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ARTICLE INFO ABSTRACT

Keywords: The increasing frequency and severity of wildfires pose significant challenges for habitat conservation, partic-

Habita_t suitability ularly in post-fire landscapes. This study evaluates the habitat selection of the Mexican spotted owl (Strix occi-

ISVIe%aﬁre dentalis lucida) in a post-fire environment using multi-level and multi-scale models derived from LANDSAT and
caling

LiDAR data. By focusing on 2nd order (home range selection) and 3rd order (microhabitat selection) habitat use,
we assessed the predictive performance and ecological relevance of these datasets. Optimizing predictors across
spatial scales revealed that large trees, high canopy cover, and mixed-conifer forests were consistently critical for
habitat selection, regardless of the data source. When optimized for spatial scale, LANDSAT- and LiDAR-based
models exhibited comparable predictive accuracy (AUC = 0.976 and 0.975, respectively), emphasizing the
critical role of scale in model performance. Both models had low out-of-bag (OOB) error rates (0.037 for
LANDSAT and 0.050 for LiDAR), indicating high classification reliability. High-severity fire burned 36.6 % of the
study area, negatively impacting owl habitat at fine scales around nest and roost sites, whereas a mosaic of
burned and unburned patches provided foraging opportunities. Spatial disagreement analysis revealed notable
differences in predicted habitat suitability between LANDSAT and LiDAR models, particularly in areas with
complex topography and forest composition. These findings underscore the complementary strengths of both
datasets, with LiDAR excelling in fine-scale structural detail and LANDSAT providing broad-scale compositional
insights. Integrating these technologies offers a scalable and cost-effective framework for monitoring habitat
recovery and guiding conservation strategies in fire-affected landscapes.

Habitat suitability model
Strix occidentalis
Wildfire

1. Introduction largely attributed to a combination of climate change, land-use and fire

management practices, and human expansion into wildlands (Balch

In recent years, large wildfires have increasingly devastated human
communities and ecosystems with greater frequency and severity
(Higuera, 2015). These wildfires have destroyed towns, disrupted live-
lihoods, and caused extensive habitat loss, displacing wildlife pop-
ulations (Balch et al., 2024; Driscoll et al., 2021). The increasing
occurrence of “mega-fires” (i.e., fires >10,000 ha to >100,000 ha) is

et al., 2017; Collins et al., 2021; Jones et al., 2022; Stephens et al.,
2014). Although wildfires are a natural part of many ecosystems, recent
fires have introduced disturbance regimes to which ecosystems may not
be historically adapted (Hagmann et al., 2021). As these trends
continue, understanding how wildfire impacts forest structure and
composition has become a pressing concern for land managers.
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Past research has shown that habitat suitability models developed
using remotely sensed data can improve our understanding of wildfire
risks and impacts on habitats (Hysen et al., 2023; Khosravi et al., 2022;
Wan et al., 2020). These models quantify species-environment re-
lationships, offering critical insights into how wildfires transform
habitat conditions across landscapes, and can assess these relationships
at multiple spatial scales (Wan et al., 2020). However, the accuracy and
performance of these models are strongly influenced by the quality and
resolution of the input data. Historically, many habitat and connectivity
models have relied on LANDSAT satellite imagery to capture forest
structure and vegetation conditions (Timm et al., 2016; Wan et al., 2017,
2019a). LANDSAT data has several advantages: it is freely available,
offers long-term temporal coverage, and provides a reasonable spatial
resolution (30-m pixel) suitable for large-scale ecological studies.

More recently, LiDAR (Light Detection and Ranging) technology has
emerged as a powerful alternative to LANDSAT for capturing forest
structure. LiDAR provides highly detailed three-dimensional data on
vegetation structure at finer resolutions (<10-m), making it possible to
map forest canopy height, density, and understory conditions more
precisely than LANDSAT (Hummel et al., 2011). LiDAR has been shown
to produce more accurate characterizations of forest composition and
structure than traditional satellite imagery, especially in heterogeneous
landscapes (Blackburn et al., 2021). However, LiDAR also has notable
limitations compared to satellite remote sensing, including high acqui-
sition costs, limited spatial coverage, and infrequent temporal updates
(Ackers et al., 2015). While recent advances in computing power and
sensor technology have improved the accessibility of LiDAR data
(Vierling et al., 2008), its use still demands extensive preprocessing
overheads, such as filtering ground returns, correcting sensor errors, and
converting to higher-level products.

Because forest structure is closely linked to habitat potential, LIDAR
offers an opportunity to improve models of post-fire habitat conditions.
However, few studies have directly compared the performance of
LiDAR- and LANDSAT-derived habitat suitability models in post-fire
landscapes (Galbraith et al., 2024; Moran et al., 2020). Here, we con-
ducted a post-fire assessment of habitat use with the primary goal of
comparing the effectiveness of LiDAR and LANDSAT data for modeling
habitat selection. Our study focused on the 2002 Rodeo-Chediski Fire in
central Arizona, which burned 187,000 ha, with 36.6 % of the area
classified as high-severity burn by Monitoring Trends in Burn Severity
(Monitoring Trends in Burn Severity [MTBS], 2025). This fire footprint
provided a landscape to assess Mexican spotted owl (Strix occidentalis
lucida) habitat selection 13-15 years after burning. By doing so, we
evaluated both the long-term persistence of owl habitat after severe
wildfire and the relative strengths of different remote sensing ap-
proaches for capturing key habitat features.

The Mexican spotted owl is a federally listed Threatened species that
occupies mixed-conifer and pine-oak (Pinus spp. — Quercus spp.) forests,
habitats that have been heavily impacted by large, high-severity wild-
fires in the southwestern United States (Ganey et al., 2017; Wan et al.,
2018). The owl is particularly sensitive to changes in forest structure, as
it prefers dense canopy cover for nesting and roosting, while also uti-
lizing early seral patches for foraging (Roberts et al., 2011). Previously,
Kramer et al. (2021) used LiDAR to study elevational differences in
nocturnal habitat selection by spotted owls and highlighted the species’
reliance on forest structures. This reliance on specific forest structures
makes the species an ideal candidate for evaluating how well LiDAR and
LANDSAT data capture post-fire habitat characteristics. Furthermore,
because the owl exhibits strong site fidelity and has long life spans
(Gutiérrez et al., 1995), its habitat preferences remain relatively stable
over time, providing a clear test case for long-term habitat selection
analysis. By focusing on the Mexican spotted owl, we can assess the
performance of these two remote sensing technologies in mapping
critical forest habitats that are essential for both conservation efforts and
wildfire management.

In addition, we conducted this study at multiple levels of habitat
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selection, specifically the 2nd order of selection (hereafter, home range
level) and 3rd order of selection (hereafter, microhabitat level)
(Johnson, 1980). By evaluating both levels, we can better understand
post-fire habitat conditions associated with Mexican spotted owls across
scales, offering valuable knowledge given that most previous models
focus on unburned landscapes (Nayeri et al., 2024; Timm et al., 2016;
Wan et al., 2017, 2019a). This multi-level approach is useful because
species often exhibit different preferences at broader versus finer scales,
and the impacts of fire on habitat availability and suitability may vary
accordingly. Examining habitat selection at both levels allows us to
capture this scale-dependent variation, providing more nuanced insights
into how well LiDAR and LANDSAT data represent habitat changes
across different spatial extents. This, in turn, helps land managers
develop more effective conservation and wildfire management strate-
gies that are sensitive to the varying needs of wildlife across scales.

We hypothesized that LiDAR-based models would outperform
LANDSAT-based models in predicting habitat suitability, particularly in
landscapes affected by severe wildfire due to their finer resolution in
depicting forest structures. Additionally, we examined whether the
characteristic spatial scales of forest structure metrics and the spatial
prediction differed between the best models produced by the two
datasets. We hypothesized that LiDAR-based models would tend to
select finer scales than LANDSAT-based models due to the differences in
the spatial information density of these two data sources. By incorpo-
rating both LiDAR and LANDSAT data, we aimed to evaluate how ad-
vancements in remote sensing technology can enhance our
understanding of wildfire impacts on forest ecosystems. This comparison
can inform future efforts to manage post-fire landscapes more effectively
by providing more precise tools for identifying remnant habitat for
species dependent on mature forests.

2. Methods
2.1. Study area

Our study area encompassed 18,800 ha within the Rodeo-Chediski
fire perimeter, located about 8 km southwest of Heber-Overgaard, AZ.
Bounded by Arizona State Highway 260 to the north, Forest Service
Road 512 to the west, and the Fort Apache Indian Reservation to the
south (Fig. 1). This region includes all known Mexican spotted owl
habitats within the fire’s scope. Approximately 14,700 ha lie in the Black
Mesa Ranger District of the Apache-Sitgreaves National Forest, with the
remaining 4100 ha in the Pleasant Valley Ranger District of the Tonto
National Forest. Dominated by the Mogollon Rim, elevation ranges from
1890 m in Canyon Creek to 2350 m on the Rim, with deep canyons
carved into the Rim’s southern face. Vegetation was dominated by
ponderosa pine (Pinus ponderosa) forests, covering 66.2 % of the
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Fig. 1. Map of the 2002 Rodeo-Chediski fire area in east-central Arizona and
the included 18,800 ha study area on the Apache-Sitgreaves and Tonto National
Forests, adjacent to the Fort Apache Indian Reservation. Also shown are the
boundaries of 20 Mexican spotted owl Protected Activity Centers (PACs)
designated before the fire.



H.Y. Wan et al.

landscape. Mixed-conifer and pine-oak forests interspersed across can-
yons and steep north-facing slopes. Mixed-conifer forests are charac-
terized by a combination of ponderosa pine, Douglas-fir (Pseudotsuga
mengziesii; 0.2 %), and white fir (Abies concolor; 0.1 %), while pine-oak
forests primarily consist of ponderosa pine and Gambel oak (Quercus
gambelii; 9.3 %). Pinyon-juniper woodlands, which covers 8.4 % of the
area are also common and include pinyon pine (Pinus spp.) and juniper
(Juniperus spp.) species. Many post-fire areas have regenerated into
shrubby thickets (e.g., Arctostaphylos pungens, A. pringlei) or grasslands
(e.g., Bouteloua gracilis, Festuca arizonica). Our study area contained 20
designated Mexican spotted owl Protected Activity Centers (PACs) as
defined in the Final Recovery Plan (U.S. Fish and Wildlife Service, 2012)
before the fire. However, the number of PACs occupied immediately
before the fire is uncertain. One additional PAC was established in 2014,
based on owl locations developed during this study. We defined the
study landscape area for home range selection based on the 21 known
Protected Activity Centers (PACs), which represent established terri-
tories for Mexican spotted owls.

According to MTBS classification, which utilizes the Relativized
differenced Normalized Burn Ratio (RANBR) and the Composite Burn
Index (CBI) to assess burn severity, approximately 23 % and 21 % of the
area experienced high- and moderate-severity burns, respectively
(Monitoring Trends in Burn Severity [MTBS], 2025). Salvage logging
impacted 1632 ha (~8.6 %) of the study area, including 65 ha within
five PACs. Additionally, 613 ha (~3.3 %) were re-burned at low severity
in May of 2012 by the Bull Flat fire (Monitoring Trends in Burn Severity
[MTBS], 2025), an aspect disregarded in this analysis.

2.2. Spotted owl surveys

During the 2014-2016 breeding seasons, we surveyed spotted owls
primarily using the nocturnal acoustic protocol in which surveyors
project spotted owl calls and listen for responses at call points (Forsman,
1983). We established a network of 602 call points within 212 grid cells
(100-ha each) to completely survey the study area. We surveyed each
call point >4 times each year (spending 10 min at each point) during the
April to August portion of the breeding season. Because acoustic surveys
usually yield imprecise locations, we followed these detections with
diurnal nest and roost surveys, commonly known as “walk-in” surveys.

2.3. Presence/pseudoabsence data

We recorded 134 precise owl locations using Garmin 62S GPS units,
with 104 obtained during walk-in surveys and 30 from nocturnal sur-
veys. We excluded nocturnal “fly-in” detections to focus on nesting and
roosting sites, leaving 87 unique presence points. For home range
habitat selection, we generated 314 pseudoabsence points spatial
randomly distributed across the study area. This number was based on
an approximate 1:4 presence-to-absence, after which we removed points
that were within 1000 m of known presence locations. For microhabitat
selection, we generated 87 pseudoabsence points (i.e., paired design for
balanced data) randomly drawn from within the 21 PACs to reflect post-
fire available habitat within these areas.

2.4. Remote-sensing data and habitat covariates

We acquired airborne LiDAR data for the study area from the Four
Forests Restoration Initiative (4FRI). LiDAR acquisition for the area was
performed August-September 2013 and June-October 2014 by Quan-
tum Spatial Inc. (additional details provided in Tenneson et al., 2018).
The acquisitions were flown during leaf-on conditions (i.e., June to
September). Average pulse densities were > 8 pulses-m-2, and vertical
accuracies were within 15 cm for each acquisition. As a result, each
acquisition falls within the US Geological Survey-defined quality level
one (QL1) for lidar data (Heidemann, 2012). The lidar data were pro-
cessed using the lidR (v. 2.0.3; Roussel et al., 2020; Roussel and Auty,

Ecological Informatics 89 (2025) 103168

2023) package in R, employing the Li et al. (2012) algorithm for indi-
vidual tree segmentation with default parameters. A 1-m digital eleva-
tion model (DEM) was generated by filtering for ground-classified points
and rasterizing the point cloud using Inverse Distance Weighting (IDW),
then summarizing the elevation (mean) for each 1-m pixel. This DEM
was used to normalize the point cloud by subtracting each point’s
elevation from the corresponding DEM elevation directly beneath it.
Points were classified as live or dead following the methods of Wing
et al. (2015), and individual trees were assigned unique tree IDs using
the Li et al. (2012) algorithm with default settings. For each tree, the
maximum height point was identified and assigned as the tree’s height,
which was then used to predict diameter at breast height (DBH) using a
power function fit on individual trees (n = 17,137) from stand exams in
the surrounding landscape (see Tenneson et al., 2018; Blackburn et al.,
2021 for details on data utilized). The resulting equation (Fig. 2) was a
power function fit using maximum likelihood, with a pseudo R? of 0.711
and a standard error of 7.64 cm. Once these diameter values were ob-
tained, individual trees (both live and dead) were tallied within a 10-m
pixel using the following diameter and height thresholds: DBH of >30
cm, >46 cm, and > 60 cm, and a height threshold of >20 m for large
trees. Additionally, canopy cover was stratified into two height classes: 2
to 16 m and above 16 m. We calculated percent cover for all live and
dead trees, tree density per pixel, and individual tree diameters were
converted to basal area, which was summed within the 10-m pixels to
estimate live and dead basal area across diameter and height thresholds.
The LiDAR picked up three power lines crossing the study area as lines of
large trees. We filtered the power lines from the LiDAR data by con-
structing a buffer around them in ArcGIS 10.6 (Environmental Systems
Research Institute [ESRI], 2017) and re-coding the values of the pixels
overlaid by the buffer.

We acquired LANDSAT-derived data for basal area, quadratic mean
tree diameter, and tree height for this study area from S.E. Sesnie. The
creation of these products is described in Dickson et al. (2014).
LANDSAT-derived canopy cover was acquired from the National Land
Cover Database (Homer et al., 2015). We derived forest composition
from the 2014 LANDFIRE Existing Vegetation Type (EVT) layer
(LANDFIRE, 2018), and acquired percent canopy cover from the 2011
NLCD dataset (National Land Cover Dataset [NLCD], 2011).

Because the LiDAR and LANDSAT data were collected approximately
12 years after the Rodeo-Chediski Fire and near the time of owl surveys,
they represent long-term post-fire vegetation structure, providing a
meaningful basis for assessing habitat selection in a recovering land-
scape rather than capturing only immediate burn effects.

For both LiDAR- and LANDSAT-based approaches, we selected a
priori covariates to represent the influence of forest composition, forest
structure, fire, and topography upon presence of Mexican spotted owls.
We used LiDAR data from 2013 and 2014 to remotely sense vegetation
structure and the underlying land surface. LiDAR also allowed us to
directly characterize vertical habitat structure (North et al., 2017; Seavy
et al., 2009; Vierling et al., 2008) and identify individual large trees and
snags (Garcia-Feced et al., 2011). The LiDAR-derived covariates of forest
structure measured basal area (BA) of large trees (i.e., BA from trees
>30, 46, or 60-cm diameter at breast height [DBH]), canopy cover (CC,
from 2 to 16-m, and above 16-m), and the number of large trees above
several thresholds of DBH (> 30, 46, or 60-cm) and height (20-m). We
chose thresholds of BA to reflect desired habitat conditions listed in the
Mexican spotted owl recovery plan (U.S. Fish and Wildlife Service,
2012) and the upper limits of tree diameter observed on our study area.
We assessed CC at two strata to reflect that spotted owls may avoid high
CC in the lower strata while selecting for it in taller strata (North et al.,
2017). We chose 20-m as a height threshold for large trees because every
nest tree we measured on the study area was >20-m height. We calcu-
lated slope (in degrees) from our LiDAR-based DEM using the DEM
Surface Tools (Jenness, 2013) toolset in ArcGIS, using Horn’s method
(Horn, 1981). All LiDAR-based rasters used a 10-m pixel size.

For forest composition and fire-related covariates in LiDAR-based
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Diameter vs Height: Power Function for All Species

10 Eqn: DBH(cm) = 2.78 * HT(m)"0.87
Pseudo R-sq: 0.7111
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Fig. 2. Diameter at breast height (DBH) as a function of tree height for all species, derived from LiDAR-based tree segmentation. The function was fit using maximum
likelihood estimation on 17,137 trees from stand exams in the study area. Colored points represent different tree species, and the dashed line denotes the fitted

relationship between height and DBH.

models, we used LANDSAT products based on a 30-m pixel and resam-
pled to a 10-m pixel to match the LiDAR data. We derived two forest
composition predictors (proportion of dry and mesic mixed-conifer
forest cover) from the LANDFIRE Existing Vegetation Type (EVT)
layer (LANDFIRE, 2018). We used three predictors to measure the in-
fluence of fire and post-fire logging. Relative delta Normalized Burn
Ratio (RANBR, Miller and Thode, 2007) provides consistent severity
measurements across fires and greater accuracy in measuring the high-
severity fire class. RANBR values from 643 to 698 have been estimated to
represent the lower threshold of the high-severity fire class in the
southwestern U.S. (Dillon et al., 2011; Holden et al., 2009; Singleton
et al., 2019). The high-severity fire covariate measured the proportion
(0.0-1.00) of the area burned at high severity around each point, which
is the most common method of representing fire effects in studies of
spotted owls. The proportion salvage logged (0.0-1.00), was acquired
from GIS databases for the Apache-Sitgreaves National Forests (U.S.
Forest Service, 2018a) and Tonto National Forest (U.S. Forest Service,
2018Db).

We used the same forest composition and fire-related covariates for
LANDSAT-based models as in LiDAR models. LANDSAT pixels were
originally 30-m but resampled to 10-m to match LiDAR pixel size. We
used LANDSAT-derived estimates of mean BA, mean canopy cover,
mean tree height, and quadratic mean tree diameter to represent forest
structure. Unlike LiDAR, this data could not account for individual large
trees. We used the National Elevation Database (U.S. Geological Survey,
2014) for topography and calculating slope using DEM surface tools
(Jenness, 2013). We calculated mean values at each spatial scale using
the Focal Statistics and Extraction tools in ArcGIS for both model types.

2.5. Univariate scaling

We ran univariate models across multiple scales for each covariate to
identify the optimized scale at which each covariate had the strongest
predictive relationship with the presence of spotted owls (sensu
McGarigal et al., 2016), which has recently been shown to be a robust
method of multi-scale optimization in species-distribution modeling
(Cushman et al., 2024). For home range selection models we modeled

each covariate separately at scales from radius 100-m to 5000-m in in-
crements of 100-m. For microhabitat selection models we used the 100-
m to 1000-m scales. For all covariate scaling we used the R package
randomForest (Breiman and Cutler, 2011). We compared model per-
formance using out-of-bag (OOB) error rates.

2.6. Habitat selection modeling

Before running multivariate models, we assessed multicollinearity
among predictors using pairwise Pearson’s correlations for both
LANDSAT- and LiDAR-based models for both home range and micro-
habitat selections (Figs. S1-S4). We considered variables with |r| > 0.7
to be highly correlated and retained only the most informative predictor
(i.e., the one with the lowest OOB error). All variables used in multi-
variate models were included at their optimal scale as identified in the
univariate scaling analysis (above).

All models were run across 2000 decision trees using 3 (\/p) pre-
dictors at each split in each tree (Breiman and Cutler, 2011). We
determined the number of trees through an iterative approach, testing
500, 1000, and 2000 trees. While 500 showed instability, 1000 began to
stabilize the error rate, and 2000 produced consistent results. We eval-
uated variable importance using the mean percent decrease in classifi-
cation accuracy when the value of each variable is randomly permuted.
We estimated classification accuracy using the OOB error rate for ob-
servations that were not used in construction of a given tree, averaged
across all trees.

2.7. Spatial agreement

In addition to comparing the optimized spatial scales, model per-
formances, and covariates, we conducted a spatial agreement analysis to
evaluate the consistency in habitat suitability predictions between the
LiDAR- and LANDSAT-derived models. This was achieved by calculating
the absolute difference between the two models using the following
equation:
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where HS represents the predicted habitat suitability. A value of 1
indicates complete disagreement between the models, while a value of
0 represents complete agreement. This analysis provides a quantitative
measure of how the two models similarly predict habitat suitability
across the landscape.

3. Results
3.1. Optimized scales

The optimized scales at which habitat covariates were most strongly
associated with the presence of Mexican spotted owls’ nests varied be-
tween LiDAR- and LANDSAT-based models and across home range and
microhabitat habitat selection, highlighting differences in how each
dataset captures ecological patterns (Tables 1 and 2).

Optimized scales varied between home range and microhabitat

Table 1

Predictor variables and their optimized scales for multi-scale analysis in
LANDSAT-focused models. The optimal scale represents the radius at which each
variable exhibited the strongest relationship with the presence of Mexican
spotted owls, as determined by out-of-bag error rates. Mean values are based on
a 10-m pixel size. The year column indicates when data were collected. Variables
included in the final model are marked in the optimal scale column with an

asterisk (*).

Predictor  Units and Source (year) Optimal Scales (m)
definition . _
Home Microhabitat
range (3rd order)
(2nd
order)
Mean basal area
in m?/ha (all Sesnie et al.
BA trees) (2006)" 2200 100*
National Land
Percent canopy Cover Dataset
CC cover [NLCD] (2011)> 1700* 500*
Proportion dry
mixed-conifer LANDFIRE
DMC forest cover (2018)° 3100* 900*
Mean tree height Sesnie et al.
HGT inm (2006)" 3800 600
Monitoring
Percent area Trends in Burn
burned at high Severity [MTBS]
HSF severity (2025)* 4600 1000*
Proportion mesic
mixed-conifer LANDFIRE
MMC forest (2018) 2100* 900*
Quadratic mean
diameter in cm Sesnie et al.
QMD (all trees) (2006)" 4300 1000
Mean value of Monitoring
Relative delta Trends in Burn
Normalized Burn Severity [MTBS],
RANBR Ratio 2025 5000 400
USFS GIS
Proportion of databases (U.S.
area salvage Forest Service,
Salvage logged 2018a,b)>°® 4000 700
Mean slope in U.S. Geological
Slope degrees Survey (2014)7 500* 500*

! Data directly acquired from S. E. Sesnie and his research team.

2 National Land Cover Database, Homer et al., 2015

3 LANDFIRE Existing Vegetation Type Layer 2014.

4 Monitoring Trends in Burn Severity Data Access Fire Level Geospatial Data

2014b.

5 Apache-Sitgreaves National Forest GIS data 2018. (U.S. Forest Service,

2018a)

6 Tonto National Forest GIS data 2018. (U.S. Forest Service, 2018b)
7 National Elevation Dataset, U.S. Geological Survey, 2014
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Table 2

Predictor variables and their optimized scales for multi-scale analysis in LiDAR-
focused models. The optimal scale represents the radius at which each variable
exhibited the strongest relationship with the presence of Mexican spotted owls,
as determined by out-of-bag error rates. Mean values are based on a 10-m pixel
size. The year column indicates when data were collected. Variables included in
the final model are marked in the optimal scale column with an asterisk (*).

Predictor Units and Source (year) Optimal scale (m)
definition Home Microhabitat
range (3rd order)
(2nd
order)
Mean basal area
BA (>30- inm%*haoftrees LiDAR (2013/

cm) >30-cm DBH 14) 200 200
Mean basal area
BA (>46- in m?/ha of trees LiDAR (2013/
cm) >46-cm DBH 14) 100 400
Mean basal area

BA (>60- in m?/ha of trees LiDAR (2013/
cm) >60-cm DBH 14) 5000 500
Percent canopy
CC (>16- cover at >16-m LiDAR (2013/
m) height 14) 4900 300
Percent canopy
CC (2-16- cover from 2 to LiDAR (2013/
m) 16-m height 14) 3900 400
DBH
(>30- Number of trees LiDAR (2013/
cm) >30-cm DBH 14) 4800 200*
DBH
(>46- Number of trees LiDAR (2013/
cm) >46-cm DBH 14) 2200 300
DBH
(>60- Number of trees LiDAR (2013/
cm) >60-cm DBH 14) 100* 300
Proportion dry
mixed-conifer LANDFIRE
DMC forest cover (2018)" 2000* 1000*
Monitoring
Percent area Trends in Burn
burned at high Severity [MTBS]
HSF severity (2025)2 4300 1000
Proportion mesic
mixed-conifer
MMC forest LANDFIRE, 2018 3100* 800*
Mean value of
Relative delta
Normalized Burn LANDFIRE
RANBR Ratio (2018) 3700 200
USFS GIS
Proportion of database (U.S.
area salvage Forest Service,
Salvage logged 2018a,b)>* 4000 700
Mean slope in LiDAR (2013/
Slope degrees 14) 4200* 500
Snags Number of dead
(>20- trees >20-m in LiDAR (2013/
m) height 14) 3700 800
Live trees Number of live
(>20- trees >20-m in LiDAR (2013/
m) height 14) 100 200

! LANDFIRE Existing Vegetation Type Layer 2018.

2 Monitoring Trends in Burn Severity Data Access Fire Level Geospatial Data
2014b.

3 Apache-Sitgreaves National Forest GIS data 2018. (U.S. Forest Service,
2018a)

4 Tonto National Forest GIS data 2018. (U.S. Forest Service, 2018b)

selection for LANDSAT-based models. In home range selection models,
variables primarily optimized at intermediate to broader scales. Key
predictors, such as CC, HGT, and QMD, showed the highest predictive
power at scales of 1700 m, 3800 m, and 4300 m, respectively. Fire-
related variables, such as RANBR and HSF, optimized at broad scales
of 5000 m and 4600 m, respectively. MMC and DMC optimized at scales
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of 2100 m and 3100 m, respectively.

In LANDSAT-based microhabitat selection models, BA, CC, and QMD
were most predictive at 100 m, 500 m, and 1000 m, respectively. RANBR
was optimized at 400 m, while the DMC and MMC were most influential
at scales of 900 m. Fire and logging-related variables, including HSF and
salvage logging, were optimized at 700 m and 1000 m, respectively.

For LiDAR-based home range selection models, the most predictive
spatial scales for LiDAR-derived covariates ranged widely. Key pre-
dictors such as BA of large trees (>60 cm DBH) and CC >16 m were most
influential at broad scales (5000 m and 4900 m, respectively). In
contrast, the number of live trees >20 m tall and BA of trees >30 cm
DBH were most predictive at finer scales of 100 m and 200 m, respec-
tively. Slope and RANBR were optimized at intermediate scales of 4200
m and 3700 m.

For LiDAR-based microhabitat selection models, predictors were
generally optimized at fine scales. For instance, the number of live trees
>20 m tall and BA of large trees (>30 cm DBH) were strongly associated
with owl presence at 200 m. CC variables, both >16 m and 2-16 m, were
optimized at 300 m and 400 m, respectively. Also, RANBR was most
influential at a fine scale of 200 m. Meanwhile, DMC, MMC, HSF, and the
number of snags were optimized at larger scales from 800 to 1000 m.

3.2. Multicollinearity analysis

For LANDSAT-based models, many variables were highly correlated
(Figs. S1, S3). For example, CC and BA were highly correlated at home
range level (|r| > 0.82), and CC was retained. Fire-related variables,
including RANBR and HSF, were correlated at both levels (|r| = 0.93 and
0.80), and RANBR was retained.
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For LiDAR-based models, several variables showed high correlation
(i.e., r > |0.7|) at home range and microhabitat levels (Figs. S2, S4). For
instance, BA metrics for trees >30 cm, >46 cm, and > 60 cm DBH were
highly correlated (|r| > 0.83), with BA >30 cm retained due to its
stronger relationship with owl presence. Similarly, CC metrics at
different height strata (CC >16 m and CC 2-16 m) were strongly
correlated at home range level (|r| = 0.81), and CC >16 m was retained.
Tree density metrics for DBH >30 cm, >46 cm, and > 60 cm also
exhibited high correlations (|r| > 0.78), with DBH >30 cm retained for
its higher predictive power. Among fire-related variables, HSF and
RANBR were highly and moderately correlated at home range and
microhabitat levels, respectively (|r| = 0.95 and 0.72), and RANBR was
retained.

3.3. Variable importance

Variable importance rankings revealed that certain predictors, such
as MMC and DMC forests, consistently ranked highly across all final
models (Fig. 3). Slope also emerged as a key variable in three of the four
models. These findings underscore the critical role of these variables in
influencing habitat selection of the Mexican spotted owl, and suggest a
general relationship of higher suitability for Mexican spotted owls in
areas of high cover of these forest types on steep slopes.

3.4. Habitat selection

Habitat selection patterns for Mexican spotted owls, as illustrated in
the partial dependence plots (Figs. S5-S8), reveal nuanced relationships
between key predictors and habitat suitability across models. CC shows
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Fig. 3. Importance rankings of predictor variables for home range level (2nd order) and microhabitat level (3rd order) habitat selection models of Mexican spotted
owls across all orders of selection (columns) and datasets (rows). Rankings are based on the mean percent decrease in classification accuracy, calculated by permuting
each variable individually to evaluate its contribution to model performance.
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anon-linear relationship for the home range level LANDSAT model, with
suitability increasing at intermediate canopy values before declining.
DMC and MMC show positive, slightly non-linear association with
habitat suitability. Slope demonstrates a clear positive relationship, with
suitability increasing at steeper slopes, and then declines past an optimal
peak. For microhabitat selection, high level of BA shows a positive
relationship with suitability, while CC shows a non-linear relationship,
with intermediate values being most favorable. DMC and MMC forests
both show positive, slightly non-linear relationships with suitability.
HSF also shows a non-linear trend, with suitability peaking at interme-
diate proportions of HSF and generally low probability as the proportion
of HSF exceeds 0.4. Slope displays a non-linear pattern, with moderate
slopes associated with the highest suitability.

For the LiDAR-based home range selection model, slope shows a
clear positive relationship with suitability at steeper slopes. MMC ex-
hibits a non-linear trend, with higher proportions moderately contrib-
uting to habitat suitability. DMC displays a complex, non-linear
relationship, with suitability peaking at intermediate and higher values.
Finally, the density of trees >60 cm DBH shows a strong relationship
with habitat suitability. For microhabitat selection, MMC is positively
associated with habitat suitability. DMC again exhibits a non-linear
relationship, peaking at intermediate values before declining slightly
at higher proportions. The density of trees >30 cm DBH also shows a
non-linear effect, with suitability increasing at intermediate densities
and plateauing at higher values.

3.5. Model performance

Overall, both LANDSAT-based and LiDAR based models performed
comparably well with neither dataset exhibiting a significant advantage
over the other (Table 3). LANDSAT-based models consistently demon-
strated slightly higher or equal performance metrics across both orders
of selection, but the differences in performance were relatively small.

3.6. Spatial predictions and disagreement

Spatial predictions of habitat suitability differed between LANDSAT-
and LiDAR-based models. For home range level models (Figs. 4a, c),
LANDSAT predictions emphasized broader regions of high suitability,
whereas LiDAR predictions highlighted more localized high-suitability
areas. For microhabitat level models (Figs. 4b, d), LIDAR continued to
provide finer-resolution hotspots, capturing small-scale variations in
habitat suitability more effectively than LANDSAT.

The spatial disagreement analysis revealed general agreement be-
tween the two datasets, with some regions showing notable disagree-
ment (Figs. 5, 6). For home range level models, areas of high
disagreement were concentrated in the southwestern portion of the
study area. For microhabitat level models, most PACs exhibited minimal
disagreement, though some PACs showed high disagreement in small,
highly localized areas. We suspect that these discrepancies likely stem
from differences in the temporal coverage of the forest GIS layers used
for the two datasets. For instance, LANDSAT-derived basal area data
were created in 2006, while LiDAR products were based on data
collected in 2013-2014. These temporal differences may account for
variations in forest structure and composition, and thus habitat

Table 3
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prediction, captured by each dataset.

3.7. Key findings summary

Overall, our results show that Mexican spotted owl habitat selection
patterns were consistently associated with forest composition, structure,
and topography across both remote sensing approaches, although the
optimized spatial scales and variable importance differed between
LiDAR- and LANDSAT-based models (Fig. 3). Despite these differences,
both LiDAR- and LANDSAT-derived models exhibited similar predictive
accuracy. Spatial predictions revealed that LANDSAT-based models
emphasized broader regions of habitat suitability, while LiDAR-based
models highlighted more localized habitat hotspots, particularly at the
microhabitat scale (Fig. 4).

4. Discussion

4.1. Integrating scale optimization to leverage remote sensing products
strengths in habitat suitability modeling

It is well established that spatial scale influences the accuracy and
ecological relevance of habitat suitability models and our understanding
of how species interact with habitat features across multiple spatial
levels and scales (McGarigal et al., 2016). However, little research has
examined how scale affects the performance of different remote sensing
data products, such as lower-resolution LANDSAT versus higher-
resolution LiDAR, in habitat suitability modeling. Our multi-scale,
multi-level study addresses this critical knowledge gap and un-
derscores the importance of incorporating spatial scale considerations
when using remotely sensed data for habitat suitability modeling.

Many studies have highlighted the advantages of high-resolution
LiDAR data for environmental monitoring, often demonstrating that
LiDAR outperforms or complements coarser-resolution products like
LANDSAT. For example, LiDAR enhances biomass monitoring by cali-
brating LANDSAT time-series data, improving estimates of forest carbon
stocks (Pflugmacher et al., 2014). It also enables precise subpixel
inundation mapping, improving LANDSAT’s ability to track wetland
changes over time for large-scale, long-term monitoring (Huang et al.,
2014). Additionally, LiDAR provides detailed forest structure data over
large areas with accuracy comparable to traditional stand exams but
with broader spatial coverage (Hummel et al., 2011). Its superior ac-
curacy in estimating tree cover and height further makes LiDAR essen-
tial for precise forest extent mapping and monitoring (Tang et al., 2019).

Given these strengths, it is often assumed that LiDAR will always
outperform other data products of lower resolution for species habitat
suitability modeling. However, this assumption is underexplored,
particularly in studies comparing LANDSAT and LiDAR, which are often
constrained to single-scale frameworks. Ackers et al. (2015), for
example, compared habitat maps for northern spotted owls using
MAXENT with LANDSAT and LiDAR data in a single-scale approach
where all variables were fixed at a 30-m resolution. As expected, their
findings supported the conventional wisdom, showing that LiDAR-based
maps outperformed LANDSAT-based maps in terms of gain, AUC, and
spatial precision. However, our study reveals that the degree of
improvement with LiDAR depends on the scales at which data are

Cross-validated performance metrics for home range selection (2nd order) and microhabitat selection (3rd order) models of Mexican spotted owls using LANDSAT- and
LiDAR-derived data. Threshold refers to the predicted probability cutoff for classifying presence. Metrics include percent correctly classified (PCC), sensitivity (true
positive rate), specificity (true negative rate), Kappa (agreement beyond chance), area under the curve (AUC), and out-of-bag error rate (OOB).

Model Data Threshold PCC Sensitivity Specificity Kappa AUC OOB

Home range selection (2nd Order) Landsat 0.570 0.968 0.908 0.984 0.903 0.976 0.037
LiDAR 0.410 0.958 0.908 0.971 0.876 0.975 0.050

Microhabitat selection (3rd Order) Landsat 0.619 0.948 0.920 0.977 0.897 0.971 0.057
LiDAR 0.695 0.931 0.897 0.966 0.862 0.972 0.092
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Fig. 4. Predicted habitat suitability for Mexican spotted owls within the study area at home range level (2nd order) and microhabitat level (3rd order) using
LANDSAT- and LiDAR-based models. Panels (a) and (b) show predictions for home range level and microhabitat level LANDSAT-based models, respectively, while
panels (c) and (d) represent predictions for home range level and microhabitat level LiDAR-based models.
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Fig. 5. Spatial disagreement between LANDSAT- and LiDAR-based habitat se-
lection models for Mexican spotted owls within the study area at the home
range level (2nd order of selection). The map depicts the absolute difference in
predicted habitat suitability values between the two models. Cooler colors
(values closer to 0) indicate low disagreement, while warmer colors (values
closer to 1) highlight areas of high disagreement.

analyzed. By incorporating a multi-scale framework, optimizing pre-
dictors across a range of ecologically meaningful scales, and examining
multi-level habitat selection (i.e., home range level and microhabitat
level), we captured nuanced patterns of habitat use that would have
been overlooked in a fixed-scale approach.

Our findings demonstrate that when models are scale-optimized,
both LANDSAT and LiDAR perform equally well in predicting suit-
ability for Mexican spotted owls, despite their differences in resolution
and data characteristics. In fact, the spatial predictions produced by the
two datasets generally align except in areas with very complex

Fig. 6. Spatial disagreement between LANDSAT- and LiDAR-based habitat se-
lection models for Mexican spotted owls at the microhabitat level (3rd order of
selection). Habitat was modeled only within the boundaries of owl Protected
Activity Centers here. The map depicts the absolute difference in predicted
habitat suitability values between the two models. Cooler colors (values closer
to 0) indicate low disagreement, while warmer colors (values closer to 1)
highlight areas of high disagreement.

topography and forest composition (Figs. 5, 6). This highlights the
importance of scale optimization in leveraging the unique strengths of
diverse remote sensing products for habitat suitability modeling. By
addressing the interplay of scale and data resolution, our study provides
a more nuanced understanding of the applications of these products in
species conservation and further emphasizes the critical role of scale in
determining the efficacy of remote sensing in habitat suitability
modeling.
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4.2. Monitoring habitat in post-fire landscapes

Wildfires are increasingly severe and widespread, with fire regimes
deviating significantly from historical norms in many regions (Hantson
et al.,, 2024). Assessing the habitat changes caused by these fires is
essential for effective species management and conservation. This study
provides valuable insights into habitat management in post-fire land-
scapes, particularly for the Mexican spotted owl. Mexican spotted owl is
often thought to be a mature forest habitat specialist, which is highly
vulnerable to large, high-severity fires (e.g., Wan et al., 2019b, 2020).
By understanding how habitat preferences vary across spatial scales and
data sources, land managers can develop conservation strategies
tailored to the needs of this species.

The relationship between spotted owls and wildfire is complex
(Ganey et al., 2017). Evidence suggests that low- and moderate-severity
fires generally have little impact on spotted owls (Bond, 2016; Ganey
et al., 2017). Our results indicate that high-severity fires are not inher-
ently incompatible with Mexican spotted owls, but their effects depend
on the scale of analysis and spatial location. Fire-related covariates, such
as high-severity fire (HSF) and RANBR, were largely absent from the
final models, except microhabitat level LANDSAT model (Fig. 3). This
may indicate that other variables, such as the availability of mixed-
conifer forests, are more limiting and thus drive habitat selection, or
that the remaining landscape features may be more important to owls
than the features that was lost.

The broad scales optimized in the home range level models suggest
that large, contiguous patches of high-severity fire are most likely to
impact Mexican spotted owls at the population level. In addition, we
show that key structural elements such as high basal area, large trees,
and canopy cover should be preserved at fine scales around nest and
roost sites to maintain suitable habitat while still managing for resilience
to fire.

In the post-fire landscape, Mexican spotted owls generally selected
habitat elements similar to those used for nesting and roosting in un-
burned areas, including large trees, high canopy cover, and mixed-
conifer forests (Ganey et al., 2013; Grubb et al., 1997; May et al.,
2004; Seamans and Gutiérrez, 1995; Timm et al., 2016; Wan et al., 2017,
2019a). However, these habitat features may be less abundant after
fires. Owls may persist in or colonize small patches of mature mixed-
conifer forest or networks of smaller patches in the absence of larger
contiguous areas. Managers should prioritize the protection of these
smaller habitat patches following fire events.

Despite these findings, it remains uncertain whether post-fire land-
scapes provide sufficient habitat quantity and quality to support viable
owl populations. Long-term studies of owl demography and habitat re-
lationships in post-fire environments are essential to address this ques-
tion (Ganey et al., 2017; Wan et al., 2018). The scale-optimized models
developed in this study provide a robust framework for prioritizing areas
for restoration and protection, particularly regions with high pro-
portions of mesic mixed-conifer forests or steep slopes.

Furthermore, the long-term sustainability of LiDAR acquisition at
consistent intervals remains a significant challenge due to the high costs
and logistical constraints of repeated data collection, particularly in
achieving wall-to-wall coverage across landscapes. Temporal and spatial
mismatches between LiDAR data and wildlife detections underscore
potential limitations for long-term monitoring of Mexican spotted owls
and other wildlife species. Until LiDAR becomes widely available with
sufficient temporal coverage, the broad temporal coverage of LANDSAT
data remains valuable. Finally, as demonstrated by this study, inte-
grating LANDSAT and LiDAR data provides a scalable and cost-effective
approach for monitoring habitat recovery over large areas while main-
taining predictive accuracy.

4.3. Limitations and future directions

Inherent differences between LANDSAT and LiDAR determine the
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available covariates for modeling. While we used the same covariates
where possible, full consistency was not achievable. Future research
could explore data fusion techniques to better integrate spectral and
structural information. Second, we used a single modeling approach (i.
e., RF) and focused solely on habitat suitability because RF can handle
complex ecological data, capture non-linear relationships, and minimize
overfitting. Many studies comparing regression-based and machine
learning-based habitat models have demonstrated that RF often achieves
superior predictive accuracy (Cushman et al., 2017; Cushman and
Wasserman, 2018; Hysen et al., 2022; Kumar et al., 2021). Additionally,
RF has been shown to outperform ensemble models when the ratio of
background points to presence points falls within an optimal range (e.g.,
X1 to X10 times the presence points; Hysen et al., 2022). Given these
considerations, RF was the most suitable choice for our study. Future
studies could compare LiDAR and LANDSAT products using alternative
statistical methods, such as regression-based models, ensemble
modeling, and other frameworks like occupancy and connectivity
models. Finally, although we used the closest available datasets to
minimize biases from temporal mismatches between LiDAR and
LANDSAT, some discrepancies may remain. However, we believe these
biases are minimal, as no major landscape changes occurred during that
period. As LiDAR and LANDSAT products continue to improve in spatial
and temporal coverage, such discrepancies should diminish. We
encourage future studies to use temporally matched datasets whenever
possible.
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