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S2 Supplementary Material for Section 2: Context of Recent
Extremes

S2.1 Method

S2.1.1 Contemporaneous Fire Weather

In this edition of the report, we introduce routine summaries of the extreme (95" percentile)
fire weather days during the March 202471 February 2025 global fire season based on the fire
weather index (FWI), a common metric of fire danger developed by the Canadian Forest
Service as part of the Canadian Forest Fire Danger Rating System (CFFDRS) (van Wagner,
1987). The FWI comprises various components that consider the influence of weather on fire
danger, with 2m temperature, 10m wind speed, precipitation, and 2m relative humidity as
prerequisite variables. Higher FWI values are generally seen during droughts and heatwaves
but they are more broadly indicative of meteorological conditions more conducive to wildfires
in environments with sufficient fuel load (Di Giuseppe et al., 2016; Jones et al., 2022).

We base our analysis of extreme (95th percentile) fire weather on the FWI dataset derived
from the Copernicus Climate Change Service ERAS reanalysis (Hersbach et al., 2023; Vitolo
et al.,, 2020) and maintained by the Copernicus Emergency Management Service (CEMS,
version4.1 2019). This dataset provides global fire weather data at a 0.25° spatial resolution
and daily temporal resolution. To identify extreme fire weather conditions, we computed the
95th percentile of daily FWI values at 0.25° resolution over the reference period March 19781
February 2025 (i.e., covering 46 fire seasons). For each fire season, we then calculated the
number of days on which the daily FWI exceeded this threshold, yielding our estimate of
extreme fire weather days, referred to as FWlgs¢0 defined as the annual number of days when
fire weather conditions surpass the 95th percentile threshold.

Anomalies in FWIgsq for the March 20241 February 2025 fire season were subsequently
calculated following the same methodology used for the observational fire variables, and are
presented as (i) ranks, (i) proportional anomalies, and (iii) standardised anomalies (see
Section 2.1.2.1). The data produced using these methods are available from (Turco et al.,
2025).

We adopt FWIlgssq as our metric for extreme fire weather for several reasons. First, FWlgsq
focuses on periods of high fire danger, when fire ignition and rapid spread are more likely (e.g.
Barbero et al., 2014). Second, it has been widely used in previous studies assessing firei
climate relationships (Abatzoglou et al., 2019; Jones et al., 2022; Quilcaille et al., 2023) ,
supporting consistency with the broader literature. Third, and crucially for a global analysis,
the use of a quantile-based threshold reduces the impact of regional biases in absolute FWI
values, allowing for a more robust comparison of fire weather extremes across geographically
diverse environments.

S2.1.2 21% Century Trends in Burned Area

To place recent extremes in the context of fire trends of the past two decades, we update our
regional analyses of trends in annual BA from Jones et al. (2022). In contrast, we present
trends that align more closely with global fire seasons, spanning the period March 2002-
February 2025 rather than trends over calendar years. We quantified trends using the Theil-
Sen slope estimator, which is useful when data may contain outliers or be non-normally
distributed making it less sensitive to outliers than a standard least squares regression slope.
Changes were calculated by multiplying trends (unit year™) by the number of fire seasons in
the period of coverage for each variable (Section 2.1.1.2). Relative changes were calculated
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167  as the absolute changes divided by the mean annual BA during the period following (Andela
168 et al., 2017; Jones et al., 2022). The significance of trends was evaluated using the Mann-
169 Kendall test, with a confidence level set at 95%.

170

171  Inaddition to reporting trends in total BA, we also present trends in forest BA as these regularly
172  diverge from total BA trends, following Jones et al. (2024a) see Section 2.2.2). Forest BA is
173  calculated as described in Section 2.1.1, but after isolating burned cells in areas with tree
174 cover exceeding 30% in NASAOSs annual MODI S MO
175 Vegetation Field product (250m; Dimiceli et al., 2015). The 30% threshold is widely used
176  amongst studies of forest cover change (Cunningham et al., 2020; e.qg. Li et al., 2017; Sexton
177 etal., 2016).

178

179 S2.2 Results

180

181 S2.2.1 Contemporaneous Fire Weather
182

183  Section 4 of this report comprehensively explores the drivers of the extreme fire season for 4
184  selected events during 2024-25, not only in terms of meteorological factors influencing the
185  preconditioning of vegetation fuels for fire but also including factors such as fuel loading, land
186 use and management, and ignition opportunities. However, because large-scale regional
187  patterns of drought and heatwave are known to influence fire extent (Abatzoglou et al., 2018;
188 Jolly et al.,, 2015; Jones et al.,, 2022), we briefly summarise here the meteorological
189 circumstances underlying some of the regional extremes of the 2024-25 fire season identified
190 above. Robust relationships are observed between fire weather and fire activity in regions with
191 ample fuels across multiple decades, particularly in forests (Abatzoglou et al., 2018; Jones et
192  al., 2022, 2024a; Turco et al., 2018).

193

194  Figure S2 shows world regions experiencing high levels of extreme fire weather during the
195  2024-25 fire season (data are available from Turco et al., 2025). Extreme fire weather was
196 notably prevalent in the majority of regions in tropical South America, with the highest number
197  of fire weather days on record in most states of Brazil, Bolivia and Peru and many other states
198 of Colombia, Venezuela, and the Guianas experiencing a high-rankingi if not record-breakingi
199 number of days with extreme fire weather. For example, Amazonas State in Brazil experienced
200 more than 50 additional days of extreme fire weather than its annual mean and many regions
201 saw more than a month of additional fire weather days than is the average year (Figure S2).
202  The spatial pattern of fire weather anomalies (Figure S2) clearly aligns with the elevated fire
203  activity across the Amazon, broader moist tropical forests, Pantanal, and Chiquitano regions
204  of South America during 2024-25 (Figure 2, Figure 3). Similarly, Mesoamerica experienced
205  an unusually high number of extreme fire weather days during 2024-25 (Figure S2) and this
206 s likely one factor contributing to higher than average fire activity in parts of Mexico during
207  2024-25 (Figure 2, Figure 3).

208

209 In Canada, some anomalies in extreme fire weather were observed in the northernmost
210 provinces of western Canada (e.g. Northwest territories) and some eastern provinces during
211  2024-25 (Figure S2). Although anomalies in BA and C emissions were indeed centred on the
212  same regions of Canada, we note that the anomalies in extreme fire weather days were fairly
213  small and overall less widespread than the anomalies in BA and C emissions. This evidence
214  points towards other factors (beyond contemporaneous fire weather) as drivers of the elevated
215 fire activity during 2024-25, potentially including the carryover effects of the prior-year
216 heatwave and drought from 2023 and of overwintering ignitions from smouldering peat
217  combustion (Scholten et al., 2021).

218

219 In Africa, widespread high fire weather was observed across the Congo basin during the 2024-
220 25 fire season (Figure S2), aligning strongly with the anomalous BA and fire C emissions
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observed in the region (Figure 2, Figure 3). In Southern Africa, extreme fire weather
anomalies were widespread (Figure S2) but also characteristically decoupled from anomalies
in BA (Figure 2) due to the inverted relationship between fire weather and fire activity in this
fuel-limited region, where fire weather tends to correlate with poor vegetation productivity
(Jones et al., 2022).

In Eastern Europe, anomalies in extreme fire weather were centred on Ukraine and the Balkan
states (Figure S2), corresponding with BA and C emissions anomalies in some parts of
Ukraine, Serbia, and North Macedonia (Figure 2, Figure 3). However, spatial relationship
between extreme fire weather and extreme fire activity was not direct in neighbouring regions,
with western Turkey (for example) experiencing above-average BA and emissions (Figure 2,
Figure 3) despite no clear anomaly in extreme fire weather (Figure S2). Similarly, anomalies
in extreme fire weather spanned much of southern and southeast Asia (Figure S2), yet
positive anomalies in BA and fire C emissions emerged in northern India, Nepal and
Bangladesh but not in nearby parts of Thailand, Cambodia and Myanmar (Figure 2, Figure
3). In Siberia, a record-breaking number of extreme fire weather days occurred during the
2024-25 fire season (Figure S2) but did not translate into especially high BA or fire C
emissions (Figure 2, Figure 3). This is a somewhat surprising finding for this region, given
that the most extreme fire seasons of 2020 and 2021 were previously linked with extreme fire
weather associated with heatwave and drought (Zheng et al., 2023).

Overall, these findings highlight that there is noise in the relationship between fire weather and
BA, with extreme fire weather preconditioning vegetation to burn but a variety of other factors
such as ignition availability, fuel loading, and management factors driving dissociation in
certain regions and years. For certain focal events, Section 4 formally evaluates the role of
fire we atchmponénss (tampdrature, precipitation, humidity and wind speed) as
drivers of fire alongside non-meteorological factors.

S2.2.2 215 Century Trends in Burned Area

The anomalies of 2024-25 occur against a backdrop of trends in BA this century that point
towards shifts in fire regime. Figure S3 shows significant trends in BA and forest BA across
the fire seasons in the period March 2002-February 2025 derived from MODIS BA data. While
many world regions are experiencing declines in total BA, increases in forest BA are far more
prevalent than declines at the scale of continental biomes, countries, and administrative
regions.

In South America, trends in total and forest BA are varied. The more than doubling of both
total and forest BA in Amazonas (significant at p<0.05; Figure S3), among the most pristine
parts of Amazonia, contrasts with the neighbouring state of Para, where total BA has fallen by
44% (p<0.05) as deforestation rates and deforestation-related fires have broadly declined
since their peak during the early 2000s (Mataveli et al., 2025). The anomalous fire activity and
C emissions in Amazonas state during the 2024-25 fire season is consistent with the emerging
pattern of increased fire extent within in the state, whereas in Pard and other regions of South
Americabs tr opi c-29anomalypenctuates theteither redugigdr stable BA
trends of recent decades.

More broadly across the tropics, total BA has reduced across many savannah regions of
Africa, South America, and northern Australia (Figure S3). The low fire seasons of 2024-25
and 2023-24 in the African savannahs (Section 2.2.1.2) are highly consistent with the decline
in BA seen in those regions this century. In tropical forests, BA has generally fallen in
Southeast Asia, increased in the Congo basin, and shown no significant trend in South
America. Hence, fires in the tropics do not show a consistent global trend (Figure S3). Notably,
the BA anomalies seen in the Congo basin during the 2024-25 fire season appear to be an
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extension of a trend towards increased BA across in the region over recent decades (Figure
S3).

Northern hemisphere extratropical regions in North America and Asia show a clear pattern of
increased forest BA since 2002 (Figure S3), which is also visible on national scales in Canada
and the US and on state/provincial scales in various states of western and eastern Canada,
the western US, and northeast Russia. The consecutive large anomalies in BA in Canada
during 2023-2024 and 2024-25 align with the doubling of forest BA seen in Canada across fire
seasons since 2002 (significant trend, p < 0.05) and a 22% increase in total BA in Canada
(marginally significant at p < 0.1). Three Canadian provinces showed significant increases in
both total and forest BA this century: British Columbia (+39-49%); Northwest Territories (+52-
80%), and; Yukon (+75-141%). No Canadian provinces experienced a significant decline in
forest BA or total BA. More widely, there was a 51% increase in forest BA in the North
American boreal forest biome since 2002, and a 118% increase across the pan-boreal forest
biome of North America and Eurasia. The succession of events affecting boreal forests in
Canada in 2023 and 2024, Siberia in 2020, and both North America and Siberia during 2021
are part of a continued trend towards rising fire extent in high latitude forests this century
(Jones et al., 2024a).
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Figure S1: Comparison of the burned area (BA) estimates from (left column) the ESA
Climate Change Initiative FireCClI product Sentinel-3 SYN Burned Area Grid product, version
1.1 (Chuvieco et al., 2024; FireCCIS311; Lizundia-Loiola et al., 2022), (middle column) the
VIIRS BA product produced by NASA (VNP64A1 v002) (Giglio, 2024; Zubkova et al., 2024)
and (right) the MODIS BA product produced by NASA (MCD64A1 collection 6.1; Giglio et al.,
2018).
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301
302  Figure S2: Extreme fire weather in the past fire season, including (top panel) the number of

303 days with extreme (95" percentile) fire weather during the 2024-25 fire season, (middle panel)
304 the anomaly versus the mean of all prior fire seasons 2002-2024, and (bottom panel) rank
305 amongst all fire seasons since 2002.
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Figure S3: Relative changes (%) in (left panels) total annual BA and (right panels) forest
BA across March-February fire seasons during 2002-2025 for three regional layers: (top
panels) continental biomes; (middle panels) countries, and; (bottom panels) level 1
administrative regions (e.g. states or provinces). Forest BA considers only areas with tree
cover over 30% at the native (500 m) resolution of the BA observations. Relative changes are
calculated as the trend in BA across fire seasons March 2002-February 2003 through March
2024-February 2025 multiplied by the number of years in the time series and divided by the
mean annual BA during the period. Trends in BA are derived using the Theil-Sen slope
estimator. Only significant trends in BA are shown (dark grey fill signifies no significant trend).



316

317

318

319
320

321
322
323
324
325
326

Initial Month of Burned Area Anomaly

o = \%"‘\::\
o
Yoo oWy ‘A?
-y,
T g W AV T \
b oy |

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure S4: (Top panel) first month, (middle panel) peak month, and (lower panel) final
month of positive BA anomalies at Global Administrative Level 1 during March 2024-February
2025. Peak anomalies are identified relative to the monthly climatology in 2001-2024. The first
and final months of the BA anomaly incorporate the period when BA was continuously above
the climatological mean. Graduated colours are separated seasonally.
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Northeast Amazonia Burnt Area Anomaly Sep 23 - Feb 25
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327
328 Figure S5: Monthly anomalies in absolute BA fraction (unit: additional % of cell area

329  burned) at 0.25° for Northeast Amazonia throughout the 2024-25 fire season compared with
330 the 2001-2024 climatological mean.
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332 Pantanal & Chiquitano Burnt Area Anomaly Sep 23 - Feb 25
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335 Figure S6: Same as Figure S5 but for the Pantanal & Chiquitano.
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Southern California Burnt Area Anomaly Sep 23 - Feb 25
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337
338 Figure S7: Same as Figure S5 but for Southern California.
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Congo Basin Burnt Area Anomaly Sep 23 - Feb 25
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340 Figure S8: Same as Figure S5 but for the Congo Basin.
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S3 Supplementary Material for Section 3

2024-2025 Population Exposure (Million People) by Country

2024-2025 Asset Exposure (Billion USS) by Country
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Figure S9: (left panels) Population and (right panels) physical assets exposed to burned
area (BA) during the 2024-25 global fire season. The figure shows (top panels) the number
of people or the asset value (billion US$) exposed to fire and (bottom panels) the relative

anomaly versus all years since 2002.
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Figure S10: Exceptional 2024 fire activity in carbon projects can be explained by regional
drought extremes and a long-term increase in drought and forest fire risk. (a) Number of
projects with burned area (BA) in each year, (b) average annual percentage of project area
burned, (c) 2024 drought anomaly for all projects (12-month SPEI; negative values indicate
drier conditions). In (a) and (b), the red star indicates the 2024 ranking among other years.
Data are shown for all projects (all), Latin America (LA), northern America (NA), Eurasia
(EUAS), and Africa (AF).

S4 Supplementary Material for Section 4

S4.1 Methods

S4.1.1 Probability of Fire

To model the probability of active fire occurrence at high spatial and temporal resolution,
Sparky is trained on daily, gridded observations of satellite-detected active fires from the
MCD14ML fire location product, produced by the University of Maryland (Giglio et al., 2020).
This dataset contains point-based fire detections from the MODIS instruments aboard the

Terra and Aqua satellites. We first aggregated

latitudeT longitude grid at approximately 9 km resolution, using a daily time step. For each grid
cell and day, the target variable was assigned a binary value: 1 if at least one MODIS active
fire detection was present in that cell on that day, and 0 otherwise. The model was then trained
to predict the probability of observing at least one active fire in a given grid cell on a given day.
After training, we applied the model globally to generate daily, grid-based probability maps.
While the model outputs the likelihood of at least one fire occurring per grid cell per day, we
interpret the sum of predicted probabilities across all grid cells within a domain as an estimate
of the expected number of active fire-affected grid cells. This interpretation is consistent with
the probabilistic nature of classification outputs in ensemble tree models and is particularly
suitable for modelling sparse events such as fire occurrence (Gneiting and Katzfuss, 2014).
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379 S4.1.2 ConFLAME

380 ConFLAME (Controlar Fogo Local Analise pela MS§:
381  Analysis by Maximum Entropy' in English) is a probabilistic, control-based fire model designed

382 to evaluate and attribute burned areas under diverse climate and socio-environmental

383  scenarios. It directly builds upon the established ConFire and FLAME models (Barbosa et al.,

384  2025; Kelley et al.,, 2019, 2021), i ntegrating -SBuctaréd apmdach withont r ol
385 FLAME's Bayesian inference framework based on the Maximum Entropy principle. Full details

386  can be found in Barbosa et al. (submitted). ConFLAME is specifically developed for attribution

387  purposes, including compatibility with satellite-derived burned area data. This hybrid model

388 allows for spatially explicit, event-scale attribution, making it applicable across different

389 timeframes and regions. This means that, new to this year's report, our burned area (BA) driver

390 and attribution assessments can now target both high burned area zones within subregions

391 and the overall burned area across our entire focal region.

392 ConFLAME simulates monthly fractional burned area at grid-cell level using a set of
393  environmental and anthropogenic controls, each representing a key dimension of fire
394  regulation. These controls capture the limitations imposed by factors such as:

395 0 Fuel availability and continuity

396

397 0 Fuel dryness

398

399 0 Fire weather (including temperature and relative humidity)
400

401 0 Wind speed

402

403 0 Ignition sources (both natural and human-caused)

404

405 0 Fragmentation and suppression (e.g., from land use, roads, or firefighting)
406

407 0 Stochastic influences (unmodelled or residual variation)
408

409 Each control predicts the maximum possible burned area under ideal conditions for that
410 specific factor. For instance, the céudbuenlifalldr yness
411  other factors, such as fuel, ignition or suppression, impose no limitations. These controls are
412  derived as linear combinations of their respective drivers (see Table S1 for assignment
413  details), which are then transformed using the logistic function to produce a value between 0
414 and 1. The individual control outputs are multiplied together to give a final burned area
415  estimate, capturing the combined effects of all constraints (Kelley et al., 2021). This
416  multiplicative structure allows interactions between drivers to influence fire outcomes and
417  accommodates compound extremes where multiple drivers align to produce extreme BAs. As
418 per Barbosa et al. (2025), this BA is corrected for sub-grid spatial/temporal autocorrelation
419 that may alter overall fire spread and therefore BA.

420 ConFLAME uses a Bayesian inference approach following a similar protocol to (Barbosa,
421  2024). We use the PyMC (v5) Python package with the Metropolis-Hastings MCMC sampler
422  (Hoffman and Gelman, 2011). Optimisation runs over 10 parallel chains with 1,000 tuning and
423 1,000 sampling iterations per chain to determine the probability distribution of model
424  parameters, such as those describing driver combination control strength and BA
425  autocorrelation. The model employs a Maximum Entropy update function to avoid
426  unnecessary assumptions beyond data constraints (Barbosa et al., 2025). Training utilising
427  50% of the data or a minimum of 4000 grid cells. Instead of a single outcome. This approach
428  produces a full distribution of possible burned area results for each grid cell and month,
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capturing uncertainty in parameters and fire variability. This allows rare but plausible
outcomes, such as unusual BA levels, to emerge when multiple conditions favour fire.

Once trained, ConFLAME is run in large ensembles to approximate the posterior BA
probability distributions:

0 For attribution experiments (e.g., climate vs human vs combined forcing), we randomly
sample 400 simulations from each chain (so 4000 samples), each using parameter
samples drawn from the posterior distribution. For climate or human attribution, we pair
each of these with an additional sample using counterfactual (either without
anthropogenic forcing, without climate change or without people) inputs.

O«

For future projections, a smaller ensemble of 1000 sampled (100 for each chain)..

O«

As per (Barbosa, 2024), for evaluation we trained the first half of the period and test
on the second half using 1000 samples. For the rest of the results, we trained on the
full period.

Each simulation in the ensemble represents one possible realisation of fire behaviour,
conditioned on a plausible combination of parameters and driver inputs. The ensemble as a
whole approximates the posterior distribution of burned area for each grid cell and time step.

When analysing outputs across time (e.g., seasonal totals) or space (e.g., regional
aggregates), probability metrics (mean, median, percentiles) are computed per ensemble
member first, and then the distribution of these metrics is used to reconstruct a consistent
posterior for the aggregated quantity. This preserves the dependencies within each realisation
and avoids artificial narrowing of uncertainty that would result from averaging across
distributions rather than ensembles.
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Table S1: Overview of predictors used in the two fire attribution models (PoF and ConFLAME).
Predictors are grouped into four control categories. n indicates inclusion in the model, with (+)
or (') signs representing positive or negative influence over fire occurrence in ConFLAME.
Resolution and temporal coverage refer to the dataset version used during model training.
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Category | Predictor PoF | Con- Con- Spatial Temporal Reference
FLAME | FLAME Resolution | Coverage
(sectio | (section
n 4) 5)
Weather 2m Temperature | n n (+) n (+) ~9 km 20037 2025 | (Mufioz-Sabater
(0.1°) etal., 2021)
2m Dewpoint n n (i) f) ~9 km 20037 2025 | (Mufioz-Sabater
Temperature (0.1°) et al., 2021)
Relative ) ) n (i) (0.25°) 20031 2025 | (Mufioz-Sabater
Humidity etal., 2021)
10m Wind n n (+) n (+) ~9 km 20031 2025 | (Mufioz-Sabater
Speed (0.1°) etal., 2021)
Precipitation n n (i) n (i) ~9 km 20031 2025 | (Mufioz-Sabater
(0.1°) etal., 2021)
Fuel Live Leaf Fuel n n (+) n (+) ~9 km 20031 2025 | (McNorton and
Load (0.1°) Di Giuseppe,
2024)
Live Wood Fuel | n n(+) n (+) ~9 km 20037 2025 | (McNorton and
Load (0.1°) Di Giuseppe,
2024)
Dead Foliage n n (+) n (+) ~9 km 20037 2025 | (McNorton and
Fuel Load (0.1°) Di Giuseppe,
2024)
Dead Wood Fuel | n n ) n (+) ~9 km 200312025 | (McNorton and
Load (0.1°) Di Giuseppe,
2024)
LAI'T Low/High | n n (+) n (+) ~9 km 20037 2025 | (Boussetta et
Vegetation (0.1°) al., 2021)
Live Fuel n n (i) & ~9 km 20037 2025 | (McNorton and
Moisture (0.1°) Di Giuseppe,
Content 2024)
Dead Foliage n n (i) ] ~9 km 200371 2025 | (McNorton and
Moisture (0.1°) Di Giuseppe,
Content 2024)
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Dead Wood n (i) ) ~9 km 20031 2025 | (McNorton and
Moisture (0.1°) Di Giuseppe,
Content 2024)
Ignition Pasture Fraction n i) [n &) ~25 km 20071 2025 | (Klein Goldewijk
(0.25°) et al., 2010)
Cropland n i) [ n (+) ~25 km 20071 2025 | (Klein Goldewijk
Fraction (0.25°) et al., 2010)
Urban n (+i) n (+i) ~25 km 20071 2025 | (Klein Goldewijk
Population (0.25°) et al., 2010)
Rural Population n i) [n &) ~25 km 20077 2025 | (Klein Goldewijk
(0.25°) et al., 2010)
Population ) ) ~9 km 2005, (Center for
Density (0.1°) 2010, International
2015, 2020 | Earth Science
Information
Network
(CIESIN), 2025)
Road Length 6 6 ~9 km 2015 (Meijer et al.,
(0.1°) 2018)
Cloud-to-ground n (+) n (+) ~25 km 2019-2025 | (Qu et al., 2025)
lightning (0.25°)
Lightning ) ) ~9 km 2019-2025 | (Lopez, 2016)
(0.1°)
Vegetation Type 6 6 ~9 km 2003-2021 | (Boussetta et
(0.1°) al., 2021)
Urban Fraction 6 6 ~9 km 2010 (McNorton et
(0.1°) al., 2023)
Orography 6 6 ~9 km Static (Boussetta et
(0.1°) al., 2021)
Missed n n Model- 200712025 | (Barbosa et al.,
Prediction defined 2025) This
Term study
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459 S4.2 Results

460
461  Figure S11: Pantanal and Chiquitano fire forecast (as for Figure 8 in the main text). Chicklet

462  plots displaying seamless FWI and POF fire predictions over 10 days forecast. The x-axis
463  corresponds to specific dates throughout the year, while the y-axis denotes either observations
464  or the time leading up to the date when a forecast was generated. The vertical colour
465  coherence allows for quick identification of the time windows of predictability associated to the
466  observed fire activity both provided in terms of number of detected active in a day fires and
467  total BA in a month (circles). The maps represents a snapshot in time at day 0 to allow the
468  comparison of the spatial distribution of the forecasts and the recorded fire activity by MODIS.
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