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Abstract

Forest fires ane an important socictal problem in many countries and regions. They cause extensive damage and sub-
stantial funds are spent preparing for and fighting them. This work applics methods of probabilistic risk assessment
to estimate chances of fires at a future time given explanatory variables. One focus of the work is random effects
models. Cestions of interest include: Are modom effects needed in the fsk model? If yes, how is the analysis to
be implimented? An explomtory data analysis approach is taken employing both fixed and random effects models
for data conceming the state of Dregon during the years 1989 1996,

L. Introd ue thomn

I simplest terms this work secks prohabilities associated with the occumence of wildfies, for example the prob-
ahility that a fire might occur ina specified region during some given day, week or month, Explanatory varahles
such as elevation and fire indices are available. In particular one may wish to estimat

FProb] fire in particul ar region and time period | explenatories}

where the (future) time perod may be short or long term.  Various sounces of variability arise. One follows from
the response, ¥, being hinary and Bernoulli distrituted . Another follows from the year to year changes. This last is
dealt with here by introducing 8 modom effect for year. One then wishes an estimate of

Er{ Prob{ fire in perticular region and time period | explanatories, year} }

Spatial and daily (fixed) effects are included in the model as smooth additive functions gy (z. ) and ga(d)
respectively. The year effect is also additive to the linear predictor. Two estimates are considensd for estimating
war{gear}. One estimate is the sample variance of fived year effects estimates obtained by fitting as if they were
constant. The second estimate is obtained via quasi-likelihood estimation. In the case at hand the results are similar.

The study presented involves fire data for the Federal Lands in Omregon during the period 1989 to 1996, Further
details of the data and work may be found in Brillinger et al (2003) and Preisler et al {3004 ).

2, Statistical background The model employed here is a particular case of the following generalized mixed
effects model. The vector ¥, and the matrices X and 2 are given. The lincar predictor takes the form

7= Xa + Zb

with the vector « fixed and the mndom vectar & momal with mean O and covarance matrix &, Further there exists
an inverse link function h swch that
E[Y|4} = hn)
[t is further assumed that
war{Y|k} = v(n)



with @ a knoam function. These assumptions may be wsed to sot down a penalized quasi-li kelibood function, Green
{19871, Schal 1119913, Breslow and Clayton {19937 and an iterative scheme may be setup toevaluate the pammeters.
The function glmmP 0L ) of Venables and Ripley (2002), which employs the linear mixed effects function Ime{) of
Pinheiro and Bates (20000, is used in the computations presented below, The estimates obtained may be used in tum
to estimate {6 }.

A common alternative to attacking the model dirsctly is to employ a fixed effects procedure and take the mndom
effects as pammeters and then compute the sample variance of the estimates obtained.

There is an added aspect to the present cimumstance;, the model proposed includes an offset term. With the
quasi-likelihood approach this does not cawse any difficulty.

Im Section 4.1 below the False Discovery Rate (FDR) is wsed to describe the certainty of an estimated spatial
effect. A null hypothesis that there is no spatial effect is considersd. The FDR is defined as the fraction of false
rejections of the null hypothesis among all rejections. It is wseful here becawse hypotheses ane being examined for
cach spatial pixel. There are vanows FOR procedures for comtroll ing the indicated rate. The one used here is due to
Benjamini and Yekutieli (2001). The FDR values presented below were computed via the Splus function listed in
“woarwmath.tawac i1/ roce/FDR _Splus txt”.

A The case of Oregon

The fires studied occurred in Omepgon Federal lands during the period 1989- 1996, These lands make up much of
the state. Data for the months of April through September wene employed. Spatial pixels that were Tkm by 1 km
were employed. This meant that the data set was very large, 578,192 400 voxels, Because of this only a sample of
the locations where mo fires occumed was employed. The number of fires was 13,834 and all the voxels with fires
wene included. The chosen samipling faction of the voxels with mo fies was 7 = 00012 leading to o total of 41 279
nmo-fine cases, Further details, including maps, may be found in Brillinger et al. (2003) and Preisler ot al {2004 ).

Having in mind the problem and the data available a number of models may be set down, St Y = 1,0
according as to whether there has been a fire or not in a particular region and time period. Suppose the fixed
explamatories employed are location, (z, o], and day of the year, d. The further explanatory year, §, is taken as fixed
in Model [1 and random in Model [TL

[n the models gp and g are respectively splines for location and day of year.
Made! £ With Y bimary-valueed and (z, ] and d fixed

logit Prob{Y = 1|z, y. d} = gilz.4] + gald) i
Maodel . With I a fixed factor for year
logit Prob{Y = 1|z, y. d. I} = gz y) + ge(d) + T (2]
Maodel! fif. With T a factor whose effects are independent normals with mean 0 and variance o
fagit Prof{Y = 1|z, . d. I} = miz. gyl + paild) + T (3
The distribution of ¥ in Model [T is logit-normal . Wnting
1= gilz.y)+9:0d)

for Model I, with the normality of T, the probability of afire is
Prob{Y = 1 |erplanatories} = Jlrf.-.z'p{t] + T2} /(1 + exp{ng +Tz}lo(z)dz

The distribution of ¥ in Maodel [T is logit-mormal .

An added detail of the current sot up is that the no-fine cases were sampled. Intenestingly, with the logit link, one
has a generalized linear model with an offsetof log (1/7 ). The new logitis simply logit ¢ = logitp + logl(1/7),
e, an offset. See Maddala (1992, page 330, This meant that standard generalized linear model computer progrmams
could be wed for the analysis. The offset is not indicated in expressions {1, (2 or 3.
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Figure 1: The estimated and daily effects for Model [ The lefthand panel provides an image plot of the estimated
spatial effect. The darker valves comespond to increased fire sk, [n the righthand panel the vertical lines provide
approximate 95% confidence limits ahout 4 smoothed version of the solid line.

4. Resalts
4.1 Fitting and assessing Models 1 and 11

Maodel [ involves fitting the sum of smooth functions, specifically splines, of (. ¢ and d. Figure | shows the
fitted spatial and day effects. The spatial effect is scen to be less in the SE corner of the state, This part of Oregon is
desert-like. The rdghthand panel of Fipure | shows the fitted effect of day a5 a solid curve. The effect is scen to peak
arcund day 200 and be small for April and September. The vertical lines about the curve provide appros imate 95 %
marginal confidence limits graphed about a smoothed form of ga(d].

Figure 2, lefthand panel, provides the estimated spatial effect in contour, & map outlining Oregon has been
superposcd. Apain one notes the reduced risk inth SE pant of the state. The righthand panel shows the results of
controlling the overall False Discovery Rate at level 05 . There is strong evidence for aspatial effect around much
of the region of study.

Projections anre of hasic interest in this work, for example the expected fire count for a given region and months.
To obtain these ane sums prohabi lities over pixels of the sclected region, and days of the year, specitically one
compubes

% exp{di b/ (1 + exp{ai }) (4

where i sums over the pixelsin the region, the days of the selected month amd

o= gz m) + geld)

Asan example, predictions are presented for the Umatilla Forest, a region of size 1100 km® in the Federal Lands
of Dmegon. It is shown on a map in Brillinger et al {2003). Figure 3 provides estimates of the expectad count of fires
for Umatilla cach month dernved via expression (1), The vertical lines are approximate marginal 95% confidence
limits derived via a jackknife dropping single years successively, One sees the expected count peaking, just below
i level of 6 fires, in July, The distribution of 4 future count can be approximated by a Poisson with the indicated
estimated cxpected count.

A residual plot, see Figure 7 in Section 4 3, supeested that a year effect necded to be included in the model.
When Model [ was fit the change in deviance resulting from doing sois 11397 with 7 degrees of freedom. Years
are included in the next model.
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Figure 2: The lefthand panel provides the estimated spatial effect in contour form. An outline of Omegon has heen
superposed. The righthand shows the region found significant by the FDR analysis.
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Figure 3: Model [ predictions of expected counts for Umatilla Forest based on expression (4). The vertical lines
provide appmximate 95% marginal confidence intervals.
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Figure 4: The estimated spatial and daily effects for Model TI1.

4.2 Results of fitting Model LTI

Mext consideration tums to Model [ which includes a random effect for year. The fitting is camied out via
penalizied guasi-likelibood implimented a5 the function glmmPOLO, Vemables and Ripley (2002). Daing so one
ohtains for the standard emor of the year effect © = 420 . The program owput also incledes X/ = 1000,
where X is sguare root of the estimate of the dispersion statistic. This value sugpests that the logistic-normal model
is fitting the data mther well.

Figure 4 shows the estimated daily effects. There are not great changes from the Model [ results presented in
Figure 1.

An estimate of the expected number of fires for some region and future occasion is provided by

S Jlr expl i + T2} (1 +exp[f + T2} )p(z)dz (5
i

with i again labelling the pixels of the region of concern and the days of the month, and 7§, = gz, 9 + ge0d, ]
The integral in {5) is evaluated numencally and the esults are given in the lefthand panel of Figure 5. Apain the
uncertaintics are derived via the jackknife.

[n somie circumstances an estimate of

Prob{ At least one fire in e particuler region and month}

iz desired. With an approximate Poisson process of intensity of fires jo(z’, o', d'), and a region Af this probabil ity is
given by
1 — exp{- Jlr ple o d'd'dy'dd'}
M

whose integmnd may be approximated by expression {4). The results are given in the righthand panel of Figure 5.
The lefthand panel may be compared with Figure 3.

Figure & gives estimates of the mndom year effects, that is £{|dafa} foreach af the of the years 19589 - 1996,
Such effects are sometimes referred to as shrunken effects.

Another way to estimate the vanmce of mndom effects is to fit them as it they were fixed, ie. under Maodel I,
and then to compute the sample variance of the values obtained. This leads to a standard error of the fixed effoct
year values as 7= 464, which is suprisingly close to the glmmPOLY) produced value,
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Figure 5: Maodel [ predictions - expected counts and risks - for Umatilla Forest based on expression (2). The
vertical lines are approximate 95% confidence intervals.
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Figure 6: Shrunken year effects for Model [I1.
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Figure 7 Model assessment results for Model [ The lefthand panel is a normal probability plot of the mommal
residuals, the richthand shows notched boxplots for each year's mormal residuals.

4.3 Model assessment

The response is himary, ¥ = (0. 1 and so vadows of the classical model effect proceduncs ane not particularly
effective. However uniform mesiduals are an aid to assessing poodness of fit, in varnows such nonstandard cases,
see Brillinger and Preisler {1983) and Brillinger {1996). In the binary case these may be computed as fol lows:
suppose Prob{Y = l|explenatories} = < and that [/} and [/; denote independent wniforms on the imtervals
(0,1 == (1 —==.1}, respectively then the variate

rf = Lr]t[l—\"'j+rf£t\"'

has a wniform distribution on the interval (0,1). Wheneas when Prob{Y = 1|erplanatories} = -, then {17}
= (1 4+ v — /2 for example. We referto [V, when an estimate of % is employed, a5 a uniform residual and write
I7. We refer to &~ "1 as a normal residual. Working with the normal residuals has the advantage of spreading the
vilues out. Varnows traditional residual plots may mow be constructed, eg. nomal probability plots involving the
normal residuals &1 17} ar plots of (1) versus explanatories.

The righthand panel of Figure 7 shows notched boxplots of the normal residwals of Model [ against the year.
The graph suggests that year needs to be in the model as an explanatory. The lefthand panel provides a normmal
prohahility plot and there is not much to be concemed with,

Figure § provides similar plots for Model I, but now the explanatory in the righthand pasel is elevation. Again
one has an indication that a further explanatory should be included. The lefthand shows little evidence against the
distri butional assumptions made.

5 Summary and discussion.

The waork that has been presented is preliminary and exploratory. [t is meant to lead to possible approaches in
the full modelling effort.

Two distinct models, one fixed effect and the other mndom effact, have been set down and studiad. Their fit has
heen assessed by probability and residual plots.

One question in the work was whether a random effect was in fact neaded. In answer to this is: Yes, the context
of the situation and the desire for estimates of future probabilitics more or less guarantees so. [twas noted how close
the estimate of the random effect variance derived from fixed effect modelling was to that hased on mndom effects
modelling.
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Figure & Model assessment results for Model [T
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