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Abstract

Even after landscapes are disturbed by boreal wildfires, considerable quantities of residual vegetation
remain. A method for developing spatially explicit predictive probability maps is presented to identify the
presence of residual vegetation within burned boreal landscapes in North-western Ontario, where we learned
residual presence expectations from a suite of wildfires that burned from 2002-2003. This approach relies on
eusily measured variables due to the lack of detailed local information in this remote region. We cross-
validate predictions within our training data, a suite of 11 wildfires, using a bootstrapping approach (internal
validation) and then test the model on an independent event that burned in 2011 (external validation). The
predictive model is based on the Random Forest algorithm and is implemented at 5 separate spatial
resolutions (4 to 64 m). The model has a reasonably high predictive power as determined by internal
validation. The external validation yielded accuracy better than random prediction and we conclude that the
existence of residual vegetation is clearly related to the presence of firebreak features and proximity fo wet
regions. Our repeatable approach is spatially explicit, implemented in an open software environment, and

provides acceptable results where local and detailed data availability is substantially limited,

1. Introduction

Wildfires, the most prevalent natural disturbances in
boreal forest ecosystems (Johnson, 1995), are often
intense and frequent but rarely consume everything
in their path (Rowe and Scotter, 1973). Owing to
variations in fire intensity, together with differences
in weather, fuel, species composition, and other
environmental conditions (Johnsen et al., 1998),
wildfires contribute to the creation of a complex
mosaic of stands of varying age, composition, and
structure (Van Wagtendonk, 2004 and Cullinane-
Anthony et al, 2014). This mosaic includes
remnants of pre-fire forest ecosystems that partially
or entirely escape fire (Ouarmim al., 2015), referred
to as residual vegetation patches (which we shorten
in this paper to residuals). Residuals are
conceptually defined as anything from an individual
tree to an entire stand that escaped burning, but in
practice may include areas that were burned by very
low intensity fires (Perera and Buse, 2014).

In Canada, mapping of residuals (Remmel and
Perera, 2009) and characterizing their patterns and
spatial characteristics (Araya et al, 2015, 2016)
have become increasingly important for
understanding  natural  disturbance regimes.
Undisturbed residuals continue to provide vital
ecological services after disturbances, including the

sources of seeds for regenerating local species,
acting as refuges for disturbance-sensitive species,
establishing habitat, cover, and food sources that are
not likely to be available in the surrounding
disturbed areas (Burton et al., 2008 and Cullinane-
Anthony et al., 2014). Although residual mapping
(Remmel and Perera, 2009) provides information
after a wildfire or harvesting disturbance event has
occurred, additional benefits could be attained if the
most likely residual patch locations resulting from a
fire disturbance could be predicted using a
modelling framework. If only pre-fire landscape
conditions were known, predictions of likely
residual patches within a larger wildfire disturbance
landscape could be used to guide harvest layout
planning within the context of emulating natural
disturbances (END) or to assess biomass and carbon
dynamics. We demonstrate and evaluate a
framework for predicting the spatially explicit
likelihood of residual eceurrence from pre-burn data
for the fire-dominated boreal forest landscapes of
North-western Ontario and incorporating the
complex and interactive effects of physical variables
using a machine-learning technique (Munoz and
Felicisimo, 2004). While several methods for
mapping residuals exist, this has not been
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extensively handled in the fire literature (Perera and
Buse, 2014). Studies of boreal wildfires have rather
focused primarily on their patterns, mechanistic
processes, and their ecological effects (Van
Wagtendonk, 2004). For example, the natural
wildfire pattemns and processes across the forested
areas of Alberta and central Saskatchewan
{Andison, 2013) and western Quebec (Bergeron et
al., 2007) have been studied broadly (Andison,
2013). A detailed set of data have also been
collected and analysed to map historical fires and
characterize residual vegetation in British Columbia
and Alberta (Andison, 2004). The majority of these
and other studies have been within areas of active
fire suppression and hence exist in non-natural
settings (Perera and Buse, 2014). Our study
examines natural (lightning ignited and non-
suppressed) boreal wildfire events that occurred in
North-western Ontario.

The occurrence of residuals is a complex
ecological process and factors such as vegetation
characteristics, geo-environmental factors, and local
weather conditions could influence their formation
and resulting patterns. Since their interactions are
not linear and may involve mmltiple processes, a
robust model should be designed to examine the
predictability of the occurrence of residuals within a
fire disturbed landscape. We were determined to
develop a spatially explicit model to identify areas
where residuals are likely to occur due to physical
site characteristics and geo-environmental features,
The model is a non-parametric method that
addresses the complex spatial dependence and non-
linear interactions commonly found in nature. Since
the abundance and patterns of residuals could vary
as a function of both spatial and temporal scales, the
model was also designed to generate the spatial
probability of residual occurrence as a gradient of
scales. However, the remoteness of the fire event
sites hindered the possibility of obtaining local
weather data for fire scale analysis, especially at the
fine pixel-level of this study. Therefore, the
likelihood of residual occurrence was limited to
obtainable environmental variables rtelated to
topography and land cover variables, particularly
those forming fircbreak conditions.

There are a limited number of studies that have
undertaken to understand the factors that govern
residual presence (e.g., Cuesta et al., 2009 and
Araya et al, 2015). These suggest that the
occurrence of residuals is ascribed to interactive
effects of various factors, particularly moist sites,
but this work is far from complete. Further, regional
conirols on the patiern of residuals could be
explained by a function integrating wvegetation
characteristics, geo-environmental factors, and the

likelihood of macro- (climate and seasonality) and
meso-scale {e.g., rainfall, wind, and temperature)
fire weather conditions (Perera and Buse, 2014).
Variations in measurement and analytical scale
(e.g., spatial resolution) among studies further limit
comparisons among them., To address these
limitations and to improve our understanding of
physical site characteristics that influence the
presence of residuals, we propose an approach based
on Random Forests (RF) that can be applied broadly
to predict residual presence likelihood. Our spatially
explicit model prediction results are readily
interpreted in cartographic format and comparable
with other studies across multiple spatial
resolutions.

Machine-learning methods, such as RF, provide
a framework for identifying the important
underlying variables for building robust predictions
and for exploring mechanistic relationships within
models (Breiman, 2001 and Evans et al., 2011).
Unlike traditional statistical methods, machine-
learning methods are non-parametric models and do
not agsume a predefined distribution or hypotheses;
they handle the complex, non-linear, and multi-
dimensional interactions among variables that are
common in ecological data (Evans et al., 2011 and
Waljee al., 2013). In this context, our goal is to
internally validate a spatially explicit and readily
repeatable predictive method implemented in RF
using a bootstrapping approach. We then externally
validate the performance of our model by producing
spatially explicit likelihood maps of residual
occurrence for an independent wildfire event using
pre-fire conditions and then overlay those results
with the map of actual residuals that remained
following the fire to assess the accuracy of those
predictions.

2. Methods

2.1. Study Area

We studied twelve natural wildfires situated in two
different ecoregions in North-western Ontario. All
twelve wildfires bumed within the Ontario boreal
shield ecozone (Hills, 1961), which is characterized
by relatively long, cold and dry winters, and short
(and warm), and moist summers (Thompson, 2000},
Eleven of the wildfires, having footprint arcas
ranging from approximatcly 58 to 4225 ha, are
identical to the ones examined by Remmel and
Perera (2009) and Araya et al., (2015, 2016) and are
located within the boreal region of Ontario (Figure
1). These 11 wildfires were all ignited by lightning
and were not suppressed; they form the data domain
for training the predictive model and for performing
the internal validations.
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Figure 1: Locations of the wildfires in relation to Ontario’s boreal region

A twelfth wildfire event (RED084) with a footprint
of 54,828 ha (containing 14,591 ha of residual
vegetation) was used for externally validating the
model.

The eleven wildfires used for training occurred
among the 2001 to 2003 fire seasons and occurred
within the Ontario Ministry of Natural Resources
(OMNR) extensive fire management zone where
fires are monitored and recorded, but not actively
suppressed (Perera et al., 2009). Unlike the training
wildfires, RED(084 bumed in the Red Lake area in
July 2011 and is situated within the area of
undertaking (AOU) where forest management
practices occur. Minor areas of this fire event had
previously bumed or been harvested and fire
suppression efforts were minimal relative to the
extent of the footprint. RED084 was sclected to
independently validate the performance of our
model because: 1) the fire was ignited naturally by
lightning, 2) despite suppression efforts, the fire
burned until extinguishing naturally, 3) the event is
contained within a similar ecological setting as the
training fires, and 4) imagery from the same satellite
was available for both training and validation sites,
which facilitated our assessment.

2.2 Data

Our model was based on presence—absence data,
with residuals forming the presence data. Presence
data (residuals) were determined from classified
Ikonos imagery as described in Remmel and Perera
(2009). The mapping of residuals follows the
Ontario Ministry of Natural Resources’ guidelines,
with residuals defined based on their size and
location in relation to the perimeter of a disturbed
landscape (OMNR, 2014). Residuals are clusters of
unburned pixels, with an area greater than (.25 ha of
a treed land cover class at a distance greater than 1
pixel inset from the fire perimeter (OMNR, 2014);
note that the spatial resolution of the data alters the
definition for identifying residuals. Training data for
our model was originally classified from Ikonos
imagery acquired between 1 June and 7 August
20035; the residuals used as the validation data were
derived from Ikonos imagery captured between 30
October 2011 and 12 July 2012. In each case, a
supervised maximum-likelihood classifier was used
to produce post-fire vegetation maps with different
feature classes such that residuals would be
extracted and spatially aggregated at 4, 8, 16, 32,
and 64 m spatial resolutions (R4, Rs, Ris, Raz, and
Rgs respectively) (Remmel and Perera, 2009 and
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Araya et al,, 2016). Our study examined residuals
from eleven wildfires in northern-western Ontario,
and we follow the works of Araya et al., (2016) to
categorize each of the eleven training wildfires into
one of three groups based on footprint area: small
fires (< 260 ha), medium fires extend to < 3000 ha,
and large fires = 3000 ha (identified by a natural
breakpoints in the data).

Since information about absence data was not
readily available, a spatial sampling algorithm
(Araya et al.,, 2016) was used to randomly identify
arcas that could be considered absence data (we
describe them in this paper as null-residuals),
mimicking the residuals in size, shape, orientation,
and frequency of occurrence. Internal validation was
based on data from the eleven wildfires used for
training and external validation used the RED(084
wildfire that was kept separate from the training of
the model and from internal validation, such that it
could be used afterward for independent external
validation.

The model tested the interactive effects of
variables selected based on @ priori ecological
assumptions (i.e., that residual patch occurrence is
explained by vegetation characteristics and geo-
environmental conditions). While published
literature indicates that the occurrence of residuals
results from local wildfire behaviour in response to
environmental conditions, limited availability of
such data for the study area limited the types of
variables that could be utilized in the predictive
model. Thus, we rely on the combined and
interactive effects of the topographic variables
(ruggedness index — R1, slope — SL, and elevation —
EL), natural firebreak features (distance to wetlands
— WL, water — WA, and bedrock and non-vegetated
areas — BV), and land cover class — LC to predict
the likely occurrence of residuals. RI quantifies the
relative elevation difference between a central cell
and its eight nearest neighbouring cells as presented
on a digital elevation grid as shown in Equation 1
(Riley et al., 1999).

2 1/2
RI = YZ(x!-j —~Xga)
Equation 1
X, is the elevation of the centre cell; X are the

elevations of each of the neighbouring cells whereas
Y indicates the cell size.

Distance to wetland — WL and distance to water —
WA variables are computed as Euclidean distances
to the nearest wetland or water body cell
respectively. Our land cover class was based on pre-
burn conditions extracted from the Ontario Land

Cover Data Base that is derived from Landsat
imagery acquired between 1999 and 2002, mostly
from 2000 onward. Weather variables (wind,
temperature, and precipitation) that may contribute
in the ignition and spread of wildfire were not
incorporated in our study since they were not
available at the required spatial scales for this
remote region.

2.3 Modei Construction and Calibration

Spatial datasets were converted into tables with 8
columns; seven predictor variables and a binomial
response variable (i.c., residuals — null residuals)
and rows representing individual pixels. This data
was fed into a RF predictive algorithm implemented
in R (R Core Team, 2015). The RF technique is an
ensemble learning technique developed out of
CART and boosting and bagging approaches that
generates numerous classification trees that are
subsequently aggregated to produce a single
classification. The RF algorithm begins by
generating multiple bootstrapped samples and then
building a set number of un-pruned classification
trees for each bootstrapped sample, classifying both
presence and absence based on a suite of geo-
environmental factors (Breiman, 2001). While two-
thirds of the bootstrapped samples are used for
constructing a classification tree, the remaining one-
third, referred to as the out-of-bag sample (OOB),
are used for computing accuracies and error rates.
Each classification tree assigns a class (i.e., residual
or null-residual} to each unique combination of
predictor variable decision sequences and a majority
vote across all randomized trees defines the
resulting response class for that pixel.

RF implementation in R requires two parameters
to be set: the number of trees in the forest (n4..) and
the number of variables () in the random subset
at each node used to split the nodes (Breiman,
2001). The sensitivity of RF algorithm to the
parameters (7., and my,) based on the same dataset
(training data), given the physical variables, was
assessed in Araya et al, (2016). The study
suggested that the error estimates showed
stabilization of the overall error across a suite of Ay
and myg, values; adding more trees to the model did
not substantially change the error rate (mean:
9.71%, standard deviation: 0.10). Thus, the model
was constructed and calibrated with parsimonious
options Ay, = 100 and my,, = 3. The model was
constructed and calibrated (and internally validated)
using the training data by splitting the data into
training and test groups using a hold-out approach.
The procedure undertaken to partition the data, and
construct and calibrate the model is graphically
summarized in Figure 2
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Figure 2: Overview of the data partitioning (hold-out approach for individual fire events) that was
implemented for calibrating the model. Allocation of events into training (grey) and fest (white) sets. ¥ refers
to the response variable (the likelihood of a pixel being a residual) while X indicates the physical variables

from the training data

The prediction by RF produces either deterministic
response classes or probabilities of class
membership (i.e., matrix of class probabilities).
Since most of the environmental attributes are
inherently continuous, classifying spatial elements
into binary classes yields an overly simplistic
representation of the landscape (Evans and
Cushman, 2009).

We presented the presence of residuals as a
separate probability surface, determined at the
individual pixel level, rather than a mosaic of
discrete patches that are implicitly assumed to be
categorically discrete. The result from the model
present predicted probability values scaled from 0 to
1 for each grid cell, with predictions closer to 1.0
indicating greater chance of residual vegetation
occurrence. Contiguous cells with high probability
of residual occurrence can be grouped and
considered as a residual; where the probability
threshold needs to be decided by practitioners and
will be context sensitive. In order to examine the
threshold values that determine the probability of
residual occurrence, and compare the observed with
the expected values, arbitrary threshold values were
selected 1o convert the predicted probability values
into a binary surface.

2.4 Model Validation

The inherent uncertainty of a predictive model
needs to be validated to determine its suitability for
a specific application and to compare different
modelling techniques (Pearce and Ferrier, 2000 and
Beauvais et al., 2006). Several methods have been
proposed, but model validation is generally
performed using internal or external validation. Qur
first approach, internal validation, was done by
splitting the study data set into training and test
groups that are respectively used to build and
validate a model; this was a leave-one-out method,

where a dataset from a single wildfire (e.g., FO1
from the training data) is used for testing while the
remaining datasets (from all other fires) were used
for training the model. Each iteration of testing
proceeds with a different event being left out for the
internal testing. Next, we tested model validity
against an external data set that has never been used
in building the model. Since internal validation may
overestimate model performance, our approach was
also validated externally to provide an independent
assessment of model performance. To achieve
external validation, our medel was built with the
training data (eleven wildfires) and validation was
performed with data from the RED084 wildfire
event.

There are two approaches for evaluating model
performance: (1) use a fixed-probability threshold
for deciding residual versus null-residuals, or (2) use
a threshold-independent measure, that can vary
based on the data (Jepsen, 2004 and Beauvais et al.,
2006). Both methods translate the predicted
probability into a binary (0 or 1) class; the fixed-
probability threshold is based on a single value
{often 0.5 is considered as a default) while the latter
method adjusts to the data. The selection of an
appropriate threshold wvalue is difficult, often
arbitrary, and will affect measures of a model’s
performance. A threshold-independent measure,
such as the Receiver Operating Characteristics
{ROC), based on a broad spectrum of threshold
values (Fielding and Bell, 1997, Pearce et al., 2001
and Peters et al., 2007) was implemented in our
study to assess the predictive performance of the
model. The ROC curve provides a graphical
depiction of a model’s discrimination ability over a
range of threshold values (Zweig and Campbell,
1993 and Pearce and Ferrier, 2000).

Predicted probability values derived from the RF
model were used to generate a 2x2 contingency
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table, one for each threshold value. A threshold
value represents a probability above which a cell is
considered to contain residual vegetation (Peters et
al., 2007). A threshold interval of 0.01 is used to
convert the predicted values into a binary category
(0 andl), over 100 threshold values evenly spaced
across the range of available predicted values (from
0.0 to 1.0). For each threshold of the continuous
probability scale, a 2x2 contingency table was
created from which sensitivity and specificity were
computed (Figure 3).

Actual
Present Absent
g Present a b
3
& | Absent c d
Sensitivity | Specificity
a/(b+c) d/(b+d)

Figure 3: Metrics of residual validation: a
hypothetical 2x2 contingency table used as the base
for estimating sensitivity, specificity, ROC, and
AUC

Sensitivity refers to the proportion of presence
(i.e., residuals) correctly predicted while specificity
is the proportion of absence (i.e., null-residuals)
correctly classified. A ROC curve, a plot of
sensitivity on the y-axis against (1 — specificity) on
the x-axis for varying threshold values is produced.
Since comparing ROC curves directly is not easy
and can be highly subjective (Eunsik and Wenbao,
2011), a single index, the Area Under the Curve
(AUC), is computed as it describes the
discrimination ability of a model (Zweig and
Campbell, 1993 and Pearce and Ferrier, 2000). We
produced ROC curves for cach fire event and spatial
resolution combination within our study along with
the AUC for each curve using the AUC package in
R. The AUC values serve as indicators of the
model’s ability to distinguish between residuals and
null-residuals, independent of a specific threshold
value.

2.5 Spatial Prediction

A model output can be presented as an abstract
formula or in the form of qualitative description, but
the ability to generate predicted probability maps
enable us to examine the spatial distribution of
elements and the continuous nature of residual
occurrence in a disturbed landscape (Beauvais et al.,
2006). Our predicted probability values, ranging

from 0 to 1, were converted into digital or GIS
readable format maps using the RS4GA4 package in
R. The output maps identify the probability of
residual occurrence at each grid cell of a fire event

footprint.

3. Results

A pair-wise correlation analysis to assess the
relationship among pairs of physical variables
(topographic, firchreak features, and land cover)
was undertaken and identified no redundancics in
the variables (Araya et al., 2016). A similar study
has examined the relative importance and marginal
effects of each of the variables that has been used
for spatial prediction in the present study (Araya et
al., 2016). Prior to computing the ROC curves and
their respective AUC values for the test data, the
discriminatory power of the model in relation to the
variables was also examined visually by comparing
the wvariability of probability values across five
spatial resolutions for the training data (Figure 4).
The results show that the median probability values
for residual cells are relatively higher than those for
mull-residual cells; this difference is most dramatic
at R4. The model’s inability to distinguish between
residual and null-residuals was also evident in some
of the wildfires (e.g., FO6 and F(07) where the
median values for residual and null-residuals are
very similar,

Our model’s predictive performance was
initially assessed using selected fixed probability
thresholds, cut-off values used to translate the
predicted probabilities into a binary class (0 and 1)
where the default threshold is often set as 0.5 (to
isolate cases performing better than random
chance). This involves overlaying deterministic
probability map with existing residuals that
remained following the fire. The choice of an
appropriate threshold wvalues is difficult, often
arbitrary, and affects measures of a model’s
performance. We present fixed-accuracy measures
using arbitrary threshold values (0.2, 0.4, 0.5, 0.6,
and 0.8), one for each of the three class sizes (large,
medium and small fire events), and their respective
overall accuracy at Ry,

The sequence of threshold values were selected
on an interval to flank the 0.5 mid-point, to help
identify a reasonable threshold. The overall
accuracy for our internal validation at R4 always
cxceeds 75% for the sclected fire events across
different cut-off values while low accuracy (less
than 35%) was attained for our external validation
(REDO024) at 0.2 and 0.4 threshold values (Table 1).
Yet, an overall accuracy of greater than 50% was
observed for Red Lake fire event for the remaining
threshold values.
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Table 1: Predictive performance and overall accuracy of the RF model using fixed-thresholds (OA — Overall

accuracy), fixed accuracy measures were set using arbitrary threshold values (0.2, 0.4, 0.5, 0.6, and 0.8)

Actual
Fol Fo4 Fo2 REDO0S4
Threshold Present Absent Present Absent Present Absent Present Absent
Present 2.66 0.52 101 0.28 0.03 0.00 156244 | 913697
0.20 Absent 0.00 115 0.00 0.07 0.00 0.00 19.93 91.06
0A (%) §8.0 7.1 90.5 153
Present 2.66 0.19 1.00 0.10 0.03 0.00 117268 | 6783.96
040 Absent 0.00 1.48 0.02 0.25 0.00 0.00 409.69 | 244408
- |_OA(%) 95.6 914 90.5 335
-
E Present 2.66 0.15 0.99 0.06 0.03 0.00 g2 | 40001
050 Absent 0.00 152 0.03 029 0.00 0.00 71026 | 522792
0A (%) 96.4 932 90.5 6.4
Present 2.65 0.12 0.97 0.04 0.03 0.00 580.71 | 181627
0.60 Ahsent 0.01 1.53 0.05 031 0.00 0.00 100066 | 741176
0A (%) 96.9 93.9 90.5 73.9
Present 264 0.06 0.92 0.02 0.03 0.00 33230 435.98
0.50 Absent 0.03 161 0.09 0.33 0.00 03 125007 | 8792.05
0A (%) 95.1 92.0 100.0 84.4
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Figure 5: Graphical representation of the predictive performance of RF model for the eleven wildfires from
training data; each ROC curve in the plot depicts model’s performance at specific spatial resolution
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To further examine model performance, the ability
of our model to discriminate residuals was assessed
using an internal validation and respective ROC
curves; the results are graphically summarized in
Figure 5. A model that perfectly predicts residuals
generates an ROC curve that follows up the left axis
and right across the top axis of the plot, while a
model with random predictions produces a ROC
curve that follows a 45° diagonal from the lower left
corner to the upper right comer (Zweig and
Campbell, 1993, Fielding and Bell, 1997 and Pearce
and Ferrier, 2000).

Plots generally higher in the upper triangle have
greater observed accuracy (Zweig and Campbell,
1993); such a trend is evident in Figure 5 with
changing spatial resolution where curves for some
events (e.g., FO01, F04, F05, F08, and F10)
approached near perfoct discrimination at Ry. The
AUC provides a summary measure of a model’s
predictive accuracy, since the arca under the curve
will increase to 1.0 when the ROC for a perfect
prediction occurs, but more generally a ROC curve
characterized by a large AUC will be more accurate
than if the AUC is small (Pearce and Ferrier, 2000).
As a general rule, the AUC values range from a

random guess (AUC < 0.5), low accuracy (0.5 >
AUC < 0.7), recasonable accuracy (0.7 > AUC <
0.9), and high accuracy (AUC > 0.9) (Swets, 1988).

The results of our internal validation, based on
the training data, showed that the model had the
highest accuracy for F01, F04, and F05 with an
AUC of 0.995, 0.970, and 0.910 respectively at R4
{Table 2), suggesting the model could discriminate
between residual and null-residuals more than 90%
of the time. At R4, the model also produced AUC >
0.7 for all fire events except F02, F03, and F06.
Based on the general rule by Swets (1988), the
ability to discriminate at this scale was evaluated as
being between reasonable and high accuracy. The
lowest accuracy was observed for FO2 and F06, with
AUC values of 0.629 and 0.563 respectively, but
still better than random chance. The statistical
gignificance of AUC wvalues, compared with a
random prediction, was computed using a Wilcox
test as implemented in R. Based on this test, our
predictive model had significantly  higher
discrimination ability (p< 0.05) than random
prediction (i.e., AUC = 0.5) for all the wildfires at
Ry

Table 2: AUC wvalues for each predictive model treatment, representing the 12 wildfires at 5 spatial
resolutions, reflecting Swets (1988) rules: light grey (high accuracy) to darker grey (random prediction)

Spatial resolutions
Size Class Fire ID* R4 Rs Ris Rsz R4
Fo1 0.995 0.886 0.816 0.749 0.793
F06 ( : :
Large F08
F10 0.981 0.874
Fo4 0.970 0.902 0.771
Mg F05 0.910
FO7 0.770
Fi1 0.837
F02
Small Fo3
F09
Independent RED084 I ' . [ .

* The training wildfires are categorized into three groups (large, medium, and small) while REDOS4 was kept geparate for independently validating the model
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Figure 6: The predictive performance of the model as a function of scale: the dashed line in each plot shows
the AUC values computed at different spatial resolutions while the solid line is the best fit model
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Figure 7: Graphical representation of the predictive performance of RF models for the validation wildfire
(RED084); each ROC curve in the plot depicts model performance at specific spatial resolution

At Ry, the model also produced a higher and 0.669; yet a reasonable accuracy was attained

accuracy measure with an index of 0.902 for only
one fire event (i.e, F04) while a reasonable
accuracy was obtained for the remaining fire events
except for FO2, F03, F06, and FO7. At coarser
spatial resolutions such as the onc at Ry, the model

for FO1 and FO4, with AUC index values of 0.816
and 0.771 respectively. The model’s ability to
discriminate residuals from non-residuals at Rj; and
Res was generally low with AUC values ranging
from 0.500 (cqual to random prediction) for FO6 at

produced low accuracy measure for most of the  Resto 0.688 for FO4 at Ray.

wildfires with an index value ranging between 0.507
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Figure 8: Maps of residual vegetation occurrence probability for selected wildfires from training fire events
F01 and F10 at Rs2. Lighter shading indicates a greater probability of residual occurrence, cross-hatched areas
display wetlands, and light blue represents open water land cover
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Figure 9. Maps of residual vegetation occurrence probability for the independent external validation
{RED084) fire event at Rs;. Lighter shading indicates a greater probability of residual occurrence, cross-
hatched areas display wetlands, and light blue represents open water land cover.

The predictive performance of the model was
assessed at different spatial resolutions to determine
whether residual cells could be modelled more
successfully at specific scales. A comparison of the

RF model across scale gradient revealed that some
distinctive patterns in model performance were
observed as a function of spatial resolution. At the
finest spatial resolution, R, the model provided
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better discrimination, but the predictive accuracy
decreases with increasing spatial resolution size in a
consistent power-law relationship for large and
medium size wildfires (except for F06), with R%>
80% (Figure 6). Such a monotonic decreasing trend
with a power-law relationship was not observed
across the three small wildfires: F02, F03, and F09.
We also implemented an external validation using
an independent validation dataset. The ROC curves
representing the predictive performance of our
models at R4, Rs, Ris, Rsz, and Res are graphically
presented in Figure 7. The curves lie between the
two extremes of perfect discrimination and random
prediction, but overall the model had low accuracy
with an index value that lies within the range of 0.5
and 0.7 across all the spatial resolutions (Table 2).
Yet, the AUC values found to be significantly better
than that expected from a random model (p < ¢.05).
While the statistical validity and accuracy of a
model is important, graphical representation of the
model output (i.e., spatially explicit maps of residual
occurrence prediction) facilitate examination of the
spatial distribution of spatial elements (Fielding and
Bell, 1997). The maps of predicted probable
residual vegetation occurrence were constructed for
all wildfires (training and independent events) at
each of the five spatial resolutions. However, due to
space restrictions, we only present the probability
maps for selected wildfire events representing the
training data (Figure 8) and validation data (Figure
9) at Ra» as this is the closest spatial resolution to
how Landsat-type remote sensing sensors would
represent landscapes. The model output is a
probability value scaled from 0.0 to 1.0 for each
grid cell, with predictions closer to 1.0 indicating
greater chance of residual vegetation occurrence.

4. Discussion

The interactive effects of seven physical variables
(ruggedness index, slope, elevation, distance to
wetlands, distance to water, distance to bedrock and
non-vegetated areas, and land cover class) were
related with a binomial response variable (i.e.,
presence—absence of residual) using predictive
models implemented in RF. Weather variables such
as wind, temperature, and precipitation that may
affect the patterns of wildfire and post-fire forest
structure were not considered in this study as they
were not readily available at the required scale for
the remote region of north-western Ontario. Our
modelling framework provides local error estimates,
which are indicative of model fit, but not necessarily
of predictive performance of the model. Given the
importance of predictive models, continuous and
progressive evaluation of models with external
validation is necessary, as effective and correct

model assessment has real significance to ecological
studies (Pearce and Ferrier, 2000, Manel et al., 2001
and Austin, 2007). We chose to perform both
internal and external wvalidation to provide
statistically independent measures of model
performance. The results of our fixed-probability
threshold, specifically overall accuracy, indicated
that the model did a reasonable job to discriminate
residuals from null-residuals at Rs. The overall
accuracy from fixed-probability threshold has been
widespread in determining classification accuracy,
but Manel et al., (2001) argued that it is inherently
misleading. We then considered threshold
independent approach to further assess the
predictive power of our model. We found that
intemnally validated estimates of model performance
was generally well supported and significant at p<
0.05 for the finer spatial resolutions (R, Re, and
Fie), across the majority of the training wildfires.
The results suggest that the model has a reasonable
to high predictive accuracy at finer spatial
resolutions and that the accuracy decreases
generally with coarsening spatial resolutions.

Our internal validation showed that the model
had low predictive performance for certain wildfires
within the training data (i.e., FO2, F03, F06, and
F09), however three of those observations {F02,
F03, and F09) are for the smallest wildfires, and one
plausible reason for low prediction accuracy could
be attributed to small sample size. The extent of the
small wildfires was less than 100 ha; with less than
10 residuals. Likewise, Pearce et al., (2001) found
that the predictive performance of rare cases, with
less than nine records, was poorer than those with
large numbers of records. Similarly, Schwartz et al.,
(2006) claims that too few observations results in
low statistical power for prediction. Our finding
supports the argument that predictive models
usually attain more accurate predictions with
increased sample size (Edwards et al., 2007).
Despite the low accuracy, the performance of our
model (for FO2, F03, and F09) was statistically
significant at R4 and Fg; the model performed
significantly better than random prediction.
Furthermore, our internal model validation had low
predictive accuracy for one of the largest wildfires
(F06) within training data. One potential reason
could be the differences within the landscape as a
function of the environmental attributes and burn
severity. There could be inter-regional or inter-
landscape differences among the disturbed
landscapes (Burton et al., 2008). Another reasen for
low predictive accuracy at F06 could result from the
distribution of un-burmable cover types that
determine residual occurrence within a fire
footprint. A variable importance assessment
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conducted by (Araya et al, 2016), on the same
dataset, indicated that wetlands are the most
important predictors to explain residuals for all large
wildfires except for F06; at R4, wetlands form less
than 0.1% of the F06 fire footprint. Therefore, for a
maodel to predict spatial elements with an excellent
ability to discriminate residuals from non-residuals
(e.g., a strong model), the parameters that determine

the response variable (residual vegetation
occurrence) should occupy a sizable portion of the
fire footprint.

The variation in predictive performance of the
model with the dataset from the training data, over
multiple-scales, suggested that a scaling rule might
be determined for wildfires (i.e., FO1, F04, FO05,
F07, F08, F10, and F11) yielding reasonable to high
accuracy measures. In this instance, the variability
observed in AUC values as a function of spatial
resolutions produced an R? ranging from 80% to
95% (Figure 6). In situations such as F02, F03, F06,
and F09 where low predictive accuracy was yielded
across the spatial resolutions, a robust scaling rule
could not be established given the predictor
variables, with B2 less than 40%. External validation
is a more rigorous procedure for evaluating a
model’s performance (Taylor et al., 2008); hence we
stressed the need for the external data to be
completely independent of building the model.
Given the environmental wvariables considered,
external validation yielded estimates of model
performance that were lower than those initially
reported using internal validation, with AUC values
less than 0.6 across all of the spatial resolutions.
Given the interregional and inter-landscape
differences within the boreal forests as a function of
climate and topographic parameters, the results are
not surprising. This reflects the idea that modelling
approaches developed and applied even in relatively
data-rich regions may not necessarily work
effectively elsewhere (Ferrier et al., 2002). It was
also argued that every wildfire represents a unique
combination of fire behaviours that affect forest
species and habitat features in the canopy differently
(Burton et al., 2008). Regardless, our model does
improve the prediction of residual vegetation more
accurately than by simple random assignment, and it
does so with coarse data for a remote region for
which detailed local fire-weather data are not
available (i.e., at the spatial resolution of the
analysis).

Predictive models, based on presence and
absence data, are increasingly used i ecology,
particularly for conservation planning (Manel et al.,
2001) and effective monitoring programs (Magness
et al., 2009), Residuals are generally treated as
categorical presence-absence classes in a discrete

mosaic (Evans and Cushman, 2009), rather than a
continuous probability surface of presence.

5. Conclusions

We developed a spatially explicit predictive model
in which the presence of residual vegetation can be
determined. Although predictive models can provide
objective estimates of the presence of residuals, the
challenges of validating a RF-based predictive
model are considerable, and attention must be given
to the validation approach in the construction of the
model. Our study was also aimed at validating the
predictive performance of the model in relation to
the combined effects of seven physical variables
using both internal and external validation. Internal
validation (bootstrapping) is more convenient and
perhaps yields an overestimated accuracy of
prediction, but for a predictive model to be valid and
effective, external validation using a dataset from an
independent site was considered for further
assessment of performance. Our approach provides
a consistent and replicable method for leaming
complex and non-linear ecological relationships and
subsequently using those models to predict residual
vegetation occurrence in remote locations where
detailed weather data burning data do not exist.

A model with an ability to discriminate residuals
is the onc that correctly distinguishes between
residual and null-residuals in the evaluation dataset,
irrespective of the reliability of the predicted
probabilities. The overall accuracy from fixed-
probability threshold yielded a reasonable accuracy
to discriminate residuals from null-residuals for
selected threshold values at R4, while low accuracy
was attained for our external validation. Since fixed-
probability measure has been criticized for
providing inherently misleading output, we opted to
assess the model’s accuracy with threshold
independent measures. We found that internally
validated estimates of model performance were
generally well supported; with AUC values greater
than 0.7 at R4 for the majority of wildfire events
while the predictive performance of the model
decreased with coarsening spatial resolution in a
consistent power-law relationship, with a coefficient
of determination >80%.

The ability to generate predicted maps was also
one of the goals of our study; hence we produced
spatially explicit probability maps that identify
locations where residual vegetation is likely to
occur. We found that the physical variables
considered in our study did a reasonable job to
explain residual occurrence. While the model was
able to identify areas of potential residual
occurrence with an overall accuracy ranging from
68% (F06) to 97% (F01) at Rs4, high prediction
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probability is specifically associated with wetlands.
We also inferred that the performance of the
predictive model, even with internal validation, that
results vary as a function of sample size (number of
training residual records) and the spatial resolution.
Larger sample sizes and the finest spatial resolutions
{e.g.., R4 and Rg) produced highest predictive
accuracy. When applied to an independent dataset,
the performance of our model was generally lower
than the performance observed in the internal
validation across the gradient of scales, with AUC
values ranging from 0.5 (random prediction) to 0.7.
Yet, the results were better than random prediction
and the model was able to identify areas of potential
residual occurrence in the independent dataset; the
predicted residuals coincide with areas where
residuals actually formed with an overall accuracy
of 55%. This suggests the potential of the variables
(and the model itself) to explain residual vegetation
occurrence on coarse and sparse data at a rate better
than random chance alone.

While our model produces reasonable prediction
accuracy across a gradient of scales, the likelihood
of residual occurrence was limited to obtainable
environmental variables (topography, firebreak
features, and land cover variables). Unfortunately,
local weather data (wind, temperature, and
precipitation) that are known to contribute
significantly to wildfire ignition success and spread
do not exist at high spatial resolution for this remote
location. The performance of our model would
likely benefit with the incorporation of finer spatial
resolution and local fire weather data.
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