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Abstract 

In fire-prone Mediterranean regions, fire danger is monitored using the Canadian Forest 

Fire Danger Rating system. The system’s Fire Weather Index moisture codes are 

interpolated from single-point weather data. An alternative is to use remote sensing 

imagery that can provide spatially-explicit data at a repetitive time. The current study 

investigates the capability of multi-temporal Sentinel-1 C-band imagery to map Drought 

Code values for a study area of 502.42 km2 in North-western Portugal. Backscatter values 

from 276 Sentinel-1 C-VV and C-VH images acquired between January 2018 and 

December 2020 were compared with five Drought Code classes in unburned and burned 

sites. The Drought Code values used in the study were estimated with the JRC’s High-

Resolution model. In addition, confounding variables such as tree cover, and incidence 

angle were considered. Our results show that: a) C-VV and C-VH backscatter correlate 

significantly (p<0.001) with the Local Incidence Angle with R2 = 0.324 to 0.438, and the 

highest coefficients of determination occurred for the wet soils (DC class = 0 to 1), b) C-

VV and C-VH backscatters can discriminate wet to dry forest environments, but they are 

less sensitive to the transition between dry (DC classes=1 to 10, 10 to 100) and extremely 

dry environments (DC classes=100 to 1000), c) the C-VH backscatter has a higher degree 

of prediction between the Drought Code classes in the unburnt, pre-fire and post-fire areas 

than the C-VV backscatter, d) the C-VH polarization captures post-fire recovery after an 

average minimum period of 360 days after the fire event, although with less distinction for 

extremely wet soils e) Mean backscatter values decrease with DC classes in unburnt, pre-
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fire and post-fire (after 360 days) areas. Further studies are, however, required using high-

resolution DC values in other Mediterranean regions that contain other tree species. 
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1. Introduction 

Forest fires are an essential disturbance affecting forest ecosystem dynamics in several 

forested ecosystems, particularly in the Mediterranean regions. Mediterranean Europe has 

been highly susceptible to mega-fires due to drought and topography that promote fire 

ignition [1][2]. Italy, France, and Spain have consequently been identified with numerous 

fire events, with more than 100,000 ha annually burned [3].  

In the Mediterranean region, fire danger is monitored using the Canadian Forest Fire 

Danger Rating System (CFFDRS) (Figure 1). One of its systems is the Fire Weather Index 

(FWI), comprising fuel moisture codes and fire behaviour sub-indexes (Figure 2). The 

system estimates mid-afternoon fire danger based on weather variables (temperature, wind 

speed, and relative humidity) observed at noon and rainfall intensity measured in 24 

hours[4]. 

Figure 1: Structure of the Canadian Forest Fire Rating System (adapted from [5]). 
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Figure 2: Structure of the Canadian Forest Fire Weather Index (adapted from [4]). 

 

However, the predictability of fire danger with FWI is limited to small geographical areas, 

mainly when meteorological observations are collected at sparse weather stations [6]. For 

the Mediterranean regions, the EU Joint Research Center (JRC) uses Numerical Weather 

Prediction (NWP) and High Resolution (HRES) models for interpolating between the 

weather station data. As shown in [7], the HRES model operates at a horizontal resolution 

of 16 km and provides accurate weather prediction for ten days upfront. Another limitation 

of FWI is its standard configuration for only two pine species [8], and thus cannot be 

readily applicable to other forest types.  

A suitable alternative is to use remote sensing [9][10]. Among all the FWI codes, the 

Drought Code (DC) can be considered a reliable proxy in estimating fuel moisture. Strong 

correlations were found between DC and NOAA-AVHRR optical data in Indonesia [11] 
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and Canadian boreal forests [6]. However, optical imagery has the drawback of limited 

availability to clear sky conditions. This is not the case with active SAR sensors that can 

acquire images, whatever the sky conditions. Synthetic Aperture Radar (SAR) sensors 

provide fine spatial resolution data and allow for 24-hour image acquisition, even in 

meteorological situations perturbing optical satellites' efficacy [12][13]. 

The main objective of this study is to assess the capability of Sentinel-1 C-VV and C-VH 

radar backscatters in delineating moisture regimes, as defined by DC values in North-

western Portugal. As a secondary objective, differences in the sensitivity of C-VV and C-

VH backscatters for mapping pre-fire and post-fire moisture conditions will also be 

assessed. Both variables (backscatter and DC) were acquired from the 2018 – 2020 time 

series. The analysis will be done only for sites with substantial tree cover to reduce the tree 

cover's effects. In the study, we will also consider the effect of the local incidence angle on 

the radar backscatter. In particular, the analysis will be performed in three types of areas: 

a) unburnt areas, b) burnt areas before the fire (pre-fire), and c) burnt areas after the fire 

(post-fire). The relationship between backscatter values and DC classes as a function of the 

Local Incidence Angle (LIA) will be investigated with linear regression models. Corrected 

backscatter values will be analyzed with box plots as a function of DC classes, satellite and 

polarization. 
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2. Literature Review 

  2.1 Background on Canadian Forest Fire Danger Rating System 

Several factors have been linked to forest fire incidences in the European Mediterranean 

region, which include land surface temperature, terrain morphology, canopy closure, and 

fuel moisture distribution [14][15]. In the European Mediterranean region, fire danger is 

monitored using the CFFDRS. It is a numerical forest rating system that uses daily weather 

data to predict the probability of fire ignition, fire control complexity, and fire spread 

easiness [16]. One of the CFFDRS systems is the Fire Weather Index system. It has several 

fuel moisture codes. According to [8], the Fine Fuel Moisture Code (FFMC) is related to 

pine litter of 1.2 cm thickness and fuel weight of 0.25 kg/m2. The Duff Moisture Code 

(DMC) is the moisture of the top 7 cm of forest layers where decay occurs with a fuel load 

of 5 kg/m2. The (DC) is the moisture availability at 18 cm thickness of organic matter and 

fuel capacity of 25 kg/m2. These three codes are related to a different fuel that has a time-

lag period or the time elapsed for two-thirds loss of soil moisture at 20°C and 40% RH 

[4][17]. FFMC has a time lag of 2/3 day, DMC has a time lag of 12 days, and DC has a 

time lag of 52 days. 

Furthermore, the drying rate of each fuel type significantly depends on the previous day's 

code values [4]. Fuel behaviour indices include Initial Spread Index (ISI), Buildup Index 

(BUI), and the Fire Weather Index (FWI). The CFFDRS was developed over data acquired 

over mature jack pine (Pinus banksiana) and lodge pole pine (Pinus contorta) forests, with 

the hypothesis that these two pine species have similar structural arrangements and fire 

dynamics as all other forests [8]. The CFFDRS FWI codes have been tested abroad. Yang 
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& Di [18] evaluated the applicability of the CFFDRS to monitor fire dangers in North-

Eastern China, where climatic conditions are similar to Canadian boreal forests. Strong 

correlations were also derived between the DC and the number of fire occurrences in a 

Pinus halepensis forest in the Greek Mediterranean region, where the forest types differ 

from the Canadian boreal forests [19]. 

 2.2 Background on Synthetic Aperture Radar in fire studies 

Radar imageries were shown to be very suitable in several fire studies. Cross-polarized (C-

VH) backscatter is excellent for assessing the difference between bare land and forests, 

while the C-HH co-polarization is best for detecting the backscatter sensitivity to soil 

moisture after fire incidents [13][20]. DC values were shown to correlate well with SAR 

C-band backscatter extracted from RADARSAT‐1 and ERS (1 and 2) imagery in northern 

boreal forests [17][21][22] and RADARSAT-2 polarimetric data [20]. However, according 

to [23], SAR beams are also sensitive to terrain roughness and biomass build-up.  

Among all the new SAR sensors, Sentinel-1 has several advantages. It is a constellation 

system, i.e., two orbiting platforms (Sentinel-1A and -1B) that allow image acquisition at 

10 m resolution with a 6-day repeat cycle in horizontal and vertical polarization modes 

(VV and VH) [24]. Sentinel-1 C-VV and C-VH backscatter variations were linked to 

meteorological events, forest floor moisture, and canopy moisture in a deciduous forest in 

France [25]. Sentinel-1 C-VV imagery was used to estimate soil moisture in open sites in 

India [26] and over a mixed forest in the United States [27].  

The study aims to assess the capability of Sentinel-1 C-VV and C-VH backscatters to 

assess wet/dry soil conditions that are defined based on DC values in the case of a 
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Mediterranean region of Northern Portugal. Since the CFFDRS-derived DC does not 

consider the spatial heterogeneities between sites, it is a good surrogate for proxying soil 

moisture variation, which can explain why sites might be prone to fire occurrences. In 

addition, confounding variables, i.e., local incidence angle and tree cover, will also be 

considered in the analysis. 

3. Materials and Methods 

 3.1 Study Area 

The study area of 502.42 km2 is located in the municipalities of Viana do Castelo and Braga 

in North-western Portugal (41- 42° North Latitude, 8 - 9° West Longitude) (Figure 3). The 

area elevation ranges from 0 m above sea level (ASL) in the vicinity of Viana do Castelo 

and Braga to 1500 m ASL at the bordering regions of Melgaço and Cabeceiras de Basto 

(Figure 3). From the vegetation point of view, the study area includes broadleaf and conifer 

tree species, mainly the maritime pine (Pinus pinaster) and eucalyptus (Eucalyptus 

globulus) [28]. According to the Köppen-Geiger climate classification [29], both 

municipalities are classified as CSB, meaning a warm temperate climate with dry and warm 

summers. Between 1981 and 2010, the mean daily temperatures were the highest in August 

in Viana do Castelo (20.8°C) and Braga (21.4°C) [30]. Over the same period, the mean 

precipitations were 38.5mm (Viana do Castelo) and 21.4mm (Braga). Such climatic 

conditions are related to high land surface dryness and, thus, the susceptibility to fire 

incidences [31]. The EU Joint Research Centre (JRC) reported that 70% of fire incidents 
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in 2020 in Portugal occurred in July, August, and September [32]. In 2006, fire events 

affected 15,706 ha in Viana do Castelo and 10,265 ha in Braga [33].  

Figure 3: Location of the study area and corresponding digital elevation model (DEM). 

 3.2 SAR Imagery  

This study used SAR imagery acquired by the European Space Agency (ESA) Sentinel-1 

(S1) satellite, having the TOPSAR (Terrain Observation with a Progressive Scanning SAR) 

sensor. Sentinel-1 consists of a constellation of two satellites, A and B, each having a sensor 

that operates in the C-band with a central frequency of 5.405 GHz and a wavelength of 5.6 

cm [24]. The first Sentinel-1 platform was launched in April 2016. With a swath width of 

250 km, it provides a return time of about six days. A total of 276 scenes covering the study 

area were downloaded from Scihub Copernicus Hub (https://scihub.copernicus.eu/), 

covering 181 days over the three years (2018, 2019, and 2020) that are considered in this 

study. The image data consisted of Level-1 Ground Range Detected (GRD) types in the 

high-resolution Interferometric Wide (IW) swath mode. The scenes were from the same 

ascending orbit (147), thus having the same incidence angles between 30.42 and 46.03° 

https://scihub.copernicus.eu/
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from one date to another. Furthermore, local incidence angles ranging from 2.07 to 64.72° 

were constant from one date to another, as the area's topography does not change with time. 

Table 1: Characteristics of the selected scenes with corresponding interpolated mean 

Drought Code (DC) values. 

Year Date Orbit ID Mean DC 

2018 21/01 59 68110 11.79 

 26/02 62 72497 19.2 

 22/03 64 75497 5.83 

 27/04 67 79818 58.96 

 21/05 69 82178 139.97 

 14/06 71 85552 53.82 

 20/07 74 89703 206.84 

 13/08 76 92438 394.85 

 18/09 79 96580 607.43 

 24/10 82 100702 352.86 

 17/11 84 103515 15.96 

 23/12 87 107882 4.36 

2019 28/01 90 112232 10.05 

 21/02 92 115173 7.22 

 29/03 95 119565 53.13 

 22/04 97 122536 19.23 

 28/05 100 126820 99.13 

 21/06 102 129488 133.35 

 27/07 105 133436 323.56 

 20/08 107 136188 281.57 

 25/09 110 140359 277.76 

 31/10 113 145549 5.82 

 24/11 115 147435 2.77 

 30/12 118 151709 1.98 

2020 23/01 120 154561 5.74 

 16/02 122 157453 7.20 

 23/03 125 161731 10.81 

 16/04 127 164568 3.50 

 22/05 130 168700 58.45 

 15/06 132 171392 138.96 

 21/07 135 175485 356.82 

 14/08 137 178225 479.65 

 19/09 140 182437 456.48 

 25/10 143 186640 25.43 
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 18/11 145 189433 5.78 

 24/12 148 193752 2.23 

 3.3 Fire Maps 

Because the study aims to analyze the dynamics of the relationship between the DC and 

backscatter before and after fire events, we used fire maps in the analysis. They were 

extracted from the European Forest Fire Information System (EFFIS) 

(https://effis.jrc.ec.europa.eu) [34]. The maps provide the occurrence of fire activities over 

the three years study period (Figure 4). They show that fire areas range from 2 ha to 675 

ha. Vegetation in these fire-affected areas includes broad leaves and conifers.  

 
Figure 4: Location of the fires in the area that occurred in 2018, 2019, and 2020. 

 3.4 Tree Cover Map 

As shown in [21], the relationship between SAR backscatters and DC values highly 

depends on the tree cover. In particular, the relationship between SAR backscatters and DC 
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values differs for burned and unburned areas. Also, recovery mechanisms from fires in 

Mediterranean forests depend on the tree cover [35][36]. Therefore, the study only 

considered unburnt and burnt (pre-fire periods) sites with substantial tree cover. To define 

such sites, we used tree cover data that were extracted from the tree cover map of [36] and 

retrieved from the Global Forest Change website 

(https://glad.earthengine.app/view/global-forest-change) (Figure 5). The map provides the 

global tree cover from 2000 to 2020, with values from 0% (no forest) to 100 % (full tree 

cover). The map has a resolution of 30 m because it was produced by classifying Landsat 

images. The information from [36] also allowed to map the areas with forest loss due to 

disturbances. For example, Portugal lost a cumulative of 1.03 million ha from 2001 to 2019 

of Mediterranean forests [37].  

 

 

https://glad.earthengine.app/view/global-forest-change
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Figure 5: Distribution of the tree cover (%) in the area obtained from Hansen et al. (2013)'s 

tree cover map. 

  3.5 Drought Code Map 

Drought Code maps of the study area from 2018 to 2020 were obtained from JRC [38]. 

They are produced by interpolating DC values from the European Centre for Medium-

Range Weather Forecast (ECMWF) network. The pixel resolutions of these maps are 

approximately 0.07° (~7 km at the average latitude of the study area) for 2019 and 2020 

and 0.14° (~14 km at the average latitude of the study area) for 2018. According to [4] and 

[39], DC is calculated from daily temperature and precipitation records. For rainfall above 

2.8 mm, DC is calculated based on rainfall values of the day (DCr) and the DC value of the 

previous day (DCt−1) with the following equations:  

 
DCr = 400 ⋅ ln (

800

Qr
) 

(1) 

 Qr  =  Qt−1 +  3.937 ⋅rd (2) 

 
Qt−1 = 800⋅exp  

−DC(t−1)

400
  ;   rd = 0.83 ⋅ rt − 1.27 

(3) 

Where: DCr is the drought code from rainfall data of the day, Qr is the moisture equivalent 

that is calculated from the moisture equivalent of the previous day, Qt−1 , which is in turn 

calculated from DCt−1, i.e., the DC code of the last day, rt is rainfall of the day in mm.  

In case of rainfall below 2.8 mm, DC is calculated based on the temperature at mid-day 

and DCt−1, i.e., the DC code of the previous day with the following equations: 

 DCt=DCt−1+ 0.5⋅V (4) 
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 V = 0.36 (T12 + 2.8) + Lf  (5) 

Where V is the potential evaporation, T12 is the temperature at mid-day, and Lf is the 

seasonal day length adjustment. 

Because the fire areas are much smaller than the DC map resolution, each DC value results 

from a bilinear interpolation weighted with distance from the center of the four DC cells. 

The resulting unitless DC values were classified as extremely low for values less than 256.1 

and remarkably high for values greater than 749.4 [40]. Figures 6, 7, and 8 present the DC 

values distribution for each month in 2018, 2019, and 2020, respectively. 

 
Figure 6: Drought Code values distribution for each month in 2018. 
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Figure 7: Drought Code values distribution for each month in 2019. 

 
 

Figure 8: Drought Code values distribution for each month in 2020. 
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 3.6 Data Processing 

Figure 9 presents the methodology used in the study. Dual-polarized images acquired in 

the satellite's ascending orbit were processed in the Sentinel Application Platform (SNAP) 

to produce backscatter images (σ° in decibels (dB)). σ° represents the illuminated target's 

target backscattering area (radar cross-section). The SNAP platforms used the following 

steps: subsetting, precise orbit file correction, thermal noise removal, radiometric 

calibration, terrain correction, and conversion to dB. Multi-looking and speckle filtering 

were skipped to ensure detail preservation and no repetition of the multi-looking process 

usually done by the Sentinel-1 processing facility. The imagery was orthorectified to WGS 

1984 coordinate system using the Shuttle Radar Topography Mission (SRTM) 3Sec Digital 

Elevation Model (DEM). The resulting SAR imagery was subjected to a series of masking 

as a function of the tree cover and local incidence angles to minimize the effects of these 

confounding variables. 
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Figure 9: Flowchart describing the methodology used in the study. 

3.6.1 Local Incidence Angle Masking 

Local incidence angle (LIA) is defined as the angle of the incident radar beam to the normal 

of the local surface [41]. SAR backscatter is highly related to LIA [42]. In this study, we 

only considered the areas having an LIA of less than 65°. To do so, we created an LIA map 

using the data from the radar image geometry (look direction angle) and values of slope 

and aspect angle derived from a Digital Elevation Model (DEM) that provides elevation 

values of the earth's surface [43]. The resulting LIA map was cropped and resampled to 

match the radar imagery (Figure 10). Finally, it created an LIA mask that masks all the 

areas with LIA higher than 65° (Figure 11). As a result, the LIA value for each scene ranged 

from (2.07 to 64.72).  
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Figure 10: Local Incidence Angle (LIA) map of the study area extracted from Google 

Earth. 
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Figure 11: Local Incidence Angle (LIA) mask created from the LIA map. 

3.6.2 Tree Cover Masking 

For this research, only burnt (pre-fire periods) and unburnt areas with tree cover higher 

than 90% were considered, and the other regions were masked. Such a mask was created 

from the global scale tree cover of [36], a raster with global tree canopy cover percentage 

values for each pixel. Values range from zero (no canopy in the pixel) to 100 percent (pixels 

fully covered with forest canopy). The base map was created in 2000 and successively 

updated each year up to 2020 in terms of forest gain or loss. 
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Figure 12: Tree cover mask created from the tree cover distribution map. 

3.6.3 Forest Loss Masking 

Forest cover loss occurs through different disturbances, including forest fires. Hansen et 

al. (2013)'s canopy cover map includes a loss and gain map. The former provides estimated 

global forest loss information from 2000 to 2020. Values in the map are integers from zero 

(no loss) to 20, with values above zero representing the loss year since 2000. Forest cover 

loss information was used to ensure that only areas without a loss (zero value at a pixel) or 

with loss due to fire were selected for further processing. The pixels with tree cover loss 

due to a fire event were defined as those with a loss value that spatially and temporally 

overlapped the fire polygons. These pixels were not masked as they were used in the 

analysis to assess backscatter behaviour changes before and after the fire event. 
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3.6.4 Final Synthetic Aperture Radar (SAR) Mask 

A final mask was created by simple raster calculation that composited the three masks 

described above using a multiplication operation. The final mask allows keeping pixels 

with forest canopy cover above 90%, canopy loss equal to zero or only with fire loss, and 

LIA lower than 65°. The resulting pixels were defined as "processed" or "unprocessed" 

(Figure 13) for reference in the following steps. Backscatter values corresponding to 

"""processed""" pixels were further processed, while those corresponding to 

"""unprocessed""" pixels were not considered. Outlier backscatter values were removed by 

keeping only values below -0.1 and above -30 dB. 
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Figure 13: Resulting mask obtained by overlaying the masks for tree cover, tree loss, and 

Local Incidence Angle (LIA). "Processed" pixels are characterized by a) tree cover higher 

than 90%, b) a Local Incidence Angle (LIA) lower than 65°, and c) a tree loss of 0%. 

 

Figure 14: Example of a C-VV SAR image overlaid with Figure 3.1.1 mask. The pixels 

displayed in grey correspond to "unprocessed" pixels in (Figure 13). 

 

3.6.5 Backscatter Values Extraction 

Given that one of the study objectives is to analyze the relationship between radar 

backscatters and DC values, we used daily DC maps with a resolution of 0.14° in 2018 and 

0.07° in 2019 and 2020. The study area corresponds to 60 cell centers for 2018 and 232 for 

2019 and 2020. Cell centers of the DC rasters were buffered to a 500 m radius, and all 

Sentinel-1 pixels falling in the buffer were used to analyze the "Unburnt areas" dataset 
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(Figure 15). Finally, bilinear interpolation was used to assign DC values to SAR pixels in 

the fire polygons, as these maps are not centred on buffers of DC maps. This last step 

created the """Burnt areas Pre-Fire""" and """Burnt Areas Post-Fire""" datasets. 

 
Figure 15: 500 m buffer geometry from DC pixel centers overlapping the masked SAR 

data. SAR backscatter values were correlated to DC values at the time of the image. 
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4. Results and Discussion 

 4.1 Unburnt Areas  

Our first research question is how DC class affects the backscatter/LIA relation. Figure 16 

presents the change of backscatter as a function of LIA values grouped by three factors: (i) 

the DC class, (ii) the polarization (VV or VH), and (iii) the Sentinel satellite (A or B). The 

DC values are divided in four classes using a log10-scale (0.1-1, 1-10, 10-100, 100-1000). 

The log10-scale was used to highlight the DC values of very wet canopy scenarios (0.1-1) 

from the dry and very dry scenarios. This choice is because the area has a dry 

Mediterranean climate. Thus, wet canopy scenarios are less frequent. The DC classes 

represent a transition between extremely wet and dry soil conditions in unburned areas. 

The figure shows that the backscatter decreases with LIA for this study's unburnt and burnt 

pixels. This result agrees with other studies [21][44]. 
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Figure 16: Linear regression relationship between uncorrected backscatter values and LIA   

in unburnt pixels as a function of the DC class, for (a) Sentinel-1A (C-VH); (b) Sentinel-

1A (C-VV); (c) Sentinel-1B (C-VH); (d) Sentinel-1B (C-VV). The regression parameters 

are presented in (Table 4.1). 
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Table 2: Linear regression between C-VH backscatter values of unburnt pixels and LIA as a function of the sensor, polarization, and 

DC class. All the regressions are significant at p<0.001. The DC-Class column colours are reflected in plots of (Figure 16). 

Sensor 

& 

Polarizat

ion 

DC-Class 

Mean 

backscatter 

(dB) 

Mean 

DC 

Linear Regression Parameters 

Equation R² N 

S1A 0 to 1 -13.61 0.58 y = -6.20 + -0.19(x) 0.408 83413 

VV 1 to 10 -13.99 3.94 y = -7.55 + -0.17(x) 0.331 735476 

 10 to 100 -14.45 35.26 y = -8.07 + -0.17(x) 0.328 666649 

 100 to 1000 -14.98 346.90 y = -8.70 + -0.17(x) 0.324 1143507 

S1B 0 to 1 -13.24 0.61 y = -6.14 + -0.19(x) 0.421 35631 

VV 1 to 10 -14.14 4.48 y = -7.60 + -0.17(x) 0.344 703635 

 10 to 100 -14.77 35.75 y = -8.41 + -0.17(x) 0.326 772728 

 100 to 1000 -15.16 343.66 y = -8.91 + -0.17(x) 0.329 1114588 

S1A 0 to 1 -8.51 0.58 y = -0.94 + -0.20(x) 0.438  83341 

VH 1 to 10 -8.73 3.92 y = -2.11 + -0.18(x) 0.366 739908 

 10 to 100 -9.02 35.24 y = -2.48 + -0.17(x) 0.365 667006 

 100 to 1000 -9.17 342.10 y = -2.65 + -0.17(x) 0.356 1117419 

S1B 0 to 1 -8.17 0.61 y = -0.99 + -0.19(x) 0.431 35537 

VH 1 to 10 -8.76 4.49 y = -1.97 + -0.18(x) 0.377 702264 

 10 to 100 -9.23 35.75 y = -2.63 + -0.18(x) 0.364 771789 

 100 to 1000 -9.24 343.68 y = -2.70 + -0.17(x) 0.359 1113898 
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Following [21], the extracted radar backscatters were normalized for the LIA with the 

following formula:  

 
σ°̅ = σ°(dB) − (θinc ×

Δσ°

Δθinc
) 

(6) 

Where: 

 𝜎°̅̅̅ is the corrected backscatter for LIA dependence (dB) 

 𝜎°(𝑑𝐵) is the uncorrected dependent backscatter (dB) 

 𝜃𝑖𝑛𝑐  is the local incidence angle (LIA) (degree) 

 𝛥𝜎°/𝛥𝜃𝑖𝑛𝑐  is the regression slope provided in Table 2 as a function of the sensor, 

polarization, and DC class.  

The resulting corrected backscatters do not show any relationship with LIA (Figure 17). 

Huang et al. [45] reported the same trend between these two variables but with a different 

normalization method. Since all the other factors (tree cover and incidence angle) were 

removed by masking, what is left is the effect of the climate, which is here proxied by the 

DC classes.  
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Figure 17: Relationship between the LIA and corrected backscatter values in unburnt 

pixels with the DC classes, for (a) Sentinel-1A (C-VH); (b) Sentinel-1A (C-VV); (c) 

Sentinel-1B (C-VH); (d) Sentinel-1B (C-VV). 
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Backscatter values in Figure 18 decreased with DC classes. Further investigations into the 

DC classes showed that the backscattered intensity was more sensitive to extremely wet 

soils (DC class = 0.1 to 1) but less sensitive to the transition between dry (DC class = 1 to 

10, 10 to 100) and extremely dry (DC class = 100 to 1000) soils. The C-VH shows clearer 

sensitivity to DC classes in S-1A and S-1B compared to the C-VV. However, the mean 

backscatter values corresponding to the C-VV are higher than in the C-VH. The S1-B has 

a lower effect than the S1-A in terms of mean backscatter values. The DC index was created 

to represent the wetness of the slow-drying deep layers of the soil. DC values above 1 mean 

that the soils in that situation are dry, and lower values indicate that they are wet. DC values 

corresponding to dry conditions were only observed in July, August, September, and 

October 2018 (Table 1).  
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Figure 18: Distribution of corrected backscatter values in unburnt pixels with the DC 

classes, for (a) Sentinel-1A (C-VH); (b) Sentinel-1A (C-VV); (c) Sentinel-1B (C-VH); (d) 

Sentinel-1B (C-VV).
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 4.2 Burnt Areas 

The second research question relates to fire's effect on the relationship between corrected 

backscatter and DC classes. As observed in the pre-fire observation, the relationship 

between pre-fire normalized backscattered intensity and DC classes is similar (Figure 19). 

However, with respect to observations in Figure 18 (a-d), the mean backscatter values in 

Figure 19 (a-d) are less sensitive to DC classes. Such as for the unburnt areas (Figure 18), 

boxplots in Figure 19 show that C-VH is more able to discriminate between different DC 

groups with respect to C-VV. The C-VH backscatter difference between DC classes (0 to 

1) and (100 to 1000) was +0.9 dB, compared to +0.5 dB in C-VV. Backscatter values from 

the C-VH showed higher sensitivity than the C-VV in pre-fire SAR observations in a 

Savannah ecosystem [46]. The higher sensitivity of C-VH to the DC values is likely linked 

to the fact that the relative scattering strength of C-VH is mainly volume scattering, i.e., 

vegetation canopy [47 - Table 2.2]. Moreover, in VH biomass backscattering, contributions 

from the surface and double-bounce scatterers are minimal [48], and therefore high 

accuracy of volume scattering is expected in the pre-burn datasets. Co-polarized C-VV 

scattering strength is mainly double bounce and rough surface scattering [47][48]. 
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Figure 19: Distribution of corrected backscatter values before fire in fire-affected pixels 

with the DC classes, for (a) Sentinel-1A (C-VH); (b) Sentinel-1A (C-VV); (c) Sentinel-

1B (C-VH); (d) Sentinel-1B (C-VV).  
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For the post-fire data analysis, the C-VV polarization was not considered because the C-

VH polarization provided a clearer change dynamic between the corrected radar 

backscatter values and the DC classes than the C-VV polarization. To better understand 

the postfire behaviour of radar backscatters, the postfire period was divided into classes of 

the number of days after the fire (0 to 30, 30 to 90, 90 to 180, 180 to 360 and 360 to inf). 

Boxplots corresponding to DC class (0 to 10) are missing for the 0 to 30 and 30 to 90 

periods after fire for the S1-B case because of a lack of imagery. Figures 20 and 21 showed 

no significant change in post-fire C-VH backscatters with DC classes for the period after 

the fire from zero to 360 days. This trend is dissimilar to what is observed over the 

unburned sites (Figure 18) and with the pre-fire data (Figure 19). One probable reason for 

this result is the dielectric property of wood ash that may have influenced post-burn 

backscatter values, as highlighted in [21]. However, after 360 days, the backscatter-DC 

relationship became similar to the observations over unburned areas (Figure 18) and with 

data before the fire (Figure 19). A reasonable hypothesis for the loss of the inverse 

correlation between C-VH and DC values right after a fire up to 360 days is the decrease 

of the volume scattering component, i.e., the leaves in the canopy crown. After a fire event, 

the leaves are charred if not completely burned, thus not contributing to the volume 

scattering as much as healthy leaves [49][50]. As explained in [51], diverging trends in C-

band post-fire backscattering can also be attributed to rainfall, reduced soil moisture and 

retarded vegetation death. 
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Figure 20: Distribution of corrected Sentinel-1A C-VH backscatter, grouped by DC class 

for (a) 0 to 30; (b) 30 to 90; (c) 90 to 180; (d) 180 to 360; (e) 360 to inf days after the fire 

event. 
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Figure 21: Distribution of corrected Sentinel-1B C-VH backscatter, grouped by DC class 

for (a) 0 to 30; (b) 30 to 90; (c) 90 to 180; (d) 180 to 360; (e) 360 to inf days after the fire 

event. 
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After 360 days from the fire event (360 to Inf), the C-VH captured vegetation recovery but 

was less sensitive in terms of distinction of extremely wet sites, as seen in pre-fire and 

unburnt observations. For instance, for the S1-B cases, the average corrected backscatter 

corresponding to the 360 to Inf period (Figure 21e) was -7.5 dB, compared to -5 dB for the 

pre-fire observations in (Figure 19c). As already shown by [52], C-band backscatters used 

for monitoring post-fire vegetation recovery are influenced by several factors. In particular, 

post-fire C-band backscatters never returned to the pre-fire levels due to the disturbance of 

the vegetation structure and density with the fire. Since the C-VH is sensitive to vegetation 

structure, the C-VH backscatter also depends on the post-burn regeneration rate. By 

contrast, [53] reported that the L-band performed better than the C-band in change 

detection of post-fire vegetation structure in a Mediterranean environment. Therefore, it is 

preferable to use a combination of L and C bands [53][54]. An even better method is the 

synergistic use of radar and optical images, given that they give different information over 

the surveyed area [55]. 
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5. Conclusions 

Time series 10 m Sentinel-1 C-VV and C-VH images, acquired from January 2018 to 

December 2020, were used to analyze the correlation between backscatter and soil wetness 

estimated using DC values as a proxy. The study was carried out over 502.42 km2 in North-

western Portugal. C-VH radar backscatters were found to be better related to the DC values 

than C-VV radar backscatters. Low DC values, i.e., less than or equal to 1, have a median 

C-VH backscatter about 2 dB higher with respect to DC values above 10. As observed in 

the unburnt sites, the relationship between backscatter and DC was monitored in the sites 

affected by fire events (Figure 4) over the 181-day satellite coverage. Results show that the 

C-VH backscatters are not sensitive to changes in DC values right after a fire event. Similar 

to the trend in pre-fire and unburnt sites, the relationship between these variables becomes 

similar after at least 360 days of the fire date. 

The study was done in a Mediterranean region of North-western Portugal with specific tree 

species, and it is necessary to have this analysis done over other Mediterranean regions 

with other tree species. In addition, bilinear interpolation was used to assign DC values to 

the fire maps, as the sourced FWI-related weather records have low spatial resolutions. 

Therefore, high-resolution DC data should ensure that spatially-derived DC values 

represent fine-scale soil moisture conditions. 
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Appendix: Regression Equation 

Table A.1.1: Linear Regression between post-fire corrected C-VH backscatter values and the DC classes for a) Sentinel-1 A and b) 

Sentinel-1 B, as a function of the number of days after the fire. All the regressions are significant at p < 0.001 

Sensor DC-Class Days after fire Mean DC Equation R² N 

S1A 

0 to 1 0 to 30 0.72 y = -7.95 + -0.13(x) 0.267  942 

 30 to 90 0.83 y = -6.72 + -0.19(x) 0.262  3618 

 90 to 180 0.76 y = -8.65 + -0.18(x) 0.326 4717 

 180 to 3650 0.87 y = -6.21 + -0.20(x) 0.542 4317 

1 to 10 0 to 30 4.73 y = -7.19 + -0.19(x) 0.413 4034 

 30 to 90 3.10 y = -8.17 + -0.18(x) 0.302 37754 

 90 to 180 3.90 y = -7.05 + -0.21(x) 0.368  66786 

 180 to 3650 3.67 y = -8.14 + -0.18(x) 0.346  176998 

10 to 100 0 to 30 32.55 y = -7.46 + -0.19(x) 0.420  6481 

 30 to 90 33.45 y = -7.76 + -0.19(x) 0.376  38187 

 90 to 180 28.13 y = -10.13 + -0.18(x) 0.202 49140 

 180 to 3650 36.82 y = -9.10 + -0.17(x) 0.311 167553 

100 to 1000 0 to 30 490.02 y = -10.83 + -0.15(x) 0.201 56487 

 30 to 90 327.01 y = -8.04 + -0.20(x) 0.314 45745 

 90 to 180 340.85 y = -8.15 + -0.20(x) 0.426  32524 

 180 to 3650 342.42 y = -10.08 + -0.16(x) 0.291 372817 
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S1B 

0 to 1 90 to 180 0.74 y = -5.48 + -0.20(x) 0.355 6246 

 180 to 3650 0.69 y = -6.19 + -0.19(x) 0.478 7337 

1 to 10 0 to 30 4.16 y = -8.84 + -0.15(x) 0.292 3522 

 30 to 90 3.92 y = -6.68 + -0.21(x) 0.372 32609 

 90 to 180 5.83 y = -9.41 + -0.16(x) 0.260 60294 

 180 to 3650 5.18 y = -8.43 + -0.18(x) 0.345 165025 

10 to 100 0 to 30 29.04 y = -7.40 + -0.20(x) 0.425 8432 

 30 to 90 37.68 y = -7.98 + -0.20(x) 0.345 42850 

 90 to 180 29.35 y = -8.88 + -0.20(x) 0.284 59616 

 180 to 3650 39.01 y = -9.96 + -0.16(x) 0.277 183932 

100 to 1000 0 to 30 493.42 y = -10.40 + -0.16(x) 0.236 46226 

 30 to 90 324.21 y = -8.64 + -0.19(x) 0.313 49973 

 90 to 180 335.58 y = -8.43 + -0.19(x) 0.415 32171 

 180 to 3650 338.96 y = -9.89 + -0.16(x) 0.315 360085 
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Table A.1.2: Linear Regression between pre-fire corrected backscatter values and the DC classes as a function of the polarization, 

sensor and DC class. All the regressions are significant at p < 0.001 

Sensor Polarization DC-Class Mean backscatter (dB) Mean DC 
Linear Regression 

Equation  R² N 

S1A 

VH 0 to 1 -14.29 0.71 y = -8.48 + -0.16(x)  0.320 37356 

 1 to 10 -14.44 3.97 y = -8.88 + -0.16(x)  0.275 317634 

 10 to 100 -14.81 40.44 y = -9.27 + -0.16(x)  0.288 340486 

 100 to 1000 -15.19 346.99 y = -9.75 + -0.16(x)  0.273 506737 

VV 0 to 1 -9.50 0.71 y = -3.76 + -0.16(x)  0.334 37061 

 1 to 10 -9.43 3.87 y = -3.97 + -0.15(x)  0.282 339411 

 10 to 100 -9.52 40.32 y = -4.33 + -0.15(x)  0.283 342235 

 100 to 1000 -9.78 346.43 y = -4.70 + -0.15(x)  0.271 504283 

S1B 

VH 0 to 1 -13.87 0.80 y = -7.99 + -0.16(x)  0.336 16164 

 1 to 10 -14.74 4.84 y = -9.30 + -0.15(x)  0.286 318379 

 10 to 100 -15.27 40.61 y = -9.75 + -0.16(x)  0.290 359222 

 100 to 1000 -15.43 346.71 y = -9.97 + -0.16(x)  0.286 518278 

VV 0 to 1 -8.98 0.79 y = -2.61 + -0.18(x)  0.355 16007 

 1 to 10 -9.50 4.84 y = -4.05 + -0.15(x)  0.291 317553 

 10 to 100 -9.86 40.60 y = -4.56 + -0.15(x)  0.286 358454 

 100 to 1000 -9.88 346.78 y = -4.69 + -0.15(x)  0.277 517317 
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