3. Model Establishment and Validation

In the model establishment, in situ soil moisture was selected as the dependent
variable, while the independent variables comprised three EFFIS FWI moisture codes and
two satellite-derived soil moisture datasets. EFFIS FWI was chosen over other FMC datasets
due to its highest correlation with in situ soil moisture. Linear models (Y = β0 + β1X)
were developed by fitting straight lines to the data points. The corresponding equations,
correlation coefficients, and scatter plots, which provide deeper insights and visually depict
relationships between variables, are summarized in Table 7.

As demonstrated, among the EFFIS FMCs, the EFFIS DMC moisture codes exhibit a
strong linear relationship with in situ soil moisture, characterized by a clear alignment of
data points along a trend line. In contrast, SMOS shows significant scatter, indicating weak
correlation and high variability, possibly due to unaccounted factors, measurement errors,
non-linearity, or outliers. This variability can generally be attributed to factors such as soil
and fuel moisture heterogeneity, local climatic variations, differences in LULC types, and a
limited sample size not fully representing seasonal changes. Measurement errors in both
satellite-derived and in situ soil moisture data may also contribute. Despite these factors,
the model offers valuable insights into the general trends and relationships between fuel
moisture and in situ soil moisture. However, further refinement and additional data are
necessary to enhance accuracy.

While data from ten fire days were used to construct the linear regression model,
two fires lasting longer than one day (Fires #8 and #9) were considered for the validation
step. First, the Fire #8 event, which began on 28 July 2021, and lasted ten days, was
selected as the first test fire area. The Fire #9 event, started on 29 July 2021, and lasting
until 7 August 2021, was considered as the second test fire event. Since the start dates of
both test fires were utilized in the analyses, the subsequent dates were considered in the
validation analysis. For both fire events, the three fuel moisture codes of the EFFIS FWI
that showed the strongest correlation with in situ soil moisture were selected for validation.
Soil moisture was estimated by applying the established linear models (Table 7) derived
from conventional regression to the EFFIS FWI fuel moisture codes calculated for the other
days. The RMSE of the model was then calculated based on the difference between the
predicted soil moisture values and the in situ measurement data (Table 8).
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Table 7. Linear regression models used for different datasets.

Dependent
Variable

Independent
Variable

Linear Regression
Models r Scatterplots

In Situ
Soil moisture

EFFIS FFMC −0.6467 × FFMC +
69.403 −0.80
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The validation analysis was expanded to include satellite-based soil moisture estima-
tions. Therefore, the process mentioned above was also performed for the two satellite-
based surface soil moisture estimation datasets. Table 8 provides a summary of the valida-
tion analyses conducted for the three fuel moisture codes and the examined satellite-based
soil moisture datasets.

Since the in situ soil moisture is recorded at 0–20 cm soil depths, the SMAP surface
(0–5 cm) dataset yielded a lower RMSE of 0.60% and 2.08%, aligning with its higher corre-
lation. The results also indicate that dry soil conditions led to longer duration fires in these
two fire regions due to the importance of fuel dehydration.
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Table 8. The results of validation analyses for three FMCs and satellite-based surface soil moisture
(# represents the fire number, as previously provided in earlier sections).

Fire # Dates Nearest Station Distance to the
Fire Zone (km)

In Situ
Soil Moisture (%)

RMSE
(%)

EFFIS FWI FFMC
# 8 29 July 2021–6 August 2021 17,954 13 7 1.40
# 9 30 July 2021–6 August 2021 17,310 23 5 1.53

EFFIS FWI DMC
# 8 29 July 2021–6 August 2021 17,954 13 7 1.85
# 9 30 July 2021–6 August 2021 17,310 23 5 0.79

EFFIS FWI DC
# 8 29 July 2021–6 August 2021 17,954 13 7 1.41
# 9 30 July 2021–6 August 2021 17,310 23 5 2.77

SMAP Surface Zone
# 8 29 July 2021–6 August 2021 17,954 13 7 0.60
# 9 30 July 2021–6 August 2021 17,310 23 5 2.08

SMOS Surface Zone
# 8 29 July 2021–6 August 2021 17,954 13 7 1.80
# 9 30 July 2021–6 August 2021 17,310 23 5 3.64

When the two fire events were considered together in the validation analysis, errors
were acquired for fuel moisture codes as follows: 1.46% (FFMC), 1.45% (DMC), and 2.16%
(DC). For satellite-based surface soil moisture, the estimates were 1.49% (SMAP) and
2.82% (SMOS).

Model accuracy was also evaluated using LOOCV, where each data point served as a
validation set while the remaining data were used for training. This method was chosen
due to the dataset’s small size and the proven effectiveness of LOOCV for small datasets.
The RMSE values and correlation coefficients obtained, given in Table 9, are consistent
with conventional results. Specifically, the lowest RMSE was observed with the DMC
model, while the highest RMSE was associated with the SMOS model. This cross-validation
method highlights the varying degrees of predictive accuracy across different variables and
underlines the importance of selecting the most suitable predictors for model optimization.

Table 9. RMSE values and correlation coefficients obtained from LOOCV for different models used.

Leave-One-Out Cross-Validation
Data RMSE Correlation

FFMC 3.61 0.72
DMC 1.37 0.96
DC 3.35 0.77

SMAP 3.06 0.80
SMOS 24.6 0.62

The findings underline the paramount significance of integrating soil moisture infor-
mation derived from both fuel moisture codes and satellite-based soil moisture data, as
employed in this study. This is particularly crucial in regions where the availability of
ground-based point measurement networks is limited.

4. Discussion

Microwave emissions, driven by the dielectric contrast between dry and wet soil
particles, are crucial for soil moisture measurement. They vary with soil moisture levels
across different soil types—drier soil emits higher microwave energy, while wetter soil
emits less. This variation is integral to the FMCs used in the FWI to assess moisture content
in the upper layers of the forest floor or organic soil [100,101]. Our findings show that
EFFIS FWI has the highest correlation with in situ soil moisture data, while the Canadian
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FWI system has lower correlations. This discrepancy can be attributed to the enhanced
spatial coverage and resolution of gridded remote sensing data over weather station-based
estimates, especially in regions with sparse weather stations [102,103].

In assessing forest floor moisture, in situ soil moisture shows strong correlations with
satellite-based ERA5 and EFFIS FFMC datasets, which aligns well with Chaparro et al.
(2016) [52]. Across all three fuel moisture codes, DC consistently shows the highest correla-
tions (−0.77 to −0.88), which aligns with previous studies such as that of D’Orangeville
et al. (2016) [31], reporting correlations of 0.6–0.8 between measured soil moisture and
DC estimates in Canadian forests. Studies focusing on surface organic layers also indicate
significant correlations between DMC, DC, and soil moisture levels in adjacent mineral
horizons [29–32].

Analysis of satellite-derived soil moisture correlations revealed that SMAP data con-
sistently showed stronger relations compared to SMOS, aligning with findings in the
literature [104,105]. In this study, strong correlations were observed within the 0–5 cm
depth of the SMAP soil moisture product, particularly with FFMC values across all FWIs.
These findings are consistent with previous research highlighting the robust relationship
between soil moisture and FWIs. Additionally, lower correlations were noted for DMC and
DC values, which can be attributed to complex moisture exchange mechanisms between
mineral and organic soil layers [106]. The high correlation coefficient (r = −0.87) observed
for in situ soil moisture data with SMAP at the same depth further supports the validity of
these findings, aligning with similar studies [104,107]. The SMOS product demonstrated
reasonable agreement with FMCs and in situ measurements within the 0–5 cm soil moisture
layer. Notably, the highest correlations were found again with FFMC data from the thin
layer of organic matter. In addition, SMOS also aligned well with SMAP level 4 data.
However, its correlation with in situ soil moisture data was relatively lower in comparison
to SMAP due to SMOS having a higher radiometric error (4 K versus 1.3 K) and beinf more
affected by radio frequency interference (RFI) due to its non-interferometric retrieval tech-
nique [104]. Another study [108] affirmed reasonable agreement between SMOS estimates
and in situ measurements within the 0–5 cm layer (RMSE = 11.6%).

Our study provides initial insights into the interaction between soil and fuel moisture,
highlighting the significant advantage of integrating satellite data with in situ measure-
ments to manage fire hazard and risk, particularly in regions with limited meteorological
stations. This approach aids policymakers in developing targeted land use and fire risk
strategies, thereby enhancing community resilience through the integration of satellite
and in situ data. However, further research is essential to generalize the findings from
this study [39], considering the multitude of factors influencing forest fires and their com-
plex interactions. As is known, fire occurrence is shaped by diverse factors with varying
temporal and spatial characteristics, complicating the isolation of soil moisture’s specific
role. Additionally, the relationship between soil moisture and other environmental fac-
tors (e.g., temperature, wind, vapor pressure deficit, precipitation) further complicates
understanding the relationship between fuel moisture and soil moisture. This complexity
is particularly evident in wet soil conditions, during wetting and drying cycles, across
different soil types, and in the presence of leaf litter layers [22]. Studies supporting these
insights are relatively scarce and often limited to specific geographic areas. Therefore,
conducting comprehensive research across different geographical regions and on a larger
scale is crucial, considering the challenges outlined below.

1. Data availability and resolution issues

The availability and resolution of data present significant challenges for both in situ
measurements and remote sensing applications. Direct measurement of soil moisture
in situ is prone to uncertainties and can be costly, resulting in sparse data coverage in
both temporal and spatial domains. Errors related to instrumentation and representation,
such as measurement technique, dataset homogeneity, instrument installation depth and
method, calibration methods, and measurement intervals, etc., can influence the accuracy
of in situ observations [22,109].
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Remote sensing faces challenges with the availability and resolution of soil moisture
data, where a trade-off between fine temporal and coarse spatial resolution is necessary,
making it challenging to balance temporal frequency and spatial detail [110]. The limited
spatial resolution of passive microwave instruments like SMOS or SMAP hinders the
effective use of soil moisture estimates at the local scale, specifically regarding how repre-
sentative an in situ measurement can be for satellite observations characterized by a spatial
resolution of about 1 km or more [111,112]. Hence, high to moderate spatial resolution
satellite data is necessary to scale up in situ measurements before utilizing coarse resolution
data to estimate fuel moisture codes on a finer scale; however, inconsistencies in perfor-
mance and model parameters with various downscaling techniques have led to differences
in the spatial and temporal representation of soil moisture, resulting in challenges [110,113].

Moreover, satellite-based measurements mainly reflect soil moisture conditions in
the top few centimeters of the soil, with lower temporal resolution compared to in situ
networks, resulting in discrepancies between them [56,110]. In contrast, in situ soil moisture
measurements represent conditions deeper into the soil profile, such as root zone conditions,
and cover various vegetation types (e.g., grasslands, shrublands, and forests). However, the
primary limitation of in situ measurements is their small spatial coverage, which may not
adequately reflect the heterogeneous soil moisture conditions in the surrounding terrain.

2. FWI system and fuel types

The FWI system assesses fire danger based on a standardized model using mature
pine stands as the reference fuel type, which has been supported by numerous studies. For
instance, in one study [114], a positive correlation was found between the fuel moisture
content of pine needle litter and soil moisture measured in the 0–40 cm soil layer. This
correlation was stronger in un-thinned and un-pruned stands (r = 0.91) than in thinned
and pruned stands (r = 0.45). However, the FWI system overlooks the diverse fuel types
present seasonally or across different regions, potentially limiting its ability to capture the
complexity of fire behavior. Moreover, while satellite-derived live FMC estimates provide
an averaged moisture value for the canopy, differentiating between moisture from dead
and live biomass is not possible, despite its importance, highlighted by studies showing
that soil moisture dynamics influence vegetation, which directly affects dead fuel moisture
content [115]. This underlines the challenge posed by various vegetation and forest floor
materials, which significantly influence wildfire behavior and intensity.

In addition, the FWI system calculates a daily value for each of these components,
meaning that the system provides a snapshot of fire potential for the whole day, rather than
real-time or hourly updates on fire danger [34].

Despite these challenges, the high consistency observed in this study can be mainly
attributed to the similar behavior of soil moisture and fuel moisture content during ten
different dated fire events under dry and similar meteorological conditions.

• Future trends

Advancements in remote sensing, machine learning, and artificial intelligence promise
to greatly enhance future research on soil moisture and fire danger. For instance, the
upcoming NASA-ISRO NISAR mission, originally scheduled to be launched in 2024, will
provide quad-polarized, dual-band data (L-band at 24 cm and S-band at 9 cm), advancing
soil moisture retrieval beyond current dual-polarized SAR missions. Progress in auto-
mated machine learning and physics-informed approaches further enhances prediction
accuracy by automating learning processes and integrating physical principles into model
optimization. Hence, integrating precise in situ measurements, advanced satellite data, and
cutting-edge machine learning techniques will significantly improve soil moisture product
accuracy, spatial resolution, and temporal resolution [96].

5. Conclusions

The Mediterranean basin of Türkiye is increasingly vulnerable to large-scale fires,
stressing the need to understand moisture dynamics in vegetation, soil, and the atmosphere.
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These dynamics are crucial for predicting ignition and fire behavior, especially as global
warming intensifies their impact. The lack of in situ soil moisture data in Türkiye poses a
significant challenge to accurate modeling, as point measurements are insufficient due to
substantial variations. This study underlines the importance of utilizing remotely sensed
and modeled soil moisture information. Our study pioneers investigating the relationship
between regional-scale soil moisture data and the three moisture-related components of
the FWI, using in situ and satellite observations for ten forest fires in Antalya (2019–2021).
The main findings are as follows:

1. High negative correlations (−0.80 to −0.97) were observed between EFFIS FWI fuel
moisture codes and in situ soil moisture; the Canadian FWI system and ERA5 FWI
showed comparatively lower correlations.

2. Satisfactory correlations were found between FWI fuel moisture codes and satellite-
derived soil moisture datasets, with SMAP outperforming others.

3. There was a positive correlation between LSTs and FWIs, a negative correlation with
soil moisture, and higher correlations (0.61 to 0.89) with MODIS LST compared to
Landsat 8 LST due to compatible spatial resolution with the FWI dataset.

4. The findings are region-specific and may not generalize to areas with different soil
and vegetation characteristics.

Overall, the study offers valuable insights into the potential of satellite-based fuel and
soil moisture estimations for fire events, while acknowledging limitations and uncertainties
inherent in soil moisture’s dynamic nature. Further research is needed to fully understand
the relationship between fuel and soil moisture under various conditions, such as different
soil types, wetting and drying cycles, and the presence of live and dead fuel layers. In-
corporating additional topographical variables like slope, aspect, and altitude, as well as
different land uses, is essential to improve the understanding of factors influencing fuel
moisture in Turkish Mediterranean forests. Despite being preliminary, the results indi-
cate that considering soil moisture could significantly enhance fuel moisture predictions
compared to current practices that overlook soil moisture fluctuations.
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