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Fire size/frequency modelling as a means of assessing wildfire
database reliability
Analyse der Zuverlässigkeit von dokumentierten Waldbranddaten
anhand von Häufigkeit und Flächengröße
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Abstract
Many jurisdictions around the world have recently begun compiling databases of wildfire records, in an effort to determine patterns, quantify risks
and detect possible changes in fire regimes. Such datasets, if valid and comprehensive, could be used for fire hazard model validation, detection of
trends and risk modelling under current and future climatic conditions. It
may be however that data quality issues can hinder these efforts. In particular, older records may be less comprehensive, and smaller fires may have
a greater chance of being unrecorded. A database of Austrian wildfires has
been compiled, based on historic documentary records from a variety of
sources that cover different time periods or geographical regions. The noncomprehensive and non-random nature of such datasets (both spatially and
temporally) makes the direct analysis of wildfire patterns impossible, ne-
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cessitating the use of models to identify trends and patterns. It is likely however that small fires are substantially underreported, particularly in early
decades. We test this proposition by examining the fire size/ frequency distribution of all fires with recorded areas. The thesis behind the work is that
we may compare the fire size/frequency relationships in the data across different time periods and that anomalies in the fire size/frequency distribution may indicate weak parts of the dataset. Our results lead us to suspect
that data for smaller fires the current database is incomplete and imparts
a bias to the size/frequency relationship in periods prior to the mid 1990s.

Zusammenfassung
Weltweit haben viele Institutionen in der letzten Zeit begonnen, Datenbanken zu Waldbränden aufzubauen, um mögliche Muster und Änderungen
beim Auftreten von Waldbränden und die damit verbundenen Gefahren
zu quantifizieren. Vorausgesetzt solche Datensätze sind vollständig und valide, dann können sie für die Validierung von Modellen zur Abschätzung
der Waldbrandgefahr sowie für Vorhersagen unter aktuellem und zukünftigem Klima verwendet werden. Eine schlechte Datenqualität kann diese Anstrengungen mindern. Besonders ältere Datensätze könnten unvollständig
sein oder kleinere Waldbrände könnten möglicherweise nicht dokumentiert worden sein. Eine Waldbrand-Datenbank für Österreich basierend auf
historischen Aufzeichnungen von unterschiedlichen Quellen, für verschiedene Zeitpunkte und räumliche Bezugsebenen ist kürzlich erstellt worden.
Die Eigenschaften von Waldbranddaten (nicht zufällige Verteilung, nicht
vollständige Dokumentation) machen eine direkte Analyse der Trends und
Muster schwierig, wenn keine Modelle zum Testen der Verteilung angewendet werden. Es ist sehr wahrscheinlich, dass kleinere Waldbrandereignisse aus früheren Jahren in den Daten unterrepräsentiert sind. Wir testen
diese Hypothese durch eine eingehende Analyse der Häufigkeit und Größe des Auftretens von dokumentierten Waldbränden. Durch die Analyse
sollen mögliche Abhängigkeiten und Unregelmäßigkeiten beim Auftreten
von Waldbränden in bestimmten Zeitperioden festgestellt werden, um die
Validität der Waldbranddatenbank zu prüfen. Unsere Ergebnisse lassen vermuten, dass die Daten zu kleineren Waldbränden in der aktuellen Datenbank unvollständig sind und für die Perioden bis in die mittleren 1990er die
Beziehungen zwischen Größe und Häufigkeit verzerren.
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Introduction
Many national jurisdictions around the world have recently begun compiling databases of wildfire records, in an effort to determine patterns, quantify risks and detect possible changes in fire regimes. Examples are available
from Switzerland (Conedera et al. 1996; Conedera 1999), the USA (Brown
et al. 2002), Canada (Stocks et al. 2003) and Europe (EC 2008). Such datasets,
if valid and comprehensive, could be used for model validation, detection
of trends and quantitative risk analyses. In some cases, historic fire databases have been used to demonstrate an apparent increase in fire danger
(UN 2002; EC 2008; Lorz et al. 2010; Seidl et al. 2011), but as is often pointed
out (Podur et al. 2002; Schelhass et al. 2003; Larjavaara et al. 2005; San-Miguel and Camia 2009), data quality issues can hinder these efforts. In particular, older records may be less comprehensive, and smaller fires may have
a greater chance of being unrecorded (Hall and Harwood 1989). This is not
unique to wildfires, similar issues have been raised in the broader context
of historical natural disaster records (Kron et al. 2012).
If fire databases are to be used for practical or research purposes every effort must be made to ensure the integrity of the dataset. Missing data from
earlier periods may result in an apparent increase in the chance of fire ignition (a rising trend in fire occurrence), where no such change has occurred.
Similarly, if unreported fires are smaller in size than those recorded this may
bias fire hazard models and risk assessments, as the overall possibility of ignition would be underestimated but the mean size of fires overestimated. It
is difficult however to assess how many (if any) fire events are truly missing
from a dataset in any given period, and what size they may have been.
One common approach to fire modelling involves determining fire size/frequency relationships. It is well accepted that smaller fires occur much more
often than larger fires, and great effort has been put into defining the mathematical function of this relationship. Some previous work (i.e. Ricotta et
al. 1999; Malamud et al. 2005) suggests that the fire size/frequency relationship of larger fires might comply with a power law distribution, although
this is not universally accepted (i.e. Reed and McKelvey 2002). Regardless of
the form of this relationship, in most previous work it is assumed to be temporally stable (although this is rarely tested). Malamud et al. (2005) did test
this assumption and were unable to find a statistically significant difference
in their power-law parameters across different time periods. We are not
aware of any studies that show these parameters to vary in time.
Our aim in this study is to develop methods to assess historical fire datasets
and determine whether or not they contain anomalies that may adversely
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impact future work by giving a false picture of the historical fire situation
(e.g., they would comprise a false validation set for risk models). To illustrate these methods we apply them to the database of Austrian wildfires
compiled by the Institute of Silviculture at the University of Natural Resources and Life Sciences in Vienna (Vacik et al. 2011; Müller et al. 2012).
The rationale of our approach is that we compare the fire size/frequency
relationships in the data across different time periods and that anomalies in
the fire size/frequency distribution may indicate weak parts of the dataset
that should be treated with especial caution. Our hypothesis is that changes
in the observed size/frequency relationships will be consistent with increasingly better reporting of smaller fires in more recent years. We also test
the dataset for its compliance with a power law distribution in the upper
tail using the techniques of Clauset et al. (2007), but the bulk of our analysis
relies on non parametric methods.

Methods
Data
As part of the AFFRI and ALP FFIRS projects (Valese et al 2010; Vacik and
Gossow 2011), a database of Austrian wildfires has been compiled, based
on historic documentary records. The database has been assembled with
information from a variety of sources that cover different time periods or
geographical regions. Records were collated from the public online fire
news platforms ‘www.wax.at’ and ‘www.feuerwehr-news.at’, from regional
fire brigade records and through personal contact with the various Austrian municipalities and Federal government departments. 2455 records are
available after processing to remove repeated observations, 1870 of which
pertain to forest fires. 1012 of these have a value recorded for burnt area
(the earliest in the year 1903), with values ranging from one square metre
to 200 hectares, distributed as shown in figure 1.
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Figure 1 Frequency distribution of forest fires in Austria 1903-2010.

Methods
A power law distribution is one where Pr[X ≥ x] = Cx –α, C and α both > 0.
Newman (2005) demonstrated that where α > 1,
						(1)

α and xmin being constants. The power law parameters α and xmin have commonly in the past been estimated graphically or with a least-squares regression, although these methods can introduce significant bias to power
law parameter estimates (Goldstein et al. 2004; White et al. 2008). Newman
(2005) gives a derivation for a Maximum Likelihood Estimation (MLE) estimation of α, arriving at Eq. 2.
				
						(2)
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To determine xmin we follow Clauset et al. (2007) and test the fit of the modelled distribution to the empirical data. Power law models are constructed
with a range of possible values of xmin, and a distance statistic determined
for each model’s fit to the empirical data. We then select the xmin from the
model with the smallest distance between the observed and modelled cumulative probability distributions that leaves a useful number of records
above the cut-off. The modelled cumulative probability curve (Pmi) is calculated as
						(3)
and the observed curve (Poi) as the normalised ranks (R) of each observation
						(4)
The maximum difference between Pmi and Poi is the distance for the particular xmin tested.

Standard errors and 90 % confidence limits around the estimates of α are
estimated with a non-parametric bootstrapping procedure (Efron 1987). Estimates are made in the ‘R’ statistical package (R Development Core Team
2011), using code kindly made public by Clauset et al. (2009), available via
http://tuvalu.santafe.edu/~aaronc/powerlaws/.
The database is divided into 6 subsets based on year of record, with each
subset containing a comparable number of fires above xmin and (with one
exception) at least 30 fires per period. The slope of the fire size/frequency
relationship is calculated for each subset (using the global xmin), and compared graphically with the slope for all records subsequent to that period.
This is done in an effort to identify a possible ‘change point’ in the time
series, where the size/frequency relationship becomes concordant with later periods, without having to a priori assume that any particular period is
correct. Formal ‘goodness of fit’ test results are calculated and consist of the
standard error and bias of the slope estimate and the Kolmogorov-Smirnov
(KS) D statistic and p-values for the fit of the data to the estimated power
law model.
If record-keeping is consistent and the fire size/frequency distribution is
temporally stationary, then there should be no significant difference bet-
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ween the size/frequency slope in any period and that from the combined
records from subsequent periods. Note that there is no need for the periods
under comparison to be of the same length, as the length of period per se
will not affect the size/frequency distribution (although greater confidence
can be obtained with larger data subsets). The significance of any apparent
trend differences between each period and all subsequent periods is examined with a t-test.
Given that a power law distribution may fail formal goodness of fit tests
when applied to some data subsets, we also compare data from each subset
with subsequent periods with a non-parametric KS test. As there are a large
number of ‘ties’ in the data, we use the bootstrapping ks.boot algorithm
in the Matching package (Sekhon 2011). This procedure compares the KS
statistic from the original pair of datasets with that from a large number of
samples drawn from a resampled pooled dataset. The p value reported is
the proportion of times that the KS statistic from the generated samples is
greater than that from the original (Abadie 2002). A low p value suggests
that the Null hypothesis that the datasets are drawn from the same distribution should be rejected.
Fires smaller than xmin are divided into three magnitude classes; from 1 to
100m², from 101 to 1000m² and from 1001 to the xmin previously determined. Fires of less than 100m² are possibly not ‘wild’ fires (in the sense that
these may be deliberately lit and controlled fires such as campfires or trash
burning) and so may exhibit different statistical behaviour. No parametric
testing is performed as these data subsets are arbitrarily truncated and parametric statistics are unlikely to be meaningful. Differences between the
data distributions from each period and its subsequent periods are analysed
with the KS testing procedure outlined above, and detailed graphical representations supplied.

Results and discussion
The optimal value for xmin was found to be 4500 m² (fig 2), with this value
giving a power law model for the fire database that most closely matches
observations. 260 fires are recorded with a size of at least 4500 m² since
1903. Dividing these into 6 time periods gives between 29 and 55 fires per
period, with between 0 and 32 fires recorded per year (fig 3a). Other possible subsetting resulted in periods with too few fires for meaningful analysis.
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Figure 2 Test of possible values of xmin.
Kolmogorov Smirnoff distances for possible values of xmin to fit a power law relationship
to fires in the Austrian fire database. The smallest distance between the theoretical and
observed distributions suggests the best fit, in this case 4500 m².

Table 1 Goodness of fit of power law relationships for each period.

n: number of fires in each period
alpha: best-fit power law exponent
SE: standard error of exponent estimate
Bias: bias of exponent estimate
KS: bootstrapped Komolgorov -Smirnoff distance
p: p value for KS test. p values less than 0.1 suggest that the power law hypothesis should be rejected (Clauset et
al. 2009).
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Table 2 Results of comparisons for fires > 4499 m²

The estimated power law exponent (slope) for each period is tested against that for the years following that period.
The differences in the slopes are tested for significance with t-tests.

Table 1 gives a summary of the parameters and the formal goodness of fit
statistics for each period. Results in table 1 suggest that a power law is a
poor model for fire size/frequency relationships of the documented fire records in Austria. Clausett et al. (2009) suggest that a p value of 0.1 should be
considered a minimum standard, which was achieved only in the pre 1993
period. This poor fit makes it difficult for the parametric t-test to find significant differences between periods (table 2). To interpret these results we
consider the Null hypothesis that each pair of data subsets are in fact from
distributions with the same parameters. H0 cannot be rejected with greater
confidence than the pt values in table 2.
Graphically summarising the data as the slopes of best-fit power law relationships (figure 3) is however still a valid method of data exploration. If
a ‘true’ size/frequency model does exist it would plot on these axes with a
slight curve, but visually it would probably be indistinguishable from the
straight lines that we show. A stronger model however would have smaller
standard errors and hence the t-test would have greater power to distinguish differences between periods.
For fires in the largest size class (fig 3), two anomalies are apparent. In the
pre-1993 period (fig 3b) there appears to be a flatter than normal size/
frequency distribution, which is consistent with the thesis that the largest
early fires are more likely to appear in the database. The 1993-1994 period
Figure 3 Recorded occurrence and size/frequency relationships of large fires.
Panel ‘A’ shows the number of fires each year in the database of at least 4500m² (the
figure is truncated before 1960 for clarity). Panels ‘B’ to ‘F’ show the fire size/frequency
relationships for each time period, and for all fires subsequent to that period. ‘alpha’
denotes the best-fit power law exponent for each curve. Note that in panels ‘D’, ‘E’ and ‘F’
there is less difference in the respective alpha values than is apparent in panels ‘B’ and ‘C’.
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(figure 3c) shows an α of 1.94, markedly higher than that across ensuing periods (1.78). This is especially curious considering that this period recorded
a particularly high number of large fires in both 1993 and 1994 (fig 3a). At
face value, it seems that this period experienced many fires in the lower
end of the ≥ 4500 m2 class, but few at the upper end (hence the high α). This
difference in α however would imply that the size/frequency relationship is
extremely non-stationary, which would be at odds with earlier work on the
stability of these relationships (Malamud et al. 2005). The parametric tests
in table 1 suggest that this difference is not formally significant, and the KS
results in table 2 show that we cannot reject the hypothesis that the current data available from 1993-1994 are drawn from the same distribution
as subsequent periods with greater than 53.1 % confidence. Nevertheless,
it is striking that in each of the three periods after 1994 the p value from
the KS test is over 0.95. From 1995 onwards, the size/frequency relationship
of large fires in all periods appears to be consistent, with overlapping 90 %
confidence limits for the estimates of α (figures 3d,e,f).
Table 3 Komolgorov Smirnoff statistics for comparing the size/frequency distributions of
fires in each time period with that from subsequent periods

For each size class, the size/frequency distributions are compared using a bootstrapped Komolgorov Smirnoff test.
Statistics are not reported where less than ten fires occurred in either period.
n1, n2: number of fires in periods one and two; D: Komolgorov Smirnoff D statistic
p: p values of the given D statistic. Low p values suggest rejection of the Null hypothesis of equal distributions.
## . p values over 0.75; ~~ p values under 0.5
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In table 3 are the results from the non-parametric bootstrapped KS tests.
The p values are the probability that a D statistic this high would be attained if the data subsets being compared were drawn from the same distribution. Following our working hypothesis that data quality has improved
with time, it is clear that in general, the conformity of the data increases as
the periods examined are more recent (larger p values towards the right of
the table), and as the size class of fires examined increases (larger values towards the top of the table). Fires in the < 100 m² class showed very little concordance until 2005, and even then the p value is much smaller than that
attained in larger size classes. None of the size classes prior to 1993 show
similar distributions to later periods. Fires of up to 1000 m² show very poor
agreement until 2005. This is consistent with the thesis that fire reporting
has shown continual improvement, and that underreporting is a greater
problem for smaller fires than for larger ones.
The 1993-1994 period is anomalous, in that concordance for fires in the
medium class appears good (0.986), but less so for larger fires (0.531). The
data for the smallest fires is also clearly not concordant (p = 1.909x10-10).
Unlike in all other periods, in this smallest size class no fires were recorded
of less than 10 m² (figures 4,5,6). There is no apparent physical reason as to
why 1993-1994 should have had no fires of less than 10 m², very many fires
near the lower end of the ≥ 5000 m² class and yet few at the higher end.
A highly plausible explanation is that fires of less than 10m² have at some
stage of the data reporting/recording/transcribing process been mistakenly
listed with a size in hectares, rather than m². Unfortunately this is impossible to confirm without access to long-lost original source documents. Although the concordance for medium fires in 1993-1994 is high, the far lower
concordance for larger fires makes the value of the medium fire data moot,
as it is unlikely that it would be useful if the larger fire data was discarded.
Following pages (240-241):
Figure 4 Recorded occurrence and size/frequency relationships of medium fires.
Panel ‘A’ shows the number of fires each year in the database of 1001 – 4499m² (the
figure is truncated before 1960 for clarity). 136 fires are recorded with a size greater
than 1000m² and less than 4500m² since 1960. Dividing these into 6 time periods gives
between 16 and 34 fires per period, with between 0 and 16 fires recorded per year. Panels
‘B’ to ‘F’ show the fire size/frequency relationships for each time period, and for all fires
subsequent to that period.
Figure 5 Recorded occurrence and size/frequency relationships of small fires.
Panel ‘A’ shows the number of fires each year in the database of 101 – 1000m² (the figure
is truncated before 1960 for clarity). 312 fires are recorded with a size greater than 100m²
and less than 1001m². Dividing these into 6 time periods gives between 32 and 77 fires per
period, with between 0 and 40 fires recorded per year. Panels ‘B’ to ‘F’ show the fire size/
frequency relationships for each time period, and for all fires subsequent to that period.
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Our attempt to fit Austrian forest fires to a power law relationship was not
successful. We present the results here both as a convenient means of summarising the data for larger fires in each period (in terms of the best-fit slope on logarithmic axes) and as support for earlier work that has questioned
the assumption of power law behaviour. To the best of our knowledge, in
all cases where claims of power law distributions were rigorously tested the
relationship failed (i.e. Reed and McKelvey 2002; Newman 2005; Clauset et
al. 2009). Although it may be possible to find relationships that provide a
better fit, this is beyond the scope of this paper. It should be noted however
that figure 3 visually suggests a close fit to a power law distribution over a
range of magnitudes similar to that found by Ricotta et al. (1999).
In any case, an accurate model must be based on accurate data, so a prescreening of the type we demonstrate here should be a prerequisite. Our
non-parametric testing has not conclusively proven data flaws in the 19931994 period to scientific standards, but enough suspicion is raised to advise
not using this data in applications where the sizes of fires is an important
factor. The p value cut off levels we show in the table (0.5 and 0.75) are arbitrary, but may be considered useful as an indication of the confidence we
have in the integrity of the data subsets.
We have demonstrated here that the Austrian fire database displays temporal non-stationarity, but we cannot conclusively attribute this to either
physical causes or data quality issues. Nevertheless, we have presented a
plausible explanation for the observed departures from stationarity which
are consistent with our hypothesis of improving data quality over time. Our
methods in this paper rely on the assumption of temporal stationarity in the
fire size/frequency distribution. Given the relative stationarity of larger fires
post 1994, this assumption seems reasonable, and agrees with the findings
of Malamud et al. (2005). It is not impossible that the assumption is flawed,
and that physical or anthropogenic reasons for substantial non-stationarity
exist. It is notable however that Europe’s most serious summer heatwave in
living memory was in 2003, and it seems reasonable that if fire size/frequency distributions were not temporally stable over the past few decades (and
were climate dependent) then this is the period where we would expect to
see the most evidence of this. The increasing trend in average national temFigure 6: Recorded occurrence and size/frequency relationships of tiny fires.
Panel ‘A’ shows the number of fires each year in the database of 101 – 1000 m² (the figure is
truncated before 1960 for clarity). 304 fires are recorded with a size up to 100 m². Dividing
these into 6 time periods gives between 6 and 126 fires per period, with between 0 and 48
fires recorded per year. Panels ‘B’ to ‘F’ show the fire size/frequency relationships for each
time period, and for all fires subsequent to that period.
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peratures in Austria (Eastaugh et al. 2010) does not appear to be affecting
the size/frequency distribution either. We suggest then that the conservative course is to exclude that data we are not confident in where it may bias
the results of future studies.
Where the data is not used to make distinctions regarding trends in fire
occurrence or sizes over time, the full database can be used. If it is clear
that neither the year of occurrence nor the fire size are important to the
conclusions then it is not invalid to consider the database as an effectively
random subset of all fires that truly occurred. No inferences regarding temporal trends or patterns can be made, as these may simply be an artefact of
a possibly incomplete database. The collection of historical data is however
ongoing, and as more sources become available it may be possible to extend the period of data confidence further back in time.
Cloppet and Regimbeau (2011) noted that fire events databases are usually
incomplete and inhomogeneous. Their approach to assessing past temporal
trends in fire ignition danger in France was to model the danger with the Canadian Fire Weather Index, validating against fires from a recent period. The
validated danger model could then be applied to earlier periods, overcoming
the likelihood that apparent trends of increasing fire danger were a result of
missing data from earlier periods. Although a fuller reporting of historic fire
occurrences would perhaps allow for the construction of a more-skilled model, the strength of the model inter-comparison (Arpaci et al. 2013; Eastaugh
et al. 2012) is not affected by the location or timing of unreported fires.

Conclusions
We have presented here a novel method of examining historical forest fire
records in order to estimate the reliability of records from different time periods. The attempted fit to a power law distribution of the fire size/frequency relationship was very poor, but non-parametric methods were found to
be sufficient to raise concerns about using the current database, particularly
in earlier time periods and for smaller fires. For applications where historic
Austrian fire size data are important, we suggest that based on the current
database data for fires of greater than 100 m² only be used from 2005 onwards, or data for fires greater than 1000 m² from 1995 onwards. Although
our analysis is limited to the Austrian forest fire database, the methods we
have applied are easily transferable to any environment, and can give indications of where possible flaws may exist in any historic fire dataset.
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