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Abstract: We identified four global fire regimes based on a k-means algorithm using five variables
covering the spatial, temporal and magnitude dimensions of fires, derived from 19-year long satellite
burned area and active fire products. Additionally, we assessed the relation of fire regimes to forest
fuels distribution. The most extensive fire regime (35% of cells having fire activity) was characterized
by a long fire season, medium size fire events, small burned area, high intensity and medium
variability. The next most extensive fire regime (25.6%) presented a long fire season, large fire
events and the highest mean burned area, yet it showed the lowest intensity and the least variability.
The third group (22.07%) presented a short fire season, the lowest burned area, with medium-low
intensity, the smallest fire patches and large variability. The fourth group (17.3%) showed the largest
burned area with large fire patches of moderate intensity and low variability. Fire regimes and fuel
types showed a statistically significant relation (CC = 0.58 and CC’ = 0.67, p < 0.001), with most
fuel types sustaining all fire regimes, although a clear prevalence was observed in some fuel types.
Further efforts should be directed towards the standardization of the variables in order to facilitate
comparison, analysis and monitoring of fire regimes and evaluate whether fire regimes are effectively
changing and the possible drivers.

Keywords: fire regimes; burned area; active fire; biome; fuel type; k-means

1. Introduction

Fire is a natural phenomenon that has been present on Earth for millions of years,
shaping vegetation distribution and playing a key role in the structure, composition and
functioning of terrestrial ecosystems, the carbon cycle and climate [1]. Fires can be con-
sidered as a multidimensional event whose attributes include the spatial, temporal and
magnitude dimensions [2]. Spatial attributes include the average fire size of fire events and
the total burned area; temporal attributes encompass the frequency, seasonality or recur-
rence; and the magnitude dimension includes intensity and severity [2,3]. The combination
of these attributes over time in a given area determines its fire regime [4]. Importantly,
there are constraints in the possible combination of such attributes limiting the type of
fire regimes that can exist. These types of fire regimes were defined globally as pyromes,
representing global units of fires [3].

A consistent and robust characterization of fire regimes is of great interest to increase
our understanding of vegetation resilience, improve fuel management activities, preserve
ecosystems’ ecological integrity, quantify fire emissions or appraise global trends in burned
area [5–7]. This is particularly important in a changing context where global fire activity is
expected to be altered [8]. A shift in fire regimes towards an increase in fire frequency and
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intensity, not only in fire-prone regions but also in areas not typically affected by fires in the
past, has been suggested [9] as a result of global warming, fire management policies and
land use changes [10]. However, those changes in fire activity can be very diverse, not only
increasing in some regions, but decreasing in others, as a result of changes in precipitation
or adoption of new agricultural practices [11,12]. Moreover, a great uncertainty subsists to
predict future fire activity given the number of elements that control fire regimes [13].

Characterization of fire regimes is challenging because it implies a great diversity of
variables (extent, causes, duration, seasonality, variability, severity, intensity, etc.), which are
seldom available at global scale and for long periods of time [4,14]. Attempts to understand
historical global fire patterns have been carried out utilizing fire and climate modeling
combined with land cover and population [11], sedimentary charcoal records [15] and
ice core samples [16]. Pechony and Shindell [11] identified a shift in the drivers of fire
regime, from a pre-industrial period driven by precipitation, to an anthropogenic-driven
post-industrial period and an expected change towards temperature-driven fire regimes
this century. Moreno et al. [7] used Spanish national fire statistics on burned area and
number of fires to identify changes in fire regimes in Spain based on a statistical time-series
break point, which were mainly related to climate and land use, including fire suppression
policies. These approaches, however, are limited by the availability of consistent and
spatially explicit data.

Remote sensing provides the most robust means to characterize current fire regimes,
especially at global scale, due to the systematic observation provided by satellite-borne
sensors ensuring comparable observations in both space and time [17]. Two types of
remotely sensed data are used for the characterization of fire regimes, namely burned area
and active fire products. These products enable deriving spatial (e.g., fire patch size, burned
area), temporal (e.g., frequency, recurrence) as well as magnitude (e.g., fire intensity, fire
severity) attributes, necessary to characterize fire regimes. Additionally, remote sensing
has demonstrated its potential to study fire regimes at different scales, including local [2],
regional [18–21] and global studies [3,9,10,22–24]. Integration of remote sensing with socio-
economic data has also been carried out due to the impact of anthropogenic activities
such as fire ignition, fire suppression or fuel management, on fire regimes [10,25,26]. Early
attempts to define fire regimes from remotely sensed data were limited by the short length
of the time series available and the uncertainty of the products [10,27]. The former issue
is currently less problematic with time series spanning more than 20/30 years, although
uncertainty issues remain, mainly due to the lack of sensitivity of coarse resolution sensors
to small fires, which can result in a notable underestimation of the burned area [28].

Appraisal of fire regimes from remotely sensed data at global scale has been generally
based on gridded products at 0.5◦ spatial resolution. However, in recent years, global
databases based on individual events have been developed [9,22,29,30]. They are commonly
based on burned area products and apply spatial analysis to convert burned pixels to
burned patches, which offer more detailed information and flexibility to study fire regimes.
Delineation of individual events improves our understanding of actual fire events, facilitates
the integration of different products and avoids common artifacts at the edge of tiled
products. Moreover, deriving information of single fire events provides a more complete
picture of fire variability regionally or globally, and improves the information on intra-
annual variability (multi-season fires) [22]. Likewise, it allows obtaining information on fire
properties not previously available such as daily fire spread rate, as well as distinguishing
single large events from fire complexes, or linking this information with covariates such as
meteorological data [22]. Despite the advantages of these individual fire databases, they
generally lack some important information for fire regime characterization, like the one
related to the intensity or severity of the fire events. In addition, the cut-off time parameter,
measured in days, used to identify fire patches introduces additional uncertainty [31].

This research aims at identifying fire regimes globally from 19-year long satellite
products. In addition, the relation of the identified fire regimes to global forest fuel types
was evaluated. To achieve these objectives, an unsupervised k-means algorithm was
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applied to five fire attributes derived from global satellite remote sensing products. These
attributes enabled the characterization of fire regimes according to their spatial, temporal
and magnitude dimensions. Subsequently, the relation of the discriminated fire regimes
with fuel types was assessed.

2. Materials and Methods
2.1. Remote Sensing Products

Our characterization of global fire regimes was based on different fire traits obtained at
0.25◦ spatial resolution, representing different attributes of fires in the spatial, temporal and
magnitude dimensions (Appendix A). The spatial attributes encompass average fire size
(AFS), annual mean burned area (AMBA) and the coefficient of variation of the burned area
(CVBA). The temporal dimension was represented through the number of months for which
at least 10% of the grid was burned (#Months). Finally, the ecological impact or magnitude
dimension was accounted for through the fire radiative power (FRP), which is a measure of
the radiant energy released per unit time from biomass burning [32]. The source of the first
four parameters (AFS, AMBA, CVBA and #Months) was the FireCCI51 burned area product,
developed as part of the European Space Agency Climate Change Initiative. The FireCCI51
product was generated from MODIS 250 m reflectance data, complemented with 1 km active
fires, and it is available from 2001 to 2020 (https://climate.esa.int/en/projects/fire/data/,
accessed on 17 January 2022). The product was obtained from a hybrid algorithm applied
to monthly composites of daily MODIS reflectances [33]. Omission and commission errors
of this product are similar to other existing global burned area (BA) databases [33].

• AFS (Figure A1) is a key parameter determining the fire regime, which has been related
to fuel continuity and fuel flammability [3], but also includes indirect information
on fire management practices (as an active fire suppression or control policy will
derive in generally smaller patches). For computing AFS, the 2001–2020 FireCCI51
pixel product (at 250 m spatial resolution) was converted to burned patches using a
modified version of the algorithm developed by Oom et al. [34], using a cut-off of 6
days as the temporal threshold below which two neighboring pixels are considered as
belonging to the same fire patch. This allows capturing fires simultaneously ignited in
various starting points but merging into one single final burned patch. All fire patches
smaller than four pixels (approx. 25 ha) were discarded from the analysis as they are
the ones having the highest commission/omission errors [35].

• AMBA (Figure A2) represents the total occurrence of fires within each grid and is also
related to fuel continuity and flammability conditions, and was obtained as the mean
value of the yearly BA in each grid cell.

• CVBA (Figure A3) is an indicator of interannual variability (or alternatively, the persis-
tency) of fires in a particular area [10]. This variable has been used as a surrogate of fire
return interval, and indicates the impact of both climate cycles and anthropogenic fire
use on fire occurrence [26]. It is calculated for each grid cell as the standard deviation
of the yearly BA divided by AMBA.

• #Months (Figure A4) is a measure of the temporal extent of the fire season, represented
by the number of months with significant fire activity (more than 10% contribution to
the mean annual BA) [10].

• FRP (Figure A5) was used as an indicator of the damage caused by fire. To obtain
this metric, first the mean FRP of all MODIS hotspots (MCD14DL, Aqua and Terra)
located within each burned patch (of the ones used to compute AFS) was calculated as
described in Laurent et al. [36]. Then, a mean FRP value was obtained for each 0.25◦

grid cell as the average of the FRP of all fire patches within that cell for the whole
study period. When no hotspot was observed in a fire patch, a NA value was assigned,
and not considered in the mean FRP computation.

https://climate.esa.int/en/projects/fire/data/


Forests 2022, 13, 699 4 of 20

2.2. Classification of Global Fire Regimes

In order to identify the global patterns of fire regimes, an unsupervised clustering
approach was used. We applied a k-means algorithm that partitions the data according
to a similarity measure (e.g., Euclidean distance) so that the within-cluster variance is
minimized [37]. Prior to the application of the algorithm, the data were scaled to the [0–1]
range (Equation (1)) and variables showing skewness were log-transformed to meet the
symmetric distribution of variables assumption.

Xnorm =
(Xi − Xmin)

(Xmax − Xmin)
, (1)

where Xi is the value of the pixel, and Xmax and Xmin represent the maximum and the
minimum value of the variable, respectively.

An important step to describe the data more accurately is the determination of the
most appropriate number of clusters, minimizing the overlap among groups [38]. To
identify the optimal number of clusters, i.e., the number of fire regimes to be distinguished
from our remotely sensed data, we applied the elbow method, which is one of the oldest
and most popular algorithms applied for such an aim [39]. This algorithm considers the
total within-cluster sum of square (WSS) variation as a function of the number of clusters
so that the most appropriate number of clusters is found for the smallest WSS. Graphically,
the optimal number of clusters is found at the bend “elbow” of the curve representing
WSS as a function of the number of clusters [40]. Validation of the quality of the identified
clusters was performed using the silhouette score [41], which takes into account the mean
intra-cluster distance, i.e., the distance of each observation to the rest of observations of
its same cluster; and the mean nearest-cluster distance, i.e., the distance of an observation
to the observations of the next nearest cluster. The silhouette score ranges between −1
and 1, with negative values representing misclassified observations and values close to 1
representing good clustering [42].

2.3. Relation of Fire Regimes to Fuel Distribution

The k-means algorithm groups similar data according to the input features; therefore,
in order to provide a meaningful description of the identified groups, we computed
descriptive statistics for each input variable and the obtained clusters. Moreover, we
explored the relation of the identified fire regimes with the fuel types included in the
global fuel map developed by Pettinari and Chuvieco [43], which includes 274 different
fuel types, created as a combination of biomes and land cover data, and further subdivided
into 359 classes according to forest cover [43].

We aggregated the fuel types to a smaller number of classes taking into consideration
both the different biomes and the main land cover class (Table A1) to obtain a total of
27 different fuel types (FT) to be used in this study (Table 1 and Figure A6).

The aggregated fuel map was resampled to 0.25◦ to match the resolution of the fire
products, using a majority filter.

Similar to Chuvieco et al. [10], the association between the identified fire regimes and
fuels was measured by means of the contingency coefficient (CC), which was subsequently
adjusted for the table size by applying the Sakoda’s correction factor, as follows [44]:

CC =

√
χ2

χ2 + N
(2)

CC′ =
CC√
(K−1)

K

(3)

where N is the sample size and K is the smallest dimension of the contingency table. The
index varies in the range [0–1].
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Table 1. Biome and land cover combination of the fuel types analyzed in this study.

Fuel Type Reclassified Biome Reclassified Land Cover

FT1

1. Tropical moist forests

1. Crops and mosaics with crops
FT2 2. Forests and mosaics with preponderance of forest
FT3 3. Shrubland and mosaics with preponderance of low vegetation
FT4 4. Grassland and sparse vegetation

FT5
2. Tropical dry forests,

shrublands and grasslands

1. Crops and mosaics with crops
FT6 2. Forests and mosaics with preponderance of forest
FT7 3. Shrubland and mosaics with preponderance of low vegetation
FT8 4. Grassland and sparse vegetation

FT9

3. Temperate forests

1. Crops and mosaics with crops
FT10 2. Forests and mosaics with preponderance of forest
FT11 3. Shrubland and mosaics with preponderance of low vegetation
FT12 4. Grassland and sparse vegetation

FT13
4. Temperate shrublands

and grasslands

1. Crops and mosaics with crops
FT14 2. Forests and mosaics with preponderance of forest
FT15 3. Shrubland and mosaics with preponderance of low vegetation
FT16 4. Grassland and sparse vegetation

FT17
5. Boreal forests and tundra

1. Forests and mosaics with preponderance of forest
FT18 2. Shrubland and mosaics with preponderance of low vegetation
FT19 3. Grassland and sparse vegetation

FT20
6. Mediterranean forests

and woodlands

1. Crops and mosaics with crops
FT21 2. Forests and mosaics with preponderance of forest
FT22 3. Shrubland and mosaics with preponderance of low vegetation
FT23 4. Grassland and sparse vegetation

FT24

7. Desert and xeric shrublands

1. Crops and mosaics with crops
FT25 2. Forests and mosaics with preponderance of forest
FT26 3. Shrubland and mosaics with preponderance of low vegetation
FT27 4. Grassland and sparse vegetation

3. Results
3.1. Identifying and Characterizing Fire Regimes

Evaluation of the optimal number of clusters identifiable from our dataset using the
elbow method resulted in four clusters. Nevertheless, no sharp elbow could be unam-
biguously identified, and the percentage of variance explained kept increasing with the
number of clusters (Figure 1a). A further evaluation of the number of clusters based on
the silhouette confirmed the number of clusters, with groups clearly defined and a small
amount of misclassified pixels (Figure 1b). Therefore, we selected four fire regimes as the
optimal number of clusters from our remotely sensed data.

The most extensive class corresponded to group 2 (hereinafter FireReg2), with 35%
of the pixels assigned to this group, followed by group 4 (FireReg4) with 25.6%, group 1
(FireReg1) with 22.07%, and the least frequent was group 3 (FireReg3) with 17.3% of the
pixels belonging to this group. The mean and dispersion values of fire attributes for each
group (Table 2) make it possible to establish a first explanation of each resultant group:

• FireReg1 is characterized by a short season length, the lowest total burned area,
medium-low fire intensity and the smallest fire patches. This group also showed the
second largest interannual variability.

• FireReg2 was found to have the longest fire season, medium-low burned area and
medium size fire size, moderate intensity and moderate variability.

• FireReg3 had the shortest fire season with a low total burned area but caused by large
fire events with the highest intensity. This group also showed the largest variability.

• FireReg4 showed a long fire season with large fire events and the highest value of
mean burned area. However, this group had moderate intensity (the lowest of the four
groups) and the least variability.
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Figure 1. (a) Elbow plot for the identification of the optimal number of clusters. (b) Silhouette plot
for the validation of the number of clusters identified.

Table 2. Mean value of each attribute for each identified fire regime. The standard deviation of the
variables is shown in brackets.

FireReg1 FireReg2 FireReg3 FireReg4

# Months 2.26 (0.72) 3.02 (0.90) 1.77 (0.66) 3.00 (0.88)
AFS (km2) 2.04 (1.59) 6.54 (16.79) 17.4 (70.68) 15.84 (76.72)

AMBA (km2) 0.82 (0.86) 11.48 (12.65) 7.29 (9.25) 162.95 (151.41)
FRP (MW) 22.89 (36.50) 27.62 (23.28) 45.10 (57.47) 21.65 (12.46)

CVBA 2.66 (0.49) 1.56 (0.42) 3.33 (0.52) 0.65 (0.36)

Figure 2 shows the global distribution of the fire regime classes obtained from our
k-means classification. The most extensive class, FireReg2, showed a wide geographical
distribution from tropical to temperate areas. FireReg4, on the other hand, was more
concentrated in the tropical belt, particularly in Africa and northern Australia, followed
by South America. This regime was also present in temperate regions, although less
predominantly. The least common groups, FireReg1 and FireReg3, were mainly scattered
through boreal, both in Siberia and Canada-Alaska, and temperate regions. They were also
observed in southern America, in the borders of the most extensively burned regions, and
in inner parts of Australia.

3.2. Relation of Fire Regimes to Fuels Distribution

The analysis of the relation between fire regimes and fuel distribution showed a
statistically significant relationship (p < 0.001) with relatively strong associations (CC = 0.58
and CC’ = 0.67). It can be observed that each fire regime encompasses a wide variety of
fuel types (Figure 3). Nevertheless, a predominance of certain fuel types was observed for
each fire regime. Thus, five fuel types enclosed 63.51% of cells assigned to the FireReg1,
with FT17 (21.58%) being the most dominant followed by FT10 (14.81%), FT2 (12.24%), FT1
(7.47%) and FT9 (7.40%). In the case of FireReg2, the most extensive fire regime, six fuel
types accounted for 59.21% of the cells classified into this category. This category showed
a more even distribution among fuel types with FT2 representing 13.0%, FT13 10.31%,
FT5 9.85%, FT10 9.52%, FT1 8.33% and FT9 8.20%. FireReg3 showed a more concentrated
distribution, with a clear dominance of FT17 (38.53%) followed by FT27 (11.67%) and
FT10 (9.20%), the three representing 59.39%. Even higher dominance of fuel types was
observed for FireReg4 with three fuel types accounting for 61.46% of the activity. Thus, FT6
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represented 27.76% of the cells assigned to this fire regime, followed by FT7 with 20.43%
and FT5 with 13.27%.
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The distribution of fire regimes within each fuel type (Figure 4) was heterogeneous,
although a prevalence of a particular fire regime can be observed in certain cases. Ten out
of the twenty-seven fuel types considered represented more than 5% of the fire activity
each, whereas the rest showed a marginal activity. In addition, for these 10 fuel types,
two fire regimes represented around or more than 75% of the grid cells with fire activity.
Within these 10 fuel types, five different patterns can be discriminated. First, the fuel type
showing the highest proportion of affected cells corresponds to boreal forest (FT17) with
13.16% (Appendix B, Table A2). In this fuel type predominates FireReg3, which represented
more than 50% of the cells, followed by FireReg1 with almost 36%. These fire regimes
accounted for more than 85% of the fire affected cells. This fuel type is the largest fuel type
globally, distributed across North America and Eurasia. Both regimes had the shortest fire
season, largest interannual variability and low burned area but differed in fire intensity
and fire extent.
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All the fuel types located in the tropical dry biome (FT5 to FT8) showed a similar
pattern of fire regimes distribution, dominated by FireReg4 followed by FireReg2. Thus,
tropical dry forest (FT6), the second most affected (9.69%) fuel type, was clearly dominated
by FireReg4 (73.79%) and FireReg2 (19.3%). Both are characterized by a longer fire season,
low interannual variability and moderate intensity, differing in fire size and total burned
area. This fuel type is mainly distributed across southern hemisphere African Savannas
and the Gran Chaco region in South America and southeast Asia. A similar pattern was
observed for the tropical dry shrubland (FT7), which represented 6.72% of the affected cells,
with FireReg4 representing 78.32% and FireReg2 17.15% of the affected cells. This fuel type
is found mainly in northern Australia, shrublands of Angola and Zambia, and the Brazilian
Caatinga region. The crops in the tropical dry biome (FT5), which mainly occur in the Sahel
and southeast Asia (SEAS) and some part of the Llanos in Venezuela, showed almost the
same prevalence of FireReg4 (41.44%) and FireReg2 (41.79%). Finally, and although the
total burned surface represented less than 5% global fire activity, FT8 also showed the same
pattern of fire regimes, with FireReg4 (43.18%) and FireReg2 (32,79%) representing together
more than 75% of the fire regimes in that area, mainly comprised by the grasslands and
low vegetation in the fringes between the forest/savannas and deserts in northern and
southern Africa and Australia, the Llanos region in Colombia/Venezuela, and the wetland
regions in Argentina/Paraguay.

Crops in the temperate grassland biome (FT13) have 6.92% of all fire affected cells. In
this fuel type, approximately 52% of the cells belongs to FireReg2, followed by FireReg4
(23.04%), both accounting for approximately 75% of occurrence. This fuel type is located
across the Eurasian Steppes, followed by central Argentina, the central region of the United
States and the western part of New South Wales in Australia.
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Crops both in the tropical moist forest biome (FT1) and temperate forest biome (FT9)
showed similar distribution of fire regimes with FireReg2 representing nearly 50% of the
fire activity (48.25% and 48.35%, respectively), followed by FireReg1 (27.13% and 27.33%,
respectively). FT1 is mainly located in southeast Asia, Central America, southern Brazil,
eastern Paraguay and western Colombia and Venezuela. FT9 is mainly located in eastern
Europe, eastern China (Shandong and Heilongjiang provinces) and southern New South
Wales in Australia. Other cropland fuel types such as the ones located in the desert (FT24)
and Mediterranean (FT20) biomes, although with less global fire activity (2.05% and 1.60%,
respectively), were also dominated by FireReg2 followed by FireReg1, both accounting for
more than 75% of fire occurrence.

FireReg2 was also the dominant fire regime for the tropical moist forest and temperate
forest biomes (FT2 and FT10), representing 46.80% and 38.03%, respectively. The second
most dominant fire regime for this fuel types was FireReg1, with 27.60% and 37.10%,
respectively. Tropical moist forests affected by fire are in the deforestation fringe of the
Amazon, the border between the Republic of Congo and the Democratic Republic of Congo,
and Indonesia. As for FT10, burned grid cells are mainly found in northwest conterminous
United States and southwestern Canada.

Grasses in the desert and xeric shrubland biome (FT27) were characterized by a preva-
lence of FireReg2 (42.58%) followed by FireReg3 (33.64%). This fire activity is concentrated
in inner Australia, followed by Kazakhstan and eastern Mongolia.

Mediterranean fuels (FT20–FT23) represented less than 1% of the cells affected by
fire, despite fire representing the main natural disturbance. However, they show char-
acteristic patterns. Mediterranean forests (FT21) were dominated by FireReg3 (40.56%),
with large and intense fire events and high variability in persistence, followed by more
moderate fire events as represented by FireReg2 (35.91%). Mediterranean shrublands
(FT22) showed a dominance of FireReg2 (45.51%) and a similar influence of FireReg3 and
FireReg1 (27.54% and 23.35%, respectively). Mediterranean grasslands (FT23) were evenly
affected by FireReg1 and FireReg2 (36.60% and 34.54%, respectively), closely followed by
FireReg3 (27.58%).

4. Discussion

We identified four distinct fire regimes from our remotely sensed data representing
attributes in the spatial, temporal and magnitude dimensions of fires. Their spatial patterns
are similar to those obtained in previous works despite having a different number of
global fire regimes (Figure 5 in [10]; and Figure 2 in [3]), with fire activity concentrated
along the subequatorial belt and the southern boreal fringe. Differences in the number
of identified clusters, and on the characterization of fire regimes, can be explained by
differences in the techniques, the datasets and the length of the time series used as well as
the threshold applied to partition the variables in the definition of the regimes. For instance,
Chuvieco et al. [10] used a binarization of three variables based on active fires (instead
of burned area) spanning 6 years, representing the temporal and spatial dimensions of
fires but not the magnitude, resulting in eight different classes. Likewise, they applied
a threshold of 6 months to separate long from short duration of the fire season. From
our analysis of the 19-year time series data, the longest average length of the fire season
was only 3 months, and our definition of long or short season was relative to the length
of the season of the four regimes distinguished. Part of this difference in fire season
length might be explained because we selected only the months that had a significant
contribution to fire activity (more than 10% of the AMBA), in order to eliminate possible
outliers. Archibald et al. [3], using a 14-year long series of variables encompassing the
spatial, temporal and magnitude dimensions and a clustering approach, identified five
pyromes. Although we also used variables in the same dimensions, they were not the
same and the data sources also differed, which may explain the different optimal number
of fire regimes found. In our case, selecting five clusters instead of four meant the split
of FireReg2 into two groups differing in terms of length of the fire season, long versus
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medium. Spatially, these two new groups did not show a clear pattern but a scattered
distribution across FireReg2 (see Table A3 and Figure A7 in Appendix C).

Several authors have suggested that there is a close link between total burned area
with the length of the fire season [45] and the size of the fires [46]. However, the fire
regimes identified in this study showed a variety of combinations of the length of the
fire season and the size of fire events with the burned area. Thus, long fire seasons were
observed for fire regimes having medium BA extent as well as a large extent (FireReg2
and FireReg4). Likewise, we observed large fire events for fire regimes that presented
medium-low and large BA extent (FireReg3 and FireReg4). This agrees with findings by
Archibald et al. [3]. The most intense fires occurred in FireReg3, which had large fires,
short fire seasons and large interannual variability. These characteristics are compatible
with a dominance of stand replacing crown fires in areas where this fire regime dominates,
particularly in boreal [47] and temperate forests. Moreover, the high variability may result
from the large amount of biomass consumed, limiting the amount of fuel available for
subsequent fires.

We found a significant relationship between fuel types and fire regime (CC = 0.58,
CC’ = 0.67). This work represents the first attempt to appraise the association between fuel
types, which represent vegetation classes having similar combustion behavior [48], with
fire regimes, representing regions of similar fire characteristics. The relationships found
are slightly higher than those found by Chuvieco et al. [10] between the Holdridge Life
Zones (HLZ) and their fire regimes (CC = 0.54, CC’ = 0.58; p < 0.0001). One possible reason
for this is that the global fuel classification used is based on both biome and land cover
characteristics [43], while the HLZ are based on climatic variables more related to biomes,
but do not include an explicit vegetation component.

A dominance of FireReg2 was observed across all crop fuel types as well as in tropical
moist and temperate forests. It also showed high occurrence in Mediterranean forests and
shrublands with preponderance of low vegetation, whereas in boreal forests it has low
representation. Therefore, it could be inferred that this fire regime is related to human activ-
ities, including deforestation and cultivation in tropical forests. In fact, positive correlation
between human population density and burned area has only been reported in densely
forested tropical regions [49]. FireReg2 is the most extensive, showing a global distribution
and affecting almost all fuel types, which agrees with findings by Archibald et al. [3] who
also identified a human-derived pyrome.

The tropical dry biome represents the biome with the highest proportion of affected
cells, with 27.83% of the total burned cells. This biome includes almost all the fuel types
with a majority of cells having FireReg4. This is especially evident in the land covers
corresponding to forests (FT6) and shrublands (FT7), the latter also including savannas,
with more than 70% of burned grid cells corresponding to that fire regime. These fuel types
are mostly located in the Brazilian Cerrado, Africa (where they represent the majority of
the burned cells in the continent), and northern Australia. These regions have burned for
thousands of years [14], but in the last centuries these fire regimes have been widely altered
by human activities [18,50]. In these fuel types, the vegetation is adapted to fire [51,52],
which means that the fuels can grow and dry in short amounts of time, resulting in
very short fire-return intervals [18], as demonstrated by the low CVBA value of FireReg4.
Regarding the different fire regime allocation between FT6 and the rest of the fuel types
in this biome, recent studies have shown that the fragmentation of the landscape due to
agricultural practices can decrease the fire extent and fire size [49,53]. This could partially
explain the higher proportion of FireReg2 in the cropland fuel type, which has lower AMBA
and AFS values compared to FireReg4.

In the case of the boreal fuel types, they were dominated by FireReg3, followed by
FireReg1. Still, some differences were found between the different fuel types within this
biome. In the case of the grasslands (FT19), the burned cells were almost evenly distributed
between the two fire regimes (44% in FireReg1 and 47% in FireReg3) versus the forest fuel
type (FT17) having a clear majority of FireReg3 (36% and 51%, respectively). These two fire
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regimes are opposite in terms of fire intensity, with FireReg3 having the highest FRP versus
FireReg1 having almost the lowest. It is reasonable to expect that a grassland and sparse
vegetation fuel type, due to its low biomass, would not reach high values of FRP. Still, it
should be noted that the grid cells are classified as a “majority” fuel type at 0.25◦ resolution
from a 300 m original resolution, which means that they could also comprise regions
with forested vegetation that could have released high amounts of energy, contributing
to some grid cells being classified as FireReg3. Regarding the fire season, although both
predominant fire regimes have the shortest seasons, as expected by the short period of the
year when the climatic conditions allow fires to occur, the higher proportion of FireReg1
in FT19 could be explained because that fuel type is located mostly in central Russia and
central Canada, in regions with a high proportion of peatland cover [54]. In fact, the vast
majority of the FT19 cells in Asia are located in the Yamalia and Khantia-Mansia, which
have the largest peatland coverage within boreal Asia [54]. The smoldering combustion of
peatlands, compared to the flaming combustion typical of surface vegetation, can persist in
wetter conditions, hence extending the potential fire season [55]. Although the shrubland
and low vegetation fuel type (FT18) had more than 70% of the burned cells classified as
FireReg3, the small number of samples (only 0.07% of the global burned cells) does not
allow obtaining meaningful conclusions.

Expected changes in fire regimes, under the current context of climate change, would
have global environmental, climate and societal implications. Gaining better understanding
of these changes and their drivers, either climatic, anthropogenic [56] or ecological [49], is
essential to plan and develop climate change mitigation and adaptation policies. Global
remote sensing burned area or active fire products enable obtaining important variables
for the appraisal of fire regimes. However, variables derived from them are subject to
uncertainties related to the spatial resolution of the sensor, the burned area algorithm or
the parameters used to identify burn patches, such as the minimum fire patch or the cut-off
threshold used to merge single pixels into a fire patch [31]. The global burned area product
used in this research has been validated using a statistically robust approach [57]; yet,
Ramo et al. [28] found a large underestimation of burned area over sub-Saharan Africa
resulting from small fires (<100 ha) undetected as result of the sensor resolution. Studies
comparing fire patch features with reference data and intercomparing datasets identified
potential mismatches in fire number or size depending on the sensors and temporal cut-offs
used to aggregate pixels, both regionally and globally [31,58]. Further fire patch product
assessment should be performed, and increasing temporal/spatial resolution of sensors [59]
should lead to better accuracy in small fire characterization (number and size). This, in
turn, will most probably improve the characterization of the fire regimes. Finally, current
burned area and active fire products span 20 years, which allows for the characterization
of current fire regimes; yet, in order to detect changes in fire regimes, a longer time series
is necessary.

A comprehensive characterization of fire regimes cannot rely on remote sensing data
alone as they do not provide important variables such as those related to human activity,
which have been found to be important drivers of fire regimes affecting ignition and
suppression, and in turn modify the duration of the fire season and density [10,11,17]. The
influence of the human population varies among biomes, showing large heterogeneity in
their response to human activity [49]. Therefore, further efforts should be directed towards
the generation of demographic and socio-economic variables that could be integrated with
burned area and active fire products to improve our understanding of fire regimes and
their changes [26]. Likewise, homogenization on the remote sensing products and variables
used to define fire regimes would facilitate the comparison, analysis and monitoring of
fire regimes, and the evaluation of whether fire regimes are effectively changing and the
possible drivers of these changes.



Forests 2022, 13, 699 12 of 20

5. Conclusions

This paper provides a characterization of fire regimes globally based on five attributes
describing the temporal, spatial and magnitude dimensions of fires using 19 years of remote
sensing products. Using an unsupervised k-means clustering approach over these fire
attributes derived from active fire and burned area products, fire activity was represented
by four fire regimes. Fire activity is concentrated along the subequatorial belt and the
southern boreal fringe, where FireReg2 and FireReg4 are predominant. FireReg2 was
characterized by a long fire season, medium size fire events, small burned area, high
intensity and medium variability. FireReg4 presented long fire seasons, large fire events,
the highest mean burned area, the lowest intensity and the least variability. Outside these
latitudes, FireReg1 and 3 are prevalent, although presenting a more scattered pattern.
FireReg1 showed a short fire season, the lowest burned area, with medium-low intensity,
the smallest fire patches and large variability. Finally, FireReg3 presented the largest burned
area with large fire patches of moderate intensity and low variability.

The analysis of fire regimes compared to fuel types showed that most of the fuel
types are present in all fire regimes and vice versa, although some fuel types were clearly
associate with some specific fire regimes. Thus, three to six fuel types comprised most of
the fire activity of each fire regime. Likewise, two fire regimes represented more than 70%
of the fire activity found in almost all fuel types.

This paper contributes to the efforts of properly defining fire regimes, using the longest
time series of remotely sensed data so far. Nevertheless, further efforts should be directed
towards the standardization of the variables used to define fire regimes and the inclusion of
demographic and socio-economic variables to improve our understanding of fire regimes
and their changes.
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FireReg Fire Regime
FRP Fire Radiative Power
FT Fuel Type
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WWS Within-cluster sum of square
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Table A1. Reclassification of the biomes and land cover classes of the global fuel dataset [43]. The
classes correspond to the ones shown in Figure 5 of that article.

# Reclassified Correspondence to the Classes in Global Fuel Map

Biomes

1 Tropical moist forests Tropical/Sub-tropical moist broadleaf forests, tropical/sub-tropical
coniferous forests, mangroves

2 Tropical dry forests, shrublands
and grasslands

Tropical/Sub-tropical dry broadleaf forests, tropical/sub-tropical
grasslands, savannas and shrublands

3 Temperate forests Temperate broadleaf and mixed forests, temperate coniferous forests
4 Temperate shrublands and grasslands Temperate grasslands, savannas and shrublands
5 Boreal forests and tundra Boreal forests/taiga, tundra
6 Mediterranean forests and woodlands Mediterranean forests, woodlands and scrub
7 Desert and xeric shrublands Desert and xeric shrublands

Land Cover

1 Crops and mosaics with crops Cropland, mosaic cropland (50–70%)/vegetation (20–50%), mosaic
vegetation (50–70%)/cropland (20–50%)

2 Forests and mosaics with
preponderance of forest

Broadleaved evergreen or semi-deciduous forest, broadleaved
deciduous forest, needleleaved evergreen forest, needleleaved

deciduous forest, broadleaved/needleleaved evergreen mixed forest,
broadleaved/needleleaved deciduous mixed forest, mosaic

forest-shrubland (50–70%)/grassland (20–50%), broadleaved forest
regularly flooded (fresh-brackish water), broadleaved
forest-shrubland permanently flooded (saline water)

3 Shrubland and mosaics with
preponderance of low vegetation Mosaic grassland (50–70%)/Forest-shrubland (20–50%), shrubland

4 Grassland and sparse vegetation Grassland, sparse vegetation, grassland/shrubland regularly flooded
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FT8 201 1007 537 1326 3071 3.18
FT9 1565 2769 535 858 5727 5.93
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Appendix B

Table A2. Number of grid cells burned for each fuel type (FT) and fire regime (FireReg).

FireReg1 FireReg2 FireReg3 FireReg4 Total Percentage of the Total Burned Cells

FT1 1581 2812 443 992 5828 6.04
FT2 2590 4391 664 1738 9383 9.72
FT3 198 408 85 359 1050 1.09
FT4 47 149 14 170 380 0.39
FT5 945 3326 389 3298 7958 8.24
FT6 443 1805 204 6902 9354 9.69
FT7 174 1112 120 5079 6485 6.72
FT8 201 1007 537 1326 3071 3.18
FT9 1565 2769 535 858 5727 5.93
FT10 3135 3214 1540 562 8451 8.75
FT11 50 89 48 12 199 0.21
FT12 230 229 121 53 633 0.66
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Table A2. Cont.

FireReg1 FireReg2 FireReg3 FireReg4 Total Percentage of the Total Burned Cells

FT13 1089 3482 571 1539 6681 6.92
FT14 461 568 227 112 1368 1.42
FT15 319 457 307 17 1100 1.14
FT16 644 1253 413 466 2776 2.88
FT17 4567 1612 6452 70 12,701 13.16
FT18 17 2 45 0 64 0.07
FT19 442 85 476 3 1006 1.04
FT20 514 664 265 97 1540 1.60
FT21 168 293 331 24 816 0.85
FT22 46 76 39 6 167 0.17
FT23 142 134 107 5 388 0.40
FT24 615 892 306 169 1982 2.05
FT25 76 76 105 12 269 0.28
FT26 420 389 448 92 1349 1.40
FT27 483 2473 1954 898 5808 6.02
Total Burned Cells 96,534
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Figure A7. Spatial distribution of the global fire regimes identified from the remotely sensed products
selecting five clusters as the optimal number of groups. The bottom panel shows a zoomed region in
central South America, as delineated in the global map.
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Table A3. Mean value of each attribute for each identified fire regime selecting five clusters. The
standard deviation of the variables is shown in brackets. Correspondence among classes using
4 and 5 clusters: FireReg1 (FireReg2); FireReg2 (FireReg3); FireReg3 (FireReg2); FireReg4 (FireReg1);
FireReg5 (FireReg4).

FireReg1 FireReg2 FireReg3 FireReg4 FireReg5

# Months 2.33 (0.71) 4.25 (0.90) 2.49 (0.58) 1.76 (0.65) 2.92 (0.76)
AFS (km2) 2.04 (1.61) 7.44 (25.26) 8.86 (31.22) 15.86 (67.54) 15.63 (80.52)
AMBA (ha) 0.82 (0.86) 18.54 (27.80) 14.21 (16.30) 6.29 (8.05) 190.17 (18.00)
FRP (MW) 23.00 (36.37) 28.16 (22.94) 27.78 (23.84) 44.08 (57.49) 2053 (10.87)

CVBA 2.62 (0.47) 1.40 (0.48) 1.55 (0.44) 3.39 (0.47) 0.56 (0.31)
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