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ABSTRACT. Wildfire science needs new methods to evaluate and predict wildfire behavior and impacts. In this study, we present a new 

algorithm that calculates the maximum fire rate of spread resulting from a fire progression map made of isochrones, according to 1) the 

shape of the isochrones, and/or 2) prevailing atmospheric wind direction. We have applied the algorithm to a set of 30 fires, differentiated 

according to the way the isochrone map was surveyed: by firefighters’ GPS positioning (in Europe, ~ 1-hour frequency), or by satellite 

data (North and South America, and Australia, ~ 12-hour frequency). The rate of spread was also related to the growth rate in hectares, 

and with the morphology of the fire scar. Our results reveal maximum speeds of 8.62 and 6.79 km/h for the GPS and satellite datasets 

respectively. In general, the GPS dataset shows faster runs that burn smaller extensions than the satellite dataset. Runs following wind 

direction are more elongated than the ones driven by other factors, which show more expansive runs. The algorithm presented here can 

be useful for the study of the factors influencing fire propagation. 
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1. Introduction 

In recent years, the world has experienced unprecedented 

wildfire events, marked by record-breaking behavior and impacts 

(Beighley and Hyde, 2018; Ruffault et al., 2018; Kirchmeier-

Young et al., 2019; Higuera and Abatzoglou, 2020; Nolan et al., 

2020). Climate change is mainly driving these new novel extreme 

wildfire events, synergistically acting together with socio-eco-

logical changes that are bringing more fine and flammable fuels 

to the landscapes (Duane et al., 2021; Pausas and Keeley, 2021). 

Emergency organizations are still unable to forecast wildfire prop- 

agation rapidly and effectively, and unfortunately, we still report 

losses of human lives, goods and a large number of threats to 

ecosystems during extreme wildfire events (Beighley and Hyde, 

2018; Lekkas et al., 2018; Boer et al., 2020; Higuera and Abat-

zoglou, 2020; Wintle et al., 2020). Incident commanders and 

emergency organizations still need more tools to anticipate fire 

spread to protect vulnerable areas such as communities, infras-

tructures and natural heritage (Ramírez et al., 2011).  

Drawing on existing literature, we have observed that ex- 
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treme wildfires are spreading at very fast rates in several places 

around the world (Cruz et al., 2020). While the limit of suppers- 

sion capacity has been approached for around 1 km/h in direct 

attack (intervention aimed at minimizing the surface area affect- 

ed by the fire making use of fire-fighting resources to extinguish 

the fire front where it is growing) and 2 km/h with indirect at-

tack (containment: intervention aimed at delimiting the maxi-

mum surface area that operatives want the fire to burn and that ap- 

plies the maneuvers in the perimeter of such area) (AFAN, 2021), 

the evidence reports many extreme fires surpassing these thresh- 

olds. The rate of spread (ROS) of extreme fires has been report-

ed at 33 km/h in Australian grasslands and to range at maximums 

of around 10 ~ 15 km/h in forests of the same country (Table 1). 

In fact, the limit of 3 km/h has been proposed to define an extreme 

wildfire event (Scott and Burgan, 2005; Tedim et al., 2018). 

Fire research is still trying to explain and predict the behav- 

ior, intensity and spread of wildfires (Filippi et al., 2018; Neale 

and May, 2018; Clements et al., 2019; Cardil et al., 2021). Nowa- 

days, in actual wildfire incidents, fire spread prediction is high-

ly dependent upon the knowledge and expertise of the fire ana-

lyst. But some models do provide fairly accurate predictions of 

fire spread [e.g., Wildfire analyst (Ramírez et al., 2011) or FAR- 

SITE (Finney, 2004)], especially after re-adjustment methods 

(Cardil et al., 2019). However, as seen in actual fires, complex 

fire-atmosphere interactions can limit the actual application of 
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Table 1. Maximum Fire Runs Reported in the Literature 

Reference Maximum Fire Run ROS (km/h) Country Type of Ecosystem 

Cruz et al. (2015) 33.60 Australia Grasslands (experimental) 

Cruz et al. (2022) 17.00 Australia Grasslands 

Cruz et al. (2018) 15.60 Australia Dry eucalypt forests 

CTI (2017b) 15.20 Portugal Eucalypt + conifer forests 

Cruz et al. (2020b) 12.50 Australia Conifer forests 

Cheney et al. (2012) 10.50 Australia Eucalypt forests 

Benali et al. (2022) 8.96 Portugal Eucalypt + conifer forests 

Schag et al. (2021b) 8.53 USA Open shrublands 

Cruz et al. (2020b) 8.00 Australia Eucalypt forests 

Cruz et al. (2013) 7.50 Australia Open shrublands 

Castellnou et al. (2019a) 7.00 Bolivia Dry tropical broadleaved forests 

Alexander and Cruz (2006) 6.42 Canada Conifer forests (boreal sp.) 

DEC (2009) 6.00 Australia Open shrublands 

CTI (2018) 8.80 Portugal Conifer forests (pine sp.) 

CTI (2018) 7.30 Portugal Conifer forests (pine sp.) 

CTI (2018) 6.90 Portugal Conifer forests (pine sp.) 

Castellnou et al. (2019a) 6.00 Chile Conifer plantations (pine sp.) 

CTI (2017b) 5.30 Portugal Eucalypt + conifer forests 

Alexander and Cruz (2006) 4.83 USA Conifer forests (pines) 

Pearce et al. (1994) 3.75 New Zealand Open wetlands 

Athanasiou and Xanthopoulos (2010) 3.31 Greece Open shrublands 

Cronan and Jandt (2008) 2.59 USA Conifer forests (boreal sp.) 

Viedma et al. (2020b) 2.20 Spain Conifer forests (pine sp.) 

Anderson et al. (2015) 1.46 Portugal Open shrublands  

Cardil et al. (2023) 0.80 UK Conifer forests 

these models to feed the details required by decision-making 

during wildfires (CTI, 2017; Filippi et al., 2018; Clements et al., 

2019). Additionally, and complementary, new research is trying 

to provide simple rules to predict fire spread straightforwardly. 

Cruz and Alexander (2019) have proposed a 10% rule of thumb 

for estimating wildfire ROS: fire speed is approximately 10% of the 

average 10-m open wind speed, specifically under strong winds 

and burning dry fuels.  

Calculating ROS within a fire can help to unravel the physics 

of extreme fire behavior by relating it to other fire controls [fu-

el, weather, topography; (Schag et al., 2021)]. In addition, ROS 

and fire intensity influence fire residence time, energy expendi-

ture, burn severity and unburnt patches: having all of them a di-

rect impact on vegetation and ecosystems (Stow et al., 2019). By 

acquiring the ROS of past fires one can also analyze the spatio-

temporal patterns of extreme runs, which helps to predict future 

fire behavior (Cruz et al., 2020), calibrate fire spread simulators 

(Fire Protection Research Foundation, 2015) and help increase 

the preparedness of land managers and emergency services in fu-

ture episodes (Fire Protection Research Foundation, 2015). 

The analysis of past fires is a prerequisite to forge the fu-

ture of fire spread modelling. Post-fire analyses have historical-

ly been based on the information of the complete fire scar, main- 

ly because the information on fire development was often un-

known. In this venue, fire progression maps can help to under-

stand fire behavior and spread (Stow et al., 2019), and they are 

a current and ongoing research topic (Viedma et al., 2015, 2020; 

Liu et al., 2018; Cruz and Alexander, 2019; Fernandes et al., 

2020; Chen et al., 2022; Benali et al., 2023; Cardil et al., 2023). 

Satellite and remote sensing information have become a key 

tool for evaluating burning conditions (Schroeder et al., 2014; 

Cardil et al., 2019) and fire impacts (Parks et al., 2016; Viedma 

et al., 2020). More, in some hazardous wildfires, local govern-

ments and agencies are monitoring real-time fire evolution with 

aerial assets such as sensors located in airplanes, that provide 

very frequent data at a very high resolution (Storey et al., 2020; 

Viedma et al., 2020). Yet, this information is not usually avail-

able for many fires, because they are too costly to deploy regu-

larly. Remote sensing is a useful source of information given the 

homogeneity and high standards in data collection and the repeata- 

bility of the captured information. Firefighting systems can also 

provide useful detailed information about the fire front position 

during different times of the fire. Based on the real-time posi-

tion of the fire front according to GPS points and cartography 

location, many worldwide fire agencies reconstruct fire progres- 

sion at suitable time resolutions. These maps, however, are less 

homogeneous than the ones captured by remote sensors. 

The fire rate of spread is one of the indicators of extreme 

fire behavior, but very high fire intensity, long spotting distances 

or extensive burnt areas also pose difficulties in controlling fire 

(Scott and Burgan, 2005; Tedim et al., 2018). Regarding the lat-

ter, the amount of burnt area in a given fire run, or growth rate 

(ha/h), can indicate some key aspects of the processes govern-

ing fire spread, and it can be very useful to disentangle the role 

of atmospheric dynamics in wildfire development according to 

the type of fire run. We hypothesize that narrow fire runs (i.e., 
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the area burnt in a run is small and surrounding the main run) 

may be governed by the indraft of the fire plume, whereas wide 

fire runs can be related to the moment of the plume collapse or 

sudden wind direction changes that push the fire to propagate 

from a long lateral front (Castellnou et al., 2022). Is thus paramount 

to understand the relation between fire rate of spread, fire growth 

rate, perimeter length and the dynamics of the burning engine 

(Castellnou et al., 2022; Benali et al., 2023).  

In this study, we aim to analyze the characteristics of maxi-

mum speed runs of 30 extreme wildfire events that occurred around 

the globe (Europe, South America, North America, and Aus-

tralia). We present a new algorithm that allows the user to calcu- 

late maximum ROS between the isochrones of a wildfire. This 

maximum run is computed twice: according to the shape of the 

isochrones, and/or according to the shape of the isochrones com-

bined with wind direction at the moment of the run. By calcula-

ting maximum ROS our goals are to 1) provide a simple method- 

ology to calculate fire ROS to be used in further analyses, 2) eval- 

uate global spatio-temporal patterns of extreme fire runs, and 

3) pave the way to distinguish characteristics between different 

types of runs. We first present and describe the new algorithm, 

we then apply this algorithm to two different wildfire datasets 

(15 fire progression maps derived from satellites and 15 fire pro- 

gression maps derived from GPS firefighter location), and we an-

alyze maximum ROS spatio-temporal patterns. We finally dis-

cuss these findings and frame the main results with global ROS 

reports and the latest advances in fire behavior knowledge. 

2. Methods 

2.1. Fire Rate of Spread Calculation 

We developed an algorithm to calculate the maximum dis-

tance run by fire in an interval period defined by the fire isochrones, 

i.e., a progression map. This maximum distance can be calculat- 

ed based on the shape of the isochrones and/or combined with 

the wind direction at the moment of the fire interval period. The 

basic information required to run the algorithm is the isochron 

map (polygon-file-type) and a wind direction table associated 

with each interval. The algorithm is built in R (R Core Team, 

2024) and uses the “terra” and “reshape2” (Wickham, 2007) pack- 

ages. A public R package is available at https://github.com/An-

dreaDuane/FireRuns (Duane, 2024). A flowchart of the algorithm 

is displayed in Figure S1 in Supporting Information.  

The algorithm first assigns a sequential numerical value to 

the different fire interval periods. The isochron file is a polygon- 

file-type, in which a polygon indicates the burning area in a fire 

interval period (Pt), i.e., the area between two consecutive posi-

tions of the fire fronts or isochrones. The algorithm first obtains 

a fronts file (line-type-file), which inherits the fire interval nu-

merical information from the two nearby polygons by intersect-

ing with a 10-meter-wider version of the polygons. Since fronts 

record both the polygon before and after, it keeps only the mi-

nor value (the “previous front” polygon, called here Ft-1).  

For each fire interval period (polygon: Pt), the algorithm it- 

erates to compute the maximum distance between the previous 

(Ft-1) and the forward (Ft) fire front. However, different poly-

gons may burn at the same fire-interval period in different parts 

of the wildfire. Thus, the algorithm computes, per each fire in-

terval period, the maximum distance in each polygon where the 

fire is burning, and it will only select one single maximum dis-

tance among the different evaluated polygons (one maximum 

run per interval period, although several runs around the fire might 

have occurred).  

In case the polygon of a fire return interval contains un-

burnt areas in that fire interval period (i.e., “holes”), the algo-

rithm first removes these holes in order to avoid calculating dis-

tances with their edges (Figure 1A). Hence, we assume that the 

fire had the capability to jump these areas in its maximum run. 

However, attention must be paid when this hole is not an un-

burnt area but corresponds to the previous front Ft-1 (the fire grows 

concentrically from an initial polygon Pt-1, in contrast to when 

it grows laterally from a linear front, Figure 1A and 1B). In these 

cases, the previous fire interval hole is not removed.  
 

 
 

Figure 1. Illustrative examples of the algorithm details. The 

colors indicate the advance of fictitious fires, and blue arrows 

represent maximum runs. A) A maximum run jumping a non-

burnt area within a fire interval period. The fire shows a 

lateral growth from a previous front in a lateral of the 

analyzed interval. B) Concentric growth of a fire where the 

previous front is totally inside the analyzed interval. C) A 

maximum run that originates from a previous front that 

corresponds to various time intervals. The maximum run is 

calculated from whatever point in this previous front, 

simulating the capacity of hot areas to originate new fronts 

although time passes. However, the timing of such a front is 

considered only from the directly previous fire interval. 

 

Then, two different processes are performed according to 

the parameter to be estimated 1) the maximum distance accord-

ing to the isochrones’ shape, and/or 2) the maximum distance 

according to wind direction of that fire interval. In 1), for each 

point (polygon edge vertex) of the front Ft, the algorithm se-

lects the closest point (line vertex) of the previous front Ft-1, i.e., 

the minimum distance that the fire has run at least. The algorithm 

checks if this distance intersects with a border of the polygon, 

and in this case, the run is discarded, and the following mini-

mum distance is chosen until the minimum range completely with-
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Table 2. Summary Attributes of the 15 Fires Analysed and Obtained through Satellite Imagery 

ID Fire Country Region Initial Date 
Final Date 

(imagery based) 

Total Burnt Area 

(ha) 

Maximum ROS 

(km/h) 

1 East Gippsland – Goongerah Australia Victoria 30/12/2019 07/02/2020 645,618 3.06 

2 Roboré Bolivia Santa Cruz 15/08/2019 01/10/2018 474,456 6.79 

3 Green Valley Talmalmo Australia NSW 31/12/2019 15/01/2020 471,398 6.54 

4 Wadbilliga Australia NSW 29/12/2019 05/02/2020 373,246 3.22 

5 East Gippsland – Mallacoota Australia Victoria 30/12/2019 07/02/2020 363,233 5.92 

6 Las Maquinas Chile Maule 23/01/2017 01/02/2017 198,620 3.63 

7 Otuquis Bolivia Santa Cruz 22/07/2020 25/07/2020 187,652 3.78 

8 El Milagro Argentina La Pampa 19/12/2016 24/12/2016 176,299 3.76 

9 LNU Lightning Complex  USA California 17/08/2020 29/08/2020 152,515 1.80 

10 El Tajamar Argentina La Pampa 27/01/2018 01/02/2018 146,126 2.40 

11 SCU Lightning Complex  USA California 18/08/2020 29/08/2020 130,309 2.48 

12 Lihue Calel Argentina La Pampa 06/01/2018 10/01/2018 122,161 3.92 

13 Loyalton USA California 15/08/2020 17/08/2020 16,746 2.16 

14 Apple USA California 01/08/2020 07/08/2020 14,068 1.15 

15 Lake USA California 12/08/2020 22/08/2020 12,562 3.22 

Note: Spatial resolution of the satellite images ranges between 375 meters (viirs) and 20 meters (sentinel-2). 

 

 
 

Figure 2. Location of the 15 fires obtained through satellite imagery. The numbers correspond to the ID column in Table 3. 

Background image corresponds to a Forests/Non-Forest 2010 product (Shimada et al., 2014). 

 

in the polygon Pt is found (note that here the polygon is expand-

ed 5 meters with a buffer to relax the intersection exclusions). 

Then, the algorithm selects the maximum of these distances. In 

2), first, the directions between each point of the front Ft and all 

the points of the previous front Ft-1 are calculated, and the algo-

rithm selects the runs that are ± 5º the wind direction of that fire 

interval (we assume a range of 10º of variability around wind 

direction). Then, the same process as in 1) is performed: the al-

gorithm selects the maximum distance of the runs in the wind 

direction, checks whether this run intersects with the border of 

the 10-meter-wide polygon Pt, and finally selects the run com-

pletely within it.  

When the polygon is the first fire interval period (and thus 

there is no previous front Ft-1), or it is an isolated polygon result- 

ing from a spotting fire, the algorithm does not compute the dis- 

tances between the front Ft and the previous front Ft-1. Rather, it 

calculates the distances between all the points of the isochrone to 

calculate the maximum distance within that polygon Pt, both for 

the shape and the wind calculations. Besides, when the origin 

of the burnt area is various previous fronts, the algorithm calcu-

lates the maximum run regardless of the previous front timing 

(Ft-1 or Ft-2, etc.), since for instance a wind-change direction 

might open the front Ft from a flank with different previous fronts 

(Figure 1C). However, for calculating the timing, we only con-
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Table 3. Summary Attributes of the 15 Fires Analysed and Obtained through Fire Suppression Forces Location 

ID Fire Country Region Initial Date Final Date 
Total Burnt 

Area (ha) 

Maximum ROS 

(km/h) 

1 Cortes Spain Valencia 28/06/2012 02/07/2012 29,733 3.97 

2 La Jonquera Spain Catalonia 22/07/2012 23/07/2012 12,855 5.53 

3 Oleiros Portugal Castelo Branco 25/07/2020 27/07/2020 9,419 3.51 

4 La Torre de l’Espanyol Spain Catalonia 26/06/2019 27/06/2019 6,900 8.62 

5 Calcena Spain Aragon 27/08/2012 29/08/2012 4,978 3.09 

6 Sant Llorenç Spain Catalonia 10/08/2003 12/08/2003 4,285 2.26 

7 Llutxent Spain Valencia 06/08/2019 08/08/2018 3,053 7.63 

8 Vila Real Portugal Vila Real 30/07/2020 31/03/2020 2,809 3.00 

9 Zuera Spain Aragon 05/08/2008 05/08/2008 2,471 7.09 

10 Carcaixent Spain Valencia 16/06/2016 18/06/2016 2,305 5.52 

11 Santa Coloma de Queralt Spain Catalonia 24/07/2021 25/07/2021 1,688 2.58 

12 Llocnou Spain Valencia 12/06/2012 13/06/2012 1,369 2.47 

13 Odena Spain Catalonia 26/07/2015 27/07/2015 1,275 2.32 

14 Treque Spain Andalucía 13/07/2019 14/07/2019 1,189 1.57 

15 Calci Italy Pisa 24/09/2018 25/09/2018 1,173 3.52 

 

 

Figure 3. Location of the 15 fires obtained through GPS posi-tioning of fire suppression forces in Portugal, Spain, and Italy 

(Europe). The numbers correspond to the ID column in Table 2. Background image corresponds to a Forests/Non-Forest 2010 

product (Shimada et al., 2014).  

 

sidered the time of the last isochrone, regardless of the front from 

which the maximum run originates.  

From the maximum runs calculated in each fire interval pe- 

riod, the algorithm creates two shapefiles, one for the maximum 

runs according to the shape of the isochrones and another one 

for the maximum runs according to the wind direction of that 

fire interval. The user then combines the distance information 

with the time of each fire interval period to calculate ROS.  

 

2.2. Wildfire Sample and Weather Data 

The presented algorithm has been applied to a set of 30 fires 

that occurred in different parts of the world. We distinguished 

fires according to the source from where the isochrones were 

obtained: satellite or ground-level GPS positioning during the 

fire. In our study, the former source is more standardized in the 

positioning, but the revisit time is lower (~ 12 h). In contrast, 

isochrones reported by ground-level GPS positioning may have 

a more divergent mode (time, error, etc.), but they make it possi- 

ble to capture the front-positioning on a more recurrent basis.  

For the satellite dataset, fires that occurred in North Amer-

ica, South America, and Australia (Table 2 and Figure 2) be-

tween 2016 and 2021 were selected. We made our selection based 

on fires that reported extreme impacts and in some cases the de- 

velopment of pyrocumulonimbus (Misión en la República Chile 

et al., 2017; Peterson et al., 2021). Fire fronts for each fire were 

positioned according to the hotspots reported by the Visible In-

frared Imager Radiometer Suite (VIIRS) and MODIS (MODer-

ate-resolution Imaging Spectro-radiometer) sensors (Schroeder 

et al., 2014), building a VIIRS fire perimeter (polygon) using a 

minimum bounding geometry. Sentinel-2 and Landsat 5, 6, 7, and 

8 images (whatever image was available for each fire interval pe-

riod) were used to support the delineation and consistency of such 

polygons. The fire interval periods lasted between 11 and 13 hours, 

according to the VIIRS revisit time and the latitude of the fire. 

Burnt fuels ranged from grasslands (El Tajamar 2018 Fire), and 

conifer forests (Apple 2020 Fire), to dense eucalyptus dry and 

humid forests (Southeastern Australian 2020 fires). Note that the 

dates in Table 2 refer to the moment when the fire perimeter start-

ed and stopped growing based on the imagery. 
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Table 4. Resulting ROS Summary Statistics for the Satellite and GPS Datasets and according to the Type of Fire Run 

Dataset 
Type of 

Maximum Run 

Percentage of Each Type 

of Maximum ROS (%) 
Mean (km/h) 

Mean for Runs > 

1 km/h (km/h) 
Maximum (km/h) Maximum Run Fire 

Satellite Wind 42.4 0.47 1.64 3.64 Las Maquinas 

Satellite Shape  57.6 0.75 2.37 6.79 Roboré 

GPS Wind 62.2 1.74 2.86 8.62 Torre de l’Espanyol 

GPS Shape  37.8 1.15 2.08 6.38 Zuera 

 

 
 

Figure 4. Torre de l’Espanyol Fire (26/06/2019) in NE Spain. The left panel shows the isochrones map colored by fire 

progression, with light-blue arrows showing the maximum run according to the shape of the isochrones. The right panel shows the 

same isochron map but with dark-blue arrows showing the maximum run according to wind direction. 

 

For the GPS dataset, fires covering different regions of South- 

ern Europe (Portugal, Spain and Italy) were selected and ob-

tained by the georeferencing of the fire front at the hand of the 

management organization in charge of the wildfire extinction 

(Table 3 and Figure 3). We selected fires that, despite not being 

huge in dimensions in comparison with other continents, report- 

ed intense fire behavior and/or pyrocumulonimbus formation 

(Generalitat Valenciana., 2015; Castellnou et al., 2019b; Duane 

et al., 2021). The fire interval periods were not of equal dura-

tion, and they ranged from 20 minutes to 17 hours. In case the 

reported position was extremely short (e.g., 5 minutes), we merged 

the periods with nearby polygons to try to standardize the type 

of information among all fires. Locations of fire progression typ- 

ically came from direct observations made by the fire suppres-

sion personnel, mainly by georeferenced ground data by user 

portable devices. The error associated with the front position-

ing is variable (according to the GPS intrinsic error, which varies 

among all the devices, and to the interpolation of the perimeter 

points), but usually, these perimeters are considered highly reli-

able data (CTI, 2017; Benali et al., 2023). Fuels burnt were most- 

ly Mediterranean pines and oak forests for the fires that occurred 

in Spain and Italy, and eucalyptus and pine forests in Portugal 

fires. Note that the date in Table 3 refers to the moment when the 

fire perimeter started and stopped growing. 

We used hourly wind data provided by the Copernicus Da-

ta Store, specifically the reanalysis ERA5-Land hourly pressure 

dataset downscaled at 0.25º resolution. Data included the two 

components of wind (U and V) at 10 meters above sea level (con- 

sidered as the altitude at which wind is not influenced by terrain 

roughness), from which wind direction was calculated. Reanal-

ysis data is usually not affected by the fire itself, since fire ef-

fects might be very local (Castellnou et al., 2022). For each fire 

interval period (e.g., 12 hours between two VIIRS revisit images), 

the corresponding wind direction data was selected as the direc-

tion in the maximum wind gust over that time interval. 

 

2.3. Analysis of Fire Behavior 

We applied the abovementioned algorithm to the complete 

set of 30 wildfires. We evaluated the maximum ROS of the two 

sets of data and provided basic statistics about their patterns: 

ROS value distribution (histograms and probability distribution 

tables computed in R) according to the dataset (GPS vs. Sat) and 

the type of run (wind vs. shape), and ROS value distribution (his- 

tograms computed in R) throughout the day. We also linked the 

maximum ROS with the growth rate during that time (namely 

the polygon where the run is located). We tested a linear rela-

tion between the logarithm of both variables, with the hypothe-

sis that very low and very high values of ROS don’t substantial-

ly modify burnt area, but middle levels do. This relation has been 

tested by other authors before (Benali et al., 2023; Cardil et al., 

2023). The goodness of fit of the resulting model is included in 

the results section. In addition, we conceived a new morpholo-

gy ratio that relates burnt area with the ROS and the length of 

the previous front Ft-1 (area-per run ratio: hectares / (kmfront × 

kmrun·h
-1) by comparing their distribution (histograms, median 

and mean) in the different datasets (GPS vs. Sat) and the type 
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of run (wind vs. shape), and explored whether this ratio can help 

to explain different kinds of fire behavior (mostly elongated vs. 

expansive runs). We evaluated the same analysis but for the sub- 

set of fast runs, i.e., runs above 1 km/h, which is the usual limit 

of direct fire suppression efforts and gives more information about 

extreme behavior. 

 

 

Figure 5. Histogram of maximum fire ROS for the satellite 

dataset (top) and the GPS dataset (bottom), according to the 

type of fire run (according to the shape of the isochrones in 

blue, and according to the wind direction in orange). The two 

left panels correspond to the whole set of runs, whereas the 

right panels correspond to the runs faster than 1 km/h. 

 

 
 
Figure 6. Violin plots of the ROS of maximum fire run 

according to the time of the day in the satellite dataset (top) and 

the GPS database (bottom). The red triangle shows the mean for 

each group. 

3. Results 

The maximum speed fire-run algorithm allowed a coherent 

and complete estimation of ROS in the two different datasets. 

The difference between the two outputs of the algorithm (wind- 

or shape-type runs) can be significant in some cases. As exem-

plified in the Torre de l’Espanyol 2019 Fire (Figure 4), runs fol-

lowing the wind direction display a much larger distance trav-

eled than runs arising by the isochrones shape. We could dis-

cuss whether the direction of both runs differ enough to be con-

sidered different directions, but we assume that a 10º of vari-

ability around wind direction is enough to capture potential vari- 

ations due to small terrain interactions, etc., so wind direction 

runs are different enough from shapetype runs. In fact, the right 

flank progression in the 4th and 5th polygons in the right image 

resembles the description given by the field fire analyst during 

the fire (Marc Castellnou — local fire commander — personal 

communication). 

 

 
 

Figure 7. Growth rate – ROS linear relationship for the GPS 

(top) and satellite (bottom) databases. Note that both variables 

have been log-transformed. 

 

While for the satellite dataset, the bulk of the runs and the 

maximum ROS took place in runs that did not follow wind di-

rection, in the GPS database both variables were maximum in 

runs following wind direction (Table 4). Interestingly, the result- 

ing maximum ROS were similar in the two data sets, although 

the time span was remarkably different. Probability distributions 

according to the type of run and the source of the polygons also 

show similar results (Figure 5 and Table S1). However, the GPS 

dataset provided a higher mean ROS value (Table 4 and Figure 

5), especially for runs following wind direction.  

The discrimination of the fire runs along the day was much 

more accurate in the GPS dataset than in the satellite dataset, since 

the latter usually refers to a 12-hour revisit frequency of the satel- 

lite. Most of the fire runs in the GPS dataset occurred in the sec- 

ond half of the day (Figure 6), while in the satellite dataset, the 

distribution was roughly equal throughout the day. Notably, the 

fastest ROS in the GPS dataset occurred in the 16- ~ 20-time 

interval, but also in the 20 ~ 24 and 0 ~ 4 intervals.
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Figure 8. Histogram distribution of the ratio between burnt 

area and km of front and km/h in a logarithmic 

transformation, and according to the type of run. The vertical 

line shows the mean value for each group with the error bars 

indicating the CI95% of the mean. The top panel shows the 

distribution of the ratio in the satellite dataset and the low 

panel in the GPS dataset. The left panel shows the total set of 

runs, while the right panel only runs faster than 1 km/h and 

non-emerging from isolated ignition points. 

 

The relation between the ROS and the growth rate follows 

a positive linear fit between the logarithm of both variables (Fig- 

ure 7) (GPS dataset: slope = 1.18, P-value < 0.001, Adj-R2: 0.74; 

Sat dataset: slope = 1.40, P-value < 0.001, Adj-R2: 0.80). Note 

the different rang in both datasets: while for the GPS datasets 

the maximum burnt area in a run is about 1,900 hectares, in the 

Sat dataset this value reaches 8,400 hectares. In addition, the log- 

arithmic transformation implies that the relation level-offs at around 

these levels.  

For the area-to-ROS analysis, we obtained that runs not fol- 

lowing wind direction were always more expansive than runs 

following wind direction (for the satellite dataset, shape-mean 

= 3.53 ± 0.41, i.e., 3,412 hectares burnt in one hour per km of 

front and km of run; wind-mean = – 1.73 ± 0.25, i.e., 564 hectares 

burnt in one hour per km of front and km of run; for the GPS 

dataset, shape-mean = 0.71 ± 0.63, i.e., 202 hectares burnt in 

one hour per km of front and km of run; wind-mean = – 0.97 ± 

0.27, i.e., 38 hectares burnt in one hour per km of front and km 

of run) (Figure 8). However, there is a group of runs displaying 

very high values compared to the bulk of the data set (around 

value 9 for the satellite dataset and around value 6 for the GPS 

dataset in the left panels). These are runs originated from a sin-

gle ignition point (considered 0.001 km), both because they are 

the starting point of the fire or because they originate from a spot- 

ting fire. These fires are not comparable to the other fires in terms 

of behavior originating from a front. We have included another 

analysis in which we only compare very fast runs (> 1 km/h) and 

exclude runs originating from isolated points (right panels - Fig- 

ure 8). We can see that the average values of fires following or 

not wind direction still are significantly different, being the ones 

not following wind direction larger (expansive) than the ones 

following wind direction (elongated) (for the satellite dataset, 

shape-mean = 1.66 ± 0.29, i.e., 526 hectares burnt in one hour 

per km of front and km of run; wind-mean = – 0.71 ± 0.42, i.e., 

203 hectares burnt in one hour per km of front and km of run; 

for the GPS dataset, shape-mean = – 1.05 ± 0.26, i.e., 35 hectares 

burnt in one hour per km of front and km of run; wind-mean = 

– 1.61 ± 0.27, i.e., 20 hectares burnt in one hour per km of front 

and km of run). Figures 9 and 10 provide illustrative examples 

of these situations both for a GPS-based fire and a satellite-based 

fire. In the Vila Real 2020 Fire, the fire showed an extremely ex- 

pansive behavior in the second hour of the fire, whereas the mo- 

ments after it tended to tighten following wind direction, result-

ing in a low burnt area per km/h and km of fire front comes out. 

4. Discussion 

We have developed a new algorithm that calculates the max- 

imum distance traveled by the fire in an isochrones map, both 

according to the shape of the isochrones and/or wind direction. 

The basis of the algorithm is the calculation of the distances be- 

tween each point in a front (Ft) regarding the previous front (Ft-

1), selecting the minimum of the distances and finally the max-

imum of these distances as the maximum run. When using the 

wind direction, the algorithm works in the same way but only with 

the runs coinciding with the wind direction. If the distance is 

longer in the wind direction, we assume that this is the prevail-

ing fire direction, and the rate of spread is calculated according-

ly. In contrast, if the distance in wind direction is shorter than 

the distance according to the shape of the isochrones, we assume 

that the fire is following a different direction than the prevailing 

wind, since it had the capability to travel the distance that emerged 

from the isochrones’ shape even the wind blew in another direc-

tion. The potential big differences between the two outputs (ex-

emplified in Figure 4) demonstrate the suitability of using this 

differentiation in the analysis of fire rate of spread. If the run is 

fairly faster in wind direction, it probably means that the fire is 

spreading from lateral flanks (Finney et al., 2015) or interacting 

with fire suppression maneuvers (e.g., back burning). Why a fire 

run is faster in another direction than prevalent wind is a research 

topic: because the interaction of wind and terrain results in lee 

winds (Sharples et al., 2011), because other atmospheric dynam- 

ics domain the local winds and spread (McRae et al., 2015), or be- 

cause wind is loose, it does not affect fire spread and other fac-

tors govern it (topography, back-burning, etc., (Smith and Woost- 

er, 2005). In this analysis wind velocity is not included, but only 

wind direction. Including a threshold from which atmospheric winds 

can be influential to fire spread (e.g., considering wind direction 

only if wind speed is above 5 km/h), could help to break up when 

wind is actually determining fire propagation direction or not. 

By applying the algorithm to a representative set of 30 wild- 

fires, we have been able to quantify the ROS of different extreme 

wildfires, resulting in values that are within the references in 

the literature (Table 1). Concerning values found in the litera-

ture (15 km/h in eucalypt forests of Australia), we have found 

that eucalypt forests of Australia burnt at a 3 ~ 6 km/h speed as 

the maximum, both in wet and dry eucalypt forests under extreme 

drought conditions (Boer et al., 2020; Cawson et al., 2020; Nolan 

et al., 2020). Maximum ROS for the GPS dataset has been found 

in the Torre de l’Espanyol Fire 2019 (Spain), running at 8.62 km/h 

aligned with the wind direction and burning a mix of dry pine 

forests and shrublands. In the satellite database, a run of 6.79  
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Figure 9. Two examples of area-to-run relations for the Vila Real Fire (30/07/2020) in Vila Real, Portugal. The dark blue line 

shows a run following wind direction where the area-to-run relation is low (elongated runs: low burnt area per km/h and km of the 

previous front). The light blue line shows a run following the shape of the isochrones where the area-to-run relation is high 

(expansive runs: high burnt area per km/h and km of the previous front). 

 

 

Figure 10. Two examples of area-to-run relations for the Mallacoota Fire (30/12/2019) in Victoria, Australia. The dark blue lines 

show runs following wind direction where the area-to-run relation is low (elongated runs: low burnt area per km/h and km of the 

previous front). The light blue lines show runs following the shape of the isochrones where the area-to-run relation is high 

(expansive runs: high burnt area per km/h and km of the previous front). 

 

km/h was detected for the Roboré Fire 2019 in Bolivia, burning 

dry tropical broadleaved forests of el Chaco. Reported ROS in 

this article denotes extreme conditions for firefighting resources 

and represents a value-added indicator of fire activity beyond 

the classical “final burnt area” mark. A wide sample of ROS quan- 

tification can be useful also for technical purposes such as the 

readjustment of wildfire simulations using probability distribu-

tions. 

Since the algorithm does not capture the whole fire progres- 

sion within an interval, faster fire runs might have occurred in 

each fire span. Fire beats are difficult to capture specifically in 

the satellite database with time intervals of approximately 12 hours. 

That’s part of the explanation of why the ROS reported from satel- 

lites show lower mean speed values. Remote sensing informa-

tion is useful because it provides homogenous data (temporary 

and spatially), and consistency in standards for data collection 
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and the type of captured information. In the present analyses, 

the 375-meter spatial resolution can be enough for very vast fires 

lasting more than one day, but for small fires, the VIIRS satel-

lite falls short in providing the required type of data to evaluate 

the fire progression. Favorably, firefighting bodies dispose of 

appealing information about the fire front position at different 

times: nowadays, most firefighting organizations map the loca-

tion of the fire front at different moments, if the dense smoke 

plumes allow it. Although less homogeneous than remote sens-

ing data, this information becomes extremely useful when ana-

lyzing past wildfire dynamics. Novel remote sensing missions 

aiming at improving wildfire monitoring are potential key tools 

for wildfire following and analyses. Besides, the use of homoge- 

neous weather data (ERA5-Land) for this type of analysis at an 

hourly scale using worldwide data is of crucial interest, because 

of its homogeneous and continuous availability across different 

continents.  

The spatio-temporal analyses of the resulting ROS for the 

two analyzed datasets are of general interest to fire analysts and 

researchers. On the one hand, the hourly analyses of the fire pro- 

gression in the GPS dataset allow us to disentangle the fire evo-

lution according to the time of the day. Following what was ex-

pected, the most rapid ROS are reported in the afternoon and 

evening, and the minimum are reported in the morning time. 

Notwithstanding, it should be noted that very fast runs are also 

reported at night, when one could expect a decrease in fire spread 

rates owing to a temperature descent and a relative humidity re-

covery. But recent evidence points to an exacerbation of extreme 

fire behavior under night conditions usually associated with the 

pyroconvection activity resulting from increased environmen-

tal moisture (Peterson et al., 2021). Further research is trying to 

unravel the processes associated with extreme behavior and how 

the daily temperature-humidity dynamics can influence final fire 

spread (Artés et al., 2021; Castellnou et al., 2022). In the satel-

lite dataset, minor differences have been found between the ROS 

in morning and evening runs, very likely because the larger time 

lapse may blur hourly analyses. 

On the other hand, the spatial patterns of the maximum fire 

runs reported remarkable results. An increase in ROS conveys 

an increase in burnt area on the logarithmic scale, which means 

that burnt area levels off at around 1,900 hectares/h in the case 

of the GPS database and around 8,400 hectares/h in the satellite 

database. The positive relation between the two variables was 

expected, but the range and slope differences between them are 

surprising. This can be explained by the geographical context 

of the two different datasets. The satellite dataset is composed 

of very large wildfires that occurred in America and Asia dur-

ing the extreme seasons of 2016 ~ 2020, and the 15 analyzed 

fires within the GPS datasets are in Europe, where extreme fires 

have been reported (CTI, 2017), but without burning extensions 

at the scale of other continents. Fires in Europe are typically 

smaller than those in Australia or the US, not because of differ-

ences in climate and weather conditions but rather because of the 

lower availability of extensive natural vegetation (Pausas and Kee- 

ley, 2021). However, as proven here, they can be also extreme 

concerning the very fast rates of spread threatening human lives, 

properties and ecosystems (Lekkas et al., 2018; Wintle et al., 2020). 

The growth rate (ha/h) has been thus related to the speed 

at which fire travels, but we also found differences according 

to the type of run. While when following wind direction growth 

rate is moderate (203 and 20 hectares per km of front a km/h 

for the satellite and GPS datasets, respectively), when it does 

not follow wind direction it is much larger (526 and 35 hectares 

per km of front a km/h for the satellite and GPS datasets respec-

tively). The growth rate differs between wind-driven runs, which 

are usually narrow, and the ones not following it, which are wider. 

Fire runs that do not advance in general wind direction usually 

propagate following the topography or are influenced by unsta-

ble atmospheres (Sharples et al., 2011; McRae et al., 2015). Castell- 

nou et al. 2022 also propose that the final shape of the run is in-

fluenced by the type of convection (dry or moist). While it is dif- 

ficult to ascribe strict causality to the group of not following wind 

direction fire-runs, we could assume that the ones including the 

> 1 km/h analysis encompass mostly runs governed by atmo-

sphere dynamics more than topography-driven fires, which are 

usually slower and more controllable by firefighters (Duane et 

al., 2015). These atmospheric dynamics are related to downdrafts 

produced under pyrocumulonimbus that can induce a high ratio 

of burnt area per km/h, as they push the flames to the ground in 

erratic directions and promote spotting, so massive spread from 

the fire front towards different directions takes place (Potter and 

Anaya, 2015; Lareau and Clements, 2016; Peterson et al., 2021). 

In this paper we present a promising way of evaluating fire be-

havior by separating ROS and growth rate, since although they 

can be related, they show different relationships according to 

burning mechanisms. Both indicators are important in evaluat-

ing fire impacts, as pointed out also by other authors (Benali et 

al., 2023). 

The results exhibited in the current paper present a number 

of uncertainties that must be acknowledged. First of all, the er-

ror associated with the methodology of the isochrones survey. 

For the satellite database, the spatial resolution of the base im-

ages differs in different fires and moments through the fire. There 

are moments in which the cloudy conditions impede capturing 

fine resolution imagery (i.e., Sentinel) to fine-delimitate coars-

er products, so the final perimeter is a mix of different resolu-

tions, that can influence the final shape of the isochrones and 

thus the ROS calculated. For the GPS dataset, the uncertainties 

are present due to the intrinsic error associated with the survey 

device and with the final method of point interpolation. Howev- 

er, the emergency bodies’ knowledge supervision gives a quali-

ty check to the product. In a similar study, Stow et al. 2019 found 

that errors among different ways of producing isochrones result- 

ed in only a maximum 15% error in ROS calculation. Although 

the error is unknown in both datasets, we believe a better char-

acterization of the quality of the product, as done by Benali et 

al. (2023), could help to reduce uncertainty around the estimates.  

In this study, neither the fuel type, amount nor humidity, 

have been explicitly analyzed. Our goal was not to predict ROS 

as a function of other environmental and weather variables, but 

to study the distribution and spatio-temporal patterns of ROS 

across a range of different wildfires (geographically and data-

origin variation). Further research could expand on the relation 

between ROS, fuel types and weather conditions to try to solve 
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the processes behind observed fire behavior. For instance, Stow 

et al. (2019) evaluated the influencing factors behind observed 

ROS by relating runs with the factors (slope, aspect, vegeta-

tion etc.) in a rectangle space around each run. In addition, the ex- 

ploration of fire intensity mixed with the rate of spread (Benali 

et al., 2023) can give an important added value to this type of 

analysis since it can help to predict the destructive power of a 

run in a fire. The algorithm presented here can become a very 

useful tool to analyze past fires and to try to establish new knowl- 

edge about the processes governing fire spread and its related 

ROS. In addition, the resulting direction of the fire run could 

be used in further analyses to evaluate fire effects on vegetation 

considering directional slope (Viedma et al., 2020). Understand- 

ing and predicting the speed and direction of fire across the land- 

scape is one of the most important challenges nowadays in the 

fire research arena, since resolving this challenge will allow us 

to anticipate fire movement, help fire suppression forces con-

trol fires, and emergency organizations to release timely and ef-

fective public warnings and evacuation orders. Research still needs 

to provide new knowledge to prevent fatalities and losses in ecosys- 

tems and assets because of extreme wildfires. 

5. Conclusions 

In this study, we have presented a new algorithm that cal-

culates the rate of spread of fires resulting from a fire progres-

sion map made of isochrones, according to 1) the shape of the 

isochrones, and/or 2) wind direction. We have applied the algo-

rithm to a set of 30 fires from four different continents, differ-

entiated according to the way the isochrones map was built: by 

GPS positioning of fire suppression forces (in Europe), or by satel- 

lite data (North and South America, and Australia). The GPS dataset 

provided more frequent fire positioning (~ 1 hour) than the satel- 

lite database (~ 12 hours). We have found similar maximum rates 

of spread to the values found in the literature: 8.62 km/h for a 

run aligned with the main wind direction during the fire in Spain 

for the GPS dataset, and 6.79 km/h for a run not following wind 

direction in Bolivia for the satellite dataset. The fastest runs oc-

curred in the afternoon and evening, but with some notable runs 

occurring also at night. In general, the GPS dataset provided faster 

runs that burn smaller areas than the satellite dataset: the former 

is explained because of the higher progression frequency in the 

isochrone map, and the latter because the dataset encompasses 

fires in Europe, which have usually lower burnt areas due to lim- 

ited natural vegetation. Fire runs not following wind direction 

burnt larger areas (expanding runs) than the ones burning in wind 

direction (elongated runs), most probably related to unstable at-

mospheres governing fire spread. The algorithm presented here 

can be of great help for the study of the factors influencing fire 

propagation and ultimately help to predict the rate of spread of 

wildfires and support incident commanders to make the appro-

priate decisions to minimize fire damage. 
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