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Abstract Fire danger indices are descriptors of fire potential in a large area, and
combine a few variables that affect the initiation, spread and control of forest fires.
The Canadian Fire Weather Index (FWI) is one of the most widely used fire danger
indices in the world, and it is built upon instantaneous values of temperature, relative
humidity and wind velocity at noon, together with 24 hourly accumulated precipitation.
However, the scarcity of appropriate data has motivated the use of daily mean values
as surrogates of the instantaneous ones in several studies that aimed to assess the
impact of global warming on fire. In this paper we test the sensitivity of FWI values
to both instantaneous and daily mean values, analyzing their effect on mean seasonal
fire danger (seasonal severity rating, SSR) and extreme fire danger conditions (90th
percentile, FWI90, and FWI>30, FOT30), with a special focus on its influence in
climate change impact studies. To this aim, we analyzed reanalysis and regional climate
model (RCM) simulations, and compared the resulting instantaneous and daily mean
versions both in the present climate and in a future scenario. In particular, we are
interested in determining the effect of these datasets on the projected changes obtained
for the mean and extreme seasonal fire danger conditions in future climate scenarios,
as given by a RCM. Overall, our results warn against the use of daily mean data for
the computation of present and future fire danger conditions. Daily mean data lead to
systematic negative biases of fire danger calculations. Although the mean seasonal fire
danger indices might be corrected to compensate for this bias, fire danger extremes
(FWI90 and specially FOT30) cannot be reliably transformed to accommodate the
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spatial pattern and magnitude of their respective instantaneous versions, leading to
inconsistent results when projected into the future. As a result, we advocate caution
when using daily mean data and strongly recommend the application of the standard
definition for its calculation as closely as possible. Threshold-dependent indices derived
from FWI are not reliably represented by the daily mean version and thus can neither
be applied for the estimation of future fire danger season length and severity, nor for
the estimation of future extreme events.

Keywords Climate Change - Fire Weather Index - Fire Regime - Regional Climate
Models - Reanalysis Data - Iberian Peninsula

1 Introduction

Climate and weather are key controlling factors of wildfire occurrence and spread
(Rothermel, 1972; Chandler et al, 1983), and studies around the globe show that fire
activity is closely related to these variables (Flannigan and Harrington, 1988; Vizquez
and Moreno, 1993; Littell et al, 2009; Carvalho et al, 2008; Good et al, 2008; Costa
et al, 2011). Even at a global scale, a few climatic variables can reasonably explain fire
activity (Krawchuk et al, 2009; Pechony and Shindell, 2010). Understanding the links
between climate/weather and wildfires in the past is important for fire management
planning in fire-prone regions. Furthermore, this understanding is utmost critical for
projecting climate change impacts in future fire activity due to the projected changes
in climate extremes favoring fire in many regions of the world (Seneviratne et al, 2012).
Given an ignition source, different weather variables affect differently fire ignition prob-
ability and spread. Consequently, forest fires agencies have used for decades various fire
danger indices to characterize fire potential in a region by combining the relevant cli-
matic variables into one or a few values (Fugioka et al, 2009), leading to indices that
act as meters that allow comparisons among fire seasons and across fire regions, and
that can also be used to project future changes in fire potential due to global warming
(Stocks et al, 1998; Brown et al, 2004; Hennessy et al, 2005; Moriondo et al, 2006).
The Canadian Fire Weather Index (FWI), based on the Canadian Forest Fire Dan-
ger Rating System (van Wagner, 1987), is one of the most widespread indices in the
world. Besides Canada, other countries in North and South America, Europe and Asia
are using it, and has even been proposed to be used as part of an early warning system
for the whole world (de Groot et al, 2006). The FWI system is calculated using as in-
put four variables (temperature, relative humidity, wind speed, and 24 h accumulated
precipitation). These are used in a number of equations that end up producing sev-
eral indices that aim to characterize fuel moisture content, fuel consumption, fire rate
of spread and fire intensity (van Wagner, 1987). Identifying critical conditions is ex-
tremely important, taking into account that the relationships between index values and
fire ignition and spread are non-linear (Wotton et al, 2009). Indeed, fires are extreme
phenomena, and few fires account for a large percentage of the area burned (Strauss
et al, 1989; Vazquez and Moreno, 1995). Hence, a correct calculation for current and
future climate and in particular of extreme conditions is of paramount importance.
The original FWI was designed to use weather variables at noon (van Wagner,
1987). However, the required meteorological data are not always available, as it is the
case for many countries, particularly when attempting to study current climate re-
lationships with fire dating back long periods of time, and/or over extensive areas.



The lack of appropriate data for FWI calculation has been a major limitation for
many climate change studies using Global/Regional Climate Models (GCM/RCM re-
spectively). For instance, in Europe some public climate databases providing regional
climate scenarios, such as PRUDENCE (Christensen et al, 2007) or the most recent
ENSEMBLES (van der Linden and Mitchell, 2009), store most RCM output variables
as daily means.

As aresult FWI is often computed using daily mean values, rather than noon values
due to their better availability. Although some studies base the use of daily mean data
on the good correlation with instantaneous values (e.g. Carvalho et al, 2010), a number
of potential problems must be considered. For instance, FWI is commonly used to
define fire danger categories (e.g., normally five: low, moderate, high, very high and
extreme) using appropriate threshold values which vary depending on the geographical
area (see, e.g. Wotton, 2009). Since daily mean values are usually lower than noon
values, such calculations tend to underestimate critical events, important when we
attempt to identify conditions leading to large fires or to project FWI under more
extreme conditions in a future climate. Similarly, other threshold-dependent indicators
derived from FWI, such as the number of days (or the frequency) above a certain
threshold used to define the length of the fire season and frequency of certain high
risk days (Moriondo et al, 2006; Giannakopoulos et al, 2009; Moreno et al, 2010) can
be seriously affected. Whereas some studies take into account this issue and use the
appropriate instantaneous model outputs (Stocks et al, 1998; Flannigan et al, 2005),
others compute FWI using the daily means stored in these databases (e.g., Moriondo
et al, 2006; Giannakopoulos et al, 2009; Carvalho et al, 2010). The effect of using
daily mean inputs as opposed to noon values on extreme event detection and index
magnitude has not been addressed yet by any study, thus impairing the interpretation
and implications of a number of previous analyses using daily mean data.

The aim of this study is to analyze the effect that these two choices of temporal
aggregation (instantaneous vs. daily means, i.e., 12-UTC FWI and daily mean FWI
hereafter) have on index magnitude, frequency distribution and detection skill of ex-
treme fire danger events. To this aim, we have focused on the particular case of fire
danger projections of one RCM and on the ERA-Interim reanalysis on the Iberian
Peninsula and part of the North African coast, a region with a sufficiently wide range
of climatic conditions in order to obtain representative results. We emphasize that the
aim of this study is neither to provide fire danger scenarios for this region, nor providing
a general rule for daily mean FWI correction, but to analyze the effect on FWI of the
temporal aggregation of its input variables and to highlight the possible deleterious ef-
fect that this may have on climate impact studies. Building upon previous research, we
used ERA-Interim reanalysis data as quasi-observations of fire danger over this region
(Bedia et al, 2012). The RCM simulations were coupled to ERA-Interim reanalysis and
to the SRES-A1B scenario of one GCM (Nakiéenovié, 2000), thus providing an addi-
tional insight into the question addressed in this paper using both quasi—observations
and climate model simulations.

2 Data
We considered two different data sources in our analyses: (1) a reanalysis product as

a reference gridded data set and (2) RCM data in order to provide high resolution
variables and future projections. These data are available for different time periods



and we used their common period 1990-1999 to conduct this study. We also restricted
the study to the summer season (June, July, August; JJA).

2.1 Reanalysis data

ERA-Interim represents the third generation reanalysis of the European Center for
Medium-Range Weather Forecasts (ECMWF) in collaboration with many institutions
(Dee et al, 2011). The atmospheric model and assimilation system used improves upon
its predecessor, ERA-40, by providing a higher resolution (~ 0.7°) and eliminating or
significantly reducing some of the main problems described with ERA-40 (e.g., Sterl,
2004; Brands et al, 2012). ERA-Interim is available globally with 6-hourly frequency
for the period from 1979 to the present day. The results of a previous study on the
Iberian Peninsula show that ERA-Interim is the most advisable reanalysis product for
FWI calculation, attaining the best agreement with local observations and also the best
performance in extreme event detection when compared against other reanalyses (Bedia
et al, 2012). We computed FWI from ERA-Interim using both instantaneous values
at 12:00 UTC and daily mean values (averages of the four 6-hourly outputs in a given
day). Thus, the 12:00 UTC reanalysis output is the best possible approximation to the
required instantaneous FWI inputs at noon (14:00 local time in summer). Regarding
precipitation, it is important to note that this variable is a forecast product in all
reanalysis data sets (i.e., it is forecast by simulating forward in time from the analysis).
ERA-Interim provides forecast variables at 3-hourly intervals from the analysis time. In
order to avoid the initial spin up of the forecast model, we computed the accumulated
precipitation from 12:00 UTC of the previous day to 12:00 UTC of current day by
considering the difference between the values accumulated on forecast times 36 and 12,
based on the analysis at 00:00 UTC of the previous day.

2.2 Regional Climate Model (RCM) Data

In the present study, we used simulations performed within the ESCENA project
(Jiménez-Guerrero et al, 2012; Dominguez et al, 2012). This project contributes to the
Spanish national scenarios programme Escenarios-PNACC 2012. In particular, we used
the WRF model (Weather Research and Forecasting; Skamarock et al, 2008) nested into
the ERA-Interim reanalysis (often termed as “perfect” lateral boundary conditions).
The simulation covers the period 1989-2008 and the spatial domain is centered over the
Iberian Peninsula with a horizontal resolution of 25 kilometers. The reanalysis-driven
simulation of the RCM provides a physically consistent realization of the regional cli-
mate and provides 3-hourly instantaneous data and also daily mean values. We used
this simulation to compare the sensitivity of FWI to daily mean/instantaneous inputs
in a climate modeling framework. We also analysed a transient future projection ob-
tained with the RCM driven by a single GCM (ECHAM5-MPI-OM, run 2; Roeckner,
2007) forced by the SRES-A1B emissions scenario (Naki¢enovié, 2000) for the period
2011-2050.



3 Methodology
3.1 Fire danger climatology

The FWI system is very briefly described in the following. The interested reader is
referred to the detailed formulation provided by van Wagner (1987) or the recent
review by Wotton (2009). The FWI system is composed of six standard components.
Three of them are known as “fuel moisture codes” and model daily changes in the
moisture content of forest fuels with different drying rates depending on the nature of
these materials: the fine fuel moisture code (FFMC), the duff moisture code (DMC),
and the drought code (DC). One of the major strengths of the FWI system lies in these
three moisture codes, which track moisture in three layers of the forest floor critical
to fire ignition, spread and suppression (Wotton, 2009). The next two components
are related to fuel consumption and fire spread: the build-up index (BUI) and the
initial spread index (ISI). Finally, FWI is obtained as a combination of the previous
parameters, representing the intensity of a spreading fire as energy output rate per unit
length of fire front, which is used as a general, dimensionless, daily-based indicator of
fire danger (for a practical application of these indices to a particular type of fuel
within our domain of calculations see Palheiro et al, 2006). Daily FWI values can be
converted to a daily severity rating (DSR; van Wagner, 1987) by applying a simple
power transformation. This transformation allows the aggregation of FWI over longer
periods and takes into account the non-linear increase of fire severity with higher index
values.

We computed FWI for the ERA-Interim and RCM data sets for the 1990-1999
period, following the original equations of the FWI system presented in van Wagner
and Pickett (1985), and considering both the daily mean and the 12-UTC instantaneous
values. We retained only the data corresponding to summer (JJA), thus focusing the
analysis in the season of critical fire danger over the target area (Camia et al, 2008).
In each case, we computed:

— The seasonal severity rating (SSR), by aggregating seasonally the DSR. This index
is applied in many impact studies and fire prevention programs (van Wagner, 1987).

— The 90-th percentile of FWI (FWI90), which is commonly used as an indicator of
extreme fire danger situations (e.g., Andrews et al, 2003; Dowdy et al, 2010).

— The frequency-over-threshold 30 (FOT30), i.e. the number of days with FWI >
30, expressed as a percentage of the total number of days. Moriondo et al (2006)
show informative thresholds on the Mediterranean area that have been also tested
(15 and 45). A value of 30 is generally considered as an indicator of extreme fire
danger situations (Palheiro et al, 2006), even if it can vary from region to region,
and therefore it was used as reference in this study.

For spatial comparability both ERA-Interim and RCM datasets were interpolated
to a common regular grid of 25 km resolution, using the nearest-neighbor algorithm
only on those original grid points within the land-mask. In doing so, we avoided artifacts
due to the transition between sea and land climatic conditions in coastal areas. Finally,
in order to assess the skill of daily mean FWI to detect extreme events, defined as
values above FWI90, we identified extreme events using the 12-UTC FWI and then
we computed the probability of detection (POD) as the percentage of those extreme
events detected by the daily mean FWI.
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Fig. 1 Seasonal severity rating (SSR), 90th percentile of FWI (FWI90) and frequency-over-
threshold 30 (FOT30, in %), calculated according to ERA-Interim instantaneous data at 12:00
UTC (panels a-c) and ERA-Interim daily mean data (panels d-f). The ‘M’ values inside the
panels show the spatial mean of all grid point values. The differences between 12-UTC and
daily mean indices are spatially represented as the ratio of daily mean over 12-UTC values
(panels g-i) and as a scatter plot of daily mean vs. 12-UTC values (panels j-1). The slope ‘s’ of
the regression lines and the corresponding goodness-of-fit R? values for SSR and FWI90 are
also displayed in panels j-k. Note that for SSR (panels a and d) an upper bound of 30 has been
set for a better visualization of the spatial pattern.

3.2 Future RCM scenario

We also analyzed the effect of the 12-UTC and daily mean input data on the future
projections of fire danger. To this aim, we considered again SSR, FWI90 and FOT30
and analyzed the results of the A1B transient projections obtained with the RCM. In
particular, we chose a 20-year future time-slice (2031-2050) and compared the results
with those corresponding to the control 20C3M scenario (1981-2000). The climate
change signal was obtained by applying the delta method (see, e.g., Raisdnen, 2007;
Zahn and von Storch, 2010). This method uses the RCM nested in the GCM during a
control (20C3M) period as reference for the future periods. In this way, only differences
(“deltas”) between future projected variables and control values are considered (thus
avoiding absolute values of the variables and partially alleviating the effects of biases).



4 Results and Discussion
4.1 Reanalysis Data

In spite of the marked differences in SSR and FWI90 between 12-UTC and daily mean
values, their spatial pattern was similar in both versions, showing a rather constant ra-
tio (Fig. 1). Therefore, the relative fire danger at different locations is at least preserved
by the daily mean SSR and FWI90 when compared to their 12-UTC counterparts. In
fact, we found a fairly good linear matching between both versions (Fig. 1j-k), with
R? values over 0.9 (i.e. correlation values R over 0.95), in accordance with the find-
ings of other authors using observations data (Carvalho et al, 2010). This suggests the
possibility of correcting daily mean FWI to approximate instantaneous FWI by means
of a simple empirical linear function. However, a more serious inconsistency was found
between different FOT30 versions. For this index, there is not an obvious transfor-
mation to correct daily mean FOT30 (Fig. 1-1). Thus, the use of threshold-dependent
FWI-derived indices should be avoided when computing daily mean FWI.

4.2 Regional Climate Models (RCMs)

Not surprisingly, the results using the reanalysis-driven RCM simulation reproduced
similar spatial patterns of fire danger than ERA-Interim (Fig. 2). We found a similar
relationship between daily mean and 12-UTC FWI, as previously shown using reanal-
ysis data: (i) a lower magnitude of the indices when using daily mean data (Fig. 2g-i)
and (ii) a linear relationship for SSR and FWI90 (Fig. 2j-k), while (iii) FOT30 shows
a markedly different spatial pattern (Fig. 2-1).

4.3 Fire Weather Index System Components

Similar linear relationships between daily mean and 12-UTC versions were obtained
for the different FWI components, as reflected by the high cross-correlation values
obtained (Table 1). The results obtained with the reanalysis and with the different
RCM simulations were almost identical. Thus, for the sake of simplicity, in Table 1 we
only display the results from the reanalysis. The ratio, computed as the quotient of the
spatial means of daily mean over 12-UTC FWI, gives an indication of the magnitude
of the bias. With this regard, our results highlight a remarkable negative bias of some
of the daily mean components, in accordance with our findings for SSR and FWI90.
All correlation values were high (> 0.90 in all cases), although the lowest ones were
obtained by the wind-dependent FWI components (FFMC and ISI), pointing to daily
mean wind as the main source of error in the linear fits between 12-UTC and daily mean
FWI values. The magnitude of the daily mean component biases differed markedly. In
the case of FFMC, the bias was small (ratio=0.94, Table 1). On the contrary, the
largest bias was found for ISI, in which the magnitude of daily mean version was
nearly half that of the 12-UTC version (ratio=0.55). In order to disentangle the relative
contribution of each input variable on the FWI component biases, we ran a simple
sensitivity analysis. To this aim, we replaced one by one each of the instantaneous
variables by their daily mean counterparts, and calculated for each combination the
resulting cross-correlation and ratio. The sensitivity analysis (Table 1) reveals the input
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Fig. 2 As Figure 1, but for the RCM simulation corresponding to the 12-UTC (panels a-c)
and daily mean model outputs (panels d-f). The ratio of the indices daily mean over 12-UTC
(panels g-i) and the corresponding scatter plots are shown in panels j-1. Note that for SSR
(panels a and d) an upper bound of 30 has been set for a better visualization of the spatial
pattern.

variables involved in the calculation of each component (those that have a correlation
with the 12-UTC version lower than 1). In all cases, daily mean relative humidity
produced larger negative biases, followed by temperature. Conversely, the replacement
of 12-UTC by daily mean wind had the lowest effect on bias.

4.4 Future Projections of fire risk

In order to explore the relationships between the deltas derived from 12-UTC and
daily mean data, we depicted scatterplots (Fig. 3) corresponding to both the 20C3M
and the A1B scenarios of the RCM. We found that an accurate linear model can be
fitted between daily mean and instantaneous delta projections of SSR and FWI90 in
both scenarios (R2 > 0.90 in both scenarios), although in the case of FOT30 there
is no linear model adequately relating both deltas (R2 < 0.5). The promising results
achieved in the analysis of 20C3M and A1B projections of SSR and FWI90 separately
are nevertheless dissapointing when the corresponding deltas are computed, given that
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Fig. 3 Linear fits of the daily mean vs. instantaneous fire danger indicators according to
the projections of the RCM coupled to the GCM in 20C3M (1990-1999) and A1B (2041-2050)

scenarios.

the climate change signal is altered both in magnitude and spatial pattern when daily
mean data are used instead of noon data, as depicted in Fig. 4. According to our results
the different slopes found for the linear fits of the 20C3M and A1B scenarios (Fig. 3)
lead to worse linear fits of the resulting deltas (Fig. 4g-i).

For SSR, the delta signals (Fig. 4a and d) show that 12-UTC and daily mean-based
indices exhibit similar spatial patterns (notice the high spatial correlation, R = 0.93),
although the magnitude of the climate change signal is higher for the 12-UTC version.
Conversely, the climate change signal for FOT30 (Fig. 4c and f) shows different spatial
distributions depending on the use of 12-UTC or daily mean data. Using 12-UTC
data, a FOT30 decrease is projected over many areas of the Iberian Peninsula (blue
colors), mainly over the western part. The spatial extent of this FOT30-decrease shrinks
significantly when using daily mean data, becoming restricted to southwestern Iberia
(Fig. 4f). A pattern mainly dominated by a FOT30 increase is shown and the spatial
correlation is much lower than for SSR (R = 0.6). The same result was found after
testing other reference thresholds (FOT15 and FOT45). These results indicate that by
computing FWI with daily mean data instead of instantaneous values, contradictory
FOT30 projections can be obtained, even if the same RCM is used. This highlights
the significant effect of 12-UTC wvs. daily mean input data on the future projections of
FOT30. FWI90 (Fig. 4b and e) shows an intermediate behavior (the spatial correlation
is R = 0.76), with slight to moderate inconsistencies in its spatial pattern, depending
on the sub-regions.
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All DM RelH DM Temp DM Wind DM

ratio 0.937 0.956 0.984 0.998
FFMC rho 0.983 0.992 0.998 0.999
DMC ratio 0.634 0.748 0.852 1.000
rho 0.984 0.990 1.000 1.000
DC ratio 0.859 1.000 0.859 1.000
rho 0.997 1.000 0.997 1.000
ISI ratio 0.547 0.673 0.873 0.927
rho 0.966 0.986 0.999 0.994
BUI ratio 0.690 0.810 0.855 1.000
rho 0.992 0.995 0.999 1.000
FWI ratio 0.601 0.717 0.884 0.955
rho 0.977 0.990 0.998 0.997

Table 1 Results of the comparison of different daily mean versions of the FWI components
vs. the 12-UTC instantaneous ones (see Section 3 for details and acronym definition). Data
presented correspond to the ERA-Interim reanalysis (results are similar for RCM simulations,
not shown). Statistics presented correspond to the spatial means of the results, namely: the
ratio daily mean/12-UTC and the Spearman’s correlation coefficient (rho). In the first column
(“all DM”), the results of the daily mean versus 12-UTC version are compared. In the following
columns, the comparison is done against a modified 12-UTC version in which only one of the
instantaneous variables is replaced by its daily mean version. Larger biases (as revealed by
lower ratios) are highlighted in boldface.

4.5 Detection of Extreme Events

In order to test the ability of daily mean data to detect fire danger extremes, we
considered the ERA-Interim 12-UTC data as the reference series for extreme event
detection and computed the POD attained by the ERA-Interim daily mean version (Fig
5a). To this aim, we used data for the 1990-99 period. There is an average detection
POD of 55%, and thus 45% of the extreme events occurring in the instantaneous FWI
climatology are missed by the corresponding daily mean counterpart. Similarly, Fig. 5b
shows the probability of detection of daily mean output data of an extreme event
defined by a RCM reanalysis-driven simulation (1990-99) using the 12-UTC data. As
it can be seen, in the case of the RCM simulation, the average POD is only marginally
higher than for ERA-Interim.

5 Conclusions

The FWI indices based on instantaneous data at noon, as originally defined by van
Wagner (1987), provided higher values of SSR, FWI90 and FOT30 than their daily
mean counterparts, whose magnitudes were in all cases negatively biased. According
to reanalysis and RCM data, a simple linear model might be used to approximate 12-
UTC fire danger present climatologies from daily mean data, in the case of SSR and
FWI90. This is not the case for FOT30, for which a more complex relationship was
unveiled.

In the case of future regional fire danger projections, differences found between
daily mean and 12-UTC data were critical, to the extent that climate change signals
were not consistent in some cases. Future increases projected for daily mean-based
SSR preserve the spatial pattern of the 12-UTC version. However different delta values
(even of opposite signs) were obtained for FWI90 and, specially, FOT30 when using
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Fig. 4 Climate change signal of SSR, FWI90 and FOT30 obtained from the RCM transient
(A1B) and control (20C3M) simulations applying the “delta” method (see section 3.2). The
first row shows 12-UTC indices as deltas for the period 2031-2050. The second row shows the
deltas for the same indices computed from daily mean data. The spatial correlation R among
each pair of fields is given in the figure. The last row compares the spatial patterns of the deltas
as a scatter plot of daily mean vs 12-UTC values. Moreover, the slope and goodness-of-fit R?
of the linear model fitted to the scatter plots are also shown.

instantaneous or daily mean data. As a result, future delta patterns of daily mean-
based SSR might be corrected using a linear transformation, but there is no obvious
reliable cure for FWI90 and FOT30 in order to approximate their 12-UTC values. In the
context of climate change studies in Europe, this could be particularly problematic,
since some of the most popular regional climate databases provide only daily mean
values for the variables required for FWI calculation. This is the case, for instance, of
the ENSEMBLES RCM database, which is to date the best available source of high
resolution projections for Europe (http://ensemblesrt3.dmi.dk).

Moreover, using reanalysis and RCM data our results indicate that the use of daily
mean FWI produces a slight to moderate loss of extreme event detection skill with
respect to the 12-UTC original version, an issue of critical importance in the framework
of fire research.

In conclusion, our results warn against the use of daily mean data for the com-
putation of the FWI set of indices, in spite of the possible adjustment that could be
carried out in some particular cases. Further research on this subject might be needed
in order to ascertain if the linear correction coefficients are similar between different
RCMs and/or geographical domains or, on the contrary, corrections require a more
specific analysis for each particular case, although in any case the most reasonable
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(a) ERAInt 12-UTC vs DM (b) WRF 12-UTC vs DM

POD
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Fig. 5 Probability of detection (% of days, POD) of extreme fire danger events (as given by
12-UTC data) using daily mean data, according to (a) ERA-Interim and (b) RCM simulations
nested into ERA-Interim. Spatial means indicated by the m values.

solution seems the use of adequate input data prior to FWI calculation, given the
misleading results obtained with the daily mean data sources used in this study. Al-
though mean fire danger patterns are preserved in future daily mean projections, no
consistent conclusions can be extracted about future fire danger regime, including the
frequency and magnitude of extreme events, unless the appropriate instantaneous in-
put data are used. Furthermore, no possible adjustment of daily mean estimates can
be accomplished unless the appropriate 12-UTC data are available.
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