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Abstract 

Understanding the factors that influence animal distribution and density is a central theme 

in animal ecology. For imperiled species, understanding the resources and conditions that 

allow animals to occupy the landscape is critical for development of effective 

conservation strategies. Not surprisingly, habitat selection is a common focus of wildlife 

research. This dissertation project focused on addressing two main challenges that limit 

the application of a fitness-based approach to understanding habitat selection: 1) data on 

fine-scale habitat resources and conditions required for the development and testing of 

resource- and fitness-based definitions of habitat are generally not available across entire 

study areas, and 2) indirect measurements of fitness (e.g., survival or reproductive 

success) are often not considered when assessing habitat selection patterns, in part, 

because of the difficulty of measuring fitness correlates for free-ranging animals with 

long life-spans and large home ranges.  

My first two chapters address the first challenge by using airborne light detection 

and ranging (LiDAR) data to measure fine-scale characteristics known to be selected by 

my focal species, American martens (Martes americana). In Chapter 1, I demonstrate 

that LiDAR data can be used to detect individual pieces of coarse woody debris, an 

important habitat component that provides martens with foraging habitat and access to 

the subnivean layer. In Chapter 2, I created statistical models to estimate 5 response 

variables relating to tree size and density and evaluated how well models will perform 

when imputed across the entire study area. I found that the models I created performed 

well when applied to new data, but that performance depended on the response variable 

being modeled.  



v 

 

 My last two chapters address the second challenge by evaluating how landscape 

and forest structure influence mortality risk for martens. In Chapter 3, I evaluated factors 

influencing harvest mortality risk. I found that martens living close to roads have higher 

harvest risk because trappers use roads to set and check traps efficiently. Consequently, 

distribution of roads can have a profound impact on habitat quality, which has important 

implications for gene flow and population structure. In Chapter 4, I used LiDAR data and 

classified satellite imagery to examine the role of forest structure in mediating 

interactions between martens and predators. I found that sites where martens were killed 

by predators were associated with non-forested areas including wetlands, shrublands, and 

young and regenerating forests. Although martens generally avoid non-forested areas that 

are associated with higher predation risk, martens must move near or through risky areas 

while moving across heterogeneous, managed landscapes.   
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CHAPTER 1 

INDIVIDUAL DETECTION OF COARSE WOODY DEBRIS USING AIRBORNE 

LiDAR 

 

1.1 OVERVIEW  

Coarse woody debris (CWD) is an essential component of forest ecosystems that 

provides habitat for diverse species, functions in water and nutrient cycling, and can be a 

potential surface fuel in wildfires. CWD detection and mapping would enhance forestry 

and wildlife research and management but passive remote sensing technologies cannot 

provide information on features beneath forest canopy, while field-based CWD 

inventories are not practical for mapping CWD over large areas. Airborne light detecting 

and ranging (LiDAR) is a remote sensing technology that provides detailed information 

on three-dimensional vegetation structure that could overcome limitations of field-based 

inventories. Our objectives were to evaluate whether airborne LiDAR could be used to 

detect individual pieces of CWD. We measured 1,968 pieces of CWD at 189 field plots 

from 2015 to 2016. We acquired high-density (~24 first returns/m
2
) LiDAR data in 2014 

and filtered out canopy and sub-canopy returns using a height threshold based on field 

measurements of CWD and used height-filtered data to determine which field-measured 

pieces of CWD were visible in the resulting point cloud. CWD pieces detected 

constituted 50% of plot CWD volume, and there was a strong, positive correlation 

between total plot CWD volume and volume of detected pieces (r = 0.96). Overall, we 

detected 23% of the individual pieces of CWD we measured. Large pieces of CWD were 

most likely to be detected, with the majority of pieces ≥30 cm diameter or ≥13.9 m long 
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detected. Canopy density, shrub density, and forest type did not influence detection 

probability. CWD detection rates increased from 1 pulses/m
2
 to 16 pulses/m

2
, and CWD 

detection rate was constant from 16 pulses/m
2
 to 24 pulses/m

2
. Our results demonstrate 

that airborne LiDAR can be used to detect CWD. LiDAR-based detection and mapping 

of CWD will be most useful for applications that focus on larger and longer pieces of 

CWD or applications focused on total CWD volume. 

 

1.2 INTRODUCTION 

Coarse woody debris (CWD)
1
 is an essential component of forest ecosystems that 

contributes to structural diversity and provides habitat, substrate, and nutrients for 

animals, plants, and fungi (Butts and McComb 2000; McComb 2003; Heilmann-Clausen 

and Christensen 2004; Tikkanen et al. 2006). CWD is an important contributor to forest 

biodiversity. For example, 60% of imperiled boreal forest species in Finland (and 

presumably boreal forests elsewhere) are associated with dead and decaying wood, and 

lack of sufficient dead wood may be contributing to conservation status (Tikkanen et al. 

2006). CWD also plays important roles in carbon sequestration, water and nutrient 

cycling, fuel loading, and wildfire behavior (Harmon et al. 1986; Stevens 1997; Seielstad 

and Queen 2003; Arroyo et al. 2008).   

Accurate detection and mapping of CWD would enhance forest management and 

wildlife-habitat research and management by providing spatially-explicit, quantitative 

data on CWD distribution and abundance (Pesonen et al. 2008). Spatial data on CWD 

                                                 
1
 Definitions of CWD vary and may include whole fallen trees or branches, fragmented pieces of dead 

wood, standing dead trees (snags), stumps, and exposed roots or root-masses (Woldendorp et al. 2004). 

Here, we consider standing dead trees (snags) to be distinct and define CWD as fallen dead and decaying 

woody debris including branches, logs, and branch or log fragments, but excluding stumps and roots. 
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presence or volume could also contribute to fire fuel mapping and forest management 

planning (Seielstad and Queen 2003; Arroyo et al. 2008). Satellite imagery and aerial 

photography are of limited use for mapping understory features due to the inability of 

optical sensors to collect information beneath tree canopies (Keane et al. 1998; Seielstad 

and Queen 2003). Consequently, past efforts to collect information on CWD have relied 

on field measurements at site, plot or stand scales (Waddell 2002; Goodwin et al. 2007). 

Although field-measured data are often sufficient to address specific research objectives 

such as site-specific habitat selection, they are of limited use for research and 

management objectives focused at larger spatial scales such as evaluating landscape-scale 

habitat selection, monitoring changes in habitat abundance or quality over time, and 

creating and implementing habitat conservation or management plans. Field-based CWD 

inventories are not practical for mapping CWD over large areas.  

Airborne light detection and ranging (airborne LiDAR; also referred to as 

airborne laser scanning or laser altimetry) is an active remote sensing technology that 

provides detailed information on three-dimensional physiographic and vegetative 

structure over large spatial extents (Vierling et al. 2008; White et al. 2013; Davies and 

Asner 2014; Melin et al. 2017). Forest characteristics such as tree and canopy heights, 

vertical canopy structure, canopy cover, basal area, and stand volume can be measured or 

estimated from airborne LiDAR data (e.g., Nelson et al. 1988; Naesset 1997; Lefsky et al. 

1999; Naesset and Bjerknes 2001; Falkowski et al. 2006; Hawbaker et al. 2009). In 

addition to tree and stand characteristics, LiDAR can measure or document understory 

features such as shrub and understory cover (Goodwin et al. 2007; Martinuzzi et al. 2009; 

Wing et al. 2012) and fuel bed volume (Seielstad and Queen 2003), and map 
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archaeological sites occurring under dense canopy vegetation (Devereux et al. 2005; 

Chase et al. 2011).  

Few studies have explored the ability of LiDAR to measure or detect CWD. In 

principle, any object with a vertical profile can be detected using LiDAR if laser pulse 

density is high enough to allow the object to be distinguished from its surroundings 

(Pesonen et al. 2008). Seielstad and Queen (2003) used LiDAR to measure fire fuel bed 

volume, of which CWD as defined above is one component contributing to total fuel bed 

volume. Pesonen et al. (2008) developed a linear regression model that demonstrated a 

strong relationship between imputed and field-measured downed woody debris volume 

(adjusted R
2
 = 0.61, relative RMSE = 52%). More recently, Abalharth et al. (2015) used 

LiDAR to detect and measure log jams in lowland rivers. By removing returns >1 m 

above ground, they were able to detect log jams occurring under tree canopy. Log jams in 

rivers should be easier to detect than individual pieces of CWD on the forest floor due to 

their larger vertical profiles and the reduced over-head and near-ground returns in 

riparian environments compared to forests.  

Detection of individual pieces of CWD should be possible using LiDAR. Whether 

or not individual pieces of CWD are detected could be influenced by LiDAR 

specifications, characteristics of individual pieces of CWD, and presence and 

characteristics of vegetation surrounding the CWD. LiDAR sensor, pulse density, and 

number of returns per pulse influences the number of near-ground returns and thus the 

quality and type of information about the forest floor. Pulse density can influence 

accuracy and precision of LiDAR-based statistical models aimed at measuring forest 

characteristics, although the relationship between pulse density and prediction accuracy 
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depends on the characteristic being analyzed (Thomas et al. 2006a; Treitz et al. 2012; 

Jakubowski et al. 2013). For many forest characteristics, accurate statistical models can 

be created using LiDAR data with fairly low pulse density and higher pulse density does 

not necessarily improve performance of statistical models. Few of these studies have 

investigated the effect of pulse density on direct detection of forest components. Wing et 

al. (2015) found that snag (standing dead tree) detection rates increased with increasing 

point density. LiDAR data with higher pulse densities should similarly provide a better 

opportunity to distinguish returns echoing off CWD from nearby returns echoing off the 

ground, and there should be a threshold pulse density below which individual detection is 

not possible or very low. Pulse density and density of near-ground returns are influenced 

by a number of acquisition parameters including flight altitude, flight-line overlap, 

acquisition date and forest conditions (leaf-on versus leaf-off), and the type of LiDAR 

sensor (White et al. 2013; Swatantran et al. 2016). Understanding the influence of LiDAR 

specifications on CWD detection is important information to consider when planning a 

LiDAR acquisition if CWD detection is one of the intended uses of the data.  

LiDAR-based snag detection rates increased with increasing snag diameter and 

height (Wing et al. 2015), and CWD size probably also influences direct detection by 

LiDAR. Long or large-diameter pieces of CWD should be most likely to elicit returns 

that are distinguishable from ground returns. This effect may be particularly important for 

LiDAR datasets with low to moderate pulse densities. CWD size influences the 

functional role of CWD in forest ecosystems. Most imperiled animals, plants, and fungi 

in the boreal forest were associated with CWD with >10 cm diameter (Tikkanen et al. 

2006). Certain small mammals select large-diameter pieces of CWD that provide 
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protective cover and long pieces of CWD that provide connectivity and safe travel routes 

(Hayes and Cross 1987; McComb 2003). A strong effect of size on individual detection 

would have important implications for potential applications of LiDAR-derived data on 

CWD presence and abundance. Understanding bias in detection rates based on CWD size 

is necessary to evaluate fully whether LiDAR technology can be used to provide accurate 

estimates of CWD distribution and abundance.  

The ability to detect CWD may also depend on the density and type of vegetation 

over or adjacent to pieces of CWD (Wing et al. 2015). In areas with dense canopies, 

relatively fewer returns may reach the ground, especially directly under the crowns of 

coniferous trees, reducing the ability to detect CWD. Similarly, returns echoing off dense 

shrubs in or around CWD may reduce the number of returns echoing off CWD and make 

detecting individual pieces harder. If vegetative characteristics influence CWD detection, 

these effects could result in differences in CWD detection probabilities among forest 

types and stand ages due to differences in shrub or canopy characteristics. Knowledge of 

the effects of CWD and site characteristics on CWD detection would identify potential 

limitations or biases associated with CWD detection. For example, if CWD detection is 

lower in different types of stands or structural environments, LiDAR would 

underestimate CWD density in these stands.  

Our goal was to evaluate whether airborne LiDAR could be used to detect 

individual pieces of CWD. We also tested whether CWD and plot characteristics 

influenced CWD detection rates. We hypothesized that pieces of CWD that were large 

and high off the ground would be easy to detect, while CWD in stands with dense 

canopies or dense shrub layers would be more difficult to detect. We predicted that CWD 
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in coniferous stands would be more difficult to detect than CWD in deciduous or mixed 

stands because LiDAR data were collected during leaf-off conditions and canopy 

penetration by the LiDAR was therefore expected to be higher in deciduous and mixed 

stands. Finally, we sub-sampled LiDAR data to simulate data collected at lower pulse 

densities and used sub-sampled data to investigate the influence of pulse density on CWD 

detection. We predicted that there would be a threshold pulse density below which CWD 

detection is not possible or greatly reduced relative to higher pulse densities.  

 

1.3 METHODS  

Study Area 

Our study took place in the Laurentian Mixed Forest Province of northeastern Minnesota, 

USA (Figure 1.1; Joyce 2013; Minnesota Department of Natural Resources 2018). 

Elevations ranged from 450 to 600 m above sea level. Northeastern Minnesota has a 

continental climate with long, cold winters (mean January temperature = -14.7ºC) and 

short, warm summers (mean July temperature = 18.6ºC). The area receives an average of 

71 cm of rainfall and 143 cm of snowfall annually, with persistent snow cover typically 

present from December to April (Joyce 2013). Most of our study area occurred within the 

Superior National Forest, but also included state, county, and private lands. Public land 

was managed for a combination of timber harvest, recreation, and conservation of native 

plant and animal communities. The study area supported mixed forest interspersed with 

coniferous forest, deciduous forest, wetlands, regenerating forests, and open water (Joyce 

2013). Common tree species included aspen (Populus spp.), balsam fir (Abies balsamea), 



9 

 

paper birch (Betula papyrifera), red maple (Acer rubrum), white pine (Pinus strobus), red 

pine (P. resinosa), and black spruce (Picea mariana).  

 

Field data 

We measured CWD at 189 circular, fixed-radius plots during the summers of 2015 and 

2016. Field sampling occurred from June through September each year, and field plots 

were 400 m
2 

(11.3 m radius) to match recommendations by White et al. (2013). We used 

a LiDAR-informed stratified random sampling design to ensure field sampling covered a 

large portion of available forest conditions present within our study area (Hawbaker et al. 

2009; White et al. 2013). We overlaid a 20 x 20 m grid across our study area and 

calculated mean LiDAR return height (m above ground level) and standard deviation of 

return height within each cell. LiDAR data were summarized using FUSION software, 

version 3.6 (McGaughey 2016). We considered each cell in forest condition (>10% 

canopy closure) a potential sampling location, and used mean and standard deviation of 

return height of potential sampling sites to represent the range of structural conditions 

available to sample. The available sampling space defined by these LiDAR variables was 

divided into 8 quantiles based on mean return height and 2-3 quantiles based on return 

standard deviation, resulting in 23 sample strata (Figure 1.2).  

This stratification procedure was completed separately for cells in upland and 

lowland soil types to further ensure sampling covered the range of physiographic 

conditions. Soil types were defined using ecological landtype classes from the Superior 

National Forest’s terrestrial ecological unit data. We selected field plot sites randomly 

within each stratum. The number of sites selected from each stratum was proportional to 
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the number of available plots within that stratum, adjusted to a minimum of two plots per 

stratum. We selected 110 sites in upland soil types and 79 sites in lowland soil types, 

which matched availability of upland and lowland soil types within our study area.  

We determined the GPS coordinates of the centroid of each grid cell that was 

selected and used a consumer-grade GPS receiver (Garmin eTrex 60, Olathe, Kansas) to 

navigate to the site for field measurements. When navigating to sites, once the GPS 

indicated we were 20 m from the plot location, we maintained the trajectory indicated by 

the GPS and took 20 paces, establishing plot center where our foot landed on the last 

pace. This procedure introduced an element of randomness into plot locations and 

provided a consistent method for establishing plot locations (Hawbaker et al. 2009). Plot 

center was marked with a wooden stake to allow us to revisit plots, if necessary. We 

georeferenced plots using an SXBlueII + GNSS receiver (Geneq, Inc., Montreal, 

Quebec). The SXBlueII + GNSS receiver is a compact, modular receiver that uses 

conventional real-time differential corrections obtained from a Space Based 

Augmentation System (SBAS) to improve position accuracy. This receiver is capable of 

sub-meter accuracy under forest canopy except under dense forest canopy where 

accuracy ranges from 1-1.5 m (Joyce and Moen 2018). We typically recorded fixes for 30 

minutes at a rate of 1 fix every 2 seconds, but the total time varied from 10 minutes to 

>60 minutes, resulting in 214-1,271 total fixes per site.   

 We used two different procedures to measure CWD at field plots. For both 

procedures, CWD was defined as pieces of fallen dead wood that were ≥7.6 cm (3 in) 

diameter for at least 0.9 m (3 ft) of length (USDA Forest Service 2011). First, we used 

the line-intersect method (Warren and Olsen 1964; Van Wagner 1968) to measure pieces 
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of CWD that intersected one of three transects. Transects were oriented from plot center 

to plot boundary at azimuths of 30°, 150°, and 270°. Transect arrangement was based on 

Forest Inventory and Analysis (FIA) Program Phase 3 protocols (USDA Forest Service 

2011). We recorded diameter at both ends, length, maximum height above ground, decay 

class, piece history (natural or human origin), and if the piece was hollow. If a piece of 

CWD crossed >1 transects, we recorded measurements for that piece one time for each 

transect it crossed in accordance with FIA protocols (USDA Forest Service 2011). We 

measured the full length of pieces that extended outside of our plot boundary.  

The second procedure was used on all pieces of CWD present within the plot 

boundary, including those measured along transects. We measured distance and angle 

from plot center to each end of each piece of CWD within the plot boundary. Measuring 

the distance and angle from plot center to each end allowed us to document the location 

of each piece of CWD for comparison to LiDAR point clouds. We also used these data to 

estimate length of all pieces of CWD that were not measured along transects (Appendix 

1). We measured maximum height above ground for each piece of CWD, and during our 

second field season (June-September 2016), we measured the diameter at the large end 

and the decay class for all pieces of CWD within the plot area. For both procedures, 

pieces of fallen dead wood had to be ≥7.6 cm (3 in) diameter for at least 0.9 m (3 ft) long 

to be classified as CWD (USDA Forest Service 2011), and portions of dead wood not 

meeting minimum size criteria were excluded from length and diameter measurements. 

We did not measure pieces of CWD classified as decay class 5 using either procedure.  

We estimated the volume of each piece of CWD to compute total CWD volume 

for each plot and determine the proportion of the total plot CWD volume that 
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corresponded to pieces of CWD that were detected in the LiDAR point cloud. We 

calculated the volume of each piece of CWD using field-measured or estimated length, 

diameter at the large end, and diameter at the small end using the equation for volume of 

a cone frustum (Appendix 1, Appendix 2). We were able to calculate CWD volume of all 

pieces for 76 of the field plots.  

We measured shrub density at field plots and used shrub density estimates to test 

whether CWD detection was hindered by shrub cover. We counted and measured the 

heights of all shrubs in three 13.5 m
2
 (2.07 m [6.8 ft] radius) circular microplots. Shrub 

microplots were centered 7.3 m (24 ft) from plot center at azimuths of 30°, 150°, and 

270° from plot center. We defined shrubs as any woody-stemmed plant with diameter at 

breast height (dbh; 1.3 m above ground) ≤2.54 cm (1 in), including tree seedlings. Woody 

stems <1.3 m tall were too short to measure dbh, and we used diameter at root collar to 

evaluate whether these stems should be classified as shrubs or saplings (USDA Forest 

Service 2011). We estimated mean shrub diameter for each microplot, and all shrub 

measurements were recorded separately for deciduous and coniferous species.  

Field plots were classified as one of three different forest types: coniferous, 

deciduous, or mixed forest. We used field data on tree species and diameter to calculate 

the proportion of plot basal area from coniferous and deciduous tree species. Plots were 

classified as coniferous or deciduous forest types if >75% of plot basal area was from 

coniferous or deciduous species, respectively (Thompson et al. 2012). If both coniferous 

and deciduous species comprised ≤75% of plot basal area, we classified plots as mixed 

forest type. When few trees were present within the plot, we incorporated data on sapling 

and shrub type and density to aid forest type classification. In these situations, sapling 
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size and density of coniferous and deciduous species were compared using the same 

thresholds given above for basal area. For example, a plot with few trees but numerous 

saplings and >75% saplings were from deciduous species was classified as a deciduous 

stand.    

 

Lidar data 

We acquired discrete, multiple-return LiDAR data over a 65 km
2
 study area in 

northeastern Minnesota (Figure 1.1) on 24 May 2014 during leaf-off conditions. LiDAR 

data were acquired from a fixed wing aircraft using a Leica ALS70 laser scanner 

(Quantum Spatial, Sheboygan Falls, Wisconsin). The system operated at a wavelength of 

1,064 nm at a mean altitude of 1,050 m above ground elevation, with 50% side overlap 

among adjacent flight lines. Maximum scan angle was 20º off nadir. The LiDAR data 

were collected to provide a desired nominal pulse density ≥8 pulses/m
2
 (≤0.35 m nominal 

post spacing). We calculated first return density to estimate nominal pulse density and 

verify data met desired pulse density. Our analysis demonstrated data were denser than 

anticipated, with an average of 24.8 first returns per square-meter (SD = 12 first 

returns/m
2
, range = 6.4 – 71.9 first returns/m

2
). A maximum of 5 returns were recorded 

per pulse. Horizontal and vertical accuracy of the data was estimated to be 10 cm and 6.7 

cm (RMSE), respectively. In general, LiDAR specifications matched recommendations 

for forest inventory analysis (White et al. 2013). Specifications that did not match 

recommendations (e.g., scan angle) were consistent with published studies that have 

successfully used LiDAR-derived statistical models to measure forest structure (e.g., 

Treitz et al. 2012 used a scan angle of ±20˚). 
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We received raw, unclassified LiDAR data from the vendor. We classified ground 

returns using LP360 software (GeoCue Group, Madison, Alabama). LP360 is a GIS 

environment for LiDAR and photogrammetric point cloud processing. First, a point cloud 

task was used to identify erroneous points due to multipath and other error sources. Next, 

a planar surface model algorithm was used to classify returns echoing off buildings. 

Finally, a series of ground classification tasks were used to identify potential ground 

returns, identify and remove errors in the initial classification, and finalize the ground 

point classification. We used ground returns to create a 0.2-m pixel digital elevation 

model. Digital elevation models were converted to digital terrain model format using 

FUSION software, and all return heights were normalized using the ground surface 

model to convert return heights from elevation to height above the ground surface.   

We used LiDAR data to estimate canopy cover (Lefsky et al. 2002; Garner 2013), 

which was used to test whether canopy density influenced probability of detecting CWD. 

Canopy cover was estimated as the proportion of non-ground returns ≥1.3 m above 

ground.  

 

Data Analyses 

Plot and height segmentation of LiDAR – From the full LiDAR dataset, we extracted 

point clouds corresponding to field plots using FUSION’s ClipData utility. We extracted 

all returns within a 20-m radius of each plot center so that resulting point clouds included 

returns from the plot and surrounding areas. Including returns from the surrounding area 

allowed us to accommodate pieces of CWD extending outside of the plot boundary.  
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Returns originating in the canopy and sub-canopy layers could obscure our ability 

to detect CWD in the understory layer (Wing et al. 2012; Abalharth et al. 2015). 

Consequently, we filtered out canopy and sub-canopy returns. We used field 

measurements of maximum height above ground for individual pieces of CWD to 

determine the height range within which CWD occurred (Figure 1.3; Wing et al. 2012). 

The maximum height threshold was determined by rounding the 97.5
th

 percentile 

maximum height value to the nearest 0.1 m. We did not use a minimum height threshold 

to ensure that all near-ground returns were included in our analysis in case these returns 

represented pieces of CWD with small diameters or in advanced stages of decay.  

 

Individual detection – During preliminary inspection of height-filtered point clouds, we 

observed that pieces of CWD were visible as linear arrays of returns elevated off the 

forest floor (Figure 1.4). We manually inspected height filtered point clouds and 

compared them to data on the location and orientation of CWD to determine which pieces 

of CWD were visible in the point cloud. For each piece of CWD, we estimated GPS 

coordinates of each end using measured distance and angle from plot center to each end. 

We used these data to create diagrams and polyline shapefiles using ArcMap 10.2 (ESRI, 

Redlands, California). We used FUSION software’s LiDAR Data Viewer (LDV) to 

inspect point clouds, loading CWD shapefiles as points of interest for direct comparison 

of the point cloud to the location of each piece of CWD. LDV allowed us to zoom in and 

out and move the point cloud in 3D space to facilitate manual inspection. We coded 

pieces of CWD that were visible in the point cloud as detected and those that were not as 

undetected.  



16 

 

  

Effect of LiDAR pulse density on CWD detection – We sub-sampled LiDAR data to 

simulate LiDAR data collected at 18 pulse densities: 0.25, 0.5, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 

12, 14, 16, 18, 20, and 22 pulses/m
2
. Our goal was to sub-sample LiDAR in a way that 

replicated data collected at different pulse densities rather than simply removing points 

randomly until desired point density was achieved. We used a process similar to that 

described by Jakubowski et al. (2013) (Figure 1.5). We extracted circular point clouds 

from the original LiDAR data. Circular point clouds had 20 m radius and were centered 

on the field plot location. From these point clouds, we extracted first returns (the first 

return originating from each pulse), which should correspond to the number of pulses 

(i.e., a single first return should be recorded from each laser pulse).  

We used the ‘lasdecimate’ command in the ‘lidR’ package (v1.4.1; Roussel and 

Auty 2018) in Program R version 3.4.3 (R Core Team 2017) to sub-sample LiDAR data 

to specific pulse densities. The ‘lasdecimate’ command allows users to specify the 

desired density of the output layer (‘density’ argument), and the cell size used to compute 

point density (‘res’ argument). Although the ‘density’ argument is intended to operate on 

a point density scale (i.e., density = 5 should generate data with density of 5 points per 

unit area), preliminary analysis suggested that using a consistent value for the density 

argument produced data of varying point densities when applied to different input LiDAR 

point clouds. Consequently, we used an iterative process to determine the value for the 

‘density’ argument (also referred to as ‘thinning factor’ below) needed to achieve the 

desired pulse densities. For each point cloud, we applied the ‘lasdecimate’ command 

using values from 0.1 to 20 by 0.1 for the ‘density’ argument, calculating first return 
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density of each resulting point cloud. We plotted first return density as a function of 

thinning factor value to visualize the relationship (Figure 1.5). We fit a quadratic model 

and used the model to determine the appropriate thinning factor to achieve the desired 

pulse densities. We repeated this process on each point cloud to determine thinning 

factors separately for each individual point cloud.  

We applied thinning factors to all-return data and calculated first return densities 

of resulting point clouds to confirm that the desired pulse density was achieved. Finally, 

we repeated height segmentation on each sub-sampled point cloud and manually 

inspected sub-sampled, height-filtered point clouds to detect CWD and determine at 

which pulse densities CWD were no longer detected. Interpretations were conducted on 

sub-sampled point clouds from low- (0.5 pulses/m
2
) to high-density (22 pulses/m

2
) point 

clouds to help ensure that interpretation was not influenced by observations made at 

higher pulse densities. All interpretation was done by a single observer (M. Joyce). For 

this analysis, we excluded plots for which CWD was not detected using original, full-

density LiDAR data. We evaluated detection of all pieces of CWD present in these plots, 

not just those that were detected using full-density data.  

 

Statistical analysis – We summarized the total number and proportion of pieces of CWD 

detected using the full-density LiDAR data as an estimate of overall detection 

probability. We used logistic regression to test whether CWD or site characteristics 

influenced probability of detecting individual pieces of CWD. The CWD characteristics 

we included in the logistic regression model were CWD length, large-end diameter, and 

maximum height above ground. Field-measured CWD length was used for pieces of 
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CWD measured along transects, while estimated length was used for pieces not 

intersecting transects. There was a strong, positive correlation between field-measured 

length and estimated length (Pearson’s correlation coefficient, r = 0.93; Appendix 1). The 

plot characteristics we included were forest type, canopy density, and shrub density.  

 We summarized the total CWD volume for each plot and the volume 

corresponding to pieces of CWD that were detected, and used these data to calculate the 

proportion of total plot CWD volume that was detected. This analyses was conducted on 

a subset of all plots (N = 76 plots) for which we could estimate volume of all pieces of 

CWD measured over the plot area. We did not detect CWD that was present on 22 of 76 

plots. We used a one-tailed, unequal variances t-test to test whether total CWD volume 

was lower on plots in which no CWD volume was detected than on the remaining 54 

plots that had at some CWD detected. Finally, we used Pearson’s correlation coefficients 

to compare the total CWD volume to the volume of pieces that were detected. A strong, 

positive correlation would indicate that individual detection of CWD could be used to 

differentiate plots based on their relative CWD volume.  

We used Pearson’s correlation coefficients to evaluate collinearity among 

explanatory variables prior to fitting the logistic regression model. We found no evidence 

of collinearity (|r| ≤ 0.48). Consequently, we fit a single logistic model that included all 

explanatory variables. We used z-scores and Wald statistics to determine whether effects 

of individual explanatory variables were statistically significant. These two tests agreed 

for all covariates and we report z-scores for continuous covariates and Wald statistics for 

categorical covariates. We evaluated how well our logistic regression model 

distinguished between detected and undetected pieces of CWD by calculating the area 
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under the curve (AUC) for the receiver operating characteristic (ROC) curve. ROC 

curves were developed using the ‘ROCR’ package in Program R (Sing et al. 2005a).  

 We created histograms to describe the size distribution of pieces of CWD and to 

describe the size distribution of the subset of CWD that was detected using airborne 

LiDAR. We used the logistic regression model described above to estimate CWD size 

thresholds corresponding to 50% probability of detection and calculated the proportion of 

measured CWD that met or exceeded these threshold estimates. We used Program R to 

perform all statistical tests and create histograms.  

 We summarized the number of pieces of CWD detected using manual 

interpretation at each pulse density and divided by the total number of pieces detected at 

any pulse density to estimate relative detection probability. Thus, a relative detection 

probability of 100% indicates that all of the pieces detected at any pulse density were 

detected at that specific pulse density. We also calculated absolute detection probability 

(the proportion of all pieces of CWD detected at each pulse density) and plotted relative 

and absolute detection probabilities as a function of pulse density. We used the relative 

detection probability graph to estimate the pulse densities below which CWD was not 

detected and above which relative detection probability was ≥90% (minimum and 

maximum detection thresholds, respectively).   

 

1.4 RESULTS 

We compared 1,679 pieces of CWD measured at 146 field plots to height-filtered LiDAR 

point clouds to determine whether individual pieces were detected. We did not measure 

large-end diameter for pieces of CWD not intersecting transects during the 2015 field 
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season. Consequently, we used a subset of all pieces of CWD for logistic regression 

modeling (n = 1,199 pieces measured at 128 plots). Among pieces of CWD used for 

logistic regression modeling, 428 pieces in 47 plots were in deciduous forest, 330 pieces 

in 44 plots were in coniferous forest, and 441 pieces in 37 plots were in mixed forest.  

 Overall, we detected 384 of 1,679 pieces (22.9%) of CWD in the height-filtered 

LiDAR point clouds. Probability of detecting individual pieces of CWD was strongly 

influenced by CWD size (Figure 1.6A-B), with probability of detection increasing with 

increasing large-end diameter (Odds ratio = 1.12, 95% confidence interval = 1.09 – 1.15, 

Z = 8.2, P < 0.001) and length (Odds ratio = 1.21, 95% confidence interval = 1.16 – 1.26, 

Z = 8.8, P < 0.001). Maximum height above ground did not affect probability of detecting 

pieces of CWD (Figure 1.6c; Odds ratio = 1.00, 95% confidence interval = 0.99 – 1.01, Z 

= 1.7, P = 0.09).  

 Site characteristics did not influence detection of CWD (Figure 1.7). CWD 

detection decreased with increasing canopy closure, but the effect was not statistically 

significant (Figure 1.7A; Odds ratio = 0.99, 95% confidence interval = 0.98 – 1.00, Z = -

1.8, P = 0.067). There was no effect of shrub density (Figure 1.7B; Odds ratio = 1.00, 

95% confidence interval = 0.99 – 1.00, Z = -0.3, P = 0.77) or forest type (Figure 1.7C; 

Wald test, F1,1191 = 1.75, P = 0.18) on CWD detection. AUC for the logistic regression 

model was 0.84, indicating acceptable discrimination. 

 The distributions of CWD large-end diameter and CWD length were both 

strongly skewed. Most pieces were of relatively small diameter and length and relatively 

few pieces were in larger diameter or length classes (Figure 1.8A,B). Median large-end 

diameter was 14.6 cm and median length was 4.7 m. Based on the logistic regression 
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model, we estimated that pieces with large-end diameter ≥30.1 cm or length ≥13.9 m 

would be detected ≥50% of the time, that pieces with large-end diameter ≥40.2 cm or 

length ≥19.6 m would be detected ≥75% of the time, and that pieces with large-end 

diameter ≥50.4 cm or length ≥25.4 m would be detected ≥90% of the time (Figure 1.6A-

B). Only 5.3% of the pieces of CWD we measured were ≥30.1 cm diameter at the large 

end (72% of which were detected), while only 4.7% of pieces were ≥13.9 m long (63% of 

which were detected). Consequently, most pieces of CWD we detected were below the 

50% detection thresholds (Figures 1.8A,B). Distributions of large-end diameter and 

length for detected pieces of CWD were also skewed to the right, although these 

distributions were wider and shifted to the right compared to the distributions of all 

pieces of CWD (Figure 1.8).  

There was an average of 1.02 m
3
 (SD = 1.3 m

3
; range = 0.01-8.2 m

3
) of CWD 

measured at each plot. The distribution of total plot CWD volume was skewed such that 

most plots had relatively small volumes, while a few plots had large volumes. We did not 

detect any CWD volume at 22 plots in which CWD was present (false negatives). Plots 

that had no CWD volume detected had significantly less CWD present (average = 0.3 m
3
, 

SD = 0.4 m
3
) than plots that had at least one piece of CWD detected (average = 1.5 m

3
, 

SD = 1.4 m
3
; t = -5.5, d.f. = 67.7, P < 0.0001). We detected 36% of the total CWD 

volume per plot on average (SD = 30%) when false negatives were included, and 51% 

(SD = 23%) of the total CWD volume per plot when false negatives were excluded. 

There was a strong, positive correlation between total CWD volume and volume of 

pieces of CWD that were detected (r = 0.96; based on n = 76 plots), suggesting that 

individual detection of CWD could be used to rank areas based on relative CWD volume.  
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Relative and absolute CWD detection rates increased with increasing pulse 

density (Figure 1.9). The functional relationship between CWD detection rates and 

LiDAR pulse density appeared to conform to sigmoidal curves. No CWD were detected 

below 1 pls/m
2
, with very low relative (1.3%) and absolute (0.4%) detection rates for 

LiDAR data with 1 pls/m
2
. Relative detection rates were high (≥90%) at pulse densities 

≥16 pls/m
2
, suggesting that CWD detection does not improve substantially as pulse 

density increases above 16 pls/m
2
. The 50% relative detection probability threshold was 

between 7 and 8 pls/m
2
.  

 

1.5 DISCUSSION 

Individual pieces of CWD can be detected underneath forest canopy using 

airborne LiDAR. Although most studies using LiDAR to measure forest structure have 

focused on overstory characteristics such as canopy height and structure, tree density and 

size, and above-ground biomass (Naesset 1997; Lefsky et al. 1999b; Naesset and 

Bjerknes 2001; Hawbaker et al. 2009; White et al. 2013), our study is one of a growing 

number of studies that demonstrates that near-ground return data provide useful 

information on understory characteristics (Seielstad and Queen 2003; Pesonen et al. 

2008; Wing et al. 2012; Abalharth et al. 2015). Previous attempts to measure CWD 

volume using LiDAR have relied on indirect estimates from linear regression models, 

while our results show that direct measurement is also feasible for use in estimating 

CWD abundance. Direct measurements may be preferable to indirect estimation, 

particularly if regression models are insensitive to variation in CWD abundance among 

sites with similar forest characteristics other than CWD. Because few attempts exist to 
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quantify CWD using LiDAR using either direct or indirect methods (i.e., Pesonen et al. 

2008 is the only study we are aware of that used LiDAR to estimate CWD as we have 

defined it above), we cannot evaluate or compare the accuracy, precision, and generality 

of indirect measurement methods to our results with direct detection.   

Direct detection of CWD using airborne LiDAR could help overcome limitations 

of field-based CWD surveys and provide landscape-wide spatial data on CWD 

distribution and abundance. Specifically, using airborne LiDAR to map individual pieces 

of CWD across an entire landscape could allow researchers to address important 

questions that are not feasible using field-sampling protocols. Examples of questions that 

could potentially be addressed using LiDAR data include mapping and monitoring 

habitat for wildlife species that are associated with CWD, relating CWD distribution and 

abundance to past management activities and natural disturbances, and using repeated 

LiDAR acquisitions to investigate large-scale CWD dynamics.  

Height-filtering is an effective method for removing returns from canopy and sub-

canopy layers to improve detection and measurement of understory features. Previously, 

height-filtering has been used to enhance LiDAR-based identification and measurement 

of shrubs (Wing et al. 2012) and log-jams in rivers lying under forest canopy (Abalharth 

et al. 2015). We used a maximum-height filter threshold derived from our field data to 

remove returns that were unlikely to have resulted from CWD. We also could have used a 

minimum height filter to remove ground returns (e.g., Wing et al. 2012), but chose not to 

do so because we thought it might inhibit our ability to detect CWD lying close to the 

ground surface.  



24 

 

CWD detection rates increased with increasing CWD size. Certain plants, 

animals, and fungi are associated with CWD of specific sizes (Hayes and Cross 1987; 

McComb 2003; Tikkanen et al. 2006). We found that the majority of pieces of CWD 

greater than 30.1 cm diameter or greater than 13.9 m long were detected, and certain 

small mammals are associated with larger pieces of CWD (e.g., western red-backed 

voles, Myodes californicus, Hayes and Cross 1987). Consequently, LiDAR could provide 

useful spatial data for research and management for these species and their predators. On 

the other hand, biased non-detection of small pieces of CWD means that LiDAR may be 

less useful for species and that are associated with CWD below these size thresholds. 

Despite lower detection rates for smaller pieces of CWD, direct detection may still 

provide useful information for applications requiring information on smaller pieces of 

CWD because of the strong correlation between total CWD volume and volume of pieces 

that were detected. This strong correlation suggests that direct detection could be used to 

differentiate plots based on their total CWD volume even though not all pieces of CWD 

were detected. The relationship between CWD detection and CWD size needs to be 

considered when determining whether LiDAR is likely to provide information on the 

sizes of CWD needed to meet objectives.   

CWD detection was not influenced by canopy density, shrub density, or forest 

type, which indicates that laser penetration was not hindered by canopy and sub-canopy 

vegetation and that CWD detection is not biased by site characteristics. This result is 

consistent with previous research suggesting that LiDAR-derived estimates of plot CWD 

volume or fuel bed volume were not affected by shrub or sapling presence (Seielstad and 

Queen 2003; Pesonen et al. 2008). On the other hand, we occasionally observed pieces of 
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CWD for which we could not detect the entire length because the dense crown of an 

individual tree caused significant reduction or absence of near-ground returns. One 

potential explanation for the apparent contradiction is that the plot-wide estimates of 

canopy and shrub density used in the logistic regression model do not adequately 

describe the local environment of individual pieces of CWD. Because partial detection of 

CWD under dense tree crowns was rare, the effects of canopy and shrub density on CWD 

detection may be limited to a relatively small proportion of CWD. If detection is 

generally not affected by site characteristics, as our results imply, then CWD detection 

from airborne LiDAR should provide unbiased estimates of CWD distribution and 

abundance with respect to site characteristics and forest type.  

CWD detection rates increased with increasing pulse density, providing support 

for the hypothesis that CWD detection using LiDAR is only possible when pulse density 

is high enough to allow pieces of CWD to be distinguished from surrounding vegetation 

and ground (Pesonen et al. 2008). Pulse density can influence accuracy of LiDAR-

derived statistical models aimed at measuring forest characteristics (Thomas et al. 2006a; 

Treitz et al. 2012; Jakubowski et al. 2013), as well as direct detection of snags from 

LiDAR point data (Wing et al. 2015), although the relationship between pulse density 

and model accuracy is highly variable. The goal of these studies is often to identify the 

optimal pulse density needed to achieve satisfactory model accuracy in an attempt to 

guide future acquisitions aimed at measuring specific forest characteristics. We found 

that CWD detection was not possible with LiDAR datasets that have pulse densities 

below 1 pls/m
2
, and the CWD detection rate plateaus at a pulse density of 16 pls/m

2
. 

Researchers or land managers interested in using LiDAR data to quantify CWD should 
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acquire LiDAR data at sufficiently high densities to allow maximal CWD detection. We 

recommend that individuals interested in acquiring LiDAR data for CWD detection use 

the threshold value we report as a guideline rather than a rule. The optimal pulse density 

for maximal CWD detection likely depends on many factors such as LiDAR sensor and 

acquisition parameters, forest type, stand characteristics, and topography.  

We used manual interpretation to determine whether individual pieces of CWD 

were detected in height-filtered LiDAR point clouds. Although this approach allowed us 

to demonstrate that individual pieces of CWD could be detected using airborne LiDAR, 

manual interpretation is not suitable for detection and mapping of CWD across large 

areas due to time and cost inefficiencies and potential for bias and errors due to 

subjective interpretation. A better approach for large-scale mapping of CWD using 

LiDAR would be the development of an automated detection and classification algorithm 

aimed at identifying returns echoing off CWD. A variety of approaches could potentially 

be employed to detect or classify returns originating from CWD. Recently, point filtering 

techniques have been developed to identify and isolate returns from specific forest 

components. CWD classification algorithms could use point geometry to identify returns 

associated with CWD. During manual interpretation, pieces of CWD were apparent in 

height-filtered point clouds as linear arrays of returns positioned above ground level. One 

potential approach to identifying returns associated with CWD could be to use a 

minimum height filter to remove ground points and then identify returns that form 3D 

linear arrays with neighboring points. 

Intensity data, which are a measure of the reflectance of objects and surfaces 

encountered by light energy emitted by LiDAR instruments, may prove useful in the 
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development of automated methods for identifying returns associated with CWD and 

removing points from non-target forest components. Returns associated with CWD likely 

have different intensity values than living understory components (e.g., shrubs, low-lying 

branches), boulders, and the ground surface (Pesonen et al. 2008), although intensity 

values of CWD may vary depending on decay class (e.g., hard pieces of CWD may differ 

from soft rotten or moss-bearing CWD). An approach that combines height filtering, 

point intensity data, and point geometry may provide a more robust means for identifying 

CWD than any single approach. For example, Wing et al. (2012) used a combination of 

height- and intensity-based filters to identify shrub returns, while Wing et al. (2015) used 

individual return location along with neighborhood intensity and point density to identify 

returns associated with snags. Despite successful implementation of intensity-based 

filtering in previous studies, intensity data are often collected using variable gain control 

settings, and uncalibrated LiDAR intensity data may be too variable within and across 

acquisitions to provide consistent, useful data for this purpose (Wing et al. 2015). 

Additional research is necessary to evaluate these and other potential approaches and to 

develop a CWD classification algorithm that can be used for automated CWD detection 

from airborne LiDAR data.   

Our stratified random sampling design helped ensure that we sampled a range of 

different forest conditions present in our study area (Hawbaker et al. 2009). Although our 

results demonstrate that CWD can be detected in a range of forest conditions using 

LiDAR, it is necessary to test how generalizable our results are to different forest types 

that may have different characteristic sizes of CWD, areas with more topographically 

diverse landscapes, LiDAR data collected during leaf-on versus leaf-off conditions, or 
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LiDAR data collected using different acquisition parameters or laser scanning 

instruments (e.g., single photon LiDAR systems). Nonetheless, our study is a starting 

point for future research aimed at evaluating the ability of airborne LiDAR to directly 

detect CWD in diverse ecosystems using diverse LiDAR datasets. 

In summary, airborne LiDAR can be used to detect individual pieces of CWD and 

is a promising technology for mapping CWD across the landscape. CWD detection rates 

were not influenced by canopy density, shrub density, or forest type. Current limitations 

that prevent application of LiDAR for landscape-wide mapping of CWD include lack of 

automated detection methods to identify returns associated with CWD from original point 

data and biased detection rates based on CWD size, which could limit potential 

applications of LiDAR-derived data on CWD distribution or abundance. Additional 

research will be needed to address these and other limitations and determine whether our 

results are generalizable to different LiDAR datasets collected in areas with diverse forest 

and topographic conditions.   
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1.6 FIGURES 

 

 

Figure 1.1. Location of our study area and field sampling sites in St. Louis County, 

northeastern Minnesota, USA.   
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Figure 1.2. Sampling space for LiDAR-informed stratified random sampling design. 

Structural variability within the study area was represented by mean and standard 

deviation LiDAR return height for each 20 m pixel in the study area (gray dots). Black 

rectangles represent strata from which a random sample of plots was selected (red dots). 

Stratification was performed separately for areas with upland and lowland soil types 

(graph for upland soil types shown above).  
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Figure 1.3. Height distribution of individual pieces of coarse woody debris (CWD) based 

on field-measured maximum height above ground. We used 1.3 m, which corresponded 

to the 97.5
th

 percentile of maximum height, as the threshold between understory and 

overstory height strata.  
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Figure 1.4. Examples of height-filtered LiDAR point clouds showing individual pieces of 

CWD on the forest floor.  
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Figure 1.5. Workflow used to determine the effect of pulse density on CWD detection by  

sub-sampling LiDAR data to simulate data collected at specific pulse densities.  
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Figure 1.6. Effects of CWD diameter (A), length (B), and maximum height above ground 

(C) on probability of detecting individual pieces of CWD.  
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Figure 1.7. Effects of canopy cover (A), shrub density (B), and forest type (C) on 

probability of detecting individual pieces of CWD.  
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Figure 1.8. Size distribution of all measured CWD (light gray bars) and detected CWD 

(dark bars), based on diameter at the large end (A) and length (B).  
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Figure 1.9. Effect of pulse density on relative (A) and absolute (B) CWD detection rates. 

Relative detection rates reflect the number of pieces detected at each pulse density 

relative to the number of pieces detected at all pulse densities, while absolute detection 

rates are the number of pieces detected out of all pieces analyzed.   
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CHAPTER 2 

MEASURING FOREST CHARACTERISTICS USING LIDAR: HOW WELL DO 

LIDAR-DERIVED REGRESSION MODELS PERFORM WHEN APPLIED TO 

NEW DATA? 

 

2.1 OVERVIEW 

Light detection and ranging (LiDAR) is an active remote sensing technology that has 

been used increasingly to measure topographic and vegetative structure for forestry and 

wildlife applications. Measurement of vegetation characteristics that cannot be measured 

directly from LiDAR data is typically accomplished through LiDAR forest inventory 

modeling, in which a statistical model is developed that relates LiDAR-derived 

explanatory variables to field-measured response variables. The successful use of LiDAR 

forest inventory models for forestry and wildlife applications relies on development of 

statistical models that provide accurate and precise estimates of the response variables of 

interest, particularly when the model is imputed across the landscape. Because the goal of 

LiDAR forest inventory modeling is generally to identify the best statistical model for 

prediction from many potential candidate models, investigators have often used 

exhaustive model-fitting techniques to select final models. Furthermore, not all 

investigators have adequately addressed potential issues associated with overfitting and 

collinearity while developing LiDAR forest inventory models. Our objectives were to 

evaluate how well LiDAR forest inventory models created with multiple regression 

techniques performed when used to make predictions on new data. We created regression 

models for 5 response variables: basal area, average tree diameter, maximum tree 
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diameter, quadratic mean tree diameter, and tree density. We used cross validation and 

bootstrapping techniques to evaluate model performance on new data. Our results 

demonstrated that models generally performed well on new data, that including collinear 

variables did not substantially reduce model performance relative to models without 

collinear variables, and that model performance on new data varied among response 

variables. Taken together, our results suggest that LiDAR forest inventory models are 

likely to perform well when imputed across the landscape of interest, but also highlight 

the importance of including explicit testing of models using new data or internal 

validation techniques during model development phases.  

 

2.2 INTRODUCTION 

Light detection and ranging (LiDAR) is an active remote sensing technology that 

provides detailed information on topographic and vegetative structure across large  areas 

(10s of km
2
 to entire states; Lefsky et al. 2002; Vierling et al. 2008). Over the last two 

decades, LiDAR data has been used increasingly to measure topography and vegetation 

for forestry and wildlife applications (Merrick et al. 2013; White et al. 2013; Davies and 

Asner 2014; Melin et al. 2017), and numerous studies have focused on developing and 

improving statistical methods for this purpose (e.g., Martinuzzi et al. 2009; Wing et al. 

2015; Davies et al. 2016). Some standard forest characteristics can be detected and 

measured directly with LiDAR data (e.g., canopy closure – Martinuzzi et al. 2009; Parent 

and Volin 2014; tree height and density – Naesset and Bjerknes 2001; Falkowski et al. 

2006; coarse woody debris – Chapter 1). Estimation of characteristics that cannot be 

measured directly is accomplished through LiDAR forest inventory modeling, in which a 
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statistical model is developed that relates LiDAR-derived explanatory variables to a field-

measured response variable (White et al. 2013).  

Statistical models are often created to help understand a process or system, but 

statistical models are used less often to make predictions (Whittingham et al. 2006; 

Fieberg and Johnson 2015). By contrast, LiDAR forest inventory models are typically 

created for the sole purpose of prediction, although the predictions are often generated for 

use in some downstream application (e.g., operational forest management, wildlife 

habitat research). Successful use of LiDAR forest inventory models for forestry or 

wildlife applications relies on the development of statistical models that provide accurate 

and precise estimates of the response variable – not only when fit to model training data, 

but when used on new data while being imputed across the landscape. Thus, evaluating 

performance of LiDAR forest inventory models on new data is an essential quality 

control step that should be completed before models are used for downstream 

applications.  

 Typically, the goal of LiDAR forest inventory modeling is to identify the best 

model for prediction, and investigators often start with many (often >20) LiDAR-derived 

explanatory variables and no a priori expectation for which variables will be included in 

the final model. Given this situation, use of exhaustive model fitting techniques such as 

stepwise regression and all subsets regression is common in LiDAR forest inventory 

modeling (Table 2.1). Use of stepwise and all subsets regression has been criticized in the 

statistical and ecological literature (e.g., Whittingham et al. 2006). These techniques may 

result in reliance on a single model when multiple models fit the data equally well 

(Burnham and Anderson 2002; Whittingham et al. 2006). This could cause problems for 
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LiDAR forest inventory models if models that fit the training data similarly vary in how 

they fit new data. Stepwise and best subsets regression techniques both require fitting a 

large number of candidate models, which increases the likelihood of making a Type I 

error (falsely rejecting the null hypothesis) and increases the odds of selecting a model 

that is overfit to the training data (Burnham and Anderson 2002; Fieberg and Johnson 

2015). Furthermore, stepwise regression techniques can lead to biased parameter 

estimates (Whittingham et al. 2006).  

Consideration of many potential explanatory variables, combined with the aim to 

identify the single best model for prediction, could also lead investigators to ignore other 

common pitfalls associated with multiple regression models. Including too many 

variables relative to the information content of the data can cause overfitting and result in 

a model that fits inherent noise in the data as well as the actual effects of interest (Fieberg 

and Johnson 2015), which could reduce the accuracy of predictions made using the model 

(Mundry and Nunn 2009). Furthermore, many LiDAR-derived variables that are typically 

used for LiDAR forest inventory modeling are correlated (M. Joyce, unpublished data). 

Inclusion of collinear variables in the same model can confuse interpretation of effects, 

inflate standard errors of regression coefficients, and result in unstable models in which 

collinear variables compete to explain the same variation in the response (Kutner et al. 

2005; Fieberg and Johnson 2015). On the other hand, including collinear variables in the 

same model may have little effect on prediction error (Harrell 2001; Graham 2003). 

Common steps that investigators have taken to avoid issues of overfitting and collinearity 

include limiting model degrees of freedom to 5% to 10% of the effective sample size 

(Harrell 2001; Burnham and Anderson 2002; Giudice et al. 2012) and using correlation 
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coefficients or variance inflation factors to ensure collinear variables are not included in 

the same model.   

Ultimately, if steps are not taken to address or avoid these issues (overfitting, 

collinearity, use of exhaustive model selection methods), investigators run the risk of 

creating LiDAR forest inventory models that predict new data poorly, which would bias 

or weaken inferences resulting from use of spatial predictions in downstream 

applications. Past studies that created LiDAR forest inventory models for tree size and 

density variables (basal area, tree density, average or maximum diameter) differed 

considerably regarding the steps investigators took to 1) avoid overfitting and 

multicollinearity; 2) select models from a large number of potential candidates; and 3) 

test models using independent data (Table 2.1). Several investigators used best subsets or 

stepwise procedures to select models from a large number of possible models. Some 

investigators limited the number of variables in candidate models to avoid overfitting, 

while others did not explicitly mention attempts to consider model complexity in relation 

to sample size. Similarly, some investigators used variance inflation factors, correlation 

coefficients, or unspecified methods to avoid including collinear variables in the same 

model, while other investigators did not report taking any steps to address collinearity.  

There has also been considerable variation in the methods used to test models 

using independent data. For example, four of the 9 studies in Table 2.1 did not take any 

steps to evaluate how models performed using independent data. The remaining studies 

used independent training and test data sets (2 studies), 10-fold cross validation (1 study), 

leave-one-out cross validation (1 study), or >1 of these methods (1 study) to evaluate how 

models performed on new data (Table 2.1). In general, studies that incorporated tests on 
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independent data reported similar coefficients of determination and root-mean-square 

errors (RMSE) for new data compared to original model fit (Thomas et al. 2006b; 

Hawbaker et al. 2009; Woods et al. 2011), but studies also reported positive bias in fitted 

values (Naesset 2004) or higher errors when models were fit to new data (Thomas et al. 

2008). This high degree of variability in statistical approaches among studies, and the 

variation in performance of models on new data, highlights the potential for problems 

associated with overfitting and collinearity to affect the performance of these models 

when used to estimate forest structure across a landscape, particularly when no effort was 

made to test models with independent data.  

Our primary objective was to evaluate how well LiDAR forest inventory models 

created using multiple regression techniques performed when used to make predictions 

on new data. To address this question, we created regression models for 5 response 

variables (basal area, average tree diameter, quadratic mean diameter, maximum tree 

diameter, and tree density) and used two different methods to evaluate model 

performance when applied to new data: 10-fold cross-validation and generating pairs of 

bootstrap training and test data sets. For both methods, we used coefficients of 

determination (R
2
) and root-mean-square errors (RMSE) to evaluate model performance. 

We compared model performance among the 5 response variables to determine whether 

results were similar for different response variables. Because inclusion of collinear 

variables appears common in LiDAR forest inventory modeling, we were also interested 

in determining whether failing to account for collinearity affected model performance. 

For each response variable, we created two models, one that included collinear variables 

and one that did not and compared performance between each pair of models. Finally, we 
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conducted a simulation study to test how model performance on new data was affected by 

the number of field plots used for statistical modeling.  

 

2.3 METHODS  

Study Area 

Our study took place in the Laurentian Mixed Forest Province of northeastern Minnesota, 

USA (Figure 2.1; Joyce 2013; Minnesota Department of Natural Resources 2018). 

Elevations ranged from 450 to 600 m a.s.l. Northeastern Minnesota has a continental 

climate with long, cold winters (mean January temperature = -14.7ºC) and short, warm 

summers (mean July temperature = 18.6ºC). The area receives an average of 71 cm of 

rainfall and 143 cm of snowfall annually, with persistent snow cover typically present 

from December to April (Joyce 2013). Most of our study area occurred within the 

Superior National Forest, but also included state, county, and private lands. Public land 

was managed for a combination of timber harvest, recreation, and conservation of native 

plant and animal communities. The study area supported mixed forest interspersed with 

coniferous forest, deciduous forest, wetlands, regenerating forests, and open water (Joyce 

2013). Common tree species included aspen (Populus spp.), balsam fir (Abies balsamea), 

paper birch (Betula papyrifera), red maple (Acer rubrum), white pine (Pinus strobus), red 

pine (P. resinosa), and black spruce (Picea mariana).  

 

Field data 

We measured tree characteristics at 189 circular, fixed-radius plots during the months of 

June through September in 2015 and 2016. Field plots were 400 m
2
, fixed-radius circular 
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plots (11.3 m radius) to match recommendations by White et al. (2013). We used a 

LiDAR-informed stratified random sampling design to ensure field sampling covered a 

large portion of available forest conditions present within our study area (Hawbaker et al. 

2009; White et al. 2013). The full process used to create and sample strata is described in 

Chapter 1. We created strata using LiDAR-derived estimates of mean and variation in 

return height and broad soil types (upland or lowland) to ensure sampling covered a range 

of vegetative and physiographic conditions. The number of sites selected from each 

stratum was proportional to the number of available plots within that stratum, with a 

minimum of two plots per stratum. We selected 110 sites in upland soil types and 79 sites 

in lowland soil types, which matched presence of upland and lowland soil types within 

our study area.  

We determined the GPS coordinates of the centroid of each grid cell that was 

selected and used a consumer-grade GPS receiver (Garmin eTrex 60, Olathe, Kansas) to 

navigate to the site for field measurements. When navigating to sites, once the GPS 

indicated we were 20 m from the plot location, we maintained the trajectory indicated by 

the GPS and took 20 paces, establishing plot center where our foot landed on the last 

pace. This procedure introduced an element of randomness into plot locations and 

provided a consistent method for establishing plot locations (Hawbaker et al. 2009). Plot 

center was marked with a wooden stake to allow us to revisit plots, if necessary. We 

georeferenced plots using an SXBlueII + GNSS receiver (Geneq, Inc., Montreal, 

Quebec). The SXBlueII + GNSS receiver is a compact, modular receiver that uses 

conventional real-time differential corrections obtained from a Space Based 

Augmentation System (SBAS) to improve position accuracy. This receiver is capable of 
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sub-meter accuracy under forest canopy, except under dense forest canopy where 

accuracy ranges from 1-1.5 m (Joyce and Moen 2018). We typically recorded fixes for 30 

minutes at a rate of 1 fix every 2 seconds, but the total time varied from 10 minutes to 

>60 minutes, resulting in 214-1,271 total fixes per site.   

At each plot, we measured the diameter at breast height (dbh; diameter taken 1.37 

m above ground) and recorded the species for all living and dead trees ≥ 12.7 cm (5 in) 

dbh that were located within the plot boundary. We measured bole length and diameters 

at the base and top of the bole for all dead trees (snags) for volume estimation. Trees 

were considered alive if they had any living tissues (leaves, buds, cambium) at or above 

the height of dbh measurement. Dead trees that were ≥12.7 cm dbh had to meet two 

additional criteria to be classified as snags: 1) the bole was ≥1.37 m long; and 2) the bole 

was leaning ≤45° from vertical. We classified dead trees with boles <1.37 m long as 

stumps and dead trees leaning >45° from vertical as coarse woody debris. Trees and 

snags did not have to be self-supported. Tree and snag definitions were based on the U.S. 

Forest Service’s Forestry Inventory and Analysis Program protocols (USDA Forest 

Service 2011).  

We used field-measured tree and snag data to calculate 5 summary variables for 

each plot: basal area (BA), average dbh, maximum dbh, quadratic mean diameter (QMD), 

and tree density. Average diameter was calculated as the arithmetic mean, while QMD 

was calculated using the formula: 

𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 𝑚𝑒𝑎𝑛 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 =  √
∑(𝑑𝑖

2)

𝑛
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where 𝑑𝑖 is the dbh of each tree or snag in the plot and 𝑛 is the total number of trees and 

snags within the plot. QMD gives greater weight to larger trees, represents the diameter 

corresponding to the average basal area per tree, and is commonly used in forestry (Curtis 

and Marshall 2000). We calculated basal area using only live trees. We calculated 

average dbh, maximum dbh, QMD, and tree density using both living and dead trees 

because wildlife species associated with large stems can often use both living and dead 

trees that have specific characteristics or microstructures (Bull et al. 1997).  

  

Lidar data 

We acquired discrete, multiple-return LiDAR data over the 65 km
2
 study area in 

northeastern Minnesota (Figure 2.1) on 24 May 2014 during leaf-off conditions. LiDAR 

data were acquired from a fixed wing aircraft using a Leica ALS70 laser scanner 

(Quantum Spatial, Sheboygan Falls, Wisconsin). The system operated at a wavelength of 

1,064 nm at a mean altitude of 1,050 m above ground elevation, with 50% side overlap 

between adjacent flight lines. Maximum scan angle was 20º off nadir. The LiDAR data 

were collected to provide a desired minimum nominal pulse density ≥8 pulses/m
2
 (≤0.35 

m nominal post spacing). To achieve this minimum, the data were much denser across the 

study area, with an average of 24.8 first returns per m
2
 (SD = 12 first returns/m

2
, range = 

6.4 – 71.9 first returns/m
2
). A maximum of 5 returns were recorded per pulse. Horizontal 

and vertical accuracy of the data was estimated to be 10 cm and 6.7 cm (RMSE), 

respectively. In general, LiDAR specifications matched recommendations for forest 

inventory analysis (White et al. 2013).  
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We received raw, unclassified LiDAR data from the vendor. We classified ground 

returns using LP360 software (GeoCue Group, Madison, Alabama). LP360 is a GIS 

environment for LiDAR and photogrammetric point cloud processing. First, we used a 

point cloud task to identify erroneous points due to multipath and other error sources. 

Next, we used a planar surface model algorithm to classify returns echoing off buildings. 

Finally, a series of ground classification tasks were used to identify potential ground 

returns, identify and remove errors in the initial classification, and finalize the ground 

point classification. We used ground returns to create a 0.2-m resolution digital elevation 

model. Digital elevation models were converted to digital terrain model format using 

FUSION software, version 3.6 (McGaughey 2016), and all return heights were 

normalized using the ground surface model to convert return heights from elevation to 

height above the ground surface.   

We used LiDAR data to calculate 44 summary variables based on return height, 

intensity, or density for use as explanatory variables in regression modeling (Table 2.2). 

We chose these variables to represent the types of LiDAR-derived explanatory variables 

commonly used in past studies that created LiDAR forest inventory models using 

multiple regression. Each variable was summarized at the level of individual field plots 

using LiDAR point clouds that corresponded to field plots. Height and intensity variables 

included common summary statistics (e.g., mean, maximum, standard deviation, etc.), 

skewness, kurtosis, and numerous percentiles. Skewness is a measure of the degree of 

asymmetry in the distributions of height or intensity values, while kurtosis measures the 

sharpness of the peak in the distributions of height and intensity values. Return density 

variables included the proportion of first or all returns above either 2 m, mean of return 
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heights, or mode of return heights, along with the proportion of returns originating from 

within 16 cm of the ground surface. All LiDAR-derived explanatory variables were 

calculated with FUSION software using a two-step process. First, we clipped out LiDAR 

point clouds corresponding to field plots using FUSION’s ‘ClipData’ utility. Second, we 

used FUSION’s ‘CloudMetrics’ utility to calculate the variables listed in Table 2.2 for 

each plot-specific point cloud.  

 

Statistical analyses 

All statistical analyses were performed in Program R (R Core Team 2017). Significance 

levels for all statistical tests was α=0.05. 

 

Model fitting and selection – We used the area-based approach to create LiDAR forest 

inventory models for prediction of the 5 summary variables calculated from field data. 

The area-based approach is a statistical framework that combines field plot data and 

LiDAR data: statistical models are fit using response variables derived from field plot 

data and explanatory variables derived from LiDAR point clouds or other environmental 

data corresponding to field plots (White et al. 2013). The area-based approach can be 

used with numerous different types of statistical models (multiple linear regression, 

generalized linear models, non-linear models, RandomForest; White et al. 2013), thereby 

allowing users to customize the approach to match the specific response variable of 

interest (e.g., count variables vs. continuous variables) and any constraints or limitations 

imposed by field or LiDAR data.  
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We used multiple linear regression to create statistical models for BA, average 

dbh, maximum dbh, and QMD. Multiple linear regression has been used to create models 

for tree density from LiDAR data (e.g., Naesset 2004; Hudak et al. 2006). Tree density 

values (number of trees/ha) are transformed count data and multiple linear regression is 

often not appropriate for count data, which are constrained to positive integers including 

zero and may not have normally distributed residuals (Zuur et al. 2009). Consequently, 

we used Poisson Generalized Linear Models (GLMs) with log-link functions to relate 

field-measured tree density to LiDAR-derived explanatory variables. We fit Poisson 

GLMs using the ‘glm’ command in Program R. One important property of the Poisson 

distribution is that the variance is equal to the mean (Seavy et al. 2005; Zuur et al. 2009; 

Zuur and Ieno 2016). Poisson GLMs in which variance is greater than the mean are 

overdispersed. We used a dispersion test (Cameron and Trivedi 1990) to determine 

whether the Poisson GLMs were overdispersed using the ‘dispersiontest’ command in the 

AER package in Program R (Kleiber and Zeileis 2008). Because tests suggested that our 

models were overdispersed, we fit quasi-Poisson GLMs. Quasi-Poisson GLMs adjust 

coefficient standard error estimates to account for overdispersion, but do not change 

model structure or coefficient values (Zuur et al. 2009).  

When fitting models, we limited the number of explanatory variables to avoid 

overfitting. One common guideline used to ensure models are not too complex relative to 

the information content of the data is to limit model degrees of freedom to 5% to 10% of 

the sample size (Giudice et al. 2012; Fieberg and Johnson 2015). We fit models for basal 

area and tree density using data from 156 field plots. Three of these field plots did not 

have any trees, and we used data from 153 field plots that had ≥1 tree to fit regression 
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models for average dbh, maximum dbh, and QMD. Consequently, we limited models to a 

maximum of 8 explanatory variables, about 5% of sample size. We used Pearson 

correlation coefficients to determine whether pairs of variables were collinear. Any pair 

of variables in which the absolute value of the correlation coefficient was ≥0.60 was 

considered collinear (mid-point of the range of threshold values listed in Table 1 of 

Dormann et al. 2013). 

Researchers have often transformed response and explanatory variables to 

improve model fit in past studies performing LiDAR forest inventory modeling (e.g., 

Naesset 2004; Hudak et al. 2006; Hawbaker et al. 2009). We used a natural logarithm 

transformation on maximum dbh to achieve normality and improve model fit. We did not 

transform the 4 other response variables or any explanatory variables because diagnostic 

tests indicated assumptions of normality and equal variances were not violated when fit 

with untransformed variables.  

We used best subsets regression to select final models from candidate models. 

Aggressive model-fitting approaches such as best subsets regression can lead 

investigators to select models that include variables representing spurious relationships 

and can result in biased parameter estimates (Whittingham et al. 2006; Fieberg and 

Johnson 2015). Nonetheless, this approach has been used in past studies using LiDAR to 

model forest characteristics (Table 2.1) and we chose to use this approach to match these 

past studies. We used the ‘regsubsets’ command in the ‘leaps’ package in Program R 

(Lumley 2017) to perform best subsets regression for BA, average dbh, maximum dbh, 

and QMD and the ‘bestglm’ command in the ‘bestglm’ package (Harrell 2001) for tree 

density. We used coefficients of determination (R
2
) as the criterion to pick the best linear 
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regression models and Akaike Information Criterion (AIC) as the criterion to pick the 

best Poisson GLMs. We performed model selection for tree density using Poisson GLMs 

rather than quasi-Poisson GLMs because the information criterion is undefined for quasi-

Poisson GLMs, and model coefficients are the same for Poisson and quasi-Poisson GLMs 

fit using the same data (Zuur et al. 2009).  

To test whether inclusion of collinear variables reduced model performance when 

models were applied to new data, we selected two models per response variable from the 

best subsets, one with the maximum number of explanatory variables (n = 8), which 

included collinear variables (the collinear model), and one that did not include collinear 

variables (the non-collinear model), which included up to 4 explanatory variables. Our 

test of the effect of collinearity was confounded by differences in model complexity 

among models that did (n = 8) or did not (n ≤ 4) contain collinear variables. The choice to 

use models with different complexities was made to allow us to compare models selected 

using different criteria; the collinear model was selected using the maximum number of 

covariates that the sample size would allow without regard to collinearity, while the non-

collinear model was selected as the best fitting model that did not include collinear 

variables. Thus, we interested in comparing models selected using these two strategies 

rather than simply testing whether collinear influences models of equal complexity. We 

chose the non-collinear model with the highest R
2
 (BA, average DBH, mean DBH, 

QMD) or lowest AIC value (tree density) from the set of models obtained from best 

subsets regression.  

Once pairs of models were selected for each response variable, we used standard 

diagnostic plots to perform model validation. For linear regression models, we evaluated 
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whether normality and equal variance conditions were satisfied and examined residuals 

for any patterns that may suggest poor model fit or non-linear relationships. Similarly, we 

plotted residuals against fitted values to evaluate Poisson GLMs. We used R
2
 as an 

estimate of model fit for linear regression models. We calculated generalized R
2
 as a 

measure of model fit for Poisson GLMs (Zuur and Ieno 2016). We also calculated root-

mean-square errors (RMSE) of models using the formula: 

𝑅𝑀𝑆𝐸 = √
∑(𝑥𝑖 − �̂�𝑖)2

𝑛
 

where 𝑥𝑖 are observed values, �̂�𝑖 are fitted values, and 𝑛 is the sample size. R
2
 and RMSE 

were used as measures of original model fit to training data, both to evaluate the original 

models and, for linear regression models, to serve as a benchmark to compare 

performance of models when tested with independent data. For tree density, we fit 

models using count data (number of trees/plot), but converted RMSE to tree density 

(number of trees/ha).  

 

Evaluating performance of models when fit to new data – We used 2 methods to test how 

well models performed when fit to new data: 1) 10-fold cross validation, and 2) 

generating pairs of bootstrap training and test datasets by sampling original data 

randomly with replacement. Cross-validation is commonly used to test models using new 

data and has been used in past studies on LiDAR forest inventory modeling (Table 2.1). 

Conversely, we are not aware of any studies on LiDAR forest inventory modeling that 

have used bootstrapping. We used both bootstrapping and cross validation methods to 

compare results obtained from these two different approaches and to provide a more 
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thorough assessment of how well LiDAR-derived forest inventory models perform on 

new data, which is the main objective of this study.  

We performed 10-fold cross validation by randomly assigning each plot to one of 

10 groups of 15-16 plots, holding 1 group out as test data and fitting the model to the 

remaining 9 groups of data, calculating fitted values for the test group, and repeating this 

process until each group was used as test data once. Fitted values for each hold-out group 

were used to calculate RMSE and, for multiple linear models, R
2
 for test data. We could 

not calculate generalized R
2
 for test data for the quasi-Poisson GLMs because generalized 

R
2
 is based on null deviation and residual deviation, which are derived from the 

maximum likelihood-based model fitting procedure. We repeated the entire 10-fold cross 

validation procedure 100 times to improve precision in RMSE and R
2
 estimates (Harrell 

2001). We report mean and standard deviation of RMSE and R
2
 values. 

The second procedure we used involved generating pairs of bootstrapping training 

and test datasets by sampling the original data with replacement (Figure 2.2; our 

procedure was based on Harrell 2001; Giudice et al. 2012; Fieberg and Johnson 2015). 

For each pair of bootstrap datasets, we fit the model to the training dataset to estimate 

model coefficients and indices of model fit for the training data (R
2

train and RMSEtrain). 

Next, we used the model generated with the training data to calculate fitted values for the 

test data and used the fitted values to calculate indices of model fit for the test data (R
2

test 

and RMSEtest). We calculated model optimism using the formula:  

𝛿𝑖 = 𝑅𝑡𝑟𝑎𝑖𝑛,𝑖
2 − 𝑅𝑡𝑒𝑠𝑡,𝑖

2  

where 𝛿𝑖, 𝑅𝑡𝑟𝑎𝑖𝑛,𝑖
2 , and 𝑅𝑡𝑒𝑠𝑡,𝑖

2  correspond to the 𝑖th bootstrap replicate. Model optimism 

values indicate the extent to which the original R
2
 value is overly optimistic relative to 
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how the model will perform on new data. Positive values indicate models will not 

perform as well when applied to new data, while negative values indicate models perform 

better on new data than on the data used to generate the model. We repeated this process 

1,000 times and calculated averages and standard deviations of model optimism, 

optimism-adjusted R
2
, and RMSEtest for each model. For the tree density models, we did 

not calculate R
2

test, model optimism, or optimism-adjusted R
2
. These values were 

compared to the indices of model fit estimated from the original model generated using 

the full dataset.   

 

Effect of sample size on model performance – We simulated the effect of sample size on 

performance of models when fit to new data by repeating the bootstrap procedure 

described previously, but resampling data to 6 different sample sizes: 30, 50, 75, 100, and 

125 plots. We also included our results from the full data to represent 156 (BA, tree 

density) or 153 (QMD, average dbh, maximum dbh) plots. We calculated averages and 

95% confidence intervals for optimism and RMSEtest for each model at each sample size, 

and plotted optimism and RMSEtest as a function of sample size. We did not replicate the 

model selection process at each sample size, but instead used the non-collinear model 

selected from the full data. We used the non-collinear models because they were less 

complex than collinear models and, therefore, better able to accommodate reduced 

sample sizes.  

 

2.4 RESULTS 

Model fit to original data 
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Regression models fit to original data had coefficients of determination ranging from 

0.49 to 0.81 (Table 2.3, Fig. 2.3, Fig 2.4). In general, coefficients of determination and 

RMSEs were similar to those reported in past studies (Table 2.1). Models for BA had 

higher coefficients of determination than models for other variables, while models for 

QMD and average DBH had higher coefficients of determination than models for 

maximum DBH and tree density (Table 2.3). Models for average DBH had slightly lower 

but similar RMSE values as QMD models, while both had lower RMSE values than 

maximum DBH models (Table 2.3). Direct comparisons of RMSE values between BA 

and tree density models is not possible because BA and tree density have different units 

than QMD, average DBH, and maximum DBH. 

 Collinear models had higher coefficients of determination and lower RMSEs than 

non-collinear models for all response variables, but the magnitude of the differences 

depended on the response variable (Table 2.3, Fig. 2.3, Fig. 2.4). Coefficients of 

determination and RMSEs were nearly identical between collinear and non-collinear 

models for BA, were somewhat similar for QMD and average DBH, and were less 

similar for tree density and maximum DBH. Non-collinear models included 3.2 

covariates on average (range = 2 to 4 covariates), and both collinear and non-collinear 

models tended to include covariates from at least 2 of the 3 categories (return height, 

return intensity, return density)(Table 2.3).   

 

Model performance with new data 

Both 10-fold cross validation and the bootstrap method indicated that model performance 

was reduced when applied to new data: coefficients of determination were lower for new 
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data than the original model fit (Table 2.4). Conversely, although RMSEs were typically 

higher for new data than original model fit, the differences were often not large enough to 

represent meaningful differences in error, except in the case of the tree density models 

(Table 2.4). The extent to which model performance was reduced when applied to new 

data depended on the response variable. There was relatively little reduction in 

coefficients of determination for basal area models, but larger reductions in coefficients 

of determination for QMD, average DBH, and maximum DBH models (Table 2.4).  

 When tested using new data, collinear models performed more similarly to non-

collinear models than expected based on original model fit. The reduction in coefficients 

of determination tended to be larger for collinear models (Table 2.4). Similarly, errors 

from collinear models increased more when applied to new data than did errors from non-

collinear models, resulting in very similar RMSE values for collinear and non-collinear 

models (Table 2.4). Consequently, although collinear models had higher coefficients of 

determination and lower RMSEs when fit to original data, these models were relatively 

less stable when used with new data.  

The two methods we used to evaluate how models performed on new data 

provided slightly different results. The optimism values calculated using the bootstrap 

method suggested better performance of models with new data, based on coefficients of 

determination, than did the cross validation method (Table 2.4). On the other hand, which 

method provided higher RMSE point estimates was dependent on whether or not the 

model included collinear covariates. Cross validation tended to provide larger RMSE 

estimates for collinear models, while the bootstrap method provided larger RMSE 

estimates for non-collinear models (Table 2.4). Standard deviations for both coefficients 
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of determination and RMSEs were always larger for the bootstrapping method (RMSE), 

suggesting higher variability and therefore higher uncertainty with this method. 

Uncertainty was particularly high for coefficients of determination calculated using the 

bootstrap method, as standard deviations of optimism values were higher than mean 

optimism values for all models (Table 2.4). 

 

Effect of sample size on model performance with new data 

Optimism values tended to stabilize at around 75 plots, with higher and more variable 

optimism values for sample sizes <75 (Fig. 2.5). At the smallest sample size tested (30 

plots), average optimism values ranged from 0.09 to 0.18. RMSE calculated for test 

bootstrap datasets showed a similar pattern for BA, QMD, and average DBH models – 

RMSE tended to stabilize around 75-100 plots, with higher and more variable RMSE 

values for sample sizes <75-100 (Figure 2.6). On the other hand, average RMSE from 

test bootstrap datasets for both maximum DBH and tree density models were relatively 

unaffected by sample size, but RMSE values were more variable at lower sample sizes, 

with variation stabilizing around 80-100 plots (Fig. 2.6). Despite higher variation in 

RMSE values at lower sample sizes, the range in RMSE values at the smallest sample 

size was fairly small for all variables except tree density (e.g., <1 m
2
/ha for basal area, ≤1 

cm for average dbh, maximum dbh, and QMD; Table 2.6).  

 

2.5 DISCUSSION 

We created regression models for imputing BA, average dbh, maximum DBH, and QMD 

from LiDAR data that had high coefficients of determination and relatively low RMSEs. 
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The fit of our LiDAR forest inventory models to training data was similar to past studies 

(Table 2.1). Despite potential concerns about increased prediction error when LiDAR 

forest inventory models were fit to new data, our models generally had similar fits (based 

on coefficients of determination and especially RMSEs) to new data as they did when fit 

to training data. Nonetheless, model fit – both to training and new data – differed among 

response variables. Poor model fit for tree density and maximum dbh models may 

indicate that LiDAR-derived variables are not a reliable measure of these response 

variables due to variability in tree density and maximum dbh in stands that have similar 

distributions of LiDAR points. Other studies have reported tree density and maximum 

dbh models that performed better than ours (e.g., Hudak et al. 2006; Thomas et al. 2008; 

Jakubowski et al. 2013; see Table 2.1), however, and the relationship between LiDAR 

return distribution and these response variables probably depends on local characteristics 

such as forest type, successional stage, climate, and topographic diversity. The variability 

in model performance within and among studies highlights the importance of explicitly 

evaluating how LiDAR forest inventory models will perform when fit to new data. Direct 

knowledge of expected performance of regression model when imputed across the 

landscape is necessary to fully understand benefits and limitations of incorporating 

spatial predictions from LiDAR forest inventory models to forestry and wildlife 

applications.  

We demonstrated two potential methods that can be used to evaluate model fit on 

new data through internal validation. Although both methods indicated smaller 

coefficients of variation when models were fit to new data compared to training data, the 

magnitude of the differences depended on which method was used. Ten-fold cross 
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validation may be a better indicator of model performance on new data because 

individual plots were never included in both training and test datasets. Conversely, it was 

possible for individual plots to be included in both training and test datasets for the 

bootstrapping method, potentially resulting in overly optimistic estimates of performance 

measures. One important limitation in our implementation of these methods was that we 

did not perform random sampling in a way that preserved our stratified random sampling 

design. The stratified random sampling design was used to ensure field sampling covered 

a large range of variation in forest conditions present within our study area, thereby 

reducing extrapolation error (Hawbaker et al. 2009). Although we did not preserve the 

stratified random sampling design when performing cross validation and bootstrapping 

procedures, we performed enough replicates that our results should be representative of 

the actual predictive performance of these models when imputed across our study area.  

Collinear models appeared to fit training data better than non-collinear models 

(i.e., collinear models had higher coefficients of determination and lower RMSEs than 

non-collinear models), but collinear models generally did not perform much better than 

non-collinear models when fit to new data. Thus, although there was not a large cost of 

including collinear variables in the same model (i.e., collinear models were not found to 

perform worse than non-collinear models when predicting new data), there was not 

generally much of a benefit from fitting collinear models either. This finding differs from 

expectations when inference is the main purpose of models (Kutner et al. 2005; Fieberg 

and Johnson 2015), in which case the costs of collinear models often outweigh any 

potential benefits from improved model fit based on coefficients of determination. 

Although we identified a few studies in which authors did not take any steps to avoid 
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collinearity (e.g., Hudak et al. 2006; Jakubowski et al. 2013), our results indicate this 

decision was unlikely to have affected prediction errors for the models reported in these 

studies.  

Our LiDAR forest inventory models typically contained explanatory variables 

summarizing return height and return density, and, less frequently, return intensity. In 

particular, our models frequently contained mean, standard deviation, or percentiles of 

return height. Similarly, other studies have reported models that frequently included 

mean or standard deviation of return height, height percentiles, or height density 

explanatory variables (e.g., Naesset 2004; Hudak et al. 2006; Thomas et al. 2006, 2008; 

Hawbaker et al. 2009). The consistent inclusion of these explanatory variables across 

studies provides some insights into how distribution of LiDAR returns relates to on-the-

ground forest structure. Plots with high basal area, high average dbh, and high QMD tend 

to have more and larger trees relative to plots with low basal area, low average dbh, and 

low QMD. LiDAR senses this variation through changes in the mean and variation in 

return height. That is, LiDAR provides a direct measure of height and distribution of 

canopy vegetation that is correlated with bole density and size. Similarly, LiDAR density 

variables (proportion of returns above a certain height threshold) provide an indirect 

estimate of canopy returns, which is correlated with canopy complexity, successional 

stage, tree density, and tree size (Lefsky et al. 2002; Falkowski et al. 2009; Goetz et al. 

2010).  

 Given the relatively stable error rates for our LiDAR forest inventory models 

when fit to new data, the models we developed could provide valuable data on basal area, 

tree size, and tree density for forestry and wildlife applications. However, another 
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important consideration when using model outputs in wildlife habitat research is whether 

model error and model uncertainty are small enough to provide meaningful information 

on the characteristics of areas used by wildlife versus areas that were available but not 

used and adequately describe features selected by animals. Although the RMSEs of our 

models were generally similar when the model was fit to training and new data, this does 

not guarantee that our models provided sensitive measures to adequately detect variation 

in the fine-scale characteristics that influence wildlife habitat decisions. For example, 

RMSEs for the maximum diameter models were over 7 cm when fit to new data. This 

error may be too high to provide useful information on this characteristic, although 

maximum tree diameter models have been reported in past studies with much higher error 

(e.g., 24.3 cm RMSE, Jakubowski et al. 2013). Thus, investigators must also consider 

whether error rates are low enough to allow model outputs to be sensitive to actual 

variation in the response variable of interest. Investigators wishing to use LiDAR forest 

inventory models for studies on wildlife habitat selection should perform sensitivity 

analyses to ensure that results are not biased by imprecision, uncertainty, or bias caused 

by imputation of LiDAR forest inventory models. Models that perform poorly on training 

and independent data are of little utility to wildlife habitat analyses.  

 One important consideration when designing field data collection for LiDAR 

forest inventory modeling is how many field plots are needed to create robust models that 

perform well when fit to new data during the landscape imputation phase. Investigators 

wishing to design field sampling for LiDAR forest inventory modeling should sample at 

least 75 to 100 field plots to increase the likelihood that models perform well when 

applied to new data. Many of the studies in Table 2.1 sampled >100 field plots (Naesset 
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2004; Hudak et al. 2006; Thomas et al. 2008; Woods et al. 2011; Jakubowski et al. 2013), 

and these studies reported models that generally performed well on new data when tested 

(e.g., Thomas et al. 2008; Woods et al. 2011). On the other hand, 2 of 4 studies with 

smaller sample sizes reported models that performed well on new data (Thomas et al. 

2006b; Hawbaker et al. 2009), although one of these studies evaluated models using a 

small test set (n = 9; Thomas et al. 2006). The optimal sample size needed to create 

robust models likely depends on the response variable being modeled, and more plots 

may be needed for characteristics that have weaker correlations with LiDAR-derived 

explanatory variables than the response variables we focused on. Using a stratified 

random sampling design may further improve prediction accuracy by limiting 

extrapolation errors (Hawbaker et al. 2009), and 75 to 100 plots may not be adequate to 

support a stratified random sampling design in all landscapes. Thus, our 

recommendations should be viewed as a general guideline rather than a strict rule.  

 In summary, our regression models should perform well for landscape prediction 

of tree size and density variables despite exhaustive model-fitting techniques and 

inclusion of collinear variables. Specifically, these models have strong potential to 

provide valuable spatial data that can be incorporated into downstream applications such 

as wildlife-habitat selection analyses. Our results are consistent with regression models 

for tree size and density variables created in other areas with different forest types, 

further demonstrating that LiDAR forest inventory models can be a valuable tool for 

indirect measurement of vegetation structure.  
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2.6 TABLES  

Table 2.1. Summary of statistical approaches and regression model performance from a subset of past studies using LiDAR-based 

regression models to measure tree characteristics.  

    Model Fit to 

Training Data 

Model 

selection
a
 

Overfitting 

and 

Collinearity
b
 

Model Testing with New Data   

Characteristic No. 

plots R
2
 RMSE Technique

c
 

No. 

plots Results Reference 

Basal area (m
2
/ha) 22 0.87  SW  NR   Lefsky et al. 1999 

 19 0.95  SW  NR   Means et al. 2000 

 116 0.81 0.18
e
 SW N, UC ID, CV-LOO 57 Fitted values 

significantly larger than 

observed for 2 of 3 

strata 

Naesset 2004 

 165 0.89
d
  SW, BS  NR   Hudak et al. 2006 

 29 0.86 0.54  N ID 9 R
2
 = 0.89 Thomas et al. 2006 

 29 0.86 0.54  N ID 9 R
2
 = 0.91 Thomas et al. 2006 

 115 0.87
d
 4.92 BS N, VIF CV-LOO 115 RMSE = 7.40 m

2
/ha Thomas et al. 2008 

 115 0.83
d
 2.80 BS N, VIF CV-LOO 115 RMSE = 4.09 m

2
/ha Thomas et al. 2008 

 27 0.90 0.30  N ID 28 RMSE = 0.36 m
2
/ha Hawbaker et al. 2009 

 52 0.79 0.38  N ID 53 RMSE = 0.41 m
2
/ha Hawbaker et al. 2009 

 136  5.35  N, COR NR 138 RMSE = 4.71 m
2
/ha Woods et al. 2011 

 248 0.80 18.0   CV-10F 248 Correlation coefficient 

= 0.78 

Jakubowski et al. 

2013 

          

Maximum DBH 

(cm) 

248 0.74 24.3   CV-10F 248 Correlation coefficient 

= 0.72 

Jakubowski et al. 

2013 
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Mean DBH (cm) 22 0.61  SW  NR   Lefsky et al. 1999 

 52 0.84 3.57  N ID 53 RMSE = 3.69 cm Hawbaker et al. 2009 

 27 0.76 3.56  N ID 28 RMSE = 3.91 cm Hawbaker et al. 2009 

 248 0.74 11.2   CV-10F 248 Correlation coefficient 

= 0.60 

Jakubowski et al. 

2013 

          

Quadratic Mean 

DBH (cm) 

116 0.62 0.14
e
 SW N, UC ID, CV-LOO 57 No significant 

difference between 

fitted and observed 

values 

Naesset 2004 

 136  1.64  N, COR NR 138 RMSE = 1.83 cm Woods et al. 2011 

          

Tree density 

(No./ha) 

116 0.68 0.21
e
 SW N, UC ID, CV-LOO 57 Fitted values 

significantly larger than 

observed for 1 of 3 

strata 

Naesset 2004 

 165 0.87
d
  SW, BS  NR   Hudak et al. 2006 

 165 0.83
d
  SW, BS  NR   Hudak et al. 2006 

 115 0.79
d
 1.12 BS N, VIF CV-LOO 115 RMSE = 1.18 trees/ha Thomas et al. 2008 

 115 0.78
d
 0.67 BS N, VIF CV-LOO 115 RMSE = 0.61 trees/ha Thomas et al. 2008 

 136  380  N, COR NR 138 RMSE = 479 trees/ha Woods et al. 2011 

  248 0.79 101     CV-10F 248 Correlation coefficient 

= 0.77 

Jakubowski et al. 

2013 
a
BS = Best subsets; SW = Stepwise selection; blank = none specified 

b
N = limited number of parameters in each model; VIF = variance inflation factors used to avoid collinearity; COR = correlation coefficients used to avoid 

collinearity; UC = unspecified measure used to avoid collinearity  
c
NR = no testing reported; CV-10F = 10-fold cross validation; CV-LOO = leave-one-out cross validation; ID = tested using independent plot data 

d
Values are adjusted-R

2
 

e
RMSE reported as proportion of mean; other RMSE values are given in units specified in the first column 
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Table 2.2. LiDAR-derived explanatory variables used to create regression models.  

Variable name Variable description 

Hmax Maximum return height 

Hmean Mean return height 

Hstd Standard deviation of return heights 

Hcv Coefficient of variation of return heights 

Hskew Skewness of return heights 

Hkurt Kurtosis of return heights 

H_PX Percentiles of return heights, where X represents unique percentiles from 

the following values: 10, 20, 25, 30, 40, 50, 60, 70, 75, 80, 90, 95, 99 

Imean Mean return intensity 

Istd Standard deviation of return intensities 

Icv Coefficient of variation of return intensities 

Iskew Skewness of return intensities 

Ikurt Kurtosis of return heights 

I_PX Percentiles of return intensities, where X represents unique percentiles from 

the following values: 10, 20, 25, 30, 40, 50, 60, 70, 75, 80, 90, 95, 99 

p1st_2 Proportion of first returns >2 m above ground 

pAll_2 Proportion of all returns >2m above ground 

p1st_mean Proportion of first returns above mean of return heights 

p1st_mode Proportion of first returns above mode of return heights 

pAll_mean Proportion of all returns above mean of return heights 

pAll_mode Proportion of all returns above mode of return heights 

p_ground Proportion of returns with heights ≤15 cm of the ground 
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Table 2.3. Summary of the models selected for each of the 5 response variables. Model fit to original data was evaluated using R
2
 and 

RMSE. For each response variable, we fit both a model that included collinear variables and a model that did not include collinear 

variables. Coefficients for the models listed in this table are given in Appendix 3.  

Characteristic Collinearity Model R
2
fit RMSEfit 

Basal area N BA ~ H_P95 + I_P70 + I_P99 + p1st_mean 0.80 5.65 m
2
/ha 

 

Y BA ~ Hstd + Hskew + H_P90 + Ikurt + I_P80 + I_P99 + pAll_mean + p_ground 0.81 5.41 m
2
/ha 

Average DBH N Avg DBH ~ H_P10 + H_P90 + I_P99 + p1st_mean 0.65 3.3 cm 

 

Y Avg DBH ~ Hmean + H_P10 + H_P20 + H_P60 + I_P10 + I_P30 + I_P99 + p1st_mean 0.69 3.1 cm 

QMD N QMD ~ H_P10 + H_P99 + p1st_mean 0.65 3.46 cm 

 

Y QMD ~ H_P10 + H_P20 + H_P25 + H_P60 + H_P75 + H_P99 + p1st_mean + pAll_mean 0.70 3.19 cm  

Maximum DBH N ln(max DBH) ~ Hmax + pAll_mode 0.59 7.51 cm 

 

Y ln(max DBH) ~ Hstd + H_P10 + H_P80 + H_P90 + H_P99 + pAll_2 + p1st_mean + p1st_mode 0.68 6.73 cm 

Tree density N Tree Density ~ H_P10 + H_P80 + p1st_2 0.49 258 trees/ha 

  Y Tree Density ~ Hskew + H_P10 + H_P75 + H_P95 + Ikurt + I_P10 + I_P75 + p1st_2 0.64 210 trees/ha 
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Table 2.4. Comparison of model performance from original fit to that expected when the model is fit to new data. Model performance 

with new data was estimated using 10-fold cross validation and a bootstrap procedure described in Figure 2.2. Values for cross 

validation and bootstrap procedures are average values from 100 or 1,000 replicates, respectively. Values in parentheses are standard 

deviation. 

    Fit to full data   Cross-validation   Bootstrap procedure 

Characteristic Collinearity R
2

fit RMSEfit   R
2
cv RMSEcv   Optimism R

2
OptAdj RMSEtest 

Basal area (m
2
/ha) N 0.80 5.65 

 

0.76 (0.02) 5.70 (0.07) 

 

0.017 (0.04) 0.78 5.75 (0.52) 

 

Y 0.81 5.41 

 

0.76 (0.02) 5.65 (0.07) 

 

0.029 (0.04) 0.78 5.61 (0.45) 

Average DBH (cm) N 0.65 3.3 

 

0.55 (0.04) 3.86 (0.06) 

 

0.027 (0.064) 0.62 3.90 (0.34) 

 

Y 0.69 3.1 

 

0.58 (0.04) 3.89 (0.06) 

 

0.047 (0.060) 0.64 3.62 (0.30) 

QMD (cm) N 0.65 3.46 

 

0.58 (0.03) 3.49 (0.04) 

 

0.016 (0.075) 0.63 3.52 (0.29) 

 

Y 0.7 3.19 

 

0.59 (0.03) 3.47 (0.07) 

 

0.054 (0.075) 0.65 3.37 (0.31) 

Maximum DBH (cm) N 0.59 7.51 

 

0.50 (0.05) 7.51 (0.09) 

 

0.014 (0.074) 0.58 7.63 (0.57) 

 

Y 0.68 6.73 

 

0.55 (0.04) 7.17 (0.13) 

 

0.038 (0.07) 0.64 7.09 (1.26) 

Tree density (trees/ha) N 0.49 258 

 

-- 550 (3.4) 

 

-- -- 560 (39) 

  Y 0.64 210   -- 549 (3.7)   -- -- 560 (38) 
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2.7 FIGURES 

 

 

 

 

Figure 2.1. Location of our study area and field sampling sites in St. Louis County, 

northeastern Minnesota, USA.   
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Figure 2.2. Overview of the bootstrapping procedure we used to test how well models 

performed when applied to new data. Model fit to new data was evaluated by using 

average Optimism to re-estimate R
2
 and by calculating average RMSEtest. 
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Figure 2.3. Relationship between observed and fitted values from non-collinear regression models created to estimate basal area, 

average dbh, maximum dbh, QMD, and tree density using LiDAR-derived explanatory variables.   
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Figure 2.4. Relationship between observed and fitted values from collinear regression models created to estimate basal area, average 

dbh, maximum dbh, QMD, and tree density using LiDAR-derived explanatory variables.   
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Figure 2.5. Rarefaction curves showing the relationship between optimism and sample size. Optimism was calculated using the 

bootstrapping procedure shown in Figure 2.2 as the difference between R
2

train and R
2
test. Solid lines represent average optimism, while 

dashed lines represent 95% confidence intervals. 
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Figure 2.6. Rarefaction curves showing the relationship between RMSE and sample size. RMSE was calculated as using the 

bootstrapping procedure shown in Figure 2.2 based on bootstrap test data. Solid lines represent average RMSE, while dashed lines 

represent 95% confidence intervals.  
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CHAPTER 3 

SPATIAL AND ANNUAL VARIATION IN HARVEST MORTALITY RISK FOR 

AMERICAN MARTENS 

 

3.1 OVERVIEW 

Understanding animal-habitat relationships is a common focus of ecological research. 

Most studies of animal habitat selection focus on describing characteristics of sites used 

by animals relative to availability. Although these studies have improved our 

understanding of animal-habitat relationships, descriptive habitat analyses based on 

animal presence generally do not consider survival or reproductive output of the 

population and are unable to distinguish between the relative qualities of habitats used by 

different individuals within a population. Differences in mortality risk or reproductive 

success among areas of otherwise similar habitat can result in functional differences in 

habitat quality. Harvest is a major source of mortality for many wildlife species. Our 

objectives were to investigate spatial and annual variation in harvest mortality risk for 

American martens for application to a fitness-based understanding of habitat quality. We 

used data from radio-collared martens and harvest statistics to test whether harvest risk 

was influenced by marten age, sex, accessibility to trappers, and harvest levels. Harvest 

risk was higher for males than females and negatively correlated with average distance 

from roads. There was a weak positive effect of harvest intensity on harvest risk, but age 

class did not affect harvest risk. Areas with suitable habitat near roads may function as 

attractive sink-like habitat due to elevated mortality risk from harvest, while suitable 

habitat farther from roads may function as source-like habitat and be of higher overall 
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quality. We suggest that spatial variation in harvest mortality risk is an important factor 

that contributes to population structure, source-sink dynamics, and gene flow.  

 

3.2 INTRODUCTION 

Understanding animal-habitat relationships is a common focus of ecological research 

with important implications for species conservation and land management. Most studies 

of animal habitat selection focus on describing characteristics of sites used by animals 

relative to availability. Although this approach has improved our understanding of 

animal-habitat relationships, descriptive habitat analyses based on animal presence 

generally do not consider the survival and reproductive output of the population and are, 

therefore, unable to distinguish between the relative qualities
2
 of habitats used by 

different individuals within a population or between populations (Nielsen et al. 2006; 

Falcucci et al. 2009; Mitchell and Hebblewhite 2012). Individual variation in habitat 

quality is common in wildlife populations (Pettorelli et al. 2001, 2002; Lambrechts et al. 

2004; Wilkin et al. 2007; Mosser et al. 2009) and results from several factors including 

social dominance hierarchies and territorial behavior, which can force non-dominant or 

young individuals to use less suitable or lower-quality habitat (Armitage 1973; Buskirk 

and Ruggiero 1994), and landscape heterogeneity and resulting variation in the 

distribution and abundance of critical resources or mortality risk factors (Pettorelli et al. 

2001, 2002).   

                                                 
2
 The term habitat is often used uncritically and rarely defined explicitly (Hall et al. 1997). Throughout this 

chapter, we use the term habitat quality to refer to the net value of habitat based on a combination of 

resource density and fitness outcomes (i.e., mortality risk). We distinguish habitat quality from habitat 

suitability, which we use to refer to the relative habitat value based on resources and conditions selected for 

by animals irrespective of fitness outcomes. When animals select habitat that maximizes fitness outcomes, 

habitat suitability and habitat quality are equivalent. Alternatively, when animals use habitat with high 

resource density despite high mortality risk, habitat suitability and habitat quality differ.  
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Differences in mortality risk among areas of otherwise similar habitat can result in 

functional differences in habitat quality, which could affect social structure, source-sink 

dynamics and gene flow (Dias 1996; Delibes et al. 2001a; Falcucci et al. 2009; Aronsson 

2017). Several investigators have used a two-dimensional framework to evaluate habitat 

quality based on variation in resource density or occupancy as one dimension and 

mortality risk as the other (Naves et al. 2003; Nielsen et al. 2006; Falcucci et al. 2009). 

Within this framework, areas with high resource density and low mortality risk are 

categorized as source-like habitat (i.e., areas that are likely to function as population 

sources). Conversely, areas with high resource density and high mortality risk are 

classified as sink-like habitat (i.e., areas likely to function as population sinks). Attractive 

sink-like habitat is a special case of sink-like habitat in which animals perceive sink-like 

habitats as good habitat despite high mortality risk (Delibes et al. 2001b; Falcucci et al. 

2009). Attractive sink-like habitats are often associated with human sources of mortality 

(Falcucci et al. 2009).  

Failure to explicitly address variation in habitat quality can have important 

implications for both our understanding of an animal’s habitat requirements and the 

outcomes of habitat conservation efforts. Effective habitat conservation strategies for 

imperiled species should focus efforts on conserving high-quality habitats, managing sink 

habitats (e.g., by reducing mortality risk or decreasing attractiveness), or both (Falcucci et 

al. 2009). Conservation efforts that rely only on animal presence data to define habitat 

may unknowingly waste time and money conserving sink-like habitats with little benefit 

to the population of interest. Furthermore, the relative quantity of source-like habitat and 

attractive sink-like habitat, as well as the growth rates within source-like habitat and sink-
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like habitat categories, may dictate whether the population is increasing, stable, or 

decreasing (Delibes et al. 2001b).   

Harvest is a major source of mortality for many wildlife species. Historical 

population declines of many wildlife were caused or accelerated by unregulated harvest 

(e.g., Williams et al. 2007). Contemporary harvest seasons for carnivores are generally 

managed to avoid population declines, although harvest may still be among the leading 

causes of mortality in harvested populations (Krohn et al. 1994; Strickland 1994; Erb et 

al. 2015). In addition to direct numerical effects of harvest on wildlife populations, 

harvest can have other direct and indirect effects including changes to population age 

structure, sex-ratios, and social interactions (e.g., Gosselin et al. 2014). Additionally, 

numerical and functional responses of wildlife to harvest can interact with non-harvest-

related anthropogenic effects such as habitat degradation to influence landscape 

connectivity, source-sink dynamics, and population persistence. 

Harvest often does not affect all individuals the same, and the extent to which 

harvest risk influences habitat quality at the individual level likely dependents on factors 

that affect susceptibility to harvest. Knowledge of intrinsic and extrinsic factors that 

influence harvest vulnerability is necessary to evaluate fully how harvest risk influences 

habitat quality. For many carnivores managed as furbearers, harvest is biased towards 

males and juveniles (Strickland and Douglas 1987; Fortin and Cantin 1994; Krohn et al. 

1994; Strickland 1994; Fryxell et al. 2001; Erb 2017), and the influence of harvest risk on 

habitat quality should be especially important to juvenile males. Across both space and 

time, harvest vulnerability may also be influenced by food availability, with individuals 

experiencing higher harvest risk when food is less abundant (Thompson and Colgan 
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1987; Noyce and Garshelis 1997). Similarly, health status may affect vulnerability to 

trapping, as individuals with compromised health (i.e., injuries, diseases, or parasites 

resulting in poor nutritional status) may be more susceptible to harvest, particularly when 

food subsidies are used as trapping bait.  

The amount of harvest mortality risk wildlife experience may fluctuate annually 

with variation in harvest levels or harvest distribution. Wildlife managers typically 

regulate harvest levels through three primary management actions: 1) harvest limits, 2) 

season length, and 3) method of take (Hiller et al. 2011). Harvest levels may also be 

influenced by extrinsic factors such as weather and road density (Strickland 1994; 

Landriault et al. 2012), and trapper effort and resulting harvest levels may be correlated 

with pelt prices (e.g., Elsken-Lacy et al. 1999; Poole 2003; but see Hiller et al. 2011; 

Kapfer and Potts 2012; Landriault et al. 2012). Knowledge of factors influencing harvest 

levels, particularly the effects of management actions on harvest levels, would allow 

wildlife managers to establish and adapt harvest regulations, as necessary, to accomplish 

management objectives. For example, if reduction in harvest is desired, understanding 

which changes in harvest regulations are most likely to yield the desired outcome is 

important.  

 American martens are an economically valuable furbearer in some parts of their 

range but protected from harvest in others (Archibald and Jessup 1984; Strickland and 

Douglas 1987; Strickland 1994; Innis 1999). Marten populations decreased or were 

extirpated from areas along the southern edge of the species range during the late 1800s 

and early 1900s due to large-scale habitat loss and unregulated harvest (Mech and Rogers 

1977; Williams et al. 2007). Habitat selection is a common focus of past and current 
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research on martens due to the role habitat loss played in past population declines and 

because habitat loss remains a major current and future threat to population persistence 

(Proulx et al. 2005). Where harvest is legal, harvest can be the primary source of 

mortality (Hodgman et al. 1994; Strickland 1994; Erb et al. 2015), and overall survival is 

lower in harvested than in unharvested populations because harvest often serves as an 

additive source of mortality (Hodgman et al. 1994, 1997; Thompson 1994).  

A major indirect effect of roads on wildlife populations is that roads provide 

access for hunters and trappers (Bennett 1991; Robinson and Bodmer 1999; Coffin 

2007). The role of roads in marten harvest has been recognized for some time. Trappers 

minimize effort by using roads and other access routes (e.g., rivers), which makes setting 

and checking traps easier (Wiebe et al. 2013). Consequently, harvest mortality rates tend 

to be high in logged landscapes, where road density and trapper access are high 

(Soukkala 1983; Hodgman et al. 1994; Thompson 1994), and marten populations near 

roads may decrease in response to high trapping pressure (Quick 1956). Although 

martens have been reported to avoid roads (Robitaille and Aubry 2000), use of areas near 

roads depends on resource distribution and not the roads themselves (Buskirk and Powell 

1994; Mowat 2006; Wiebe et al. 2013). Along roads and other access routes, trappers 

maximize success by placing traps in areas likely to be used by martens (Wiebe et al. 

2013). Thus, the spatial arrangement of resources relative to roads likely has a strong 

effect on habitat quality for martens, and areas with high resource density near roads may 

function as attractive sink-like habitat. 

Although Wiebe et al. (2013) showed that trap placement by trappers is 

influenced both by access routes and resource density, the relationship between distance 



81 

 

to road and harvest risk to individual martens has not been characterized. Specifically, it 

is not known how far from roads martens experience elevated mortality risk from 

trappers. Understanding the relationship between distance to road and harvest risk is 

important for both incorporating mortality risk into a comprehensive understanding of 

habitat quality and using a fitness-based understanding of habitat quality to guide land 

management decisions. For example, habitat sanctuaries for martens should be identified 

based not only on forest composition and age, but also on trapper access and harvest 

mortality risk. Depending on the nature of the distance-to-road effect, martens may 

experience elevated mortality risk – with corresponding reductions to habitat quality – for 

much of managed landscapes with relatively few areas that are risk-free (Wiebe et al. 

2013).   

In Minnesota, martens are currently managed as a furbearer, and harvest is a 

major source of mortality for martens (Erb et al. 2015). Marten harvest was unregulated 

until 1917 when season length was restricted (Erb et al. 2015). Harvest seasons were 

closed in Minnesota in 1929 due to a decreasing population caused by large-scale habitat 

loss and unregulated trapping (Mech and Rogers 1977; Williams et al. 2007; Erb 2017). 

Harvest seasons remained closed until 1985, when a limited harvest was reinstated in 

response to an expanding marten population. Since re-opening the harvest seasons in 

1985, harvest regulations have changed over time (Erb 2017). Season length decreased 

from a 16-day season from 1985 through 2006 to a 9-day season from 2007 through 

2011, and then decreased further to a 6-day season starting in 2012. Trapper limit 

(number of martens allowed per trapper) was 1-2 martens per trapper from 1985 through 

1998, increased to 4-5 martens per trapper from 1999 through 2012, and then decreased 
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to 2 martens per trapper starting in 2013. Recent reductions in season length and trapper 

limit were intended to reduce harvest levels in response to apparent multi-year declines in 

the marten population (Erb 2015a).  

Our objectives were to investigate spatial and annual variation in harvest 

mortality risk for American martens. We hypothesized that mortality risk would be 

influenced by 4 factors: age, sex, accessibility to trappers, and harvest levels (Table 3.1). 

We predicted that harvest risk would be higher for juveniles and yearlings than for adults, 

that males would experience greater risk than females, and that risk would be higher in 

years with higher harvest levels. We used average distance to the nearest road, calculated 

from locations of radio-collared martens, to represent accessibility to trappers and 

predicted that harvest risk would be inversely correlated with distance to road. 

Additionally, we were interested in determining how far from roads martens experienced 

harvest risk. Because male martens use larger home ranges than females (Buskirk and 

McDonald 1989; Joyce 2013), we predicted that males experience harvest risk at greater 

distances from roads than females. In addition to testing these hypotheses, we used 

distance to road effects to map high-risk, moderate-risk, and low-risk areas across the 

landscape. We used the resulting risk map to estimate how much of the landscape 

occurred in each risk category and evaluate the spatial distribution of risk. Finally, we 

used historical harvest data collected from 1985 through 2016 to test whether 

management actions (trapper limit, season length) or pelt prices were correlated with 

harvest levels.  
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3.3 METHODS  

Study area 

Our study took place in the Laurentian Mixed Forest Province of northeastern Minnesota, 

USA (Figure 1.1; Joyce 2013; Minnesota Department of Natural Resources 2018). 

Elevations ranged from 450 to 600 m a.s.l. Northeastern Minnesota has a continental 

climate with long, cold winters (mean January temperature = -14.7ºC) and short, warm 

summers (mean July temperature = 18.6ºC). The area receives an average of 71 cm of 

rainfall and 143 cm of snowfall annually, with persistent snow cover typically present 

from December to April (Joyce 2013). Most of our study area occurred within the 

Superior National Forest, but also included state, county, and private lands. Public land 

was managed for a combination of timber harvest, recreation, and conservation of native 

plant and animal communities. The study area supported mixed forest interspersed with 

coniferous forest, deciduous forest, wetlands, regenerating forests, and open water (Joyce 

2013). Common tree species included aspen (Populus spp.), balsam fir (Abies balsamea), 

paper birch (Betula papyrifera), red maple (Acer rubrum), white pine (Pinus strobus), red 

pine (P. resinosa), and black spruce (Picea mariana).  

  

Live capture and radio-telemetry 

We live-trapped martens December through February each winter from 2007-2008 

through 2014-15. Martens were captured using cage traps (Model 106 or 108, Tomahawk 

Live Trap, Hazelhurst, Wisconsin) baited with deer (Odocoileus virginianus) or beaver 

(Castor canadensis) meat with a commercial lure placed in and above the trap. Captured 

martens were immobilized with ketamine (20 mg/kg) and xylazine (2 mg/kg; Kreeger and 
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Arnemo 2012). We monitored respiration, heart rate, and body temperature on martens 

under anesthesia. We fitted a radio-collar (Model MI-2, Holohil Systems Ltd., Carp, 

Ontario; 30-35 g) to each marten and tagged both ears (Monel #1 tags, National Band and 

Tag Co., Newport, Kentucky). A first pre-molar was removed for aging via microscopic 

cementum annuli analysis, weight and morphometric measurements were taken, and age 

was estimated based on body size and tooth wear. After processing, anesthesia was 

reversed with yohimbine (0.1 mg/kg) and martens were released from trap sites after 

recovery. Animal capture and handling protocols were consistent with guidelines 

established by the American Society of Mammalogists (Sikes et al. 2016).   

Radio-collared martens were located at 7-10 day intervals from a fixed-wing 

aircraft and were located opportunistically from the ground  (Joyce 2013). All telemetry 

locations were collected during daylight hours by recording a GPS location where 

animals were located. We estimated accuracy of aerial telemetry using 180 occasions 

when flight and ground locations were recorded simultaneously. Median accuracy was 

117 m (range: 2-931 m), with 95% of telemetry locations <380 m from their true 

locations, 75% of telemetry locations <220 m, 50% of telemetry locations <117 m, and 

25% of telemetry locations <70 m.  

The annual cycle for our analysis started in December following the harvest 

season and ended the following November or December when the following harvest 

season ended. For martens that were monitored through multiple harvest seasons, we 

used each annual location set as an independent sample. We excluded annual location 

sets in which martens died or radio-contact was lost prior to the harvest season, including 

martens that dispersed outside of our study area and those that went missing during the 
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harvest season. The outcome (whether the marten was harvested) of each annual set was 

coded as a binary variable (harvested = 1, survived = 0).  

Rarely, radio-collared martens were captured incidentally outside of the marten 

harvest season by trappers setting traps for other species. Living close to the road may 

expose martens to higher risk of incidental harvest, but we did not include these martens 

in our analysis of harvest mortality risk because most (97%) harvested martens were 

taken during the legal season.  

We compiled road data from multiple sources (Minnesota Department of 

Transportation; state, county, and federal forest roads; winter trails; etc.) and merged 

geographic information system (GIS) data layers to create a single road feature class. We 

modified the merged road data based on our knowledge of our study area to remove roads 

and trails that were not used or were unavailable to trappers during the harvest season. 

The road features we removed included old forest service roads that were closed or no 

longer maintained, winter snowmobile trails that were not yet frozen during the trapping 

season, and private roads.  

We used the ‘near’ tool in ArcMap version 10.2.2 (ESRI, Redlands, California) to 

calculate the distance from each telemetry location to the nearest road feature. We 

calculated the average distance from the road for each annual location set. When 

calculating average distance to road, we excluded harvest locations and, for martens that 

dispersed after being radio-collared, excluded locations collected before or during 

dispersal. There were 4 marten location sets with few or no locations during the year in 

which the marten was harvested because the battery on their radio-collar had died. 

Because these martens were harvested within the same territory they were known to 
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occupy prior to battery failure, we estimated distance to road for the final year as the 

average of the annual distance to road values calculated for previous years of monitoring. 

We created a histogram to summarize the distribution of distance to road values for all 

annual location sets included in our analysis.  

 

Data Analyses 

Spatial and annual variation in harvest mortality risk – We used logistic regression to 

test whether harvest mortality risk was influenced by age, sex, distance to road, or harvest 

intensity (Table 3.1). Age classes were determined from a combination of cementum 

annuli analyses (Matson’s Laboratory, Manhattan, Montana), field-measured 

morphometric data, and field-estimated age classes. The age classes assigned to each 

annual location set was specific to the harvest season at the end of annual cycle. For 

example, a marten radio-collared as a juvenile in late December would have been a 

yearling during the following harvest season and was classified as a yearling. We did not 

monitor juvenile martens during the harvest season, and all martens included in our 

analyses were yearlings or adults. Sex was determined during live-capture, while distance 

to road was estimated as described in the previous section. Male martens have larger 

home ranges than female martens (Buskirk and McDonald 1989; Powell 1994), which 

could result in differences in the relationship between harvest risk and distance to the 

road between females and males. In Minnesota, the male home ranges are roughly twice 

the size of female home ranges (Joyce 2013). Consequently, male home ranges centered a 

given distance from roads would have higher risk than females centered the same 

distance from the road. We included a sex*distance-to-road interaction in our model to 
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test whether there were differences in the distance to road effect between females and 

males. 

We estimated harvest intensity to test whether annual variation in harvest risk is 

correlated with annual variation in harvest levels. We defined harvest intensity as the 

proportion of the pre-harvest population that was harvested. We calculated harvest 

intensity values using marten population estimates and harvest statistics (Erb 2015a, 

2017). During our study, trappers harvested between 877 and 2,525 martens annually, 

representing 10% to 27% of the estimated pre-harvest population (Erb 2015a, 2017). 

Juvenile martens made up an average of 46% (range: 34% to 58%) of annual harvests 

during this time. Because we did not monitor juvenile martens during the harvest season, 

we calculated yearling-and-adult-specific harvest intensity (hereafter referred to simply 

as harvest intensity) as the proportion of yearlings and adults that were harvested each 

year.  

 We evaluated the ability of logistic regression models to distinguish between 

harvested and non-harvested martens by calculating the area under the curve (AUC) from 

receiver operating characteristic (ROC) curves developed using the ‘ROCR’ package 

(Sing et al. 2005b) in Program R. We used z-scores and Wald statistics to determine 

whether effects of individual explanatory variables were statistically significant. There 

was agreement among these two tests for all covariates, and we report z-scores for 

continuous covariates and Wald statistics for categorical covariates. 

 

Landscape-scale mapping of harvest mortality risk – We used road GIS data to map 

harvest risk across northeastern Minnesota to estimate how much of the landscape is 
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associated with high harvest mortality risk and evaluate spatial distribution of harvest 

risk. We did not attempt to control for variation in habitat suitability throughout the 

analysis area but focused solely on the distance-to-road effect from the logistic regression 

model. We limited the spatial extent of our analysis to the administrative boundary of the 

Superior National Forest (SNF; Figure 3.1), which includes state, county, and private 

landholdings and the Boundary Waters Canoe Area Wilderness (BWCAW). We limited 

our analysis to the SNF boundary for 3 reasons. First, our telemetry data were collected 

within the SNF boundary and it is a reasonable assumption that the distance-to-road 

effect we found was valid within this area. Second, road GIS data were available for this 

area that, with modifications, were representative of the data we used to establish the 

relationship between distance to road and harvest mortality risk. Third, the surrounding 

areas outside the SNF boundary included more private land. Although trapping occurs on 

private land, the distance-to-road effect on private land may not match the patterns we 

found in our study area because of variability in harvest pressure on private land based on 

whether private land owners trap or allow trappers to use their land.  

We used road GIS data maintained by the Superior National Forest (INFRA layer) 

to map harvest risk. The original road data contained 6,259 line segment features 

representing multiple types of roads (paved roads, gravel roads, winter trails, etc.), 

maintenance levels (fully maintained vs. decommissioned), and ownerships (public, 

private, industrial). The original road data included active, converted, closed, and 

decommissioned roads. We modified the original data to create a layer that represented 

roads available to trappers during the harvest season. We used feature attributes to 

remove closed roads, decommissioned or converted roads, private roads (including gated 
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and ungated private roads), winter roads, and high-clearance roads that were generally 

only accessible to ATVs. We evaluated the resulting road layer (n = 2,589 line segments) 

using our knowledge of our study area and found that it included roads known to be 

accessible to trappers while excluding roads and trails that were unlikely to be used or 

known to be inaccessible during the trapping season.  

 We used the modified road layer to classify each portion of the landscape into one 

of three risk categories (high, moderate, low) based on estimated probability of harvest. 

We used the distance-to-road effect from the logistic regression model to establish 

distance thresholds to define each risk category. Once distance thresholds were 

determined, we used ArcMap to create buffers of roads to classify each part of our study 

area to the appropriate risk category. We used lake polygon GIS data to remove open 

water from each risk category and used the resulting data to calculate the percentage of 

land area in each of the 3 risk categories using ArcMap. We summarized the proportion 

of land area in each risk category separately for the BWCAW, the portion of the SNF 

excluding the BWCAW, and the total area encompassed by the SNF boundary.  

We used harvest data to create a map of marten harvests within the SNF 

boundary. Trappers must provide the public land survey township and county of harvest 

for each harvested marten during fur registration, which takes place following the 

trapping season. We used harvest data from the 2014, 2015, and 2016 harvest seasons to 

calculate the average number of martens harvested per year for each of the public land 

survey townships within the SNF boundary.  
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Factors influencing harvest levels – We used linear regression to test whether annual 

variation in harvest intensity (response variable) was correlated with trapper limit, season 

length, or pelt price. We obtained data on harvest intensity, trapper limit, season length, 

and average pelt prices for all harvest seasons from 1985 through 2016 from the 

Minnesota Department of Natural Resources (Erb 2017). Mean annual pelt prices were 

based on fur sales in Minnesota. We adjusted pelt prices for inflation using Consumer 

Price Index for All Urban Consumers to 1982-1984 levels (U.S. Bureau of Labor 

Statistics 2017, table 24). Harvest intensity values represented the proportion of the fall 

population harvested each year. We focused on yearling-and-adult-specific harvest 

intensity, although there was a strong correlation between total harvest intensity (all age-

sex groups) and yearling-adult-specific harvest intensity (Pearson correlation coefficient 

= 0.84). Our data included values for 32 harvest seasons, which was not a large enough 

sample size to fit a single model with all 3 explanatory variables. Instead, we fit 3 

univariate models, one for each explanatory variable. We fit models using Program R (R 

Core Team 2017). Significance level  was α = 0.05, and we used Bonferroni corrections 

to control Type I error rates when fitting 3 univariate models. The corrected significance 

level was α = 0.017.  

 

3.4 RESULTS 

We radio-collared 242 martens from 2008 through 2015 and used 155 annual location 

sets (55 female location sets, 100 male location sets) from 123 martens (49 females, 74 

males) in our analyses. Our final data included 47 annual location sets from martens that 

were harvested (30%) and 108 annual location sets from martens that were not harvested. 
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The distribution of distance-to-road values was strongly skewed (Figure 3.2). Because we 

used roads and trails to set live-traps, most martens we monitored lived close to roads that 

were accessible to trappers (median = 0.8 km from the road, range = 0.2 to 5.7 km from 

the road). Nonetheless, we also used snowmobile trails not open during the trapping 

season and several martens dispersed away from roads after being radio-collared, 

allowing us to monitor martens living >4 km from roads.   

 Probability of harvest was strongly influenced by distance to road (Fig. 3.3A), 

with higher harvest risk for martens living closer to roads (Odds ratio = 0.33, 95% 

confidence interval = 0.17 – 0.62, Z = -3.4, P < 0.001). Probability of harvest was also 

influenced by sex, with males experiencing greater harvest risk than females (Figure 

3.4A; Wald test, F1,150 = 8.30, P = 0.005). The logistic regression model suggested that 

males experienced greater harvest risk than females at all distances from roads and 

experienced risk farther from the road than did females (Fig. 3.3B), but the sex*distance-

to-road interaction was not statistically significant (Wald test, F1,149 = 1.03, P = 0.31). 

Probability of harvest was not influenced by age class (Fig. 3.4B; Wald test, F1,150 = 0.06, 

P = 0.80).  

Yearling- and adult-specific harvest intensity has fluctuated since harvest seasons 

were re-opened in 1985, with noticeably elevated harvest intensity occurring from 2002 

through 2013 (Fig. 3.5A). Harvest intensity values during our study covered the range of 

harvest intensity values observed over the last 30 years. There was a weak effect of 

harvest intensity on harvest risk (Fig. 3.5B), with a positive correlation between harvest 

risk and harvest intensity (Odds ratio = 1.07, 95% confidence interval = 0.56 – 2.05, Z = 
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2.0, P = 0.05). AUC for the logistic regression model was 0.75, indicating fair 

discrimination. 

We classified areas ≤1 km from roads as high risk, areas >1 km and ≤2 km from 

roads as moderate risk, and areas >2 km from roads as low risk. Based on the logistic 

regression model, the probability of being harvested each year is 27% to 50% in high-risk 

areas, 11% to 27% in moderate-risk areas, and <11% in low-risk areas (Table 3.2). 

 Most (50%) of the total land area within the SNF boundary was classified as high 

harvest risk, while 32% was classified as low risk and 18% as moderate risk (Table 3.2; 

Fig. 3.6A). Most of the low-risk area in the SNF boundary was associated with the 

BWCAW (Fig. 3.6A). Within the BWCAW, 90% of the land area was classified as low 

risk, while only 2% was classified as high risk. In contrast, 67% of the land area outside 

of the BWCAW was classified as high risk, with only 11% of this area classified as low 

risk. Road density and resulting harvest risk were fairly constant across the portion of the 

SNF outside of the BWCAW, although there were a few larger areas classified as low 

harvest risk in the south-central portion of the SNF near our radio-telemetry study area 

(Fig. 3.6A).  

 The distribution of marten harvest generally matched the harvest risk map (Fig. 

3.6B). Martens were harvested in many of the areas identified as having high harvest risk, 

and there was no harvest in low-risk areas with no road access (e.g., BWCAW). There 

were a few areas classified predominantly as high-risk areas that did not have martens 

harvested, including the border between eastern Lake and western Cook counties and the 

extreme northeastern portion of the SNF.  
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 There was a strong, positive relationship between harvest intensity and trapper 

limit (Figure 3.7A; R
2
 = 0.72, F1,30 = 76.2, P < 0.001). There was no effect of season 

length or inflation-adjusted pelt price on harvest intensity (Figure 3.7; season length: R
2
 = 

0.08, F1,30 = 2.5, P = 0.12; pelt price: R
2
 = 0.04, F1,30 = 1.1, P = 0.30).  

 

3.5 DISCUSSION 

We found a strong effect of distance to the nearest road on harvest risk, and that 

martens living 2 to 3 km from roads still experienced risk of harvest. These results 

confirm past studies that have suggested that marten harvest mortality risk is higher in 

areas with higher road density (Quick 1956; Soukkala 1983; Thompson 1994; Wiebe et 

al. 2013). Consequently, most of the SNF outside of the BWCAW was classified as 

having high potential harvest risk due to fairly constant road density throughout the SNF 

(Moen et al. 2010). Past studies on marten habitat selection have identified forest types, 

forest stand ages and successional stages, and structural characteristics selected by 

martens (reviewed by Thompson et al. 2012). Although we did not incorporate direct 

measures of habitat suitability into our analyses, our results demonstrate that suitable 

habitat near roads functions as attractive sink-like habitat, while similar habitat farther 

from roads functions as source-like habitat and should, therefore, be viewed as higher 

quality habitat. Males experienced higher harvest risk, but there was no significant 

interaction between sex and distance to road nor was there a significant effect of age class 

on harvest risk. Although harvest intensity was positively correlated with annual variation 

in harvest risk, the effect was weak, which suggests that distance to road and sex played a 

stronger role in individual variation in mortality risk. Alternatively, harvest risk was 
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based on martens in our study area, while harvest intensity was calculated statewide, and 

the mismatch between the spatial scale over which these data were derived could partly 

explain the weak correlation. Harvest intensity was correlated with trapper limit but not 

season length or pelt prices.  

Spatial variation in harvest risk due to the strong distance to road effects should 

affect spatial dynamics of the marten population. By definition, source-like habitats are 

associated with higher survival rates than attractive sink-like habitats (Falcucci et al. 

2009), but animals do not sense elevated mortality risk or avoid these habitats. Past 

studies have documented higher survival rates for marten populations in unlogged versus 

logged areas (e.g., Hodgman et al. 1994; Thompson 1994). Our results provide a 

mechanistic explanation for these results, as unlogged areas may contain relatively few 

roads and be composed mostly of source-like habitat, while logged areas tend to have 

higher road densities and larger quantities of attractive sink-like habitat. Furthermore, our 

harvest risk map demonstrates that source-like areas can exist within a harvested 

population – both as small source-like habitat areas interspersed within a high-risk 

landscape and as large sanctuaries with little to no harvest. Adult female survival is an 

important determinant of marten population growth rates (Buskirk et al. 2012), and 

higher survival in source-like habitats should contribute to enhanced reproductive success 

in these areas. Consequently, variable road density likely contributes to spatial variation 

in survival and local population growth rates across the landscape, which could result in 

complex source-sink dynamics. In particular, higher mortality rates in attractive sink-like 

habitats create higher territorial turnover and more frequent territorial vacancies that 

could become colonized by a surplus of juvenile dispersers originating from nearby 
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source-like habitat (Aronsson 2017; Joyce et al., in prep). Ultimately, these spatial 

dynamics would be expected to result in sustained directional gene flow from source-like 

habitats to attractive sink-like habitats if landscape connectivity is maintained.  

The extent to which spatial variation in harvest risk influences population 

structure, source-sink dynamics and gene flow will depend on dispersal capabilities, local 

and large-scale recruitment rates, the amount and proximity of source-like habitats, and 

harvest levels. Dispersal is the primary mechanism by which vacant territories resulting 

from harvest or other sources of mortality are re-colonized (Aronsson 2017; Joyce et al., 

in prep). Long-distance dispersal can be costly (Johnson et al. 2009), and most vacant 

territories are re-occupied by individuals from the immediate area (Aronsson 2017). On 

the other hand, when mortality rates are low and all available territories are occupied, 

individuals are forced to leave the immediate area in search of a vacant territory to 

occupy (Aronsson 2017). Therefore, high mortality rates may favor local dispersal while 

low mortality rates tend to favor longer distance dispersal. Areas composed primarily of 

attractive sink-like habitat have higher rates of territorial turnover than areas composed 

primarily of source-like habitat, which could contribute to colonization of attractive sink-

like habitat by individuals raised in source-like habitat. Alternatively, females are less 

prone to harvest risk and recruitment still occurs within areas composed primarily of 

attractive sink-like habitat. Consequently, juveniles produced in attractive sink-like 

habitats will settle in vacant territories close to their natal range despite higher mortality 

rates, which could limit dispersal and directional gene flow from source-like habitat 

towards attractive sink-like habitat.  
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Marten recruitment rates – both locally within near-road, sink-like habitats and 

from large areas composed predominantly of source-like habitats – are influenced by prey 

and marten density (Thompson and Colgan 1987; Fryxell et al. 1999), and the ability of 

dispersers to fill vacant space is directly correlated with recruitment rates. With 

fluctuating prey populations and resulting fluctuations in recruitment rates, source-like 

habitats will not always produce a surplus of juveniles to disperse into territorial 

vacancies resulting from harvest. Similarly, the amount of and proximity to source-like 

habitats should also influence source-sink dynamics and gene flow. In Minnesota, the 

BWCAW probably serves as a major population source for adjacent areas where harvest 

pressure is high. Conversely, the smaller areas of source-like habitat interspersed within 

the relatively high-risk landscape of the SNF outside of the BWCAW may not produce 

enough juveniles to fully re-stock vacant territories without input from juveniles 

produced within attractive sink-like habitat. Lastly, the number of vacant territories 

available after the harvest season varies from year to year, and this variation could cause 

temporal variation in spatial dynamics and gene flow. 

Harvest levels were not influenced by pelt prices or season length. These results 

support several past studies suggesting financial incentive is not the primary factor 

influencing behavior of marten trappers (Hiller et al. 2011; Kapfer and Potts 2012; 

Landriault et al. 2012), but contradict other studies that have found a positive correlation 

between pelt prices and harvest levels for other furbearers (Elsken-Lacy et al. 1999; 

Poole 2003). One possible explanation for these contrasting results is the constraints of 

harvest regulations on trapper behavior and incentives. In Minnesota, the trapper limit has 

been relatively low (1-5 martens/year) and the harvest season short (6-16 days) compared 
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to other states or provinces (e.g., there is no limit and season lengths are 31 to 98 days in 

Alaska; Alaska Department of Game and Fish 2018). Under conservative harvest 

regulations, trappers are unlikely to be motivated primarily by financial incentives 

because of low trapper limits (Hiller et al. 2011). Instead, trappers likely view martens as 

a novelty or trophy animal and trapper interest in martens remains high despite 

fluctuations in pelt prices or harvest regulations. Under different harvest regulations (e.g., 

longer season, larger trapper limit), financial incentive may be a more important 

determinant of trapper effort and harvest intensity. Within the range of trapper limits and 

season lengths imposed in Minnesota since marten harvest seasons were re-established in 

1985, trapper limit appears to be the primary mechanism by which wildlife managers 

could influence harvest intensity, if desired. In fact, recent reductions in season length 

and trapper limit (implemented in 2012 and 2013, respectively) appear to have resulted in 

reduced harvest intensity from 2013 through 2016 seasons. Nonetheless, we hypothesize 

that there is an interaction between trapper limit, season length, and pelt prices, and the 

fact that trapper limit was a more important correlate of harvest intensity is partially 

dependent on season lengths and pelt prices. For example, longer seasons may allow 

more trappers to reach their limit, particularly during seasons in which pelt prices are 

projected to be high, and substantial increases in season length are likely to increase 

harvest levels even if trapper limit remains unchanged.  

Our results have important implications for conservation and management of 

marten harvests and marten habitat. Wildlife managers could incorporate the effects of 

distance to road on harvest risk into habitat management plans to ensure that management 

objectives are accomplished. If managers are primarily interested in providing 
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recreational opportunities to trappers, efforts should focus on maintaining suitable marten 

habitat near roads to promote harvestable populations while also monitoring distribution 

and abundance of source-like habitat to maintain viable populations despite harvest 

pressure. Conversely, if conservation is the primary concern, then maintaining suitable 

habitat further from roads should be the priority to help maintain source-like habitat. In 

extreme cases in which population viability is uncertain, closing trapping seasons would 

serve to mitigate harvest risk and effectively convert attractive sink-like habitat to source-

like habitat, while reducing trapper limit could further alleviate harvest pressure. 

Furthermore, managers could use road density or proximity to large areas of contiguous 

source-like habitat to establish marten management units with variable trapper limits or 

season lengths. The BWCAW is one large area that may serve as a population source, 

and other large sanctuaries may exist in other parts of marten distributional range in 

Minnesota (e.g., Voyageurs National Park, where harvest is prohibited, or parts of the 

Agassiz Lowlands subsection where road density is low).  

We did not incorporate habitat suitability into mapping of harvest risk, and future 

attempts to map harvest risk should consider habitat suitability and other factors to 

improve risk mapping. We expect habitat suitability to influence actual harvest risk and 

spatial population dynamics in two ways. First, areas near roads will not be occupied by 

martens nor will trappers place traps if suitable habitat features are not present (Wiebe et 

al. 2013). Second, landscape structure and habitat fragmentation acts to constrain 

dispersal movements between low-risk source-like habitats and attractive sink-like 

habitat (Broquet et al. 2006; Johnson et al. 2009; Howell et al. 2016). A further limitation 

of our analyses is that we do not incorporate data on distribution of trapper effort. Areas 
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classified as high-risk may actually have been associated with low risk if there is very 

little trapper effort. This may partially explain why the map of harvest distribution does 

not match the harvest risk map perfectly (e.g., no harvest occurred on the border between 

Cook and Lake counties).  

 In summary, trapper behavior appears to play a major and underappreciated role 

in net habitat quality, population structure, and source-sink dynamics. Failure to account 

for harvest risk in assessment of marten habitat quality could lead wildlife managers to 

incorrectly conclude that suitable habitat near roads was of equal quality as similar 

habitat further from roads. Harvest intensity has primarily been correlated with trapper 

limit but not season length or pelt price, demonstrating that trappers are not motivated 

primarily by financial incentive. Additional research is needed to confirm that the 

differences in habitat quality and distribution of source-like and attractive sink-like 

habitats that we found actually contributes to source-sink dynamics and gene flow, and 

also to more fully understand the role that dispersal, recruitment, landscape arrangement, 

and harvest play in spatial dynamics and population structure.   
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3.6 TABLES  

Table 3.1. Variables, hypothesized effects, and data sources used to evaluate spatial and annual variation in harvest mortality risk for 

American martens in Minnesota, USA. 

 

Factor Variable Hypothesized effect Data source(s) 

Age Age class Lower risk for adults than for juveniles or 

yearlings 

Cementum annuli, morphometric data 

from live-capture 

Sex Sex Greater risk for males than for females Examination during live-capture 

Accessibility Distance to road (km) Greater risk for martens living closer to 

roads 

Telemetry locations, road GIS data 

Harvest levels Harvest intensity
1
 Greater risk in years with higher harvest 

levels 

MN DNR harvest monitoring and 

population modeling reports
2
 

1
Harvest intensity = ratio of harvest to pre-harvest population. We used yearling- and adult-specific harvest intensity. 

2
Harvest monitoring report = Erb (2017); Population modeling report = Erb (2015) 
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Table 3.2. Percent of land area classified as low, moderate, and high harvest risk within 

the Superior National Forest in northeastern Minnesota, USA. Summaries are given 

separately for the Boundary Waters Canoe Area Wilderness (BWCAW), the portion of 

the Superior National Forest outside of the BWCAW (SNF), and the entire Superior 

National Forest (Total). Values given at the bottom of each column are total land area.  

 

Risk category 

Distance 

from road 

Harvest 

Probability BWCAW SNF Total 

Low >2 km <11% 90% 11% 50% 

Moderate >1 & ≤2 km 11-27% 8% 22% 32% 

High ≤1 km 27-50% 2% 67% 18% 

   

3,671 km
2
 10,233 km

2
 13,904 km

2
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3.7 FIGURES 

 

Figure 3.1. Location of our study area in the south-central portion of the Superior National Forest in northeastern Minnesota, USA. 

Black points show the centroids of 155 annual location sets from radio-collared martens that were included in our analysis.  
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 1 

 2 

Figure 3.2. Frequency distribution of the average distance-to-road values for annual 3 

location sets from radio-collared American martens monitored in northeastern Minnesota, 4 

USA. Height of blue bars represents all location sets (n = 155), while heights of gray bars 5 

represent location sets of martens that were harvested (n = 47).   6 

  7 



104 

 

 8 

Figure 3.3. Effect of distance from home range centroid to road (A) and non-significant 9 

effect of sex*distance to road interaction (B) on harvest risk for American martens in 10 

northeastern Minnesota, USA.   11 
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 12 

 13 

Figure 3.4. Effects of sex (A) and age class (B) on harvest risk for American martens in 14 

northeastern Minnesota, USA.  15 

  16 
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 17 

 18 

Figure 3.5. Variation in harvest intensity over time (A) and effect of harvest intensity on 19 

harvest risk for American martens (B) in northeastern Minnesota, USA. Harvest intensity 20 

is the proportion of the yearling and adult population harvested annually.  21 
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 22 

Figure 3.6. Map of harvest risk categories (A) and distribution of marten harvest (B) 23 

within the administrative boundary of the Superior National Forest, northeastern 24 

Minnesota, USA. Harvest risk categories are based on distance from roads, while harvest 25 

distribution is based on the 2014, 2015, and 2016 harvest seasons.  26 
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 27 

Figure 3.7. Relationship between harvest intensity and trapper limit (A), season length 28 

(B), and inflation-adjusted average pelt prices (C) based on 1985-2016 harvest seasons in 29 

Minnesota, USA.   30 
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CHAPTER 4 31 

THE ROLE OF HABITAT STRUCTURE IN PREDATION OF AMERICAN 32 

MARTENS BY BOBCATS AND OTHER INTRAGUILD PREDATORS 33 

 34 

4.1 OVERVIEW  35 

Intraguild predation occurs in many carnivore communities and can have profound 36 

effects on trophic interactions, community structure, and population regulation. Habitat 37 

can play an important role in modulating the frequency and outcome of encounters 38 

between intraguild predators and intraguild prey. Fine-scale habitat structure can reduce 39 

susceptibility of intraguild prey by providing concealment, escape cover, and refugia, or 40 

can increase predation risk by impeding detection of potential predators. American 41 

martens are small mustelid carnivores that are susceptible to predation by several 42 

predator species. Although predation risk is often used to explain habitat selection 43 

patterns of martens, there are few direct tests of the role of habitat structure on 44 

interactions of martens with their predators. Our objectives were to examine the role that 45 

habitat structure plays in mediating interactions between martens and predators. Because 46 

bobcats are frequent predators of martens, we focused our analysis primarily on marten-47 

bobcat interactions. We used light detection and ranging (LiDAR) data to measure 48 

canopy and understory characteristics and compared characteristics of sites where 49 

martens were killed by predators to non-mortality telemetry locations. Sites where 50 

martens were killed by bobcats were closer to non-forested habitat and were near more 51 

non-forested habitat than non-mortality locations. The structural characteristics and types 52 

of non-forested habitats associated with mortality sites varied among carnivore species. 53 
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Our results provide direct evidence that martens experience elevated mortality risk when 54 

in or near non-forested areas without tree canopy, including shrublands, wetlands, and 55 

young/regenerating forest. 56 

 57 

4.2 INTRODUCTION 58 

Intraguild predation, or interspecific killing between potential competitors that use 59 

similar resources, occurs in many carnivore communities and can have profound effects 60 

on trophic interactions, community structure, and population regulation (Polis et al. 1989; 61 

Polis and Holt 1992; Creel and Creel 1996; Cypher and Spencer 1998; Palomares and 62 

Caro 1999). Although a variety of factors can influence the presence or prevalence of 63 

intraguild predation (e.g., habitat structure, territoriality, resource abundance and 64 

distribution, suppression or facilitation of interactions between mesopredators by apex 65 

predators; Crooks and Soulé 1999; Palomares and Caro 1999; Janssen et al. 2007; Prugh 66 

et al. 2009; Sivy et al. 2017), competition for shared prey resources is thought to be the 67 

most frequent cause of intraguild predation (Polis et al. 1989; Palomares and Caro 1999). 68 

Intraguild predation can have important implications for species conservation because 69 

intraguild predation can lead to reductions in population size (Creel and Creel 1996; 70 

Cypher and Spencer 1998). Several threatened or endangered species are prone to 71 

predation by larger carnivores, limiting population growth rates (e.g., fishers [Pekania 72 

pennanti] – Sweitzer et al. 2015; cheetahs [Acinonyx jubatus] – Caro and Laurenson 73 

1994). 74 

 Habitat can play an important role in modulating the strength of interactions 75 

among potential competitors. In general, intraguild prey are most likely to encounter and 76 
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subsequently be killed by intraguild predators in areas where intraguild predators are 77 

active and foraging (Wengert 2013, Viota 2012, but see Roemer et al. 2002), particularly 78 

where intraguild predators and prey are foraging for shared prey resources. Thus, 79 

mortality of intraguild prey may be more likely to occur at sites representative of the 80 

habitat selected by the intraguild predator than at sites representative of the habitat 81 

selected by the intraguild prey (Wengert et al. 2013). Fine-scale habitat structure can play 82 

an important role in the frequency and outcome of encounters between intraguild 83 

predators and intraguild prey. Habitat structure could reduce susceptibility of small 84 

carnivores to intraguild predation by providing concealment, escape cover, or safe refugia 85 

(Janssen et al. 2007; Viota et al. 2012). Alternatively, habitat structure could increase 86 

predation risk by slowing running speed, shortening predator detection distances, or 87 

having fewer refuges (Schooley et al. 1996). Within areas of overlap between intraguild 88 

predators and prey, intraguild prey should select microhabitat characteristics that mitigate 89 

predation risk (Viota et al. 2012).  90 

Medium and small carnivores that are susceptible to intraguild predation can 91 

employ a variety of behavioral strategies to reduce mortality risk including spatial or 92 

temporal partitioning of space, group formation, increased vigilance to improve predator 93 

detection, or avoidance of risky habitats (Caro 1994; Palomares and Caro 1999; Rasa 94 

2010; Fisher et al. 2013; Wikenros et al. 2014; Wereszczuk and Zalewski 2015). Despite 95 

the risks of using areas where potential predators are likely to be active, intraguild prey 96 

cannot always avoid risky areas for at least two reasons. First, animals must balance 97 

trade-offs between risk and resource density as they forage for prey species used by 98 

intraguild predators (Thompson and Gese 2007). This is especially true when intraguild 99 
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prey are foraging for prey that are shared with intraguild predators. Second, animals may 100 

be forced to move into or near risky areas with low habitat value as they move across 101 

heterogeneous landscapes (Pereira et al. 2012). Consequently, changes in the distribution 102 

and abundance of suitable and risky habitat caused by human land-use could have 103 

dramatic effects on niche overlap and the frequency and strength of intraguild 104 

interactions (Pereira et al. 2012; Manlick et al. 2017).  105 

 American martens (Martes americana) are small, mustelid carnivores that are 106 

susceptible to intraguild predation by several predators including bobcats (Lynx rufus), 107 

coyotes (Canis latrans), fishers (Pekania pennanti), red foxes (Vulpes vulpes), and 108 

raptors (Table 4.1). Predation could influence marten population growth, as females may 109 

be more prone to predation than males and predators have been documented killing 110 

female martens that are caring for dependent young (Moriarty et al. 2014; Erb et al. 111 

2015).  112 

Habitat selection has been a common focus of past research on marten ecology 113 

(Thompson et al. 2012). Martens avoid open habitats with little canopy cover at stand 114 

(Slauson et al. 2007) and home range (Chapin et al. 1998; Potvin et al. 2000) scales, 115 

along movement paths (Cushman et al. 2011; Moriarty et al. 2015), and at rest sites and 116 

reproductive dens (Raphael and Jones 1997; Wilbert et al. 2000). Avoidance of areas 117 

without sufficient canopy cover is often attributed to predation risk or food availability. 118 

Open areas may be risky due to the lack of protective cover provided by trees or shrubs, 119 

and they also may not be suitable for foraging due to a lack of structural features like 120 

coarse woody debris that provide habitat for prey species and facilitate prey capture 121 

(Andruskiw et al. 2008). Although predation risk and food availability are frequently 122 
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used to explain observed patterns of habitat use, few direct tests of these hypotheses exist. 123 

Moriarty et al. (2015) observed martens using edges of open areas during winter when 124 

provided with food incentive but concluded general avoidance of open areas was largely 125 

the result of predation risk because even with food incentive martens did not routinely 126 

enter or travel through open habitat. In populations where martens are exposed to high 127 

predation rates, canopy cover could play a role in predation if landscape configuration 128 

forces some individuals to occasionally cross or move through non-forested areas with 129 

low canopy cover (Cushman et al. 2011; Sauder and Rachlow 2014).  130 

 Bobcats are frequent predators of martens in Minnesota and elsewhere (Bull and 131 

Heater 2001; Moriarty et al. 2014; Erb et al. 2015). Bobcat-marten interactions are most 132 

likely to occur where bobcats are active and foraging, particularly when martens and 133 

bobcats are foraging for shared prey. In the northern parts of their range, bobcats show 134 

strong selection for lowland coniferous and lowland deciduous/shrub cover types (Fuller 135 

et al. 1985; Lovallo and Anderson 1996; Bled et al. 2015). Bobcats also forage along 136 

edges of wetlands, in wetlands lacking canopy cover, and in areas with shrub cover 137 

including non-forested areas, young forest, and portions of mature forest with high shrub 138 

densities (Fuller et al. 1985; Boyle and Fendley 1987; Bled et al. 2015; Clare et al. 2015). 139 

Consequently, martens are most likely to encounter bobcats in lowland coniferous forest, 140 

in areas with more non-forested habitat types, closer to edges between wetlands and 141 

forest, and in areas with dense shrubs. Shrub cover could be associated with higher 142 

predation risk because bobcats use shrub cover for foraging and dense cover could inhibit 143 

the ability of martens to detect bobcats using visual or olfactory cues when present. 144 

Alternatively, shrub cover may provide concealment or escape cover to martens. Given 145 
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bobcat use of areas with low canopy closure, evaluating habitat characteristics of sites 146 

where martens were killed by bobcats would provide an opportunity to test whether areas 147 

with low canopy closure are associated with increased predation risk to martens.  148 

 Despite the high frequency with which past studies have used predator avoidance 149 

as a post-hoc explanation for habitat selection patterns of martens, there have been very 150 

few direct tests of the role of forest structure on marten-predator interactions. The paucity 151 

of empirical tests of the role habitat structure plays in marten-predator interactions is 152 

partly due to challenges associated with collecting the data needed to test these 153 

hypotheses. First, many of the past studies reporting predation of martens have had small 154 

sample sizes (Table 4.1), making it difficult to conduct rigorous testing of hypothesized 155 

relationships between vegetation structure and marten-predator interactions. Second, 156 

detailed data on fine-scale structural characteristics that have been hypothesized to 157 

function in predator avoidance have not generally been available across the entire 158 

landscape. Field vegetation sampling at mortality sites could be used to overcome this 159 

second limitation, as has been done for other functional habitat types used by martens 160 

(e.g., rest sites and reproductive dens). But this approach could become logistically 161 

challenging if characteristics of mortality sites are to be compared to characteristics of 162 

many telemetry locations from sites where martens were alive or if the effect of 163 

vegetation characteristics on marten-predator interactions are not confined to the 164 

immediate area surrounding mortality sites.  165 

 Our objective was to examine the role that habitat structure plays in mediating 166 

interactions between martens and predators. We primarily focused our analyses on 167 

bobcat-marten interactions, but we also evaluated interactions between martens and other 168 
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predators. We predicted that martens are most vulnerable to predation by bobcats when 169 

using habitats typically used by bobcats. Specifically, we tested whether sites where 170 

martens were killed by bobcats were associated with lowland conifer forest, non-forested 171 

areas with low canopy closure, or areas with dense shrub cover (Table 4.2). Lastly, we 172 

compared characteristics of sites where martens were killed by bobcats to characteristics 173 

of sites where martens were killed by other predators. We tested hypotheses using 174 

location data from 71 radio-collared martens that were killed by predators along with data 175 

on fine-scale vegetation characteristics derived from light detection and ranging (LiDAR) 176 

data.  177 

 178 

4.3 METHODS  179 

Study area 180 

Our study took place in the Laurentian Mixed Forest Province of northeastern Minnesota, 181 

USA (Figure 4.1; Joyce 2013; Minnesota Department of Natural Resources 2018). 182 

Elevations ranged from 450 to 600 m a.s.l. Northeastern Minnesota has a continental 183 

climate with long, cold winters (mean January temperature = -14.7ºC) and short, warm 184 

summers (mean July temperature = 18.6ºC). The area receives an average of 71 cm of 185 

rainfall and 143 cm of snowfall annually, with persistent snow cover typically present 186 

from December to April (Joyce 2013). Most of our study area occurred within the 187 

Superior National Forest, but also included state, county, and private lands. Public land 188 

was managed for a combination of timber harvest, recreation, and conservation of native 189 

plant and animal communities. The study area supported mixed forest interspersed with 190 

coniferous forest, deciduous forest, wetlands, regenerating forests, and open water (Joyce 191 
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2013). Common tree species included aspen (Populus spp.), balsam fir (Abies balsamea), 192 

paper birch (Betula papyrifera), red maple (Acer rubrum), white pine (Pinus strobus), red 193 

pine (P. resinosa), and black spruce (Picea mariana).  194 

 Our study area supported many potential marten predators including bobcats, lynx 195 

(Lynx canadensis), fishers, red foxes, coyotes, and wolves. Raptorial predators of martens 196 

are rarely identified to species, with the exception of great-horned owls (Bubo 197 

virginianus). In addition to great-horned owls, other raptors that are large enough to kill 198 

martens and that live in our study area include northern goshawks (Accipiter gentilis), 199 

great gray owls (Strix nebulosa), barred owls (Strix varia), and bald eagles (Haliaeetus 200 

leucocephalus). The marten population was stable, but underwent fluctuations indicative 201 

of a 4-5 year cycle during our study, peaking in 2010 (Erb 2015a; Berg et al. 2017). The 202 

statewide bobcat population and the number of bobcats harvested in northeastern 203 

Minnesota increased during our study until 2013, when the population began to decrease 204 

(Erb 2015a, 2017). The coyote population in the forest zone of Minnesota has been stable 205 

but undergoing an apparent 4-5 year cycle with low points in 2008 and 2013, while fox 206 

abundance was stable but below the long-term average during our study (Erb 2015b). 207 

Similarly, the wolf population remained fairly stable throughout our study, with a 208 

decrease in abundance from 2014 to 2015 following 3 consecutive wolf harvest seasons 209 

(Erb et al. 2017). The fisher population, on the other hand, decreased by about 50% from 210 

2002 through 2014, although the population appears to have stabilized or started to 211 

increase starting in 2014 (Erb 2015a; b). Comparable population data were not available 212 

for raptors.  213 
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Common prey species consumed by martens and marten predators in our study 214 

area included snowshoe hares (Lepus americanus), red squirrels (Tamiasciurus 215 

hudsonicus), southern red-backed voles (Myodes gapperi), mice (Peromyscus spp., 216 

Napaeozapus insignis), and white-tailed deer (Odocoileus virginianus), which may be 217 

killed or scavenged. Martens also eat grouse, songbirds, insects, and fruit (M. Joyce, 218 

unpublished data; Martin 1994). During our study, small mammals underwent 4-5 year 219 

population cycles (Joyce et al, in prep.), red squirrels underwent 2-4 year population 220 

cycles with an uncharacteristically high peak in 2009 (G. Niemi, unpublished data), and 221 

snowshoe hares remained fairly stable except for nominal peaks in 2011 and 2013 (Erb 222 

2015b). Deer densities declined during 2014-2015 following severe winter conditions 223 

2013-2014, but were stable across other years (Norton and Giudice 2017). Dead deer 224 

from winter kill and predation may have been more readily available to martens and other 225 

scavenging carnivores during the severe winter of 2013-2014.  226 

 227 

Live capture and monitoring 228 

We live-trapped martens from December through February each winter from 2007-2008 229 

through 2014-15. Martens were captured using cage traps (Model 106 or 108, Tomahawk 230 

Live Trap, Hazelhurst, Wisconsin) baited with deer (Odocoileus virginianus) or beaver 231 

(Castor canadensis) meat with a commercial lure placed in and above the trap. Captured 232 

martens were immobilized with ketamine (20 mg/kg) and xylazine (2 mg/kg; Kreeger and 233 

Arnemo 2012). We monitored respiration, heart rate, and body temperature on martens 234 

under anesthesia. We fitted a radio-collar (Model MI-2, Holohil Systems Ltd., Carp, 235 

Ontario; 30-35 g) to each marten and tagged both ears (Monel #1 tags, National Band and 236 
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Tag Co., Newport, Kentucky). Each radio-collar included a mortality switch that would 237 

increase the pulse rate to indicate that mortality had occurred if the collar was inactive for 238 

≥12 hours. A first pre-molar was removed for aging via microscopic cementum annuli 239 

analysis, weight and morphometric measurements were taken, and age was estimated 240 

based on body size and tooth wear as a preliminary measure of age before tooth data were 241 

available. After processing, anesthesia was reversed with yohimbine (0.1 mg/kg) and 242 

martens were released from trap sites after recovery. Animal capture and handling 243 

protocols were consistent with guidelines established by the American Society of 244 

Mammalogists (Sikes et al. 2016).   245 

Radio-collared martens were located at 7-10 day intervals from a fixed-wing 246 

aircraft and were located opportunistically from the ground  (Joyce 2013). All telemetry 247 

locations were collected during daylight hours by recording a GPS location where 248 

animals were located. We estimated accuracy of aerial telemetry using 180 occasions 249 

when flight and ground locations were recorded simultaneously. Median accuracy was 250 

117 m (range: 2-931 m), with 95% of telemetry locations <380 m from their true 251 

locations, 75% of telemetry locations <220 m, 50% of telemetry locations <117 m, and 252 

25% of telemetry locations <70 m.  253 

When we detected a mortality signal from a radiocollar, we conducted field 254 

investigations within 3 days to recover the animal or collar and determine cause of 255 

mortality. We used a combination of field investigation and animal necropsy to determine 256 

cause of death. If predation was likely, we used field sign (tracks, scat, condition and 257 

location of the carcass), necropsy results (puncture wounds, lacerations, etc.), and 258 

forensic genetic analyses (Wengert et al. 2013) to identify the predator. Forensic samples 259 
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(saliva swabs, hairs from wounds, scats found near the mortality site) were sent to the 260 

University of California Davis Veterinary Genetics Laboratory, the Integral Ecology 261 

Research Center (Blue Lake, CA), or the National Genomics Center for Wildlife and Fish 262 

Conservation (Missoula, MT) for analysis. We attempted to identify all mammalian 263 

predators to species but did not attempt to identify raptorial predators to species.  264 

 265 

Lidar data 266 

LiDAR data were acquired over most of the state of Minnesota from 2010 through 2012 267 

as part of the Minnesota Elevation Mapping Project (Minnesota IT Services Geospatial 268 

Information Office 2018). LiDAR data were acquired over northeastern Minnesota, 269 

including our study area from 14 to 16 May 2011 during leaf-off conditions. LiDAR data 270 

were acquired from a fixed wing aircraft using a Leica ALS60 or ALS 70 laser scanner 271 

(Woolpert, Inc., Dayton, Ohio). The system operated at a wavelength of 1,064 nm at an 272 

altitude of 2,000 to 2,300 m above ground elevation at an average speed of 278 km/hr, 273 

with 25% side overlap among adjacent flight lines. Maximum scan angle was 20º off 274 

nadir. The LiDAR data were collected to provide a nominal pulse density of ~0.5 275 

pulses/m
2
 per swath (≤1.5 m nominal post spacing), with higher pulse density in areas 276 

where flight lines overlapped. A maximum of 4 returns were recorded per pulse. 277 

Horizontal and vertical accuracy of the data was estimated to be 1.16 m (95% confidence 278 

interval) and 5.0 cm (RMSE), respectively. The vendor classified LiDAR points, 279 

extracted bare-earth points, and created 2-m digital elevation models (DEMs) from bare-280 

earth points. We converted 2-m DEMs to digital terrain model (DTM) format using 281 

FUSION software, version 3.6 (McGaughey 2016).  282 
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We used LiDAR data to identify non-forested areas with open canopies to test 283 

whether sites where martens were killed by bobcats and other intraguild predators were 284 

more likely to occur within or near non-forested habitat than non-mortality locations 285 

(Figure 4.2). First, we used FUSION software to calculate the percent of first returns >2 286 

m above ground as an estimate of canopy cover (Lefsky et al. 2002; Garner 2013). We re-287 

classified pixels associated with open water to no data values because open water is not 288 

marten habitat. We used the Spatial Analyst extension in ArcMap 10.2.2 (ESRI, 289 

Redlands, California) to identify non-forested pixels, which we defined as pixels with 290 

≤25% canopy cover. This threshold was used to develop a marten habitat suitability index 291 

(Allen 1982), which has been tested with empirical data and found to correlate with 292 

marten habitat use (Kliskey et al. 1999; Bowman and Robitaille 2005). We converted the 293 

resulting raster to polygon feature class and removed pixels corresponding to forest 294 

(>25% canopy cover). We removed polygons ≤1,600 m
2
 (0.16 ha) because these tended 295 

to represent canopy gaps within forest matrix rather than true non-forested habitats 296 

(recent clear cuts, wetlands, shrublands, etc.).   297 

Understory cover can be estimated accurately from airborne LiDAR data, 298 

including from LiDAR data with the same density as the data we used (Goodwin et al. 299 

2007; Wing et al. 2012). We used LiDAR data to calculate an understory cover index 300 

(UCI; Wing et al. 2012) as an estimate of understory complexity. The UCI provides a 301 

measure of relative density of understory components including shrubs, coarse woody 302 

debris, low branches, saplings, stumps, boulders, and other near-ground structures. The 303 

UCI was calculated as the proportion of returns <2 m above ground that are >16 cm from 304 

the ground surface and, therefore, likely originating from an understory structure rather 305 
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than the ground surface. Both raster products derived from LiDAR data were created 306 

using FUSION software’s ‘gridmetrics’ command at a grain size of 20 m.  307 

 308 

Data Analyses 309 

We used telemetry locations from radio-collared martens that were killed by predators to 310 

evaluate whether mortality sites were associated with specific conditions (e.g., cover 311 

types, non-forested habitat, and understory cover) relative to telemetry locations where 312 

the same martens were alive. We assumed that sites where dead martens were recovered 313 

were representative of the sites where marten encountered and were killed by predators. 314 

We determined the cover type of each telemetry location using National Land Cover Data 315 

(NLCD; Homer et al. 2015) to test whether sites where bobcats killed martens were more 316 

likely to occur in cover types selected by bobcats (lowland conifer forest, shrubland, 317 

wetland) than non-mortality locations. NLCD were created using a decision tree 318 

classification algorithm based on 2011 Landsat satellite imagery. NLCD uses a 16-class 319 

land cover classification and was created at a spatial resolution of 30 m. We re-classified 320 

land cover classes into 4 functional land cover types: forest (includes deciduous, mixed, 321 

and evergreen forest classes), shrub/scrub (areas dominated by shrubs, generally <5 m 322 

tall), lowland forest and shrub (woody wetlands class), and wetlands and meadows 323 

(includes grassland/herbaceous and emergent herbaceous wetland classes). We used 324 

Fisher’s exact test to determine whether cover type composition was different between 325 

predation sites and locations where martens were alive.  326 

 We used LiDAR-derived geospatial data to calculate three explanatory variables 327 

for testing the role of non-forest habitat and understory complexity in marten-predator 328 
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interactions. First, we used the ‘near’ tool in ArcMap version 10.2.2 (ESRI, Redlands, 329 

California) to calculate the distance from each telemetry location (live and mortality 330 

locations) to the nearest non-forest feature in our LiDAR-derived non-forest habitat. 331 

Second, we created 140 m buffers around telemetry locations and calculated the 332 

proportion of each buffer that was composed of non-forest habitat. The 140 m buffer 333 

approximated telemetry error. Open water was excluded from calculation of proportion of 334 

non-forest within each buffer. Third, we calculated the average UCI within 140 m 335 

buffers. For each of these explanatory variables (distance to non-forest, percent non-336 

forest in buffer, average UCI in buffer), we tested whether characteristics differed 337 

between mortality sites and non-mortality for individual martens killed by bobcats in two 338 

ways. First, we conducted one-tailed, unequal variances t-tests to compare pooled 339 

mortality locations to pooled non-mortality locations. Second, we used each marten as the 340 

sample unit, averaged each responsible variable across non-mortality locations, and 341 

conducted a paired, one-tailed t-test with unequal variances to compare live and mortality 342 

locations (Wengert 2013). Both tests always gave the same results with α = 0.05 343 

significance level, and we report results of the paired t-test.  344 

 We compared characteristics of where martens were killed by bobcats to sites 345 

where martens were killed by raptors, fishers, and canines (red fox, coyotes). We used 346 

two of the explanatory variables calculated using LiDAR-derived geospatial data: 347 

distance to non-forest (<25% canopy cover) and proportion of non-forest in 140 m 348 

buffers. We used non-parametric Kruskal-Wallis tests to test whether these characteristics 349 

differed among sites where martens were killed by each predator group. Because of small 350 
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sample and unequal sizes for some predator groups, we also made qualitative 351 

comparisons and descriptions intended to generate hypotheses.   352 

Although the LiDAR-derived data provided detailed and accurate information on 353 

the physical structure at sites that were unavailable from land cover data, it did not 354 

provide information on the types of non-forest categories within and near locations where 355 

martens were killed by bobcats and other predators. To understand more fully the context 356 

within which martens were killed by intraguild predators, we classified the type of non-357 

forest areas near mortality sites into one of 5 categories: shrubland, young/regenerating 358 

forest, non-forested wetland, linear features (roads, trails, railroads), and canopy gaps in 359 

forest matrix. We used aerial photographs and land cover data (Garner et al. 2016) to 360 

determine which non-forest type(s) were associated with each mortality site. The land 361 

cover data were a modified version of National Land Cover Data (NLCD) that included 362 

classes portraying early successional forest. Canopy disturbances occurring between 1990 363 

and 2009 were identified and mapped using Landsat time series stacks and a modified 364 

vegetation change tracking algorithm (Garner et al. 2016; Tavernia et al. 2016). When 365 

mortality sites were associated with multiple non-forest types, we recorded all types of 366 

non-forest. We calculated the proportion of mortality sites within or near each non-forest 367 

category and compared frequencies of non-forest types among predators.   368 

 369 

4.4 RESULTS 370 

We documented predation of 71 radio-collared martens from 2008 through 2015, 371 

including 45 females and 26 males. For 43 of these predation events, we could identify 372 

the predator from field investigations, necropsies, and forensic genetic data. Bobcats were 373 
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the most frequent predator, killing 26 martens (60% of predation events with identified 374 

predators). Additionally, fishers killed 6 martens, red foxes killed 3 martens, a coyote 375 

killed 1 marten, a Canada lynx killed 1 marten, and raptors killed 6 martens. We did not 376 

attempt to identify raptors to species. Un-identified mammalian predators accounted for 377 

24 out of 28 (86%) predation events for which the predator could not be identified, while 378 

the remaining 4 predation events could have been caused by mammals or raptors. We 379 

grouped some predators by guild to increase sample sizes. Predator groups used for 380 

analyses were bobcats and lynx (felid guild), fishers, coyotes and red foxes (canid guild), 381 

and raptors. Hereafter, we refer to the felid guild as bobcats because bobcats accounted 382 

for 26 of 27 predation events attributed to the felid guild and because lynx and bobcats 383 

have similar behaviors.  384 

 Sites where bobcats killed martens were more frequently in lowland forest 385 

(woody wetlands) than non-mortality locations, which were more likely to be located in 386 

forested areas (Fisher’s exact test, P < 0.001; Figure 4.3). Additionally, bobcat mortality 387 

sites were significantly closer to non-forest habitats (Paired t-test, t = -2.22, P = 0.02; 388 

Figure 4.4A) and were surrounded by more non-forest habitats (Paired t-test, t = 2.34, P = 389 

0.01; Figure 4.4B) than sites where martens were alive. There was no difference in 390 

understory complexity between mortality sites and telemetry locations from where 391 

martens were alive (Paired t-test, t = -1.39, P = 0.91; Figure 4.4C). Sites where bobcats 392 

killed martens were often associated with more than one type of non-forested habitat. The 393 

types of non-forest habitats within which or near where bobcats killed martens were 394 

typically shrubland (63% of bobcat mortality sites) or young forest regenerating from 395 
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clear cuts occurring between 1990 and 2013 (56% of sites), but bobcats also killed 396 

martens within or near non-forested wetlands (41% of sites; Table 4.3).  397 

 There were no significant differences in distance to non-forested habitats 398 

(Kruskal-Wallis, H = 6.9, df = 4, P = 0.14; Figure 4.5A) or proportion of non-forested 399 

habitat within 140 m buffers around mortality sites (Kruskal-Wallis, H = 8.9, df = 4, P = 400 

0.06; Figure 4.5B) between predator species and groups, possibly due to small sample 401 

sizes and variability at sites where martens were killed by bobcats, canines, and fishers. 402 

Although not significant, sites where martens were killed by raptors appeared to be closer 403 

to non-forested areas than sites where martens were killed by other predators (Figure 404 

4.5A). All 6 sites where martens were killed by raptors were within 50 m of non-forested 405 

areas. Similarly, sites where martens were killed by raptors were in areas with a greater 406 

proportion of non-forested habitats, and canines appeared to use areas with lower 407 

proportions of non-forest habitats than raptors. The categories of non-forest areas 408 

associated with mortality sites varied among predator groups. Raptor mortality sites were 409 

typically associated with wetland (67%), and roads and trails (33%), fisher mortality sites 410 

were associated with shrubland (50%), and canine mortality sites were associated with 411 

shrubland (100%) and wetlands (50%; Table 4.3).  Overall, these results suggest that 412 

there are some differences in characteristics between sites where martens were killed by 413 

different predators.  414 

 415 

4.5 DISCUSSION 416 

Our results provide direct evidence that vegetation structure is associated with predation 417 

of martens, supporting past studies on marten habitat selection that hypothesized that 418 
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selection of areas with closed canopies mitigated predation risk (Thompson et al. 2012). 419 

Martens are susceptible to predation in areas without forest canopies (<25% canopy 420 

cover) because they are more likely to encounter bobcats and other predators in these 421 

areas and because these areas lack the characteristics used by martens to escape once 422 

predators are encountered. For example, climbing may be an effective escape behavior 423 

used by martens when predators are encountered (Joyce et al. 2017), and climbing 424 

opportunities are limited in wetlands, shrublands, and young or regenerating forests. On 425 

the other hand, we had conflicting results regarding whether understory cover affected 426 

marten-predator interactions. Despite lack of significant differences in understory 427 

complexity among predation sites and locations where martens were alive, non-forested 428 

areas near sites where bobcats and other predators killed martens were commonly 429 

shrubland cover types. Shrubland habitat promotes encounters between martens and 430 

predators like bobcats that use this cover type for foraging (Fuller et al. 1985; Boyle and 431 

Fendley 1987; Clare et al. 2015), while the function of understory cover in mediating the 432 

outcomes of encounters between martens and predators is likely variable. In some 433 

situations, understory complexity may provide concealment or escape cover for martens, 434 

while in other situations it may conceal predators like bobcats through reduced visual or 435 

olfactory detection of predators by martens.  436 

Although our results suggest that certain structural habitats are associated with 437 

higher predation risk, there were differences in characteristics of predation sites resulting 438 

from different predators. This was most apparent with mortality sites from raptors, which 439 

were much closer to and in areas with greater proportions of non-forested areas, and 440 

mortality sites from canines, which were in areas with relatively little non-forested 441 



127 

 

habitats. Differences in the relationship between habitat structure and predator species or 442 

guild is expected because intraguild predation often occurs in the favored habitat of the 443 

intraguild predator (Viota et al. 2012; Wengert 2013) and because martens are susceptible 444 

to predation by several mammalian and raptorial predators, many of which have differing 445 

life history strategies and habitat requirements. Furthermore, differences in characteristics 446 

of predation sites among predator guilds provides information on differences on how and 447 

why these encounters occur. For example, some raptors commonly hunt for prey in 448 

wetlands and along roads and trails (Ganey et al. 1997; Planillo et al. 2015), and martens 449 

may be vulnerable to raptor predation when crossing wetlands or roads near where 450 

undetected raptors are perched. Upon encountering a raptor in these areas, martens would 451 

have limited opportunities to escape due to lack of structure (Thompson et al. 2012; 452 

Moriarty et al. 2015). On the other hand, sites where martens were killed by bobcats were 453 

farther from non-forest habitats compared to sites where raptors killed martens. 454 

Furthermore, bobcat mortality sites were more commonly associated with shrubland and 455 

young/regenerating forest rather than wetlands and roads, which suggests that martens 456 

may be prone to predation by bobcat while using these areas to forage for shared prey 457 

resources (hares, red squirrels, and microtine rodents).  458 

Given the risk associated with non-forested habitats, martens should avoid these 459 

areas as much as possible, and the body of research on marten habitat selection 460 

demonstrates that generally they do (Chapin et al. 1998; Potvin et al. 2000; Slauson et al. 461 

2007; Thompson et al. 2012; Joyce 2013; Moriarty et al. 2015). Nonetheless, we suggest 462 

that the ability of individual martens to completely avoid non-forested areas may be 463 

constrained by at least two factors. First, dietary niche overlap between martens and 464 
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bobcats reduces the ability of martens to fully avoid areas where bobcats are active, 465 

including shrubland, lowland conifer forest, and young/regenerating forests where 466 

snowshoe hare are relatively common and pursued by both predators. Martens may be 467 

more likely to use risky habitats where prey are present or when alternative, non-shared 468 

prey are scarce. Thus, the distribution, abundance, and dynamics of prey populations 469 

likely modulates the strength of interactions between martens and bobcats. Similarly, 470 

facilitation by larger predators may also influence where martens encounter predators and 471 

the outcome of these interactions (Sivy et al. 2017). For example, deer killed by wolves 472 

during winter may be used by both martens and bobcats, and complex trophic interactions 473 

between wolves, martens, and bobcats could influence the frequency of encounters 474 

between martens and bobcats.  475 

Second, even when not foraging for shared prey resources, martens may be 476 

required to move near or through sub-optimal habitat while moving throughout their 477 

territories due to landscape heterogeneity. Logging can have a large impact on the 478 

distribution and quality of marten habitat (Thompson et al. 2012; Moriarty et al. 2015), 479 

and the legacy of past forest management may affect marten-predator interactions by 480 

changing the composition and configuration of the landscape (Manlick et al. 2017). 481 

Martens may not establish home ranges in areas composed of >30% unsuitable habitat 482 

(Chapin et al. 1998; Potvin et al. 2000), but the distribution and abundance of suitable 483 

and unsuitable habitat varies across the landscape. Consequently, the amount of predation 484 

risk experienced by individual martens likely varies with the interspersion and 485 

juxtaposition of risky habitats within individual home ranges, and martens with greater 486 

amounts of risky habitats interspersed within their home ranges may be more likely to be 487 
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killed by predators. This is a potentially important area for future research, because 488 

understanding potential effects of forest management on habitat suitability and marten-489 

predator dynamics is an important step towards the development of forest management 490 

guidelines that effectively conserve suitable marten habitat.  491 

LiDAR data were a valuable tool for addressing our hypotheses because of its 492 

ability to provide accurate data on the fine-scale habitat characteristics that we predicted 493 

would influence interactions between martens and their predators. Collecting the same 494 

data using field-sampling techniques would have been logistically challenging, 495 

particularly because the main effects we identified were distance to non-forest habitats 496 

and habitat composition of areas that would have been challenging to measure in the field 497 

(i.e., 140 m radius circle). Because LiDAR data are available throughout our entire study 498 

area, it should also be a valuable tool for quantifying the composition and configuration 499 

of non-forested areas within marten home ranges to investigate differences in home range 500 

quality between martens that were killed by predators and those that were not.   501 

Although results provide compelling evidence for the role that habitat structure 502 

plays in marten-bobcat interactions, there are many aspects of the marten-predator 503 

interactions that remain poorly understood. Data on how frequently martens and bobcats 504 

or other predators encounter each other, where these encounters take place, and what the 505 

role of vegetation structure is in the outcome of these interactions will be important to 506 

more fully understand marten-predator interactions. Direct data on both marten and 507 

predator movements and habitat use will be required to address these important 508 

questions. Furthermore, because dietary niche overlap is likely to influence the strength 509 

of marten-predator interactions, future efforts to understand marten-predator interactions 510 
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should quantify diet composition and prey abundance and distribution and focus on 511 

understanding foraging behavior and selection of foraging habitat.  512 

Past studies reporting predators of martens have been limited by small sample 513 

sizes and large numbers of predation events for which the predator cannot be identified. 514 

Although our study documented many more predation events than past studies, our data 515 

had small sample sizes for all predators other than bobcats and we could not determine 516 

the predator for many of the depredated martens. Consequently, it is unclear whether the 517 

predation sites for raptors, canines, and fishers are representative of all areas where 518 

martens encounter and are killed by these predators, and our results should be interpreted 519 

in that context. Another caveat with our analyses is that we assumed that sites where 520 

martens were recovered were representative of the sites where martens encountered and 521 

were killed by predators. Although this is probably a reasonable assumption for 522 

mammalian predators, raptors could potentially carry martens farther from the site of 523 

capture before consumption. Ultimately, future research is needed to more fully 524 

understand marten-predator interactions, especially differences in characteristics of sites 525 

where martens are killed by different predator guilds.   526 
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4.6 TABLES  527 

Table 4.1. Predators of American and Pacific martens documented by past studies from across North America. 528 

Region Location Predators (Number of mortalities) Reference 

Eastern North America Maine Coyote (2), fisher (2), marten (2), raptor (1), unknown 

predator (1) 

Hodgman et al. (1997) 

 Quebec Unreported predator (4) Potvin and Breton (1997) 

 Newfoundland Red fox (9), coyote (1), unknown predator (6) Hearn (2007) 

    

Central North America Ontario Raptor (3), red fox (1)  Thompson (1994) 

 Michigan Raptor (1), mammal (1) Belant (2007) 

 Wisconsin Fisher (4), raptor (4), unknown mammal (1), unknown 

predator (2) 

McCann et al. 2010 

 Wisconsin Fisher (3), bobcat (2), coyote (1), raptor (1), unknown 

mammal (4) 

Woodford et al. (2013) 

 Minnesota Bobcat (26), fisher (6), raptor (6), red fox (3), coyote 

(1), lynx (1), unk. mammal (24), unk. predator (4) 

This study 
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Western North America Oregon Bobcat (8), marten (4), raptor (4), coyote (2) Bull and Heater (2001) 

 British Columbia Raptor (2) Poole et al. (2004) 

 California Bobcat (5), unknown mammal (3), raptor (2), unknown 

predator (2) 

Moriarty et al. (2014) 

  Oregon Coyote (10-17)*, bobcat (4-10), raptor (6), badger (1-4) Wilk and Raphael (2018) 

*Ranges provided by authors to acknowledge uncertainty in predator identification 529 

  530 
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Table 4.2. Variables, hypothesized effects, and data sources used to evaluate the role of vegetation structure in interactions between 531 

American martens and intraguild predators in Minnesota, USA. 532 

Factor Variable(s) Hypothesized effect Data source(s) 

Land cover Land cover class Martens are susceptible to predation by bobcats when 

near or within cover types selected by bobcats: lowland 

forest, shrubland, and non-forested wetlands. 

National Land Cover Data 

(2011) 

    

Canopy cover Distance to non-forest; 

amount of non-forest in 

140 m buffer 

Martens are susceptible to predation by bobcats near and 

within non-forested areas (≤25% canopy cover) 

Statewide LiDAR (2011)
1
 

    

Understory 

complexity 

Understory Cover Index 

(UCI) 

Dense understory cover serves as concealment and 

escape cover, allowing martens to avoid predation in 

areas with dense understory cover 

Statewide LiDAR (2011)
1
 

1
LiDAR data were collected for the Minnesota Elevation Mapping Project (Minnesota IT Services 2018).  
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Table 4.3. Types of non-forest habitat associated with sites where martens were killed by intraguild predators in Minnesota, USA. 533 

Values include the number of sites associated with each category. Values in parentheses are percent of sites associated with each non-534 

forest category. Sites were often associated with >1 non-forest category, and percentages were calculated based on the total number of 535 

sites.  536 

Non-forest category Bobcat Fisher Canine Raptor Unknown Total 

Shrubland 17 (63%) 3 (50%) 4 (100%) 1 (17%) 18 (64%) 44 (62%) 

Young/Regenerating Forest 15 (56%) 2 (33%) 1 (25%) 1 (17%) 8 (29%) 28 (39%) 

Wetland 11 (41%) 1 (17%) 2 (50%) 4 (67%) 7 (25%) 26 (37%) 

Roads, trails, railroads 5 (19%) 1 (17%) 0 (0%) 2 (33%) 7 (25%) 15 (21%) 

Canopy gaps 0 (0%) 1 (17%) 0 (0%) 0 (0%) 1 (4%) 2 (3%) 

Total mortality sites 27 6 4 6 28 71 

  537 
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4.7 FIGURES 

 

Figure 4.1. Location of our study area in the south-central portion of the Superior 

National Forest in northeastern Minnesota, USA. Blue points show the centroids of 71 

radio-collared martens killed by predators that were included in our analyses.  
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Figure 4.2. Overview of the process used to identify non-forested areas using airborne 

LiDAR data in northeastern Minnesota, USA. 
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Figure 4.3. Comparison of the cover type composition of sites where martens were killed 

by bobcats to telemetry locations where martens were alive.  
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Figure 4.4. Comparison of the distance to non-forest (A), proportion of non-forest (B), 

and understory cover index (C) between sites where American martens were killed by 

bobcats to telemetry locations where martens were alive. The proportion of non-forest 

and mean understory cover index were summarized within 140 m buffers of locations.  
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Figure 4.5. Comparison of distance to non-forest and percent non-forest among sites 

where radio-collared American martens were killed by intraguild predators in 

northeastern Minnesota, USA. Plots in the first column show individual sites, while plots 

in the second column who frequency distributions for each predator group.  

  



140 

 

LITERATURE CITED 

ABALHARTH, M., M. A. HASSAN, B. KLINKENBERG, V. LEUNG, AND R. MCCLEARY. 2015. 

Using LiDAR to characterize logjams in lowland rivers. Geomorphology 

246:531–541. 

ALASKA DEPARTMENT OF GAME AND FISH. 2018. 2018-2019 Alaska trapping regulations. 

ALLEN, A. 1982. Habitat suitability index models: marten. USDI Fish and Wildlife 

Service. FWS/OBS-92/10.11. 

ANDRUSKIW, M., J. M. FRYXELL, I. D. THOMPSON, AND J. A. BAKER. 2008. HABITAT-

MEDIATED VARIATION IN PREDATION RISK BY THE AMERICAN 

MARTEN. Ecology 89:2273–2280. 

ARCHIBALD, W., AND R. JESSUP. 1984. Population dynamics of the pine marten (Martes 

americana) in the Yukon Territory. Pp. 81–97 in Northern ecology and resource 

management: memorial essays honouring Don Gill (R. Olson, R. Hastings & F. 

Geddes, eds.). University of Alberta Press, Edmonton, Alberta. 

ARMITAGE, K. B. 1973. Population Changes and Social Behavior Following Colonization 

by the Yellow-Bellied Marmot. Journal of Mammalogy 54:842–854. 

ARONSSON, M. 2017. “O neighbour, where art thou?”: spatial and social dynamics in 

wolverine and lynx, from individual space use to population distribution. Ph.D., 

Uppsala-Sveriges lantbruksuniversitet. 

ARROYO, L. A., C. PASCUAL, AND J. A. MANZANERA. 2008. Fire models and methods to 

map fuel types: the role of remote sensing. Forest ecology and management 

256:1239–1252. 

BENNETT, A. F. 1991. Roads, roadsides and wildlife conservation: a review. Nature 

conservation 2: the role of corridors. 

BERG, S. S., J. D. ERB, J. R. FIEBERG, AND J. D. FORESTER. 2017. Utility of radio-telemetry 

data for improving statistical population reconstruction. The Journal of Wildlife 

Management 81:535–544. 

BLED, F., S. SUMMERS, D. MARTELL, T. R. PETROELJE, D. E. BEYER, AND J. L. BELANT. 

2015. Effects of Prey Presence and Scale on Bobcat Resource Selection during 

Winter. PLOS ONE 10:e0143347. 

BOWMAN, J., AND J.-F. ROBITAILLE. 2005. An assessment of expert-based marten habitat 

models used for forest management in Ontario. The Forestry Chronicle 81:801–

807. 

BOYLE, K. A., AND T. T. FENDLEY. 1987. Habitat suitability index models: bobcat. US 

Fish and Wildlife Service. 



141 

 

BROQUET, T., C. A. JOHNSON, E. PETIT, I. THOMPSON, F. BUREL, AND J. M. FRYXELL. 

2006. Dispersal and genetic structure in the American marten, Martes americana. 

Molecular Ecology 15:1689–1697. 

BULL, E. L., AND T. W. HEATER. 2001. Survival, Causes of Mortality, and Reproduction 

in the American Marten in Northeastern Oregon. Northwestern Naturalist 82:1. 

BULL, E. L., C. G. PARKS, AND T. R. TORGERSEN. 1997. Trees and logs important to 

wildlife in the interior Columbia River basin. Gen. Tech. Rep. PNW-GTR-391. 

Portland, OR: US Department of Agriculture, Forest Service, Pacific Northwest 

Research Station. 55 p 391. 

BURNHAM, K. P., AND D. R. ANDERSON. 2002. Model selection and multimodel inference 

New York. NY: Springer. 

BUSKIRK, S. W., J. BOWMAN, AND J. H. GILBERT. 2012. 5. Population Biology and Matrix 

Demographic Modeling of American Martens and Fishers. Biology and 

Conservation of Martens, Sables, and Fishers (K. B. Aubry, W. J. Zielinski, M. G. 

Raphael, G. Proulx & S. W. Buskirk, eds.). Cornell University Press, Ithaca, NY. 

BUSKIRK, S. W., AND L. L. MCDONALD. 1989. Analysis of Variability in Home-Range 

Size of the American Marten. The Journal of Wildlife Management 53:997. 

BUSKIRK, S. W., AND R. A. POWELL. 1994. Habitat ecology of fishers and American 

martens. Martens, sables, and fishers: biology and conservation. Cornell 

University Press, Ithaca, New York, USA:283–296. 

BUSKIRK, S. W., AND L. F. RUGGIERO. 1994. American marten. Pp. 7–37 in The Scientific 

Basis for Conserving Forest Carnivores: American marten, fisher, lynx, and 

wolverine in the Western United States (L. F. Ruggiero, K. B. Aubry, S. W. 

Buskirk, L. J. Lyon & W. J. Zielinski, eds.). USDA Forest Service, General 

Technical Report RM-254. 

BUTTS, S. R., AND W. C. MCCOMB. 2000. Associations of forest-floor vertebrates with 

coarse woody debris in managed forests of western Oregon. The Journal of 

wildlife management:95–104. 

CAMERON, A. C., AND P. K. TRIVEDI. 1990. Regression-based tests for overdispersion in 

the Poisson model. Journal of econometrics 46:347–364. 

CARO, T., AND M. K. LAURENSON. 1994. Ecological and genetic factors in conservation: a 

cautionary tale. Science 263:485–486. 

CARO, T. M. 1994. Cheetahs of the Serengeti Plains: group living in an asocial species. 

University of Chicago Press, Chicago. 



142 

 

CHAPIN, T. G., D. J. HARRISON, AND D. D. KATNIK. 1998. Influence of Landscape Pattern 

on Habitat Use by American Marten in an Industrial Forest. Conservation Biology 

12:1327–1337. 

CHASE, A. F. ET AL. 2011. Airborne LiDAR, archaeology, and the ancient Maya 

landscape at Caracol, Belize. Journal of Archaeological Science 38:387–398. 

CLARE, J. D. J., E. M. ANDERSON, AND D. M. MACFARLAND. 2015. Predicting bobcat 

abundance at a landscape scale and evaluating occupancy as a density index in 

central Wisconsin: Bobcat Abundance and Occupancy in Wisconsin. The Journal 

of Wildlife Management 79:469–480. 

COFFIN, A. W. 2007. From roadkill to road ecology: A review of the ecological effects of 

roads. Journal of Transport Geography 15:396–406. 

CREEL, S., AND N. M. CREEL. 1996. Limitation of African Wild Dogs by Competition 

with Larger Carnivores. Conservation Biology 10:526–538. 

CROOKS, K. R., AND M. E. SOULÉ. 1999. Mesopredator release and avifaunal extinctions 

in a fragmented system. Nature 400:563–566. 

CURTIS, R. O., AND D. D. MARSHALL. 2000. Why quadratic mean diameter? Western 

Journal of Applied Forestry 15:137–139. 

CUSHMAN, S. A., M. G. RAPHAEL, L. F. RUGGIERO, A. S. SHIRK, T. N. WASSERMAN, AND 

E. C. O’DOHERTY. 2011. Limiting factors and landscape connectivity: the 

American marten in the Rocky Mountains. Landscape Ecology 26:1137–1149. 

CYPHER, B. L., AND K. A. SPENCER. 1998. Competitive Interactions between Coyotes and 

San Joaquin Kit Foxes. Journal of Mammalogy 79:204–214. 

DAVIES, A. B., AND G. P. ASNER. 2014. Advances in animal ecology from 3D-LiDAR 

ecosystem mapping. Trends in ecology & evolution 29:681–691. 

DAVIES, A. B., C. J. TAMBLING, G. I. H. KERLEY, AND G. P. ASNER. 2016. Effects of 

Vegetation Structure on the Location of Lion Kill Sites in African Thicket. PLOS 

ONE 11:e0149098. 

DELIBES, M., P. FERRERAS, AND P. GAONA. 2001a. Attractive sinks, or how individual 

behavioural decisions determine source-sink dynamics. Ecology Letters 4:401–

403. 

DELIBES, M., P. GAONA, AND P. FERRERAS. 2001b. Effects of an Attractive Sink Leading 

into Maladaptive Habitat Selection. The American Naturalist 158:277–285. 

DEVEREUX, B. J., G. S. AMABLE, P. CROW, AND A. D. CLIFF. 2005. The potential of 

airborne lidar for detection of archaeological features under woodland canopies. 

Antiquity 79:648–660. 



143 

 

DIAS, P. C. 1996. Sources and sinks in population biology. Trends in Ecology & 

Evolution 11:326–330. 

DORMANN, C. F. ET AL. 2013. Collinearity: a review of methods to deal with it and a 

simulation study evaluating their performance. Ecography 36:27–46. 

ELSKEN-LACY, P., A. M. WILSON, G. A. HEIDT, AND J. H. PECK. 1999. Arkansas gray fox 

fur price-harvest model revisited. Journal of the Arkansas Academy of Sciences 

53:50–54. 

ERB, J., P. COY, AND B. SAMPSON. 2015. Survival and causes of mortality for fishers and 

martens in Minnesota. Minnesota Department of Natural Resources, Wildlife 

Populations and Research Unit. 

ERB, J. D. 2015a. Registered furbearer population modeling 2015 report. Minnesota 

Department of Natural Resources, Grand Rapids, Minnesota, USA. 

ERB, J. D. 2015b. Furbearer winter track survey summary, 2015. Minnesota Department 

of Natural Resources, Grand Rapids, Minnesota, USA. 

ERB, J. D. 2017. Registered furbearer harvest statistics 2016-17. Minnesota Department 

of Natural Resources, Grand Rapids, Minnesota, USA. 

ERB, J. D., C. HUMPAL, AND B. SAMPSON. 2017. Minnesota wolf population update 2017. 

Minnesota Department of Natural Resources, Grand Rapids, Minnesota, USA. 

FALCUCCI, A., P. CIUCCI, L. MAIORANO, L. GENTILE, AND L. BOITANI. 2009. Assessing 

habitat quality for conservation using an integrated occurrence-mortality model. 

Journal of Applied Ecology 46:600–609. 

FALKOWSKI, M. J., J. S. EVANS, S. MARTINUZZI, P. E. GESSLER, AND A. T. HUDAK. 2009. 

Characterizing forest succession with lidar data: An evaluation for the Inland 

Northwest, USA. Remote Sensing of Environment 113:946–956. 

FALKOWSKI, M. J., A. M. SMITH, A. T. HUDAK, P. E. GESSLER, L. A. VIERLING, AND N. L. 

CROOKSTON. 2006. Automated estimation of individual conifer tree height and 

crown diameter via two-dimensional spatial wavelet analysis of lidar data. 

Canadian Journal of Remote Sensing 32:153–161. 

FIEBERG, J., AND D. H. JOHNSON. 2015. MMI: Multimodel inference or models with 

management implications?: Multimodel Inference and Models for Management. 

The Journal of Wildlife Management 79:708–718. 

FISHER, J. T., B. ANHOLT, S. BRADBURY, M. WHEATLEY, AND J. P. VOLPE. 2013. Spatial 

segregation of sympatric marten and fishers: the influence of landscapes and 

species-scapes. Ecography 36:240–248. 



144 

 

FORTIN, C., AND M. CANTIN. 1994. The effects of trapping on a newly exploited 

American marten population. Martens, sables, and fishers: biology and 

conservation. Cornell University Press, Ithaca, New York, USA:179–191. 

FRYXELL, J., J. B. FALLS, E. A. FALLS, R. J. BROOKS, L. DIX, AND M. STRICKLAND†. 2001. 

Harvest dynamics of mustelid carnivores in Ontario, Canada. Wildlife Biology 

7:151–159. 

FRYXELL, J. M., J. B. FALLS, E. A. FALLS, R. J. BROOKS, L. DIX, AND M. A. STRICKLAND. 

1999. Density Dependence, Prey Dependence, and Population Dynamics of 

Martens in Ontario. Ecology 80:1311. 

FULLER, T. K., W. E. BERG, AND D. W. KUEHN. 1985. Bobcat Home Range Size and 

Daytime Cover-Type Use in Northcentral Minnesota. Journal of Mammalogy 

66:568–571. 

GANEY, J. L., W. M. BLOCK, J. S. JENNESS, AND R. A. WILSON. 1997. Comparative habitat 

use of sympatric Mexican spotted and great horned owls. Journal of Wildlife 

Research. 2 (2): 115-123. 

GARNER, J. D. 2013. Selection of disturbed habitat by fishers (Martes pennanti) in the 

Sierra National Forest. M.S., Humboldt State University. 

GARNER, J. D., M. D. NELSON, B. G. TAVERNIA, I. W. HOUSMAN, AND C. H. PERRY. 2016. 

Early successional forest and land cover geospatial data of the upper Midwest. 

U.S. Forest Service Research Data Archive, Fort Collins, CO. 

GIUDICE, J. H., J. R. FIEBERG, AND M. S. LENARZ. 2012. Spending degrees of freedom in a 

poor economy: A case study of building a sightability model for moose in 

northeastern Minnesota. The Journal of Wildlife Management 76:75–87. 

GOETZ, S. J. ET AL. 2010. Lidar remote sensing variables predict breeding habitat of a 

Neotropical migrant bird. Ecology 91:1569–1576. 

GOODWIN, N., N. COOPS, C. BATER, AND S. GERGEL. 2007. Assessment of sub-canopy 

structure in a complex coniferous forest. ISPRS Workshop on Laser Scanning and 

SilviLaser 2007, Espoo, September 12–14, 2007, Finland. 

GOSSELIN, J., A. ZEDROSSER, J. E. SWENSON, AND F. PELLETIER. 2014. The relative 

importance of direct and indirect effects of hunting mortality on the population 

dynamics of brown bears. Proceedings of the Royal Society B: Biological 

Sciences 282:20141840–20141840. 

GRAHAM, M. H. 2003. Confronting multicollinearity in ecological multiple regression. 

Ecology 84:2809–2815. 

HALL, L. S., P. R. KRAUSMAN, AND M. L. MORRISON. 1997. The habitat concept and a 

plea for standard terminology. Wildlife Society Bulletin 25:173–182. 



145 

 

HARMON, M. E. ET AL. 1986. Ecology of coarse woody debris in temperate ecosystems. 

Pp. 133–302 in Advances in ecological research. Elsevier. 

HARRELL, F. E. 2001. Regression modeling strategies, with applications to linear models, 

survival analysis and logistic regression. Springer-Verlag, New York, New York, 

USA. 

HAWBAKER, T. J., N. S. KEULER, A. A. LESAK, T. GOBAKKEN, K. CONTRUCCI, AND V. C. 

RADELOFF. 2009. Improved estimates of forest vegetation structure and biomass 

with a LiDAR-optimized sampling design: LIDAR-OPTIMIZED SAMPLING. 

Journal of Geophysical Research: Biogeosciences 114:n/a-n/a. 

HAYES, J. P., AND S. P. CROSS. 1987. Characteristics of logs used by western red-backed 

voles, Clethrionomys californicus, and deer mice, Peromyscus maniculatus. 

Canadian field-naturalist. Ottawa ON 101:543–546. 

HEILMANN-CLAUSEN, J., AND M. CHRISTENSEN. 2004. Does size matter?: on the 

importance of various dead wood fractions for fungal diversity in Danish beech 

forests. Forest Ecology and Management 201:105–117. 

HILLER, T. L., D. R. ETTER, J. L. BELANT, AND A. J. TYRE. 2011. Factors affecting 

harvests of fishers and American martens in northern michigan. The Journal of 

Wildlife Management 75:1399–1405. 

HODGMAN, T. P., D. J. HARRISON, D. D. KATNIK, AND K. D. ELOWE. 1994. Survival in an 

Intensively Trapped Marten Population in Maine. The Journal of Wildlife 

Management 58:593. 

HODGMAN, T. P., D. J. HARRISON, D. M. PHILLIPS, AND K. D. ELOWE. 1997. Survival of 

American marten in an untrapped forest preserve in Maine. Martes: taxomony, 

ecology, techniques, and management (G. Proulx, HN Bryant, and PM Woodard, 

eds.). Provincial Museum of Alberta, Edmonton, Alberta, Canada:86–99. 

HOMER, C. ET AL. 2015. Completion of the 2011 National Land Cover Database for the 

conterminous United States–representing a decade of land cover change 

information. Photogrammetric Engineering & Remote Sensing 81:345–354. 

HOWELL, P. E., E. L. KOEN, B. W. WILLIAMS, G. J. ROLOFF, AND K. T. SCRIBNER. 2016. 

Contiguity of landscape features pose barriers to gene flow among American 

marten (Martes americana) genetic clusters in the Upper Peninsula of Michigan. 

Landscape ecology 31:1051–1062. 

HUDAK, A. T. ET AL. 2006. Regression modeling and mapping of coniferous forest basal 

area and tree density from discrete-return lidar and multispectral satellite data. 

Canadian Journal of Remote Sensing 32:126–138. 

INNIS, H. A. 1999. The fur trade in Canada: An introduction to Canadian economic 

history. University of Toronto Press. 



146 

 

JAKUBOWSKI, M. K., Q. GUO, AND M. KELLY. 2013. Tradeoffs between lidar pulse density 

and forest measurement accuracy. Remote Sensing of Environment 130:245–253. 

JANSSEN, A., M. W. SABELIS, S. MAGALHÃES, M. MONTSERRAT, AND T. VAN DER 

HAMMEN. 2007. HABITAT STRUCTURE AFFECTS INTRAGUILD 

PREDATION. Ecology 88:2713–2719. 

JOHNSON, C. A., J. M. FRYXELL, I. D. THOMPSON, AND J. A. BAKER. 2009. Mortality risk 

increases with natal dispersal distance in American martens. Proceedings of the 

Royal Society of London B: Biological Sciences:rspb20081958. 

JOYCE, M. J. 2013. Space use behavior and multi-scale habitat selection of American 

marten (Martes americana) in northeastern Minnesota. M.S., University of 

Minnesota. 

JOYCE, M. J., AND R. MOEN. 2018. Accuracy of a Modular GPS/GLONASS Receiver. 

JOYCE, M. J., A. ZALEWSKI, J. D. ERB, AND R. MOEN. 2017. Use of resting microsites by 

members of the Martes Complex: the role of thermal stress across species and 

regions. The Martes Complex in the 21st century: ecology and conservation (A. 

Zalewski, I. A. Wierzbowska, K. B. Aubry, Birks, Johnny D. S., D. T. O’Mahony 

& G. Proulx, eds.). Mammal Research Institute, Polish Academy of Sciences, 

Bialowieza, Poland. 

KAPFER, P. M., AND K. B. POTTS. 2012. Socioeconomic and ecological correlates of 

bobcat harvest in Minnesota. The Journal of Wildlife Management 76:237–242. 

KEANE, R. E., J. L. GARNER, K. M. SCHMIDT, D. G. LONG, J. P. MENAKIS, AND M. A. 

FINNEY. 1998. Development of input data layers for the FARSITE fire growth 

model for the Selway-Bitterroot Wilderness complex, USA. Gen. Tech. Rep. 

RMRS-GTR-3. Ogden, UT: US Department of Agriculture, Forest Service, 

Rocky Mountain Research Station. 66 p. 3. 

KLEIBER, C., AND A. ZEILEIS. 2008. Applied Econometrics with R. Springer-Verlag, New 

York. 

KLISKEY, A. ., E. . LOFROTH, W. . THOMPSON, S. BROWN, AND H. SCHREIER. 1999. 

Simulating and evaluating alternative resource-use strategies using GIS-based 

habitat suitability indices. Landscape and Urban Planning 45:163–175. 

KREEGER, T. J., AND J. M. ARNEMO. 2012. Handbook of wildlife chemical 

immobilization. 4th Edition. 

KROHN, W. B., S. M. ARTHUR, AND T. F. PARAGI. 1994. Mortality and vulnerability of a 

heavily trapped fisher population. Pp. 137–146 in Martens, sables, and fishers: 

biology and conservation (S. W. Buskirk, A. S. Harestad, M. G. Raphael & R. A. 

Powell, eds.). Cornell University Press, Ithaca, NY. 



147 

 

KUTNER, M. H., C. J. NACHTSHEIM, J. NETTER, AND W. LI. 2005. Applied linear models. 

5th edition. McGraw-Hill, New York, New York, USA. 

LAMBRECHTS, M. M. ET AL. 2004. Habitat quality as a predictor of spatial variation in 

blue tit reproductive performance: a multi-plot analysis in a heterogeneous 

landscape. Oecologia 141:555–561. 

LANDRIAULT, L. J., B. J. NAYLOR, S. C. MILLS, AND J. A. BAKER. 2012. Evaluating the 

relationship between trapper harvest of American martens ( Martes americana ) 

and the quantity and spatial configuration of habitat in the boreal forests of 

Ontario, Canada. The Forestry Chronicle 88:317–327. 

LEFSKY, M. A., W. B. COHEN, S. A. ACKER, G. G. PARKER, T. A. SPIES, AND D. HARDING. 

1999a. Lidar Remote Sensing of the Canopy Structure and Biophysical Properties 

of Douglas-Fir Western Hemlock Forests. Remote Sensing of Environment 

70:339–361. 

LEFSKY, M. A., W. B. COHEN, G. G. PARKER, AND D. J. HARDING. 2002. Lidar Remote 

Sensing for Ecosystem Studies. BioScience 52:19. 

LEFSKY, M. A., D. HARDING, W. . COHEN, G. PARKER, AND H. . SHUGART. 1999b. Surface 

Lidar Remote Sensing of Basal Area and Biomass in Deciduous Forests of 

Eastern Maryland, USA. Remote Sensing of Environment 67:83–98. 

LOVALLO, M. J., AND E. M. ANDERSON. 1996. Bobcat (Lynx rufus) Home Range Size and 

Habitat Use in Northwest Wisconsin. American Midland Naturalist 135:241. 

LUMLEY, T. 2017. leaps: Regression Subset Selection. 

MANLICK, P. J., J. E. WOODFORD, B. ZUCKERBERG, AND J. N. PAULI. 2017. Niche 

compression intensifies competition between reintroduced American martens 

(Martes americana) and fishers (Pekania pennanti). Journal of Mammalogy 

98:690–702. 

MARTIN, S. K. 1994. Feeding ecology of American martens and fishers. Pp. 297–315 in 

Martens, sables, and fishers: biology and conservation (S. W. Buskirk, A. S. 

Harestad, M. G. Raphael & R. A. Powell, eds.). Cornell University Press, Ithaca, 

NY. 

MARTINUZZI, S. ET AL. 2009. Mapping snags and understory shrubs for a LiDAR-based 

assessment of wildlife habitat suitability. Remote Sensing of Environment 

113:2533–2546. 

MCCANN, N. P., P. A. ZOLLNER, AND J. H. GILBERT. 2010. Survival of Adult Martens in 

Northern Wisconsin. The Journal of Wildlife Management 74:1502–1507. 

MCCOMB, W. C. 2003. Ecology of coarse woody debris and its role as habitat for 

mammals. Pp. 374–404 in Mammal community dynamics: management and 



148 

 

conservation in the coniferous forests of western North America. (C. J. Zabel & 

R. G. Anthony, eds.). Cambridge University Press, New York, New York. 

MCGAUGHEY, R. J. 2016. FUSION/LDV: Software for LIDAR data analysis and 

visualization. US Department of Agriculture, Forest Service, Pacific Northwest 

Research Station: Seattle, WA, USA 3.6. 

MEANS, J. E., S. A. ACKER, B. J. FITT, M. RENSLOW, L. EMERSON, AND C. J. HENDRIX. 

2000. Predicting Forest Stand Characteristics with Airborne Scanning Lidar. 

Photogrammetric Engineering and Remote Sensing 66:1367–1371. 

MECH, L. D., AND L. L. ROGERS. 1977. Status, distribution, and movements of martens in 

northeastern Minnesota. North Central Forest Experiment Station, Forest Service, 

US Department of Agriculture. 

MELIN, M., A. C. SHAPIRO, AND P. GLOVER-KAPFER. 2017. LiDAR for ecology and 

conservation. WWF Conservation Technology Series 1. 

MERRICK, M., J. KOPROWSKI, AND C. WILCOX. 2013. Into the third dimension: Benefits of 

incorporating LIDAR data in wildlife habitat models. US Dept. of Agriculture, 

Forest Service. RMRS-P-67. 

MINNESOTA DEPARTMENT OF NATURAL RESOURCES. 2018. Ecological Classification 

System. 

MINNESOTA IT SERVICES GEOSPATIAL INFORMATION OFFICE. 2018. Minnesota Elevation 

Mapping Project. 

MITCHELL, M. S., AND M. HEBBLEWHITE. 2012. Carnivore habitat ecology: integrating 

theory and application. Carnivore ecology and conservation: a handbook of 

techniques (L. Boitani and RA Powell, eds.). Oxford University Press, London, 

United Kingdom:218–255. 

MORIARTY, K. M., C. W. EPPS, M. G. BETTS, D. J. HANCE, J. D. BAILEY, AND W. J. 

ZIELINSKI. 2015. Experimental evidence that simplified forest structure interacts 

with snow cover to influence functional connectivity for Pacific martens. 

Landscape Ecology 30:1865–1877. 

MORIARTY, K. M., C. W. EPPS, AND W. J. ZIELINSKI. 2014. Pacific marten (Martes 

caurina) habitat use and movement in Lassen National Forest, California. US 

Department of Agriculture, Forest Service, Pacific Southwest Research Station, 

Arcata, CA. 

MOSSER, A., J. M. FRYXELL, L. EBERLY, AND C. PACKER. 2009. Serengeti real estate: 

density vs. fitness-based indicators of lion habitat quality. Ecology Letters 

12:1050–1060. 



149 

 

MOWAT, G. 2006. Winter habitat associations of American martens Martes americana in 

interior wet-belt forests. Wildlife Biology 12:51–61. 

MUNDRY, R., AND C. L. NUNN. 2009. Stepwise Model Fitting and Statistical Inference: 

Turning Noise into Signal Pollution. The American Naturalist 173:119–123. 

NAESSET, E. 1997. Estimating timber volume of forest stands using airborne laser scanner 

data. Remote Sensing of Environment 61:246–253. 

NAESSET, E. 2004. Practical large-scale forest stand inventory using a small-footprint 

airborne scanning laser. Scandinavian Journal of Forest Research 19:164–179. 

NAESSET, E., AND K.-O. BJERKNES. 2001. Estimating tree heights and number of stems in 

young forest stands using airborne laser scanner data. Remote sensing of 

Environment 78:328–340. 

NAVES, J., T. WIEGAND, E. REVILLA, AND M. DELIBES. 2003. Endangered Species 

Constrained by Natural and Human Factors: the Case of Brown Bears in Northern 

Spain. Conservation Biology 17:1276–1289. 

NELSON, R., W. KRABILL, AND J. TONELLI. 1988. Estimating forest biomass and volume 

using airborne laser data. Remote sensing of environment 24:247–267. 

NIELSEN, S. E., G. B. STENHOUSE, AND M. S. BOYCE. 2006. A habitat-based framework 

for grizzly bear conservation in Alberta. Biological Conservation 130:217–229. 

NORTON, A., AND J. H. GIUDICE. 2017. Monitoring population trends of white-tailed deer 

in Minnesota - 2017. Minnesota Department of Natural Resources, Grand Rapids, 

Minnesota, USA. 

NOYCE, K. V., AND D. L. GARSHELIS. 1997. Influence of Natural Food Abundance on 

Black Bear Harvests in Minnesota. The Journal of Wildlife Management 61:1067. 

PALOMARES, F., AND T. M. CARO. 1999. Interspecific Killing among Mammalian 

Carnivores. The American Naturalist 153:492–508. 

PARENT, J. R., AND J. C. VOLIN. 2014. Assessing the potential for leaf-off LiDAR data to 

model canopy closure in temperate deciduous forests. ISPRS Journal of 

Photogrammetry and Remote Sensing 95:134–145. 

PEREIRA, P., A. ALVES DA SILVA, J. ALVES, M. MATOS, AND C. FONSECA. 2012. 

Coexistence of carnivores in a heterogeneous landscape: habitat selection and 

ecological niches. Ecological Research 27:745–753. 

PESONEN, A., M. MALTAMO, K. EERIKÄINEN, AND P. PACKALÈN. 2008. Airborne laser 

scanning-based prediction of coarse woody debris volumes in a conservation area. 

Forest Ecology and Management 255:3288–3296. 



150 

 

PETTORELLI, N. ET AL. 2002. Variations in adult body mass in roe deer: the effects of 

population density at birth and of habitat quality. Proceedings of the Royal 

Society B: Biological Sciences 269:747–753. 

PETTORELLI, N., J.-M. GAILLARD, P. DUNCAN, J.-P. OUELLET, AND G. VAN LAERE. 2001. 

Population density and small-scale variation in habitat quality affect phenotypic 

quality in roe deer. Oecologia 128:400–405. 

PLANILLO, A., S. KRAMER-SCHADT, AND J. E. MALO. 2015. Transport Infrastructure 

Shapes Foraging Habitat in a Raptor Community. PLOS ONE 10:e0118604. 

POLIS, G. A., AND R. D. HOLT. 1992. Intraguild predation: the dynamics of complex 

trophic interactions. Trends in Ecology & Evolution 7:151–154. 

POLIS, G. A., C. A. MYERS, AND R. D. HOLT. 1989. The ecology and evolution of 

intraguild predation: potential competitors that eat each other. Annual review of 

ecology and systematics 20:297–330. 

POOLE, K. G. 2003. A Review of the Canada Lynx, Lynx canadensis, in Canada. The 

Canadian Field-Naturalist 117:360. 

POTVIN, F., L. BÉLANGER, AND K. LOWELL. 2000. Marten Habitat Selection in a Clearcut 

Boreal Landscape. Conservation Biology 14:844–857. 

POWELL, R. A. 1994. Structure and spacing of Martes populations. Pp. 101–121 in 

Martens, sables, and fishers: biology and conservation (S. W. Buskirk, A. S. 

Harestad, M. G. Raphael & R. A. Powell, eds.). Cornell University Press, Ithaca, 

NY. 

PROULX, G. ET AL. 2005. World Distribution and Status of the Genus Martes in 2000. Pp. 

21–76 in Martens and Fishers (Martes) in Human-Altered Environments (D. J. 

Harrison, A. K. Fuller & G. Proulx, eds.). Springer-Verlag, New York. 

PRUGH, L. R. ET AL. 2009. The Rise of the Mesopredator. BioScience 59:779–791. 

QUICK, H. F. 1956. Effects of Exploitation on a Marten Population. The Journal of 

Wildlife Management 20:267. 

R CORE TEAM. 2017. R: A Language and Environment for Statistical Computing. R 

Foundation for Statistical Computing, Vienna, Austria. 

RAPHAEL, M. G., AND L. L. JONES. 1997. Characteristics of resting and denning sites of 

American martens in central Oregon and western Washington. Martens: 

taxonomy, ecology, techniques and management. Edmonton, AB: Provincial 

Museum of Alberta:146–165. 

RASA, O. A. E. 2010. Coordinated Vigilance in Dwarf Mongoose Family Groups: The 

‘Watchman’s Song’ Hypothesis and the Costs of Guarding. Ethology 71:340–344. 



151 

 

ROBINSON, J. G., AND R. E. BODMER. 1999. Towards Wildlife Management in Tropical 

Forests. The Journal of Wildlife Management 63:1. 

ROBITAILLE, J.-F., AND K. AUBRY. 2000. Occurrence and activity of American martens 

Martens americana in relation to roads and other routes. Acta Theriologica 

45:137–143. 

ROUSSEL, J., AND D. AUTY. 2018. lidR: Airborne LiDAR Data Manipulation and 

Visualization for Forestry Applications. R package. Available online: 

https://github. com/Jean-Romain/lidR (accessed on 12 April 2018). 

SAUDER, J. D., AND J. L. RACHLOW. 2014. Both forest composition and configuration 

influence landscape-scale habitat selection by fishers (Pekania pennanti) in mixed 

coniferous forests of the Northern Rocky Mountains. Forest Ecology and 

Management 314:75–84. 

SCHOOLEY, R. L., P. B. SHARPE, AND B. V. HORNE. 1996. Can shrub cover increase 

predation risk for a desert rodent? Canadian Journal of Zoology 74:157–163. 

SEAVY, N. E., S. QUADER, J. D. ALEXANDER, AND C. J. RALPH. 2005. Generalized linear 

models and point count data: statistical considerations for the design and analysis 

of monitoring studies. Bird conservation implementation and integration in the 

Americas:744–753. 

SEIELSTAD, C. A., AND L. P. QUEEN. 2003. Using airborne laser altimetry to determine 

fuel models for estimating fire behavior. Journal of Forestry 101:10–15. 

SIKES, R. S., AND ANIMAL CARE AND USE COMMITTEE OF THE AMERICAN SOCIETY OF 

MAMMALOGISTS. 2016. 2016 Guidelines of the American Society of 

Mammalogists for the use of wild mammals in research and education. Journal of 

Mammalogy 97:663–688. 

SING, T., O. SANDER, N. BEERENWINKEL, AND T. LENGAUER. 2005a. ROCR: visualizing 

classifier performance in R. Bioinformatics 21:3940–3941. 

SING, T., O. SANDER, N. BEERENWINKEL, AND T. LENGAUER. 2005b. ROCR: visualizing 

classifier performance in R. Bioinformatics 21:7881. 

SIVY, K. J., C. B. POZZANGHERA, J. B. GRACE, AND L. R. PRUGH. 2017. Fatal Attraction? 

Intraguild Facilitation and Suppression among Predators. The American 

Naturalist 190:663–679. 

SLAUSON, K. M., W. J. ZIELINSKI, AND J. P. HAYES. 2007. Habitat Selection by American 

Martens in Coastal California. Journal of Wildlife Management 71:458–468. 

SOUKKALA, A. M. 1983. The effects of trapping on marten populations in Maine. 

University of Maine. 



152 

 

STEVENS, V. 1997. The ecological role of coarse woody debris: an overview of the 

ecological importance of CWD in BC forests. British Columbia, Ministry of 

Forests, Research Program. 

STRICKLAND, M. A. 1994. Harvest management of fishers and American martens. 

Martens, sables and fishers: biology and conservation:149–164. 

STRICKLAND, M. A., AND C. W. DOUGLAS. 1987. Marten. inW ild furbearer management 

and conservation in North America. Edited byM. Novak, JA Baker, ME Obbard, 

and B. Malloch. Ontario Ministry of Natural Resources. Toronto, Ontario, 

Canada:530–546. 

SWATANTRAN, A., H. TANG, T. BARRETT, P. DECOLA, AND R. DUBAYAH. 2016. Rapid, 

High-Resolution Forest Structure and Terrain Mapping over Large Areas using 

Single Photon Lidar. Scientific Reports 6. 

SWEITZER, R. A., V. D. POPESCU, R. H. BARRETT, K. L. PURCELL, AND C. M. THOMPSON. 

2015. Reproduction, abundance, and population growth for a fisher ( Pekania 

pennanti ) population in the Sierra National Forest, California. Journal of 

Mammalogy 96:772–790. 

TAVERNIA, B. G., M. D. NELSON, J. D. GARNER, AND C. H. PERRY. 2016. Spatial 

characteristics of early successional habitat across the Upper Great Lakes states. 

Forest Ecology and Management 372:164–174. 

THOMAS, V., R. D. OLIVER, K. LIM, AND M. WOODS. 2008. LiDAR and Weibull modeling 

of diameter and basal area. The Forestry Chronicle 84:866–875. 

THOMAS, V., P. TREITZ, J. H. MCCAUGHEY, AND I. MORRISON. 2006a. Mapping stand-

level forest biophysical variables for a mixedwood boreal forest using lidar: an 

examination of scanning density. Canadian Journal of Forest Research 36:34–47. 

THOMAS, V., P. TREITZ, J. H. MCCAUGHEY, AND I. MORRISON. 2006b. Mapping stand-

level forest biophysical variables for a mixedwood boreal forest using lidar: an 

examination of scanning density. Canadian Journal of Forest Research 36:34–47. 

THOMPSON, C. M., AND E. M. GESE. 2007. FOOD WEBS AND INTRAGUILD 

PREDATION: COMMUNITY INTERACTIONS OF A NATIVE 

MESOCARNIVORE. Ecology 88:334–346. 

THOMPSON, I. D. 1994. Marten Populations in Uncut and Logged Boreal Forests in 

Ontario. The Journal of Wildlife Management 58:272. 

THOMPSON, I. D., AND P. W. COLGAN. 1987. Numerical responses of martens to a food 

shortage in northcentral Ontario. The Journal of Wildlife Management 51:824–

835. 



153 

 

THOMPSON, I. D., J. FRYXELL, AND D. J. HARRISON. 2012. Improved insights into use of 

habitat by American martens. Pp. 209–230 in Biology and conservation of 

martens, sables, and fishers (K. B. Aubry, W. J. Zielinski, M. G. Raphael, G. 

Proulx & S. W. Buskirk, eds.). Cornell University Press, Ithaca, NY. 

TIKKANEN, O.-P., P. MARTIKAINEN, E. HYVÄRINEN, K. JUNNINEN, AND J. KOUKI. 2006. 

Red-listed boreal forest species of Finland: associations with forest structure, tree 

species, and decaying wood. Annales Zoologici Fennici:373–383. 

TREITZ, P., K. LIM, M. WOODS, D. PITT, D. NESBITT, AND D. ETHERIDGE. 2012. LiDAR 

Sampling Density for Forest Resource Inventories in Ontario, Canada. Remote 

Sensing 4:830–848. 

U.S. BUREAU OF LABOR STATISTICS. 2017. CPI detailed report, data for July 2017. 

USDA FOREST SERVICE FOREST INVENTORY AND ANALYSIS NATIONAL PROGRAM. 2011. 

Phase 3 Field Guide (Version 5.1). <https://www.fia.fs.fed.us/library/field-guides-

methods-proc/> (4 May 2015). 

VAN WAGNER, C. 1968. The line intersect method in forest fuel sampling. Forest science 

14:20–26. 

VIERLING, K. T., L. A. VIERLING, W. A. GOULD, S. MARTINUZZI, AND R. M. CLAWGES. 

2008. Lidar: shedding new light on habitat characterization and modeling. 

Frontiers in Ecology and the Environment 6:90–98. 

VIOTA, M., A. RODRÍGUEZ, J. V. LÓPEZ-BAO, AND F. PALOMARES. 2012. Shift in 

microhabitat use as a mechanism allowing the coexistence of victim and killer 

carnivore predators. Open Journal of Ecology 02:115–120. 

WADDELL, K. L. 2002. Sampling coarse woody debris for multiple attributes in extensive 

resource inventories. Ecological indicators 1:139–153. 

WARREN, W., AND P. OLSEN. 1964. A line intersect technique for assessing logging 

waste. Forest Science 10:267–276. 

WENGERT, G. M. 2013. Ecology of intraguild predation on fishers (Martes pennanti) in 

California. University of California, Davis. 

WENGERT, G. M., M. W. GABRIEL, J. E. FOLEY, T. KUN, AND B. N. SACKS. 2013. 

Molecular techniques for identifying intraguild predators of fishers and other 

north American small carnivores: Identifying Intraguild Predators of Fishers. 

Wildlife Society Bulletin:n/a-n/a. 

WERESZCZUK, A., AND A. ZALEWSKI. 2015. Spatial Niche Segregation of Sympatric 

Stone Marten and Pine Marten – Avoidance of Competition or Selection of 

Optimal Habitat? PLOS ONE 10:e0139852. 



154 

 

WHITE, J. C. ET AL. 2013. A best practices guide for generating forest inventory attributes 

from airborne laser scanning data using an area-based approach. The Forestry 

Chronicle 89:722–723. 

WHITTINGHAM, M. J., P. A. STEPHENS, R. B. BRADBURY, AND R. P. FRECKLETON. 2006. 

Why do we still use stepwise modelling in ecology and behaviour?: Stepwise 

modelling in ecology and behaviour. Journal of Animal Ecology 75:1182–1189. 

WIEBE, P. A., J. M. FRYXELL, I. D. THOMPSON, L. BÖRGER, AND J. A. BAKER. 2013. Do 

trappers understand marten habitat? The Journal of Wildlife Management 77:379–

391. 

WIKENROS, C., S. STÅHLBERG, AND H. SAND. 2014. Feeding under high risk of intraguild 

predation: vigilance patterns of two medium-sized generalist predators. Journal of 

Mammalogy 95:862–870. 

WILBERT, C. J., S. W. BUSKIRK, AND K. G. GEROW. 2000. Effects of weather and snow on 

habitat selection by American martens (Martes americana). Canadian Journal of 

Zoology 78:1691–1696. 

WILKIN, T. A., C. M. PERRINS, AND B. C. SHELDON. 2007. The use of GIS in estimating 

spatial variation in habitat quality: a case study of lay-date in the Great Tit Parus 

major: Explaining Great Tit lay-date with GIS. Ibis 149:110–118. 

WILLIAMS, B. W., J. H. GILBERT, AND P. A. ZOLLNER. 2007. Historical perspective on the 

reintroduction of the fisher and American marten in Wisconsin and Michigan. US 

Department of Agriculture, Forest Service, Northern Research Station. 

WING, B. M., M. W. RITCHIE, K. BOSTON, W. B. COHEN, A. GITELMAN, AND M. J. OLSEN. 

2012. Prediction of understory vegetation cover with airborne lidar in an interior 

ponderosa pine forest. Remote Sensing of Environment 124:730–741. 

WING, B. M., M. W. RITCHIE, K. BOSTON, W. B. COHEN, AND M. J. OLSEN. 2015. 

Individual snag detection using neighborhood attribute filtered airborne lidar data. 

Remote Sensing of Environment 163:165–179. 

WOODS, M. ET AL. 2011. Operational implementation of a LiDAR inventory in Boreal 

Ontario. The Forestry Chronicle 87:512–528. 

ZUUR, A. F., AND E. N. IENO. 2016. Beginner’s guide to zero-inflated models with R. 

Highland Statistics Limited. 

ZUUR, A. F., E. N. IENO, N. J. WALKER, A. A. SAVELIEV, AND G. M. SMITH. 2009. Mixed 

effects models and extensions in ecology with R. Springer, New York. 



155 

 

APPENDIX 1  

ESTIMATING COARSE WOODY DEBRIS (CWD) LENGTH AND VOLUME 

 

Appendix 1.1 INTRODUCTION 

Remote sensing technologies such as satellite imagery and aerial photography are not 

capable of measuring understory features such as coarse woody debris (CWD). 

Consequently, efforts to determine the distribution and abundance of CWD have relied 

on field sampling. Two different approaches have been used to measure CWD at field 

sampling sites: full census methods, in which all pieces of CWD are counted and/or 

measured, and systematic sampling, in which a subset of all pieces are counted and/or 

measured based on some pre-specified criteria and sampling design. Full census methods 

are time consuming but may be necessary for certain research or management objectives.  

Systematic field sampling of CWD is often conducted using some variation of the 

line-intersect method to increase efficiency (Warren and Olsen 1964, van Wagner 1968, 

Marshall et al. 2000, Woldendorp et al. 2004). This method is used to select a subset of 

CWD present in each sampling area (e.g., field plot or forest stand) for measurement, 

counting, or both. The line-intersect method is an efficient method for quantifying CWD 

density or volume that can be customized in terms of the number, length, and 

arrangement of transects, as well as which measurements to take on pieces of CWD 

(Woldendorp et al. 2004). For example, CWD is sampled along three 24 foot long 

transects radiating from the plot center in the USDA Forest Service’s Forest Inventory 

and Analysis National Program’s Phase 3 plots (USDA Forest Service, 2011).  

Transect or full-census methods are often not spatially explicit, because they are 

typically used to estimate CWD volume, density, and size, rather than to document the 

positions of pieces of CWD. For many objectives, spatially explicit data are not needed. 

Spatially-explicit data collection, in which the position of sampled pieces is documented, 

is necessary when CWD arrangement is required to address research or management 

objectives. For example, documenting the location of individual pieces of CWD is 

necessary when evaluating CWD sampling methods (Woldendorp et al. 2004) and for 

evaluating individual detection of individual pieces of CWD using airborne LiDAR data 

(Chapter 1).  

We designed our CWD field sampling protocols to incorporate both transect-

based and full census approaches. We used the line-intersect method to take detailed 

measurements of each piece of CWD that intersected at least one of three transects 

oriented from plot center to plot boundary (referred to as ‘transect CWD’ below). For 

each piece of transect CWD, we recorded diameter at small and large ends, length, 

maximum height above ground, decay class, origin, and whether the piece was hollow.  

We also used a spatially-explicit full census protocol to document the position of 

all pieces of CWD within field plot boundaries. We measured distance and angle from 

the plot center to each end, and the maximum height above ground. During the 2016 field 

season, we also recorded decay class and diameter at the large end for all pieces of CWD 

within the plot boundary. The decision to take these additional measurements during the 
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2016 field season was based on preliminary analysis that suggested we could detect 

individual pieces of CWD in height-filtered LiDAR data. The purpose of the transect-

sampling was to provide an index of plot CWD volume consistent with FIA methods, 

while the purpose of the spatially explicit full census procedure was to provide the data 

needed to evaluate direct detection of CWD using airborne LiDAR (see Chapter 1).  

One major challenge with our sampling procedure is that we did not measure the 

length of non-transect pieces, which could have potentially limited our ability to evaluate 

the effect of length on probability of detecting individual pieces of CWD by reducing 

sample size. We tested if we could use CWD measurements from transect sampling along 

with spatially explicit data to estimate CWD size, which would allow us to overcome this 

potential issue. Here, we report methods used to estimate CWD length, diameter at the 

small end, and volume for non-transect CWD. We used transect CWD to demonstrate 

that these methods produce accurate estimates of CWD length and volume.  

 

 

Appendix 1.2 METHODS 

Field measurements 

We measured CWD at 189 circular, fixed-radius plots during during the months of June 

through September from 2015-2016. Field plots were 400 m
2 

(11.3 m radius). We 

determined plot locations using a stratified random sampling design to ensure field 

sampling covered a large portion of available forest conditions present within our study 

area (Chapter 1; Hawbaker et al. 2009, White et al. 2013). Plot center locations were 

marked with a wooden stake and GPS coordinates of plots were determined using an 

SXBlueII + GNSS receiver (Geneq, inc., Montreal, Quebec). This receiver is capable of 

sub-meter location accuracy under forest canopy, but accuracy is reduced to 1-1.5 m 

under dense forest canopy (Joyce and Moen 2018).   

 We used two different procedures to measure CWD at field plots. First, we used 

the line-intersect method (Warren and Olsen 1964, van Wagner 1968) to measure pieces 

of CWD that intersected one of three transects. Transects were oriented from plot center 

to plot boundary at azimuths of 30°, 150°, and 270° from plot center. We recorded 

diameter at each end, length, maximum height above ground, decay class (USDA Forest 

Service, 2011), origin, and whether the piece was hollow. We measured the full length of 

pieces that extended outside of the plot boundary.  

The second procedure was a full census method that we used to sample all pieces 

of CWD present within the plot boundary. We measured distance and angle from plot 

center to each end of each piece of CWD within the plot boundary to document the 

position of each piece relative to the georeferenced plot center. We measured maximum 

height above ground for each piece of CWD, and during our second field season (June-

September 2016), we measured the diameter at the large end and the decay class for all 

pieces of CWD within the plot area. For both procedures, pieces of fallen dead wood had 

to be ≥7.6 cm (3 in) diameter for at least 0.9 m (3 ft) of length to be classified as CWD 

(USDA Forest Service, 2011), and portions of dead wood not meeting minimum size 

criteria were excluded from length and diameter measurements. We did not measure 

pieces of CWD classified as decay class 5 with either procedure.  
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Length estimation 

We used the distances and angles from plot center to both ends of each piece of CWD to 

estimate the length. For each piece of CWD, we first used the distance and angle from 

plot center to calculate the x- and y-coordinates for the ends relative to the plot center, 

with plot center placed at the origin (0,0). Once the x- and y-coordinates were calculated, 

we estimated the length of each piece as the straight-line distance between the end 

coordinates.  

We used transect CWD to evaluate the accuracy of length estimation. We 

calculated Pearson’s correlation coefficient to compare field-measured and estimated 

lengths. We also created a linear regression model using field-measured length as the 

response variable and estimated length as the explanatory variable to further evaluate the 

relationship between measured and estimated length.   

 

Volume estimation 

Volume of individual pieces of CWD was calculated using the equation for the volume of 

a cone frustum:  

 

𝑉𝑜𝑙𝑢𝑚𝑒 =
𝜋𝐿

12
(𝑑𝐿

2 + 𝑑𝐿𝑑𝑆 + 𝑑𝑆
2) 

 
where 𝐿 is the length of the piece, 𝑑𝐿 is the diameter at the large end, and 𝑑𝑆 is the 

diameter at the small end. For transect CWD, we measured length and the diameter at 

each end. For non-transect CWD, we did not take any of these 3 measurements at plots 

measured during the 2015 field season and therefore could not calculate volume for non-

transect pieces of CWD on these plots.  

At plots measured during the 2016 field season, we measured large-end diameter 

for all pieces of CWD in the plot area, but did not measure small-end diameter of non-

transect CWD. Consequently, we estimated small-end diameter for non-transect pieces of 

CWD measured during the 2016 field season using taper, which is the rate of change in 

diameter as a function of length. The formula for taper is: 

 

𝑇𝑎𝑝𝑒𝑟 =  
𝑑𝐿 − 𝑑𝑆

𝐿
 

 

where 𝐿 is the length of the piece, 𝑑𝐿 is the diameter at the large end, and 𝑑𝑆 is the 

diameter at the small end. We calculated taper in centimeters diameter change per 

centimeter of length.  

The first step in using taper to estimate small-end diameter was evaluating 

variability in taper values among different pieces of CWD to determine the appropriate 

taper value to use for estimating small end diameter. We calculated taper values for all 

transect CWD. We used transect CWD because we had field-measurements of length, 

large-end diameter, and small-end diameter for each of these pieces. Next, we used 

correlation coefficients to examine relationships between taper values and large-end 

diameter, length, maximum height above ground, and decay class. We used ANOVA to 

determine whether there were significant differences in taper values between decay 
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classes. There were 4 pieces of CWD with unusually high taper values (Figure A1.2). We 

removed these pieces before calculating correlation coefficients or conducting the 

ANOVA test. If there was a relationship between these characteristics and the taper 

value, we planned to use taper values that matched CWD characteristics when estimating 

small-end diameter. If there was not a relationship, we planned to use a single taper value 

to estimate small-end diameter of all pieces.  

After we determined which taper value(s) to use, we used large-end diameter, 

taper, and length to estimate small-end diameter using the equation: 

 

𝑑𝑆 = 𝑑𝐿 − 𝐿 ∗ 𝑇𝑎𝑝𝑒𝑟 
 

Our field measurement protocols specified that the small-end diameter could not be less 

than 7.62 cm (3 in). When the estimated small-end diameter was less than 7.62 cm, we 

used 7.62 cm as the small-end diameter. We estimated small-end diameter for all pieces 

of transect CWD using estimated length rather than field-measured length. Estimated 

length was used because this is the length value that will be used when estimating volume 

of non-transect CWD. We compared field-measured and estimated small-end diameter 

using Pearson correlation coefficients.  

We estimated volume for all pieces of transect CWD using field-measured large-

end diameter, estimated small-end diameter, and estimated length. We compared 

estimated volume to volume calculated using field-measurements (field-measured 

volume) by calculating the Pearson correlation coefficient. We also created a linear 

regression model using field-measured volume as the response variable and estimated 

volume as the explanatory variable. This model was used as a calibration model to adjust 

volume estimates obtained using estimated length and estimated small-end diameter.  

 

 

Appendix 1.3 RESULTS and DISCUSSION 

Length estimation 

We used 624 pieces of CWD measured at 141 plots to evaluate the accuracy of length 

estimation. There was a strong, positive correlation between field-measured and 

estimated length (r = 0.93). The linear regression model (R
2
 = 0.86, p < 0.0001) had a 

slope of 0.97 (SE = 0.012) and a y-intercept of 0.38 (SE = 4.93), indicating a 1:1 

relationship between field-measured and estimated length of individual pieces of CWD 

(Figure A1.1). Given the accuracy with which CWD length can be estimated, CWD 

length estimates can be used in CWD volume estimation and analysis of the effect of 

CWD length on detection of individual pieces of CWD using airborne LiDAR.  

 

Volume estimation 

We calculated taper for 643 pieces of CWD measured at 143 plots. Taper was less than 

0.04 cm decrease in diameter per centimeter length for over 98% of CWD pieces (Figure 

A1.2). We removed 4 pieces of CWD with unusually large taper before evaluating factors 

influencing taper, leaving 639 pieces of CWD measured at 142 plots remaining for 

further analysis.  
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Taper was not correlated with large-end diameter, length, or maximum height 

(Figure A1.3), and did not vary among decay classes (ANOVA, F3,635 = 1.8, p = 0.15). 

Because taper was not associated with any of the characteristics we evaluated, we used 

the median taper value of 0.00976 cm decrease in diameter per cm length to estimate 

small-end diameter for all pieces of CWD. Median was used instead of mean because the 

distribution of taper values was skewed. The formula used to estimate small-end diameter 

was 𝑑𝑆 = 𝑑𝐿 − 𝐿𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 ∗ 0.00976. 

 We estimated small-end diameter and volume for 624 pieces of CWD measured at 

141 plots. There was a moderate, positive correlation between field-measured small-end 

diameter and estimated small-end diameter. (r = 0.57; Figure A1.4). Despite the low 

correlation relationship between estimated and measured small-end diameter, there was a 

strong, positive correlation between field-measured and estimated volume (r = 0.95; 

Figure A1.5a). Estimated volume tended to be biased high. The calibration model 

demonstrated a strong linear relationship (Volume = 0.0258 + 0.709*Estimated Volume, 

R
2
 = 0.90, p < 0.0001), and re-calibration improved volume estimates by reducing 

positive bias (Figure A1.5b).  

 

 

Appendix 1.4 CONCLUSIONS  

CWD length and volume can be estimated accurately using the distance and angle 

from plot center to each end and diameter at the large end. Conversely, small-end 

diameter estimates were less accurate. This suggests that length has more influence on 

volume estimates than small end diameter, and that volume estimates were accurate 

largely because length could be estimated accurately.  

 Taper values were fairly consistent among pieces of CWD with different large-

end diameters, lengths, and decay classes. Taper may vary by species, but we did not 

record data on species and could not evaluate whether taper varied among species. 

Mismatch between median taper values used to estimate small-end diameter and the 

actual taper of individual pieces likely contributed to the imprecise relationship between 

field-measured and estimated small-end diameter estimates.  
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Appendix 1.5 FIGURES 

 

 
 

Figure A1.1. Relationship between field-measured and estimated length of 624 pieces of 

CWD measured at 141 field plots. The red line shows the 1:1 relationship between x- and 

y-axes. The blue line shows the linear regression model: length = 0.38 + 0.97 * estimated 

length. 
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Figure A1.2. Cleveland dot plot showing taper values of 643 pieces of CWD measured at 

143 field plots. Taper is calculated as the reduction in diameter (cm) per centimeter 

length. 
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Figure A1.3. Matrix of scatterplots and correlation coefficients showing relationships 

between taper, large end diameter, length, maximum height above ground, and decay 

class for 639 pieces of CWD measured at 142 field plots. Values above the diagonal are 

Pearson correlation coefficients. Graphs in the diagonal show histogram of the variable 

listed in the diagonal. Graphs below the diagonal show the relationships between pairs of 

variables. Four pieces of CWD with unusually large taper values were not included in 

this figure.  
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Figure A1.4. Relationship between field-measured and estimated small-end diameter of 

624 pieces of CWD measured at 141 field plots. The red line shows the 1:1 relationship 

between x- and y-axes.  
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Figure A1.5. Relationship between field-measured and estimated volume of 624 pieces of 

CWD measured at 141 field plots. (A) Plot of un-calibrated volume estimate vs. field-

measured volume. The red line shows the 1:1 relationship between x- and y-axes. The 

blue line shows the re-calibration model: volume = 0.0258 + 0.709 * estimated volume. 

(B) Plot of re-calibrated volume estimates vs. field-measured volume. The red line shows 

the 1:1 relationship between x- and y-axes.  
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APPENDIX 2  

COMPARING METHODS TO ESTIMATE COARSE WOODY DEBRIS (CWD) 

VOLUME USING FIELD PLOT DATA 

 

Appendix 2.1 INTRODUCTION 

Coarse woody debris (CWD) is a component of forest ecosystems that plays important 

roles in nutrient cycling, structural diversity, wildlife habitat, and biodiviersity (Harmon 

et al. 1986, Stevens 1997, Butts and McComb 2000, McComb 2003, Heilmann-Clausen 

and Christensen 2004, Tikkanen et al. 2006). Consequently, estimating CWD abundance 

is a common focus of forestry and wildlife research and management. Field sampling is 

typically used to estimate CWD abundance using one of two common approaches: 

systematic sampling or full-census methods. Transect-based estimates of CWD 

abundance are often used in ecological studies on CWD because line-intersect sampling 

is an efficient method for systematically sampling a sub-set of total CWD (Marshall et al. 

2000, Woldendorp et al. 2004). The frequent use of this method is based on the 

assumption that transect-based CWD volume estimates are a good approximation of total 

plot CWD volume. Full census methods, in which all pieces of CWD present within a 

fixed area (plot or stand) are measured and/or counted, are more time consuming and are 

therefore more expensive and less efficient. Regardless of field sampling approach, CWD 

abundance measures typically include estimates of CWD density or volume, sometimes 

broken down into categories based on size class or decay class.  

Sampling protocols must be designed carefully in order to provide accurate 

estimates of CWD abundance for research and monitoring. Consequently, researchers and 

managers designing CWD sampling protocols must take many factors into consideration. 

Efficiency and cost are two important considerations that may favor use of the line-

intersect method over the full census method. However, CWD abundance is highly 

variable in forests and choice of sampling method and arrangement of transects when 

using the line-intersect method can influence accuracy and precision of CWD abundance 

estimates (Woldendorp et al. 2004). For example, full census methods at fixed-area plots 

may be the preferred method in areas where CWD is relatively scarce and highly 

variable, while a single long transect may produce more precise estimates than multiple 

smaller transects in dense forest stands (Woldendorp et al. 2004).  

Perhaps the most important consideration in designing field sampling is whether 

the proposed methods are sufficient to address project objectives. One of our research 

objectives was to use LiDAR to detect individual pieces of CWD and to create a 

statistical model that would allow us to accurately detect CWD presence and volume 

across the landscape (Chapter 1). Consequently, we designed field sampling protocols 

that reflected how LiDAR technology samples field sites (Laes et al. 2011, White et al. 

2013). Transect-based methods could weaken regression modeling using LiDAR data 

because they do not sample all of the CWD present in the plot area. Therefore, we used a 

combination of transect-based and full census methods to sample CWD (see Chapter 1 

and Appendix 1). 
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When estimates of CWD volume based on full census field sampling will be used 

to create LiDAR models, the method used to calculate plot CWD volume may influence 

model performance. When CWD volume is being estimated, length of pieces of CWD is 

usually measured. With full census methods, pieces of CWD may cross the boundaries of 

sampling areas (plots or stands) and researchers must decide whether to measure the full 

length of all CWD present within the sampling area or to restrict measurements to the 

portions of pieces falling within their sampling area. Measuring the full length of CWD 

extending outside of the sampling area may be easier to implement in the field. 

Nonetheless, this method could weaken LiDAR-informed statistical models of plot CWD 

volume created using the area-based approach (White et al. 2013) because the area over 

which CWD volume was summarized would vary among plots and the plot-sized LiDAR 

point cloud data used to calculate explanatory variables would not correspond to the area 

over which CWD volume was sampled. Consequently, CWD volume estimates excluding 

portions of CWD extending outside of the sampling area may be preferred when 

incorporating plot CWD volume estimates into a LiDAR-modeling framework. This 

example highlights the importance of considering how field-measured CWD abundance 

data will be used when designing sampling protocols.  

A comparison of CWD abundance estimates obtained using different methods 

could help researchers and managers evaluate methods for sampling and estimating CWD 

abundance. Here, we compare three methods for calculating plot CWD volume using our 

field data: (1) transect CWD only, full length of pieces (transect method); (2) all pieces of 

CWD in the plot, full length of pieces (full census method); and (3) all pieces of CWD in 

the plot, excluding portions of pieces extending outside of the plot area (plot area 

method). We estimated volume for pieces of CWD not intersecting transects with the 

methods described in Appendix 1. Comparing transect and full census methods allowed 

us to determine whether the transect method served as a reliable index of all pieces of 

CWD on the plot. The results of this comparison will provide useful information for 

interpreting results of previous habitat selection analyses conducted using transect-based 

estimates of plot CWD volume (e.g., Joyce 2013).  

 

 

Appendix 2.2 METHODS 

We estimated the volume for each piece of CWD using field measurements to calculate 

volume for all transect CWD and using the procedure described in Appendix 1 to 

estimate volume for all non-transect CWD.  For pieces of CWD that extended beyond the 

plot boundary, we identified the coordinate where the piece crossed the plot boundary 

and used this to estimate the length inside the plot area. Next, we used the taper method 

(Appendix 1) to estimate the diameter where the piece of CWD intersected the plot 

boundary, and used length and diameter estimates to calculate the volume of the portion 

of the piece within the plot area.  

We summarized plot CWD volume differently for each of the three different 

methods. For the transect method, we calculated the total volume for each piece 

intersecting a transect using the full length of the piece if it extended outside the plot 

boundary. Pieces that crossed more than one transect were tallied each time they crossed 

a transect. For the full census method, we calculated the total volume for all pieces on the 
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plot using the full length for pieces that extended outside the plot boundary. For the plot 

area method, we calculated the total volume for all pieces on the plot, excluding portions 

of pieces lying outside of the plot boundary. We calculated plot CWD volume in cubic 

meters per hectare.  

 We used Pearson correlation coefficients to compare plot volume estimates 

between the three different methods. Correlation coefficients were calculated for both 

untransformed and log-transformed volume estimates (natural log of the volume + 1).  

 

 

Appendix 2.3 RESULTS and DISCUSSION 

We estimated plot CWD volume for 88 plots using transect and full census methods and 

for 86 plots using the plot area method. There was a strong, positive correlation between 

plot CWD volumes calculated using the three different methods (Table A2.1, Fig. A2.1, 

Fig. A2.2, Fig. A2.3), suggesting that all methods could be used to provide a reasonable 

index of CWD volume at plots.  

 Plot volume estimates obtained using the transect method were generally lower 

than estimates obtained using the full census or plot area methods (Fig. A2.1, Fig. A2.2), 

which is expected because the transect method includes CWD on transects only, which is 

a subset of the total CWD present in the plot. Similarly, plot CWD estimates obtained 

using the full census method were always greater than or equal to estimates obtained 

using the plot area method (Fig. A2.3). This is also an expected result because the plot 

area method uses the same pieces of CWD as the full plot method, other than excluding 

portions of pieces that extend outside of the plot boundary.  

 Although there is generally a high degree of concordance in plot CWD volume 

estimates using the three different methods, at the level of individual plots, there is 

variation in plot CWD volume estimates obtained using the different methods. This 

variation may have important implications when the estimates are used to create 

regression models using plot CWD volume as the response variable and LiDAR-derived 

explanatory variables. In particular, the transect method may incorrectly estimate zero 

CWD volume when CWD is present but does not intersect any transects. Furthermore, 

the plot area method is preferred for LiDAR-modeling over the full census method 

because it restricts the area over which CWD volume is calculated to the plot area, which 

is the area over which LiDAR-derived explanatory variables are typically summarized 

using the area-based approach (White et al. 2013).  

 

 

Appendix 2.4 CONCLUSIONS  

The strong correlations among plot CWD volume estimates using the three different 

methods suggests that any of the 3 methods could be used as a reliable index of CWD 

volume. Nonetheless, a direct spatial match is needed for LiDAR-based regression 

modeling of plot CWD volume using the area-based approach, and the plot area method 

is the preferred method for this objective.  
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Appendix 2.5 TABLES 

Table A2.1. Matrix of Pearson correlation coefficients comparing 3 different methods 

used to estimate plot CWD volume. Values below the diagonal are based on un-

transformed volume estimates, while values above the diagonal are based on natural-

logarithm-transformed volume estimates.  

 

Method Transect Full census Plot area 

Transect -- 0.82 0.86 

Full census 0.89 -- 0.98 

Plot area 0.89 0.97 -- 
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Appendix 2.6 FIGURES 

 
 

Figure A2.1. Relationship between plot CWD volume (m3/ha) estimated for 88 field 

plots using pieces measured along transects (transect method; x-axis) and using the full 

length of all pieces within the plot boundary (full plot method; y-axis). The lower graph 

is plotted on log-scale. The red line shows the 1:1 relationship between x- and y-axes.   
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Figure A2.2. Relationship between plot CWD volume (m3/ha) estimated for 86 field 

plots using pieces measured along transects (transect method; x-axis) and using the all 

pieces within the plot boundary excluding portions of pieces extending outside the plot 

(plot area method; y-axis). The lower graph is plotted on log-scale. The red line shows 

the 1:1 relationship between x- and y-axes.  



172 

 

 
 

Figure A2.3. Relationship between plot CWD volume (m3/ha) estimated for 86 field 

plots using the full length of all pieces within the plot boundary (full plot method; x-axis) 

and using all pieces within the plot boundary excluding portions of pieces extending 

outside the plot (plot area method; y-axis). The lower graph is plotted on log-scale. The 

red line shows the 1:1 relationship between x- and y-axes.  
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APPENDIX 3  

COEFFICIENTS FOR LIDAR FOREST INVENTORY MODELS FOR BASAL 

AREA, TREE DIAMETER, AND TREE DENSITY 

 

The tables in this appendix provide the coefficients and standard errors for the LiDAR 

forest inventory models reported in Chapter 2 (Table 2.3, 2.4).  

 

 

 

Table A3.1. Model coefficients and standard error estimates for the non-collinear basal 

area model. This model was fit using multiple linear regression techniques.  

 

Covariate Coefficient Standard Error 

Intercept -10.89 6.16 

H_P95 1.04 0.10 

I_P70 0.11 0.01 

I_P99 -0.09 0.03 

p1st_mean 0.47 0.04 
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Table A3.2. Model coefficients and standard error estimates for the collinear basal area 

model. This model was fit using multiple linear regression techniques.  

 

Covariate Coefficient Standard Error 

Intercept -49.70 14.28 

Hstd -3.15 0.89 

Hskew 5.42 1.84 

H_P90 2.30 0.34 

Ikurt 1.62 0.60 

I_P80 0.13 0.03 

I_P99 -0.09 0.04 

pAll_mean 1.20 0.23 

p_ground 23.68 11.81 
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Table A3.3. Model coefficients and standard error estimates for the non-collinear average 

diameter at breast height model. This model was fit using multiple linear regression 

techniques.  

 

Covariate Coefficient Standard Error 

Intercept 4.07 3.53 

H_P10 0.55 0.09 

H_P90 0.73 0.06 

I_P99 0.04 0.02 

p1st_mean -0.1 0.02 
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Table A3.4. Model coefficients and standard error estimates for the collinear average 

diameter at breast height model. This model was fit using multiple linear regression 

techniques.  

 

Covariate Coefficient Standard Error 

Intercept 3.58 3.59 

Hmean 3.52 0.55 

H_P10 0.65 0.32 

H_P20 -1.28 0.33 

H_P60 -1.37 0.37 

I_P10 -0.33 0.15 

I_P30 0.11 0.05 

I_P99 0.04 0.02 

p1st_mean -0.13 0.03 
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Table A3.5. Model coefficients and standard error estimates for the non-collinear 

quadratic mean diameter model. This model was fit using multiple linear regression 

techniques.  

 

Covariate Coefficient Standard Error 

Intercept 9.88 1.37 

H_P10 0.44 0.09 

H_P99 0.82 0.07 

p1st_mean -0.08 0.02 
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Table A3.6. Model coefficients and standard error estimates for the collinear quadratic 

mean diameter model. This model was fit using multiple linear regression techniques.  

 

Covariate Coefficient Standard Error 

Intercept 7.41 1.71 

H_P10 0.80 0.32 

H_P20 -1.40 0.58 

H_P25 1.29 0.49 

H_P60 -0.77 0.31 

H_P75 0.64 0.28 

H_P99 0.71 0.13 

p1st_mean -0.29 0.07 

pAll_mean 0.40 0.11 
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Table A3.7. Model coefficients and standard error estimates for the non-collinear 

maximum diameter at breast height model. This model was fit using multiple linear 

regression techniques, with log-transformed response variable.  

 

Covariate Coefficient Standard Error 

Intercept 2.19 0.10 

Hmax 0.06 0.00 

pAll_mode 0.004 0.001 
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Table A3.8. Model coefficients and standard error estimates for the collinear maximum 

diameter at breast height model. This model was fit using multiple linear regression 

techniques, with log-transformed response variable.  

 

Covariate Coefficient Standard Error 

Intercept 2.23 0.10 

Hstd -0.12 0.06 

H_P10 -0.03 0.02 

H_P80 0.03 0.02 

H_P90 -0.04 0.03 

H_P99 0.10 0.02 

pAll_2 0.01 0.002 

p1st_mean -0.01 0.003 

p1st_mode 0.003 0.001 
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Table A3.9. Model coefficients and standard error estimates for the non-collinear tree 

density model. The model was fit as a quasi-Poisson generalized linear model.  

 

Covariate Coefficient Standard Error 

Intercept 0.90 0.21 

H_P10 -0.05 0.01 

H_P80 0.04 0.01 

p1st_2 0.03 0.003 
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Table A3.10. Model coefficients and standard error estimates for the collinear tree 

density model. The model was fit as a quasi-Poisson generalized linear model.  

 

Covariate Coefficient Standard Error 

Intercept -0.04 0.34 

Hskew -0.69 0.12 

H_P10 -0.13 0.02 

H_P75 -0.08 0.03 

H_P95 0.09 0.03 

Ikurt 0.13 0.04 

I_P10 -0.04 0.01 

I_P75 0.01 0.002 

p1st_2 0.02 0.002 

  



184 

 

Table A3.11. Full model formulas for the 10 LiDAR forest inventory models reported in Chapter 2 (Table 2.3, 2.4).  

 
Characteristic Collinearity Model Formula 

Basal area N BA = –10.89 + 1.04*H_P95 + 0.11*I_P70 – 0.09*I_P99 + 0.47*p1st_mean 

  Y BA = –49.7 – 3.15*Hstd + 5.42*Hskew + 2.3*H_P90 + 1.62*Ikurt + 0.13*I_P80 – 0.09*I_P99 + 1.2*pAll_mean +  

          23.68*p_ground 

Average DBH N Avg. DBH = 4.07 + 0.55*H_P10 + 0.73*H_P90 + 0.04*I_P99 – 0.1*p1st_mean 

  Y Avg. DBH = 3.58 + 3.52*Hmean + 0.65*H_P10 – 1.28*H_P20 – 1.37*H_P60 – 0.33*I_P10 + 0.11*I_P30 +  

                     0.04*I_P99  – 0.13*p1st_mean 

QMD N QMD = 9.88 + 0.44*H_P10 + 0.82*H_P99 – 0.08*p1st_mean 

  Y QMD = 7.41 + 0.8*H_P10 – 1.4*H_P20 + 1.29*H_P25 – 0.77*H_P60 + 0.64*H_P75 + 0.71*H_P99 –  

             0.29*p1st_mean + 0.4*pAll_mean 

Maximum DBH N ln(Max. DBH) = 2.19 + 0.06*Hmax + 0.004*pAll_mode 

  Y ln(Max. DBH) = 2.23 – 0.12*Hstd – 0.03*H_P10 + 0.03*H_P80 – 0.04*H_P90 + 0.1*H_P99 + 0.01*pAll_2 –  

                            0.01*p1st_mean + 0.003*p1st_mode 

Tree density N Tree Density = exp(0.9 – 0.05*H_P10 + 0.04*H_P80 + 0.03*p1st_2) 

  Y Tree Density = exp(–0.04 – 0.69*Hskew – 0.13*H_P10 – 0.08*H_P75 + 0.09*H_P95 + 0.13*Ikurt – 0.04*I_P10 +  

                         0.01*I_P75 + 0.02*p1st_2) 

 


