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Abstract: Wildfires in forest ecosystems produce landscape mosaics that include relatively unaffected
areas, termed fire refugia. These patches of persistent forest cover can support fire-sensitive species
and the biotic legacies important for post-fire forest recovery, yet little is known about their abundance
and distribution within fire perimeters. Readily accessible 30-m resolution satellite imagery and
derived burn severity products are commonly employed to characterize post-fire landscapes; however,
coarse image resolution, generalized burn severity thresholds, and other limitations can constrain
accurate representation of fire refugia. This study quantifies the abundance and pattern of fire refugia
within 10 fires occurring in ponderosa pine and dry mixed-conifer forests between 2000 and 2003.
We developed high-resolution maps of post-fire landscapes using semi-automated, object-based
classification of 1-m aerial imagery, conducted imagery- and field-based accuracy assessments, and
contrasted these with Landsat-derived burn severity metrics. Fire refugia area within burn perimeters
ranged from 20% to 57%. Refugia proportion generally decreased with increasing Landsat-derived
burn severity, but still accounted for 3–12% of areas classified as high severity. Patch size ranged from
1-m2 isolated trees to nearly 8000 ha, and median patch size was 0.01 ha—substantially smaller than a
30-m Landsat pixel. Patch size was negatively related to burn severity; distance to fire refugia from
open areas was positively related to burn severity. Finally, optimized thresholds of 30-m post-fire
normalized burn ratio (NBR) and relative differenced normalized burn ratio (RdNBR) delineated fire
refugia with an accuracy of 77% when validated against the 1-m resolution maps. Estimations of
fire refugia abundance based on Landsat-derived burn severity metrics are unlikely to detect small,
isolated fire refugia patches. Finer-resolution maps can improve understanding of the distribution of
forest legacies and inform post-fire management activities including reforestation and treatments.

Keywords: burn severity; refugia; resilience; remote sensing; dry mixed-conifer; patch size;
Pinus ponderosa; scale

1. Introduction

Wildfire is an essential ecological process that promotes heterogeneity in forest structure,
composition, and landscape pattern [1,2]. As remotely sensed measures of wildfire activity and
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effects have become increasingly available, abundant research has focused on evaluating landscape
patterns of burn severity, especially the extent and distribution of stand-replacing, high-severity
components [3–5]. Less is known about fire refugia, which are defined as “landscape elements that
remain unburned or minimally affected by fire, thereby supporting post-fire ecosystem function,
biodiversity, and resilience to disturbances” [6]. The term has been adapted from the ecological concept
of refugia as habitats in which biota persist, retreat to, and potentially expand from under changing
biotic and abiotic conditions [7]. In forested landscapes, fire refugia can be delineated as locations that
are unburned or only lightly impacted by fire and retain live forest cover [8–10].

Fire refugia can provide vital ecological functions in post-fire landscapes. In particular, fire refugia
can provide seed sources necessary for the re-establishment of obligate seeding species, facilitating
the recovery of the surrounding landscape [11–13]. Despite increasing interest in the role of fire
refugia across burn mosaics, little is known about their distribution and abundance, particularly at
fine spatial scales. In historically surface-fire driven systems, such as ponderosa pine (Pinus ponderosa
Lawson & C. Lawson) and dry mixed-conifer forests in the interior western USA, critical ecosystem
functions and forest-dependent biota may be at risk where large, severe fires can lead to landscape-scale
conversion from forested to non-forested states [14–19]. However, such losses may be buffered
where fire refugia provide both short- and long-term potential for forest persistence and recovery.
As such, the identification, characterization, and quantification of fire refugia within contemporary
burned landscapes can inform targeted post-fire research and restoration activity, supporting adaptive
management strategies where forests are vulnerable to stand-replacing fire effects.

Remote sensing data, particularly multispectral satellite-derived indices, are frequently used
to map burn perimeters, estimate the ecological effect of fire on soils and vegetation, and examine
the spatial variability of disturbance patterns [20,21]. The Landsat-derived Normalized Burn Ratio
(NBR) [22] provides the basis for the most widely used burn severity indices among both managers and
researchers in recent decades. Pre- to post-fire differenced NBR (dNBR) and relative dNBR (RdNBR)
provide metrics of burn severity proportional to the degree of fire-driven environmental change over
time [23,24]. The U.S. federal interagency Monitoring Trends in Burn Severity (MTBS) [25] program
has utilized these indices to map and classify the severity of fires across the United States from 1984
to present. This easily accessible and comprehensive database provides a valuable record of fire
effects, but the MTBS burn severity products and classifications have limitations for addressing specific
ecological questions [26] such as precise identification of fire refugia locations.

Combined with microclimate-indicative terrain metrics and fire weather conditions, dNBR-derived
indices have been used to predict the probability of fire refugia and to examine the spatial neighborhoods
in which refugia exist—advancing our understanding of the deterministic and stochastic factors
contributing to the variable patterns of refugia at the landscape scale [9,27,28]. Kolden et al. (2012) [29]
used dNBR to delineate the extent and spatial pattern of unburned patches in relation to fire size
and severity. Meddens et al. (2016) [30] built on fire refugia characterization efforts by delineating
unburned patches using Landsat-derived spectral indices in combination with ancillary data, advancing
a classification model that improved on the commonly used MTBS thresholds. Despite overall high
classification accuracy when validated against a field dataset, the authors acknowledged that the pixel
grain of moderate resolution spectral data (e.g., Landsat) can hinder the detection of sub-pixel patches,
suggesting that the inclusion of higher resolution and hyperspectral data could significantly improve
the delineation of unburned remnants [30].

The ability to detect fire refugia using Landsat imagery is fundamentally constrained by the 30-m
(0.09-ha) spatial resolution, which could preclude accounting for small surviving forest patches within
pixels of moderate to high burn severity. Additional constraints of Landsat-based burn severity metrics
include generalized severity class thresholds, sometimes-weak empirical relationships with ecological
metrics, and highly variable performance across different vegetation types [26]. A potential fine-grain
dataset for fire refugia assessment is the systematic, 1-m resolution orthoimagery that has been publicly
available across the continental U.S. through the National Agricultural Imagery Program (NAIP)
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since 2003. Numerous studies have demonstrated the utility and improved accuracy of using NAIP
imagery to monitor and classify land cover and vegetation, especially when object-based, rather than
pixel-based, classification methods are employed [31–33]. For example, Chambers et al. (2016) [15]
used NAIP imagery in the classification and mapping of fire refugia to develop a predictive map of
conifer regeneration after high-severity wildfire. However, such techniques have not yet been broadly
applied to the characterization and spatial analysis of fire refugia.

The purpose of this study is to characterize the relative abundance and spatial distribution of
fire refugia within contemporary fire perimeters in dry-forest ecosystems. Fundamentally, we asked:
what is the abundance and spatial pattern of fire refugia containing persistent tree cover with recent
large wildfires? Our specific objectives were to: (1) develop high-resolution fire refugia maps for 10
fires across the intermountain western USA via semi-automated object-based image classification and
delineation; (2) analyze fire refugia abundance, size, and spatial patterns (including distance to nearest
fire refugium) in relation to common, coarser-grained burn severity metrics and classifications; and (3)
assess the utility of using widely available 30-m resolution reflectance data for the identification of
surviving forest.

2. Materials and Methods

2.1. Study Area and Fire Selection

We mapped and analyzed 10 large wildfires that occurred between 2000 and 2003 and ranged in
size from the 6584 ha Roberts Creek fire to the 189,651 ha Rodeo-Chediski fire (not mapped in full due
to access limitations (Table 1, Table S1). The study fires were located across the U.S. Intermountain
West (i.e., Arizona, Colorado, New Mexico, and Oregon; Figure 1) and selected to meet the criteria
described below. We focused on fires that occurred primarily within interior ponderosa pine and dry
mixed-conifer forests because these forest types are considered highly vulnerable to wildfire-driven
conversion to non-forested states following high-severity fire. Most fires contained relatively large
proportions of high-severity fire effects (7–43%, mean = 26%; according to MTBS-classified dNBR data)
and could be considered uncharacteristic relative to the low to moderate severity regimes historically
associated with these forest types [34,35]. Pre-fire forest cover for the selected fires ranged between 67%
and 98% (mean = 89%) based on analysis of the 1992 Landsat-derived National Land Cover Dataset
(NLCD; Table S2) [36].

Table 1. Summary of fire start dates and imagery acquisition dates used for mapping and analysis.
Imagery was obtained from the National Agricultural Imagery Program (NAIP), Landsat Thematic
Mapper (TM) and the Enhanced Thematic Mapper Plus (ETM+).

NAIP Acquisition
Date Landsat Acquisition Date (Sensor)

Fire State Year Fire Start Day Post-Fire Pre-Fire Post-Fire

747 Complex Oregon 2002 13 July 2012-07-23 2002-06-13 (ETM+) 2003-07-10 (TM5)
Hash Rock Oregon 2000 23 August 2014-07-05 2000-08-01 (ETM+) 2001-08-20 (ETM+)
Hayman Colorado 2002 8 June 2013-09-26 2001-08-24 (TM5) 2003-08-14 (TM5)

Missionary Ridge Colorado 2002 9 June 2011-08-08 2002-06-06 (TM5) 2003-06-25 (TM5)
Monument-Malheur Oregon 2002 12 July 2012-07-11 2001-08-06 (ETM+) 2003-08-20 (TM5)

Ponil Complex New Mexico 2002 8 June 2011-05-31 2001-05-20 (TM5) 2003-10-17 (TM5)
Poplar Arizona 2003 30 September 2013-06-20 2002-06-28 (ETM+) 2004-07-11 (TM5)

Pumpkin Arizona 2000 25 May 2013-06-07 1998-06-25 (TM5) 2001-06-09 (ETM+)
Roberts Creek Oregon 2002 12 July 2012-07-21 2001-08-06 (ETM+) 2003-08-20 (TM5)

Rodeo-Chediski Arizona 2002 18 June 2007-09-22 2001-05-01 (ETM+) 2003-04-29 (TM5)

Note: Sensor denotes Landsat sensor generation.
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Figure 1. Study fires (indicated by red fire perimeters) across the northwestern and southwestern 
study regions. 

2.2. Image Classification and Fire-Refugia Mapping 

Given the focus on forested systems in this study, our operational definition of fire refugia is any 
patches of live tree cover persisting within study fire perimeters. These patches were mapped as 
follows. For each fire, we accessed four-band, 1-m resolution NAIP imagery through the U.S. 
Geological Survey EarthExplorer data acquisition interface [37]. NAIP scenes were selected based on 
their quality for subsequent ease of classification (e.g., free from excessive shadows and visual 
obstruction). Scenes were also required to have a minimum time since the last fire of five years to 
allow for the full realization of second-order fire effects (e.g., delayed mortality) and a maximum time 
since the last fire of 15 years to limit the presence and possible misclassification of post-fire tree 
establishment. While the protracted patterns of forest recovery (or lack thereof) in our study burns 
allowed us to confidently utilize imagery with this range of post-fire intervals, we suggest that any 
systematic effort to map persistent forest cover using the approaches described below, particularly 
across more productive forest types, could ideally take advantage of imagery acquired 2–3 years post 
fire. Fire perimeter polygons were acquired from the Monitoring Trends in Burn Severity (MTBS) 
project [38]. 

Figure 1. Study fires (indicated by red fire perimeters) across the northwestern and southwestern
study regions.

2.2. Image Classification and Fire-Refugia Mapping

Given the focus on forested systems in this study, our operational definition of fire refugia is
any patches of live tree cover persisting within study fire perimeters. These patches were mapped
as follows. For each fire, we accessed four-band, 1-m resolution NAIP imagery through the U.S.
Geological Survey EarthExplorer data acquisition interface [37]. NAIP scenes were selected based
on their quality for subsequent ease of classification (e.g., free from excessive shadows and visual
obstruction). Scenes were also required to have a minimum time since the last fire of five years to
allow for the full realization of second-order fire effects (e.g., delayed mortality) and a maximum
time since the last fire of 15 years to limit the presence and possible misclassification of post-fire tree
establishment. While the protracted patterns of forest recovery (or lack thereof) in our study burns
allowed us to confidently utilize imagery with this range of post-fire intervals, we suggest that any
systematic effort to map persistent forest cover using the approaches described below, particularly
across more productive forest types, could ideally take advantage of imagery acquired 2–3 years post
fire. Fire perimeter polygons were acquired from the Monitoring Trends in Burn Severity (MTBS)
project [38].

Image classification and refugia delineation processes were carried out for each post-fire scene
using ArcGIS Desktop 10.4.1 [39]. Post-fire NAIP images were segmented to group pixels with similar
spectral and spatial properties into homogenous units, resulting in an intermediate object-based
representation (Figure 2a,b). These image segments, or objects, became the classification processing
unit [40,41]. Objects representing fire refugia (i.e., tree canopy) and open areas (i.e., areas lacking
tree canopy) within each fire perimeter were selected as training samples and were merged into two
respective classes, with each class containing at least 100 samples. The training sample dataset was
used to perform a supervised maximum likelihood classification of the segmented image. The output
product consisted of a raster with two discrete cover classes: fire refugia and open areas. A focal
majority filter was applied to the output raster to reduce the presence of misclassified isolated pixels, a
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common source of error when classifying high-resolution imagery. The moving window-based focal
majority filter computes the class of each pixel by assigning it the majority class of the surrounding
pixels within a specified neighborhood. After experimenting with neighborhood size and number of
iterative filter applications, a single filter application using a 7 × 7-pixel neighborhood achieved the
desired noise reduction and boundary smoothing, while still preserving some single-pixel patches
representing the smallest individual trees, thus establishing the minimum mapping unit. Pixels
classified as fire refugia were extracted from the raster and converted to polygon layers.
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Figure 2. Image processing and classification flow, as follows: (a) 1-m resolution post-fire NAIP
image, (b) object-based result of image segmentation, and (c) final classified product (transparent map
displayed over original source image).

Following Chambers et al. (2016) [15], polygon boundaries within 20 m of each other were
aggregated, and holes less than 50 m2 were closed. After experimenting with many parameter
combinations, we found that the 20-m aggregation distance best represented contiguous fire refugia
patches where canopy density was relatively low. Similarly, closing holes of 50 m2 or less effectively
captured “within-patch” tree canopy missed during classification, while also preserving relatively
small inter-canopy gaps. Together, these parameters provided an optimal estimation of discrete fire
refugia patches and open areas for subsequent spatial pattern analysis. Any remaining inaccuracies
identified through final visual inspections were largely reduced by minimally editing the fire refugia
layer to include areas where canopy was missed and to remove misclassified patches [15]. To create
the final fire refugia map (described below), edited polygons were converted back to raster format, and
all regions not occupied by fire refugia were classified as open areas (Figure 2c).

Subsequent accuracy assessments and analyses make use of the entire mapped region within each
fire perimeter, which in all cases necessarily included some areas that were not forested prior to wildfire.
However, we determined that any attempt to remove or mask such pre-fire non-forested areas would
have produced considerable artefacts in analyses including the removal of areas containing forested
refugia, the focus of our study. We explored utilizing 30-m resolution maps (e.g., the 1992 National
Land Cover Dataset) [36] to remove pre-fire non-forested vegetation from the analysis, but due to the
resolution mismatch (1- vs. 30-m), this dataset would exclude many of the small fire refugia patches
we sought to map. Specifically, 10% on average of the area mapped as fire refugia occurred within
NLCD 30-m pixels classified as a non-forest cover type (Table S2). Areas classified as pre-fire non-forest
within the NLCD map only accounted for 13% of our mapped open areas across all fires, indicating that
the inclusion of these areas was unlikely to substantially influence key inferences (Table S2). Because
4-band NAIP imagery was not uniformly acquired prior to our study fires, it would not have been
possible to develop pre-fire 1-m resolution maps of tree cover and open areas (nor could such maps
have been subject to field-based accuracy assessment).

Imagery-based accuracy assessments of the fire refugia maps were carried out using equalized
stratified random sampling to distribute 100 validation points per cover class [42,43]. Following the
methods of Chambers et al. (2016) [15] and Davies et al. (2010) [31], we used the source NAIP imagery
to visually assign each validation point to the fire refugia cover class if within tree canopy, or the open
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area cover class if outside of tree canopy. A confusion matrix was computed using the point validation
dataset to assess errors of commission and omission, overall accuracy, and the Kappa coefficient (κ) [44]
for each fire refugia map.

Field samples collected during the summer of 2017 provided ground truth data for nine of the
10 fire refugia maps (the Monument-Malheur fire was not field-sampled). Ground-truthing was done
in conjunction with field data collection for a broader array of fire refugia-related research questions.
Accordingly, field plots were stratified along a distance-weighted density (DWD) [11] gradient of fire
refugia abundance, whereby DWD values were computed for each fire refugia map pixel based on the
number and proximity of surrounding pixels representing fire refugia. Low DWD values indicated
areas with little or no fire refugia, and high values indicated high fire refugia density. Continuous DWD
values were binned into four classes along natural breaks within both cover classes. Specifically, field
sampling plots were stratified such that (1) 25% of plots targeted fire refugia and the remaining 75%
targeted open areas, and (2) each DWD-based density class was equally represented. Field technicians
confirmed or negated live residual tree canopy cover within randomly selected, 100-m2 (5.64-m radius)
plots. As such, the ground truth accuracy assessment reflects a comparison between the mapped
presence/absence of trees to the presence/absence of trees within plot. The 100-m2 area was intended to
account for any potential NAIP registration error and horizontal accuracy limitations of our handheld
GPS units, and also to allow for the efficient collection of vegetation data for analyses not presented
here. Fifty field plots were sampled for most fires; 100 were sampled in the two largest burns (Hayman
and Rodeo-Chediski). Confusion matrices were computed from the ground truth validation dataset to
complement the imagery-based accuracy assessments and further appraise the performance of the
classification and delineation methodology.

2.3. Refugia Abundance, Size, and Spatial Distribution

Patch-, class-, and landscape-level spatial pattern metrics were computed for the fire refugia and
open area classes using FRAGSTATS (University of Massachusetts Amherst, MA, USA): the Spatial
Pattern Analysis Program for Categorical and Continuous Maps [45]. Patches were defined using
an 8-pixel neighborhood rule such that pixels sharing a corner node would be considered part of
the same patch. Metrics included total class area, class landscape proportion, patch count, patch
density, summary of patch sizes, largest patch index (proportion of the landscape occupied by the
largest patch), total edge, edge density, and mean shape index (infinitely increasing from one as shape
complexity deviates from square). Unless noted otherwise, the remaining statistical analyses were
carried out using R software (R Core Team 2016; R Foundation for Statistical Computing, Vienna,
Austria, www.r-project.org).

We selected MTBS-distributed products to assess the abundance and spatial patterns of fire refugia
because our high-resolution refugia maps provide an opportunity to evaluate these widely available
and utilized maps of burn severity. Despite increasing recognition of limitations constraining the use
of MTBS-classified datasets these products are commonly used to evaluate fire effects, warranting their
comparison with alternative representations of post-fire landscape mosaics. We began by assigning a
MTBS burn severity classification to each fire refugia patch based on the class of the Landsat 30-m pixel
that it intersected. When a patch spanned numerous 30-m pixels, burn severity context was estimated
by assigning it the majority severity class from across all intersected pixels. The relationship between
burn severity and refugia patch size was examined by summarizing and plotting the distribution of
patch sizes within each burn severity class.

To examine distances to potential tree seed sources within fire perimeters, we used our maps to
compute a continuous 1-m resolution Euclidean distance surface from fire refugia patch edges into
open areas. MTBS burn severity class and distance values were extracted from 100,000 randomized
points across the open area class. Mean distances to nearest fire refugium patch edge and maximum
observed distance were determined for each fire. Additionally, the distributions of distance values
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to nearest fire refugium patch within each burn severity class were plotted to examine how distance
varied among classes.

To investigate the distribution of fire refugia across the continuous burn severity gradient, cover
class (i.e., refugia vs. open areas), dNBR, and RdNBR values were extracted from the center of every
30-m pixel within each burn perimeter. Burn severity values were segregated by cover class, and
their frequencies were plotted as overlapping histograms. To provide additional context, we included
MTBS-determined dNBR thresholds of unburned-low, low, moderate, and high-severity, which varied
among fires. Burn severity thresholds for RdNBR, established by Miller and Thode (2007) [24], were
also included in each RdNBR distribution plot. These RdNBR thresholds were chosen because they
are the most widely applied; other RdNBR-based burn severity thresholds have been developed for
Washington and Oregon [20,46]. The relatively minor differences between these thresholds were
determined to have no influence on key interpretations. The proportions of each burn severity class
that were composed of fire refugia and open area cover classes were quantified for both the dNBR and
RdNBR indices.

2.4. Optimal Threshold Determination and Classification Assessments

Because classified burn severity products are not expressly intended to detect fire refugia, their
use may lead to inaccurate estimates of fire refugia abundance or pattern. We thus explored an
alternative classification technique intended to delineate fire refugia by evaluating optimal thresholds
of widely available 30-m resolution spectral indices, determined using the known fire refugia locations
provided by our high-resolution maps. We assessed two pre- to post-fire differenced indices: dNBR
and RdNBR, as well as three post-fire indices: post-fire NBR, post-fire near infrared (NIR), and
post-fire shortwave near infrared (SWIR). NBR values were derived from the initial post-fire Landsat
scenes used to calculate dNBR and RdNBR that were included in each fire-specific MTBS data bundle.
Reflectance values of post-fire NIR and SWIR were extracted from the Landsat Thematic Mapper (TM)
and Enhanced Thematic Mapper Plus (ETM+) bands 4 and 7, respectively. Table 1 provides imagery
acquisition dates from each fire. Values from each spectral index, as well as the presence or absence of
tree cover based on our high-resolution fire refugia maps, were extracted for every 30-m pixel within
each fire perimeter, and subsequently used in optimal threshold identification.

Using the presence or absence of fire refugia as the dichotomous outcome, logistic regression was
employed to quantify the probability of tree cover for observed burn severity and reflectance values,
with individual models for each predictor (i.e., dNBR, RdNBR, post-fire NBR, NIR, or SWIR). These
probability values were used to plot the receiver operating characteristic (ROC) curve and calculate the
associated area under the curve (AUC) with R package pROC [47] R package PresenceAbsence [48]
was used to determine the optimal threshold value of each spectral index that maximized Kappa when
predicting the presence of fire refugia. Confusion matrices were utilized to assess the classification
performance of each spectral index’s optimal threshold value by using the threshold to segregate
index values into predicted fire refugia or open area classes and comparing with the actual condition
according to the original high-resolution fire refugia map. The percent correctly classified (PCC)
and Kappa coefficients were computed from each statistical model’s confusion matrix. Finally, the
classification performance of each spectral index and its optimal threshold were ranked according to
AUC, PCC, and Kappa.

3. Results

3.1. Map Accuracy

Imagery-based accuracy assessments of our high-resolution fire refugia maps ranged from 91%
to 95% total accuracy (mean = 94%), returning Kappa coefficients between 0.82 and 0.90 (mean =

0.87; see Table 2 for producer’s and user’s accuracy percentages). Ground truth accuracy assessments
of fire refugia maps produced results similar to the imagery-based assessments, with total accuracy
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percentages ranging from 90% to 97% (mean = 95%) and Kappa coefficients between 0.80 and 0.95
(mean = 0.89; see Table 3 for producer’s and user’s accuracy percentages).

Table 2. Imagery-based accuracy assessments from confusions matrices computed for each fire.

Producer’s Accuracy User’s Accuracy Total

Fire Open Areas Fire Refugia Open Areas Fire Refugia Accuracy K

747 Complex 0.94 0.94 0.94 0.94 0.94 0.88
Hash Rock 0.90 0.94 0.94 0.90 0.92 0.84
Hayman 0.93 0.96 0.96 0.93 0.95 0.89

Missionary Ridge 0.98 0.90 0.91 0.98 0.94 0.88
Monument-Malheur 0.96 0.94 0.94 0.96 0.95 0.90

Ponil Complex 0.95 0.92 0.92 0.95 0.94 0.87
Poplar 0.89 0.93 0.93 0.89 0.91 0.82

Pumpkin 0.88 0.99 0.99 0.89 0.94 0.87
Roberts Creek 1.00 0.91 0.90 1.00 0.95 0.90

Rodeo-Chediski 0.93 0.94 0.94 0.93 0.94 0.87

Overall mean 0.94 0.94 0.94 0.94 0.94 0.87

Table 3. Ground truth accuracy assessments from confusions matrices computed for each fire.

Producer’s Accuracy User’s Accuracy Total

Fire Open Areas Fire Refugia Open Areas Fire Refugia Accuracy K

747 Complex 0.98 0.88 0.96 0.95 0.95 0.88
Hash Rock 0.95 1.00 1.00 0.85 0.96 0.89
Hayman 0.98 0.88 0.96 0.95 0.95 0.88

Missionary Ridge 1.00 0.92 0.97 1.00 0.98 0.95
Monument-Malheur - - - - - -

Ponil Complex 1.00 0.80 0.92 1.00 0.94 0.85
Poplar 0.97 0.87 0.95 0.93 0.94 0.86

Pumpkin 0.97 0.92 0.97 0.92 0.96 0.90
Roberts Creek 0.94 0.86 0.94 0.86 0.92 0.80

Rodeo-Chediski 1.00 0.89 0.96 1.00 0.97 0.92

Overall mean 0.98 0.89 0.96 0.94 0.95 0.89

Note: Ground-truthing was not conducted for the Monument-Malheur Fire.

3.2. Refugia Abundance, Size, and Spatial Distribution

Collectively, fire refugia accounted for an average of 39% of the overall post-fire landscape within
fire perimeters based on our high-resolution fire refugia maps. However, this varied considerably
among fires: Poplar (57%) and Pumpkin (51%) post-fire landscapes were dominated by fire refugia,
followed by 747 Complex (46%), Hash Rock and Ponil Complex (40%), Missionary Ridge and
Rodeo-Chediski (35%), Roberts Creek (33%), Monument-Malheur (30%), and Hayman (20%) (Figure 3).
Fire refugia patch sizes were highly variable, ranging from isolated trees as small as 1 m2 (0.0001 ha) to
the largest contiguous patch covering 7955.18 ha (Table S1). Mean refugia patch sizes ranged from
0.56 ha to 6.02 ha (overall mean = 2.19 ha), and the area-weighted mean was 2254 ha (Figure S1). The
median patch size was 0.01 ha, due to a high frequency of small patches (Figure S1). Though abundant,
these small patches accounted for only a small proportion of the all fire refugia; patches less than 0.09
ha (equivalent to one Landsat pixel) accounted for 0.8% of the total mapped area of fire refugia.
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Figure 3. Fire refugia map for each fire and landscape proportions of each cover class. Note: map scale
varies among burns.

Mean fire refugia patch densities were between 0.14 and 0.39 patches ha−1 (Table S1). The largest
patch index was highly variable among burns, with each burn’s largest contiguous patch accounting for
5.71% to 55.81% of the total landscape (overall mean of 24.5%; Table S1). The number of patches smaller
than 0.09 ha, the minimum classification unit for Landsat-derived burn severity maps, accounted for
11% of the total patch count. Patch size decreased with increasing burn severity, except for within
the unburned-low severity class, where median patch sizes were marginally less than those found in
low severity regions (Figure 4). Patches that persisted within regions classified as having burned at
high-severity tended to be the smallest (mean = 0.01 ha), while average patch sizes were larger in areas
classified as low burn severity (mean = 4.68 ha).
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Figure 4. Summary of fire refugia patch sizes partitioned by burn severity for (a) Monitoring Trends in
Burn Severity (MTBS) differenced normalized burn ratio (dNBR)-based severity classes and (b) relative
differenced normalized burn ratio (RdNBR)-based severity classes (Miller and Thode 2007). Note:
y-axis is log-scaled.

Median distances to nearest fire refugia patch edge across all fires ranged from 11.1 m to 67.2 m,
with an average median distance of 36.83 m (Table S3). The mean maximum distance across all fires
was 784.45 m, with a maximum distance of 1424 m, observed within the Hayman burn (Table S3).
Distances varied predictably across dNBR (Figure 5; Table S4) and RdNBR (Figure 5; Table S5) burn
severity classes, with the greatest mean distances consistently occurring in regions of high severity,
followed by moderate mean distances in regions of moderate severity, and the lowest mean distances
in unburned regions and regions of low severity. Across all fires, the median distance to nearest fire
refugia edge was 81.39 m in dNBR high-severity regions, 25.61 m in moderate-severity regions, 9.22 m
in low-severity regions, and 10.20 m in unburned-low regions (Table S4). A nearly identical pattern of
distance variability occurred across RdNBR severity classes (Table S5).Forests 2019, 10, x FOR PEER REVIEW 11 of 21 
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The distribution of dNBR and RdNBR burn severity values extracted from mapped fire refugia and
open areas were highly variable among burns. While the fire refugia class was more narrowly distributed
than the open areas class, and generally occupied the lower end of the severity gradient, considerable
proportions were found across higher severity portions of the gradient (Figure 6, Figure S2). Specifically,
across dNBR classes, 1–12% of samples classified as high-severity among fires were composed of fire
refugia, with an overall mean of 5% (Table 4). An increasing proportion of the landscape was classified
as fire refugia in moderate, low, and unburned-low dNBR severity classes, with fire refugia comprising
an average of 30%, 57%, and 62%, respectively (Table 4). RdNBR distributions were nearly identical
those of dNBR, with 3–11% of high-severity samples containing forest and generally increasing refugia
abundance with decreasing burn severity (Table S6).Forests 2019, 10, x FOR PEER REVIEW 12 of 21 

 

 
Figure 6. Distributions of dNBR values by cover class. Vertical lines indicate MTBS thresholds for 
unburned-low (U-L), low (L), moderate (M), and high (H) severity classes (threshold values vary by 
fire). Note: y-axis scale varies among burns. 

Table 4. Proportion of each MTBS dNBR burn severity class composed of fire refugia and open 
areas. 

 High Moderate Low Unburned-low 

Fire 
Fire 

refugia 
Open 
areas 

Fire 
refugia 

Open 
areas 

Fire 
refugia 

Open 
areas 

Fire 
refugia 

Open 
areas 

747 Complex 0.12 0.88 0.42 0.58 0.61 0.39 0.38 0.62 
Hash Rock 0.01 0.99 0.13 0.87 0.52 0.48 0.72 0.28 
Hayman 0.05 0.95 0.19 0.81 0.37 0.63 0.44 0.56 

Missionary 
Ridge 0.04 0.96 0.21 0.79 0.51 0.49 0.60 0.40 

Figure 6. Distributions of dNBR values by cover class. Vertical lines indicate MTBS thresholds for
unburned-low (U-L), low (L), moderate (M), and high (H) severity classes (threshold values vary by
fire). Note: y-axis scale varies among burns.



Forests 2019, 10, 782 12 of 20

Table 4. Proportion of each MTBS dNBR burn severity class composed of fire refugia and open areas.

High Moderate Low Unburned-Low

Fire Fire
Refugia

Open
Areas

Fire
Refugia

Open
Areas

Fire
Refugia

Open
Areas

Fire
Refugia

Open
Areas

747 Complex 0.12 0.88 0.42 0.58 0.61 0.39 0.38 0.62
Hash Rock 0.01 0.99 0.13 0.87 0.52 0.48 0.72 0.28
Hayman 0.05 0.95 0.19 0.81 0.37 0.63 0.44 0.56

Missionary Ridge 0.04 0.96 0.21 0.79 0.51 0.49 0.60 0.40
Monument-Malheur 0.05 0.95 0.30 0.70 0.56 0.44 0.59 0.41

Ponil Complex 0.07 0.93 0.36 0.64 0.55 0.45 0.68 0.32
Poplar 0.05 0.95 0.34 0.66 0.71 0.29 0.76 0.24

Pumpkin 0.03 0.97 0.36 0.64 0.72 0.28 0.74 0.26
Roberts Creek 0.04 0.96 0.31 0.69 0.52 0.48 0.60 0.40

Rodeo-Chediski 0.06 0.94 0.40 0.60 0.68 0.32 0.65 0.35

Overall mean 0.05 0.95 0.30 0.70 0.57 0.43 0.62 0.38

3.3. Optimal Threshold Determination and Assessment

The optimal threshold values of RdNBR (threshold = 440) and post-fire NBR (threshold = 0)
ranked highest in their ability to predict fire refugia at a finer spatial scale (PPC = 0.77, κ = 0.53;
Figure 7). Post-fire NBR (AUC = 0.85) and RdNBR (AUC = 0.84; Figure 7) performed similarly as
predictors. Post-fire SWIR ranked third in classification performance (PCC = 0.75, AUC = 0.82, κ = 0.47)
followed by dNBR (PCC = 0.72, AUC = 0.79, κ = 0.43; Figure 7). The threshold value of post-fire NIR
exhibited almost no ability to predict the presence of trees (PCC = 0.48, AUC = 0.53, κ = 0.06; Figure 7).
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4. Discussion

4.1. Refugia Abundance and Burn Severity Context

High-resolution maps of post-fire forest mosaics revealed that fire refugia retaining live trees are
generally abundant within fire perimeters and occurred even in regions classified as having burned
at high-severity according to two different 30-m Landsat-derived indices. The persistence of fire
refugia as part of the mosaic of fire effects represents an important component of post-disturbance
landscape complexity, especially in places where disturbance was most severe. The omission of
these patches from post-fire assessments, which can occur when relying on 30-m resolution datasets
alone, could result in underestimates of tree survival and the associated capacity of forests to recover
from high-severity fire effects. While the widely available MTBS database provides a consistently
produced and broadly transferrable tool for wildfire trend monitoring and analysis of moderately
coarse fire effects, a growing body of literature has highlighted the limitations of these data [20,26,30,49].
In addition to the constraints discussed by these authors, our work highlights another key limitation:
spatial resolution.

Our analyses indicated that fire refugia abundance and patch size decreased with increasing
burn severity, while distance to nearest refugia patch increased. These results are consistent with the
expectations that remotely sensed spectral change is associated with tree canopy mortality; however,
our finer-grain characterization of refugia distribution and abundance yields novel insights into
sub-30-m pixel spatial variability that can help refine our understanding of the ecological forms and
functions of refugia in post-fire systems. Importantly, refugia may provide important islands of residual
habitat and seed sources necessary for the natural recovery of the surrounding matrix [50] even in
locations mapped as high-severity by Landsat-based change detection.

The quantity and pattern of tree cover along gradients of burn severity and within commonly
used severity classification schemes are likely among the most meaningful measures of fire effects for
both managers and researchers. Although the extent of tree cover varied considerably across fires,
it accounted for an average of 39% of the post-fire landscape. In contrast, a recent Landsat-based
study of over 2300 fires across the interior Northwest reported that unburned patches comprised an
average of 9.6% of sampled burns [50]. Relative to their quantification of these truly unburned areas,
our comparably large average proportion of refugia suggests that much of the surviving forest is likely
to have endured some degree of low severity underburn or surface fire exposure. We contrasted our
maps with two Landsat-based burn severity classifications, a dNBR-based classification produced by
MTBS, which employs threshold values subjectively, and an RdNBR-based classification that employed
consistent thresholds [24]. Proportions of fire refugia and open areas show broadly similar patterns
using either approach. The application of slightly different RdNBR-based thresholds [46] would yield
a similar pattern. These findings demonstrate the challenges posed to end users of these burn severity
classifications, especially if they are interested in forest loss, retention, or the capacity for regeneration.

4.2. Refugia Patch Size and Spatial Distribution

The size and configuration of refugia within burn perimeters may provide a range of habitat,
seed sources, and support for ecological processes that collectively contribute to post-fire resilience
often overlooked after large and/or uncharacteristically severe fire events [6,8,9,11–13]. While areas of
stand-replacing fire can enhance biodiversity in some systems by giving rise to early seral communities
and providing habitat important to a wide variety of biota [51] fire refugia represent habitat islands
for forest-dependent species within a highly disturbed matrix. Ecologically optimal patch sizes
and distributions are likely dependent on system-, process-, or species-specific dynamics [52,53].
For example, we expect larger patches to harbor more species and support biota that require more
contiguous forest habitat. Conversely, numerous small fire refugia, while potentially prone to loss
through exposure to the sometimes-harsh conditions of the surrounding matrix (e.g., increased winds),
may better preserve ecologically important landscape heterogeneity, patchiness, and complexity [54].
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Moreover, many small patches may act as recovery nuclei, attracting dispersers and facilitating
enhanced forest regeneration via concentrically expanding recruitment of tree seedlings [55,56].
Coop et al. (2019) [11] found that, for any given proportion of the landscape occupied by forested
refugia, small patches produced disproportionately greater areas of forest regeneration. Although a
small patch of trees surrounded by widespread mortality may provide less spatially contiguous habitat
required by some species, subsequent cohort establishment emanating from these isolated focal areas
could significantly increase the rate of reforestation over time relative to inward recruitment from the
perimeter of treeless patches alone [57,58]. Accordingly, we expect that optimal fire refugia patch size
and configuration will depend largely on the ecological process or function for which optimization is
desired (e.g., contiguous forest habitat in the short-term versus long-term forest regeneration).

The spatial distribution of fire refugia patches found in high-severity regions tended to be more
isolated, as distance to the nearest fire refugia patch across open areas increased predictably as a
function of burn severity. Each fire contained locations where the distance to nearest fire refugia
patch, and thus, live seed source, likely was far enough to prohibit adequate recruitment, especially
the largest and most severe fires (e.g., the Hayman fire, where the maximum observed distance was
1424 m). Recent studies [15,59] demonstrated that the density of post-fire regeneration for obligate
seeding tree species is best explained by variability in distance to live seed source, and they identified
distance thresholds beyond which regeneration is unlikely (50 m and 95 m, respectively). While the
relative abundance of fire refugia resulted in an overall median distance below the identified thresholds
(36.83 m, Table S3), given the large areas of severely burned patches >100 m from a forest patch, it
remains likely that a substantial proportion of these landscapes will lack the proximate seed sources
necessary to facilitate natural recruitment for many generations. Fine-resolution fire refugia maps, such
as those produced for this study, can be used to estimate seed source distance distributions within burn
perimeters, thereby contributing to efforts that have sought to identify places were regeneration is most
and least likely and serving as an indicator of a forest’s natural recovery potential [15,60]. However,
it is important to note that these maps do not account for a wide range of factors important to seed
production, including tree age and size, health, and species composition—all of which contribute to
variation of post-fire regeneration patterns.

Understanding pre- and post-fire land cover context plays an important role in the characterization
of fire refugia mosaics [49]. Our focus in this study was quantifying and characterizing the spatial
patterns of trees that persisted through wildfire. A complete accounting of these trees required
considering the entire area within study fire perimeters, which included areas that were not completely
forested prior to wildfire. Based on the 1992 NLCD classification, an average of 12% of the area within
our study fires, and 13% of the areas we mapped as post-fire open areas, was classified at the 30-m
resolution as a non-forested land cover type prior to fire (Table S2). As noted earlier, areas that were
not classified as forest also contained 10% of our mapped fire refugia, and as such were retained within
our analyses. However, many canopy gaps smaller than 30-m were also undoubtedly present prior
to our study fires, and pre-fire variability in canopy density and continuity is certain to have shaped
patterns of post-fire tree persistence. For example, we found that median seed source distances tended
to be slightly higher in regions classified as unburned-low severity compared to low-severity regions.
This may be due to low canopy density, larger inter-canopy gaps, and more non-forested area (e.g.,
meadows, bare soil, scree fields) within this classification. Similarly, persistent tree cover accounted for
only 62% and 57% of the total area within portions of fires classified as unburned-low and low-severity,
respectively, likely due to lower pre-fire canopy cover in these regions, highlighting how locations
with minimal spectral change do not necessarily indicate forest survival [49].

4.3. Optimal Threshold Determination and Assessment

Estimating pre- to post-fire changes with Landsat-derived burn severity indices is an effective
method for detecting and monitoring wildfire effects at moderate spatial resolution [24,61–63] and
Landsat severity assessments have yielded insights into relevant trends, patterns, and processes
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from a perspective that was previously unavailable. However, our study illustrates that map users
should understand the intended purpose and limitations of Landsat-based datasets to avoid inaccurate
inferences and interpretations [21,26,49]. The quantification of residual forest is a post-fire attribute
that burn severity indices are not intended to capture explicitly, and these challenges largely can be
attributed to insufficient spatial resolution of most “off the shelf” products for the detection of small
patches and the incompatibility of applying generalized thresholds across geographically broad and
heterogeneous regions where variable reflectance values may represent disparate surficial conditions.

By deconstructing Landsat-derived differenced indices into their component temporal and spectral
parts, we were able to identify and assess the performance of thresholds specifically intended to
detect fire refugia rather than burn severity. These methods align with the recommendations of
Kolden et al. (2015) [26], who called for developing burn severity classifications based on ecological
metrics important to land management, provide alternative thresholds for classification based on
such metrics, and utilize field data to develop these metrics. We identified threshold values of both
post-fire NBR and RdNBR suitable for mapping surviving trees within our study burns. The post-fire
NBR threshold, with an accuracy of 77%, suggests that it may be superior to differenced indices for
predicting the probability of surviving forest in dry mixed-conifer systems when finer-resolution data
are not available. The threshold value identified for this spectral index (NBR = 0.00) is likely a function
of the typical response of NBR values to the surface reflectance characteristics across recently burned
areas. Specifically, the NIR band (TM/ETM+ Band 4) positively reacts to plant productivity, while the
SWIR band (TM/ETM+ Band 7) reacts positively to drying or non-vegetated surfaces and is absorbed
by live vegetation. Since NBR incorporates the difference of NIR minus SWIR, positive values of NBR
are associated with healthy vegetation, while negative values indicate non-living or burned vegetation,
bare soil, and rock [23]. Because the NBR value of zero represents the transition between these two
states, it serves as a logical threshold for detecting surviving forest with imagery acquired soon after
a fire.

Using a post-fire NBR threshold for fire refugia classification may provide a slight advantage
over the differenced indices because NBR simply infers the vegetated state of any given post-fire pixel,
reducing the likelihood of omitting surviving vegetation and misclassifying non-vegetated pixels.
Conversely, because differenced indices (i.e., dNBR and RdNBR) estimate the degree of vegetative
change from pre- to post-fire, surfaces that were non-vegetated pre-fire would likely be unchanged
and misclassified as surviving forest under a binary scheme, illustrating the utility of incorporating
pre-fire vegetation data to address this challenge [49]. Similarly, areas that burned at moderate severity
but retained some residual trees may still register as changed beyond a given severity threshold,
increasing the probability of being interpreted as lacking live trees. Furthermore, employing an
optimal threshold-based classification cannot overcome the constraint of spatial resolution when
precise classification and fine-scale maps are desired—as indicated by the overall low values of Kappa
(i.e., κ ≈ 0.5 or less) for all Landsat-derived indices when validated against the high-resolution fire
refugia maps.

Improved classification in forest systems could be achieved by complementing burn severity data
with more advanced remote sensing techniques. Tools such as NAIP-imagery, very-high resolution
(VHR) multispectral data, light detection and ranging (LiDAR), and spectral unmixing of remotely
sense images have shown promise in precision detection and characterization of the sub-30 m spatial
variability of fire effects [64–66]. Although these high-resolution data are being collected more frequently,
access to commercially acquired VHR imagery can be prohibitively expensive, and airborne LiDAR
datasets are currently limited in their spatial and temporal coverage. Accordingly, Landsat-based
spectral indices will continue to be the most widely applicable fire mapping tool, particularly for
assessments of fire patterns across large spatial and temporal domains.
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5. Conclusions

The ability to accurately identify, quantify, and characterize fire refugia that may sustain vulnerable
biota is of increasing importance to land managers and conservation planners faced with an uncertain
future [67]. The resilience-supporting capacity of fire refugia may be of critical importance in ponderosa
pine and dry mixed-conifer systems, where disturbance regimes have been altered by direct and indirect
human influences [68] and even small refugia can promote tree regeneration within a severely burned
matrix [11,12]. Identifying and characterizing these post-fire ecosystem legacies can help resource
managers anticipate potential ecosystem shifts and develop targeted management interventions that
promote forest persistence [69].

Our study utilized high-resolution datasets to provide new insights into the abundance and
spatial patterns of fire refugia in ponderosa pine and dry mixed-conifer forests, emphasizing the value
of accompanying commonly employed tools for analyzing post-fire landscapes with finer-resolution
forest mapping techniques. Our findings add to a growing consensus that Landsat-based burn severity
products have important limitations and underscore that ecologically important components of the
post-fire landscape may go largely undetected by Landsat-derived burn severity indices. As advanced
remote sensing technology and imagery products become more widely available, researchers and
resource managers will have new tools and capabilities to complement existing burn severity products
and better detect and monitor fire refugia. High-resolution fire refugia maps can inform management
efforts to conserve these remnant habitats and nuclei of forest regeneration. These maps also could
enable forest restoration practitioners to optimize limited reforestation resources by targeting burned
regions farthest from fire refugia patches, where natural tree regeneration is least likely and forest
recovery is most constrained. However, while recent work has highlighted how fire refugia may
promote post-fire forest regeneration [11–13], their capacity to support a wide range of other essential
ecological processes has been the subject of little quantitative research. Fine-scale mapping efforts,
such as those developed here, may facilitate further exploration of a host of associated questions.
For example, refugia size, shape, and neighborhood configuration may affect their importance as habitat
for a wide range of forest-dependent biota and ecological communities, as well as their long-term
dynamics (e.g., expansion or contraction). Beyond developing such an understanding, however,
effective management and conservation efforts will also depend on identifying the limitations of refugia
in mitigating ongoing environmental change [67].

Supplementary Materials: The following are available online at http://www.mdpi.com/1999-4907/10/9/782/s1,
Figure S1: Size distribution of mapped fire refugia patches. Figure S2: Distributions of RdNBR values by cover
class. Vertical lines indicate Miller and Thode (2007) thresholds for unburned-low (U-L; RdNBR < 69), low (L;
RdNBR 69–315;), moderate (M; RdNBR 316–640), and high (H; RdNBR ≥ 641) severity classes. Note: y-axis scale
varies among fires. Table S1: Spatial pattern metrics for fire refugia patches summarized by burn. Table S2: Percent
of pre-fire landscapes composed of non-forest land cover types (from the 30-m National Land Cover Dataset;
Vogelmann et al. 2001), percent of post-fire open areas (from the 1-m fire refugia maps) that were classified as
pre-fire non-forest land cover, and the percent of fire refugia (from the 1-m fire refugia maps) that occurred in
areas classified as a pre-fire non-forest land cover. Table S3: Summary of distances to nearest seed source (m)
across open areas and maximum observed distance. Table S4: Distances to nearest seed source (m) across open
areas, as inferred by Euclidean distance to nearest fire refugia patch edge, partitioned by dNBR burn severity
class. Values are mean ± one standard deviation. Table S5: Distances to nearest seed source across open areas,
as inferred by Euclidean distance to nearest fire refugia patch edge, partitioned by RdNBR burn severity class
(Miller and Thode 2007). Table S6: Proportion of each RdNBR burn severity class (based on Miller and Thode
2007) composed of fire refugia and open areas.
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